UNIVERSITYW

This is a repository copy of Prognostic models for predicting relapse or recurrence of
mayjor depressive disorder in adults.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/174035/

Version: Published Version

Article:

Moriarty, Andrew S orcid.org/0000-0003-0770-3262, Meader, Nicholas orcid.org/0000-
0001-9332-6605, Snell, Kym le et al. (8 more authors) (2021) Prognostic models for
predicting relapse or recurrence of major depressive disorder in adults. Cochrane
Database of Systematic Reviews. CD013491. ISSN 1469-493X

https://doi.org/10.1002/14651858.CD013491.pub2

Reuse

Items deposited in White Rose Research Online are protected by copyright, with all rights reserved unless
indicated otherwise. They may be downloaded and/or printed for private study, or other acts as permitted by
national copyright laws. The publisher or other rights holders may allow further reproduction and re-use of
the full text version. This is indicated by the licence information on the White Rose Research Online record
for the item.

Takedown
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request.

eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/




(ﬁ( Cochrane
/o Library

Cochrane Database of Systematic Reviews

Prognostic models for predicting relapse or recurrence of major

depressive disorder in adults (Review)

Moriarty AS, Meader N, Snell KIE, Riley RD, Paton LW, Chew-Graham CA, Gilbody S, Churchill R,
Phillips RS, Ali S, McMillan D

Moriarty AS, Meader N, Snell KIE, Riley RD, Paton LW, Chew-Graham CA, Gilbody S, Churchill R, Phillips RS, Ali S, McMillan D.
Prognostic models for predicting relapse or recurrence of major depressive disorder in adults.

Cochrane Database of Systematic Reviews 2021, Issue 5. Art. No.: CD013491.

DOI: 10.1002/14651858.CD013491.pub2.

www.cochranelibrary.com

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) Wl LEY
Copyright © 2021 The Cochrane Collaboration. Published by John Wiley & Sons, Ltd.



c Coch rane Trusted evidence.
= . Informed decisions.
1 Li b ra ry Better health. Cochrane Database of Systematic Reviews

TABLE OF CONTENTS

HEADER ettt ettt et e e e st e st e st e e st e e s abe e s b e e e st e e s e ba e e b e e e ab e e e e b e e e b e e e b e e e b e e e a e e e s bt e e Rt e e bt e e bt e e heeeeat e e bt e e hte e ste e st e e stesenteenstaens 1
ABSTRACT ettt sttt et s e st e e b e st e saa e st e b e satesae e s e e s sesasesae e st easesasesae et eensesas e st e st e easesas e neesseeasesa s e eae e s e sasesaae st ensesasesntenseeresasennee 1
PLAIN LANGUAGE SUMMARY  ..eiittiiteitentenieeitesitestestesstestesseessesssesusesseessesssesssensesssesssesssensesnsesssessesnsessesssesseensesssesssenseensesssesssensesnsesssessaes 2
BACKGROUND ..ottt ettt ettt st e s bt e et e e s bt e st e e et e e s st e s b e e e baesabee s st e et ae e st e s st e e st e e ste s st e e st e e abeeesbaessseensseesabaenaseessseessesnnses 4
OBUECTIVES ettt ettt et st et e te st e st e s bt et e st e s st e s b e e seses e s st esseease s st essee s esasesate s st easaeaseensesatensesasesasenseessesaseentenseensesasesnsensaensesnsesnnensennne 5
METHODS ettt ettt et et s it e s b e st e st e sbeesbe st e s st e s b e enbe s et e saaesaeensee st esaae s e enseeaseeaaesseaaseeasesaeesseenseeabesasenseanseenbesasensaenseentenssenseensannen 5
RESULTS ettt ettt ettt et sttt et e e bt e st e e bt e e bt e s bt e s st e e st e s bt e s st e e st e e st e s st e e sbe e sae e st e e s b e e asb e e st e e sbeensbeeesbeeasseeesbeesabaesaseesnseenssasanseens 8

FIBUIE L. ettt ettt ettt ettt b e et b e e bttt b et s e et b et e st e e bt e e R e s et b e Rt s e et e R e e R et e st e e R aent et et s ae e nenene 10
DISCUSSION ettt et ste sttt et e st e ste et e st esutesbe e be s besatessesnseesbesseessaenseessesssesaenseessesseenseenteessessaeseentesasenssansesasasssenseenseensesasesseensessens 13
AUTHORS' CONCLUSIONS ettt et et e st e e st e st e st e e saesseesse e tasseesssasseesaesssesssasseessesssaaseanseensesssasseanseansesssanseensesnsesssenseensesnsesssenseensens 17
ACKNOWLEDGEMENTS  .eeieeteteteete sttt ete st st et ete s it e s st et e sstesue e se e b esseesaessseensesaeessassseessesaeessessseensesseessasasesnsessesastensesneessesnseensesneensens 17
REFERENGCES ..ottt ettt ste ettt s it e st e et st e st e b e st e st e sua e be st eesaesasenseenseesseshs e seenteesaeessanse e st esasessaenseensesasessaenseensesasessaensessesasanses 19
CHARACTERISTICS OF STUDIES ...ttt ettt ee et s te e st e sate e s be e s bt e sabeessbaessbeesabaesnsaesasaesabaeesbaessseesaseessbaesnsaesasaesssaesnseesaseessaesnseens 24
ADDITIONAL TABLES ..ottt et sttt e st st st e sat et e st e sat e bt e s e sas e s st e b e e s e sasesme e beeasesasesne e beeasesasesneeseensesasesneensesasesnsesneesensesnsens 39
APPENDICES ettt sttt et est st stteste et e st e sae e st e ebesatesaeebesasesasessaenbasasesasenseensesasessaenbeeasesate st e b aenseestenstenbeeasesstenseenbesasesssensaensesasenasen 50
WHAT'S INEW ettt sttt et e e st et et e et e st e e s ae et e esaeess e se e s eesseeseasseassaesseessanseasseanseessanseesseanseens e seanseenseeseesseanseasseansesssanseensesssesseessessenns 56
HISTORY ettt ettt sttt st s e s bt e b e st e sat e s b e e b e s et e s st e b e s ase s et e st e s s eeasesas e st easeease s st e st easasasesat e st essesasesntesbeeasesasesneensesasesasesntensesasesnnens 56
CONTRIBUTIONS OF AUTHORS ..ottt et ste et st et esteste st este s te st e ssa e be et esasessaasbeensesasesssenbasssesssesseenseensesasenseensesnsesssensaensesnsenaens 56
DECLARATIONS OF INTEREST  ..eeeiitiieiteetteeit ettt ettt et e st e e sat e et e s stt e s st e e st e e s ate s aba e sbeesabe e sseesaseesabasesbaesaseesasaeansaesssaesasaesnsaesnsaesasaasnsaennne 56
SOURCES OF SUPPORT  ..oieiteeterieeitesteete st stestesteestesasesstesbe e sesasesseessesssesasesntessesssesssentensesasesssensesnsesssesstensesnsesssesseensesnsesssesseensesssesssenne 57
DIFFERENCES BETWEEN PROTOCOL AND REVIEW  ..c.uiiiitiitirieeitestenieenieetesitesteetessessaessesssesusessaesseessesssessasssessesssessesnsesssesssessesnsesssessasns 57
Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) i

Copyright © 2021 The Cochrane Collaboration. Published by John Wiley & Sons, Ltd.



- Coch rane Trusted evidence.
= . Informed decisions.
q Li b rary Better health. Cochrane Database of Systematic Reviews
[Prognosis Review]

Prognostic models for predicting relapse or recurrence of major
depressive disorder in adults

Andrew S Moriartyl,2, Nicholas Meader3,4, Kym IE Snell5, Richard D Riley>, Lewis W Patonl, Carolyn A Chew-Graham®6, Simon Gilbody1.2,
Rachel Churchill34, Robert S Phillips3, Shehzad Alil,7, Dean McMillanl.2

1Mental Health and Addiction Research Group, Department of Health Sciences, University of York, York, UK. 2Hull York Medical School,
University of York, York, UK. 3Centre for Reviews and Dissemination, University of York, York, UK. 4Cochrane Common Mental Disorders,
University of York, York, UK. 5Centre for Prognosis Research, School of Medicine, Keele University, Keele, UK. 6School of Medicine, Keele
University, Keele, UK. TDepartment of Epidemiology and Biostatistics, Schulich School of Medicine & Dentistry, Western University,
London, Canada

Contact address: Andrew S Moriarty, andrew.moriarty@york.ac.uk.

Editorial group: Cochrane Common Mental Disorders Group.
Publication status and date: Edited (no change to conclusions), published in Issue 4, 2021.

Citation: Moriarty AS, Meader N, Snell KIE, Riley RD, Paton LW, Chew-Graham CA, Gilbody S, Churchill R, Phillips RS, Ali S, McMillan D.
Prognostic models for predicting relapse or recurrence of major depressive disorder in adults. Cochrane Database of Systematic Reviews
2021, Issue 5. Art. No.: CD013491. DOI: 10.1002/14651858.CD013491.pub2.

Copyright © 2021 The Cochrane Collaboration. Published by John Wiley & Sons, Ltd.

ABSTRACT

Background

Relapse (the re-emergence of depressive symptoms after some level of improvement but preceding recovery) and recurrence (onset of
a new depressive episode after recovery) are common in depression, lead to worse outcomes and quality of life for patients and exert a
high economic cost on society. Outcomes can be predicted by using multivariable prognostic models, which use information about several
predictors to produce an individualised risk estimate. The ability to accurately predict relapse or recurrence while patients are well (in
remission) would allow the identification of high-risk individuals and may improve overall treatment outcomes for patients by enabling
more efficient allocation of interventions to prevent relapse and recurrence.

Objectives

To summarise the predictive performance of prognostic models developed to predict the risk of relapse, recurrence, sustained remission
or recovery in adults with major depressive disorder who meet criteria for remission or recovery.

Search methods

We searched the Cochrane Library (current issue); Ovid MEDLINE (1946 onwards); Ovid Embase (1980 onwards); Ovid PsycINFO (1806
onwards); and Web of Science (1900 onwards) up to May 2020. We also searched sources of grey literature, screened the reference lists
of included studies and performed a forward citation search. There were no restrictions applied to the searches by date, language or
publication status .

Selection criteria

We included development and external validation (testing model performance in data separate from the development data) studies of
any multivariable prognostic models (including two or more predictors) to predict relapse, recurrence, sustained remission, or recovery in
adults (aged 18 years and over) with remitted depression, in any clinical setting. We included all study designs and accepted all definitions
of relapse, recurrence and other related outcomes. We did not specify a comparator prognostic model.

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 1
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Data collection and analysis

Two review authors independently screened references; extracted data (using a template based on the CHecklist for critical Appraisal and
data extraction for systematic Reviews of prediction Modelling Studies (CHARMS)); and assessed risks of bias of included studies (using
the Prediction model Risk Of Bias ASsessment Tool (PROBAST)). We referred any disagreements to a third independent review author.
Where we found sufficient (10 or more) external validation studies of an individual model, we planned to perform a meta-analysis of its
predictive performance, specifically with respect to its calibration (how well the predicted probabilities match the observed proportions of
individuals that experience the outcome) and discrimination (the ability of the model to differentiate between those with and without the
outcome). Recommendations could not be qualified using the GRADE system, as guidance is not yet available for prognostic model reviews.

Main results

We identified 11 eligible prognostic model studies (10 unique prognostic models). Seven were model development studies; three were
model development and external validation studies; and one was an external validation-only study. Multiple estimates of performance
measures were not available for any of the models and, meta-analysis was therefore not possible. Ten out of the 11 included studies
were assessed as being at high overall risk of bias. Common weaknesses included insufficient sample size, inappropriate handling of
missing data and lack of information about discrimination and calibration. One paper (Klein 2018) was at low overall risk of bias and
presented a prognostic model including the following predictors: number of previous depressive episodes, residual depressive symptoms
and severity of the last depressive episode. The external predictive performance of this model was poor (C-statistic 0.59; calibration slope
0.56; confidence intervals not reported). None of the identified studies examined the clinical utility (net benefit) of the developed model.

Authors' conclusions

Of the 10 prognostic models identified (across 11 studies), only four underwent external validation. Most of the studies (n = 10) were
assessed as being at high overall risk of bias, and the one study that was at low risk of bias presented a model with poor predictive
performance. There is a need for improved prognostic research in this clinical area, with future studies conforming to current best
practice recommendations for prognostic model development/validation and reporting findings in line with the Transparent Reporting of
a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) statement.

PLAIN LANGUAGE SUMMARY

Predicting relapse or recurrence of depression
What is the aim of this review?

Relapse and recurrence (becoming unwell again after making an improvement) are common in depression and lead to increased disability
and decreased quality of life for patients. Relapse is a re-emergence of the initial episode of depression after some initial improvement,
whereas recurrence is the onset of a new episode of depression after recovery. Outcomes, such as relapse and recurrence, can sometimes
be predicted while people are well, using information available at the time. A mathematical calculation can be performed to assess an
individual person's risk; this calculation is known as a 'prognostic model' or a prediction tool. In most health services, including the
National Health Service (NHS) in the UK, resources such as doctors and therapists need to be used in the best way possible, for the people
who will gain the most benefit from them. If accurate prediction tools are available, the information can be used to identify the most 'high
risk' patients and make sure they receive additional support to try to prevent a relapse or a recurrence.

The aim of this review was to identify studies that have attempted to develop a prediction tool for relapse or recurrence of depression
in adults. We were interested in studies that had attempted to make this prediction while patients were well. We also included tools that
predicted the chance of patients staying well. If we had found multiple studies that tested the same prediction tool, we planned to combine
these to work out a better summary of how well that tool worked.

Key messages

We identified 10 prediction tools (over 11 studies) for relapse or recurrence. These were either not proven to be good at predicting relapse/
recurrence, or the studies had problems with how they were carried out, meaning that none of the prediction tools were at a stage where
they could be used in the real world. Further work is needed to improve prediction of relapse or recurrence of depression.

What was studied in the review?

We collected and analysed the results of 11 relevant studies. We were interested in several things: how researchers had defined relapse and
recurrence (for example, whether they had used clinical interviews or self-report questionnaires to diagnose depressive symptoms); what
information was gathered to help make predictions; the techniques used by the researchers to help develop the tools; and how well the
tools predicted. We were also interested in whether the tools were tested in a separate group of participants, which is essential to ensure
that the model can predict accurately in patients in the real world.

Finally, we assessed the studies to determine how confident we could be in the results, given the approaches taken by researchers (this is
called 'risk of bias') and how relevant the studies were to our review (this is called 'applicability").

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 2
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What are the main results of the review?

We found 11 studies. Ten of these developed different models and one study tested one of the models developed in a previous study. It
was not possible to combine results for any particular tool.

Ten of the 11 studies were rated at high risk of bias. This means that we cannot be confident in the results that were presented, due to
some issues with the way the studies were conducted. The most common issue was that there were not enough participants included in
the studies. Other common problems involved the statistical approaches used by the researchers.

One study was at low overall risk of bias, which means that we can be more confident in trusting the results. However, this tool did not
make accurate predictions about relapse or recurrence.

We found no studies that could be used in clinical practice; further work is needed to develop tools for predicting relapse or recurrence
of depression.

How up-to-date is the review?

The literature search for this review was completed in May 2020.

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 3
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BACKGROUND

Description of the condition

Depression is the leading cause of disability worldwide (WHO
2018). After a first episode of depression, approximately half of
patients will experience a relapse or a recurrence, and those who
experience a relapse or recurrence are more likely to relapse again
in future compared with those who do not (Burcusa 2007). Relapse
in the context of depression has been defined as the re-emergence
of depressive symptoms following some level of remission but
preceding recovery, and is distinguished in the literature from
recurrence (the onset of a new episode of depression following
an extended period of remission) (Beshai 2011). Remission and
recovery are similarly differentiated, with remission meaning
asymptomatic but still ‘in episode’ and recovery being defined
as resolution of the underlying episode (usually after 6 to 12
months) (Bockting 2015). ‘Response’ is often used to describe some
improvement but not fully well (i.e. not yet achieving remission).
The precise temporal cut-offs of these terms have not been robustly
validated empirically and are inconsistently operationalised in the
scientific literature (Buckman 2018). However, a recent study found
that, of those who do experience a relapse or recurrence, most
do so within the first six months (Ali 2017). This review focuses
on major depressive disorder (defined using validated diagnostic
criteria) and those participants who meet criteria for remission or
recovery (i.e. not meeting diagnostic criteria for major depressive
episode) at the point of prediction.

Description of the prognostic models

Prognosis refers to future outcomes given a particular
baseline condition or disease. The Prognosis Research Strategy
(PROGRESS) framework was developed in 2013 (Hemingway
2013), and describes four main categories of prognosis research:
overall prognosis; prognostic factor research; prognostic model
research; and predictors of treatment effect. This review focuses
on prognostic model research (Riley 2019a). A prognostic factor
is a variable that is associated with an increased risk of a future
outcome. A multivariable prognostic model is a way (usually a
mathematical equation) of combining information about multiple
prognostic factors (hence multivariable) to produce an estimate
of an individual’s risk of developing a particular outcome in the
future (Riley 2019a). A recent systematic review of prognostic
factors found that the strongest prognostic factors associated
with increased risk of relapse and recurrence of depression
are childhood maltreatment, history of recurrent depression
and presence of residual depressive symptoms (Buckman 2018).
Comorbid anxiety (anxiety which is present at the same time
as depression), rumination (the tendency towards excessive,
repetitive thoughts which interferes with other mental processing),
neuroticism and a younger age of onset have also been associated
with increased risk of relapse or recurrence (Buckman 2018).

We described the terms remission and recovery above. Sustained
remission can be thought of as the inverse, or opposite, of relapse;
and recovery as the inverse of recurrence. Both of these hold
potentially valuable prognostic information pertinent to relapse
risk prediction models in depression. We therefore reviewed the
predictive performance, type of model, included predictors and
clinical utility of all multivariable prognostic models developed
to predict relapse, recurrence, sustained remission or recovery of
remitted depression. The starting point of prediction is when a

person with depression has responded to treatment and meets
criteria for remission. The included models had to have been
developed with the intention of providing individualised risk
predictions (binary or time-to-event outcomes) and we excluded
papers reporting multivariable models not intended for this
purpose. We also planned to include models predicting outcomes
on a continuous scale if these had been identified, provided they
met the other inclusion criteria (i.e. remitted major depressive
disorder at start-point).

Health outcomes

This review focuses on outcomes for adults only (those aged 18
years and above). The health outcomes of interest are relapse or
recurrence of depression, and sustained remission or recovery from
depression, all as defined by authors of individual studies.

Why it is important to do this review

There is evidence to suggest that relapse or recurrence of
depression results in an increased risk of subsequent relapse
(Burcusa 2007) and, possibly, increased treatment resistance (Post
1992), and so there are potential benefits of intervening to prevent
relapse from occurring. Reliable prediction of individuals’ risk of
relapse and recurrence might enable more efficient allocation,
in practice, of interventions to prevent relapse. While a single
prognostic factor can help refine the estimate of overall prognosis
to particular subgroups, combining several prognostic factors
within the same model usually results in better individualised risk
predictions (Riley 2019a). A systematic review of existing prognostic
models for the intended population, outcome and setting and their
performance is a recommended first step before considering the
development of a novel prognostic model. If an existing model
performs satisfactorily, adjusting this for the intended population
(recalibration) and externally validating the model is likely to be a
better use of resources than developing a model from the beginning
(Riley 2019a).

The predictive performance of a prognostic model can be measured
in several ways which include: overall measures of model fit (for
example R2, which measures explained variation for models with
continuous outcomes, or generalisations of R2 for models with
binary or time-to-event outcomes); calibration (which measures
the extent to which risk predictions and observed outcomes are
in agreement); and discrimination (the model’s ability to separate
patients who develop the outcome of interest and those who do
not, usually measured using the Concordance (C-) statistic or area
under the curve (AUC)). Clinical utility is also important to consider
when a model’s predicted risks are to be used to inform decision-
making. This can be measured by the net benefit at a particular risk
threshold, and by plotting decision curves of the net-benefit across
a range of relevant thresholds (Vickers 2016).

There have been some attempts to derive and validate prognostic
models to predict depression-related outcomes (Angstman 2017,
King 2010; Rubenstein 2007; Van Bronswijk 2019). In a scoping
review, we identified only one model developed to predict risk of
recurrence of depression over three years (C-statistic of 0.72 on
external validation; confidence interval not reported) (Wang 2014).
There has been no previous systematic review to identify all such
models.

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 4
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OBJECTIVES

Primary objective

To summarise the predictive performance of prognostic models
developed to predict the risk of relapse, recurrence, sustained
remission or recovery in adults with major depressive disorder who
meet criteria for remission or recovery.

Secondary objectives

« To describe the characteristics of models identified, including
predictors and method of derivation (e.g. regression, machine
learning, neural networks etc.)

« To review the clinical utility (net benefit) of identified models,
where this has been reported

« To summarise the value of updating or modifying an existing
prognostic model or to identify whether the development of
a novel prognostic model to predict relapse and recurrence
of major depressive disorder is required. We planned to make
this decision through discussion involving the whole team,
guided by 'Risk of bias' assessment, applicability of methods
and predictive performance

Investigation of sources of heterogeneity between
studies

We anticipated between-study heterogeneity in model
performance, with sources of heterogeneity likely to relate to
population/case mix (e.g. age of participants and multimorbidity);
study setting of models (e.g. differences between models
developed in primary and secondary care settings); and study
design (e.g. follow-up time, source of data, outcome definition and
sample size). We planned to take these into account in the event
that we conducted a meta-analysis.

METHODS

Criteria for considering studies for this review

The eligibility criteria required for studies to be included in the
review were informed by the following PICOTS criteria (Table 1).

« Population — adult participants (18 years and over) diagnosed
with depression and meeting study-defined criteria for
remission.

« Index model — all prognostic models predicting relapse,
recurrence, sustained remission or recovery in people with
depression.

« Comparator — there is no comparator in this review.

o Outcomes — relapse, recurrence, sustained remission or
recovery in depression. We accepted and clearly documented
any definition reported by authors.

« Timing — our prespecified start-point was the point at which
a participant has responded to treatment and was identified
as meeting criteria for remission. The end points are those
described under ‘Outcomes’ over any time period.

« Setting — any setting (primary, secondary or community care).
We included models developed for participants from high-,
medium- or low-income countries.

Types of studies
Wolff 2019 defined three types of prognostic model study:

« - Prediction model development without external validation:
these studies aim to identify important predictors of the
outcome of interest, assign weights (usually in the form of
regression coefficients) to each predictor during multivariable
analysis, develop a prediction model for individualised risk
predictions and quantify the model’s predictive performance
in the development set. They should use internal validation
techniques to adjust for optimism and reduce overfitting;

o - Prediction model development with external validation:
these studies undertake the development steps as described
previously and then attempt to quantify the model’s
performance in data external to the development data;

« - Prediction model external validation studies: attempt to
externally validate an existing prediction model.

We included all model development and validation (internal
and external) studies, including those that updated existing
models (i.e. extended or modified existing models with new
predictor information). While external validation is described as
the “evaluation of performance in data that were not used to
develop the model”(Collins 2014), this does not generally mean a
random split of the development dataset to produce two separate
datasets. This approach is best considered an inefficient form of
internal validation (Riley 2019a). External validation can, however,
be performed in a dataset produced by a non-random split, for
example participants from the same institution but at different
time points (temporal validation) or by location (geographical
validation) (Collins 2014; Moons 2012). We included these as
examples of external validation studies for the purpose of this
review. If a sufficient number of external validation studies were
identified for a particular model, we planned to perform a meta-
analysis to provide a quantitative summary of that model’s
predictive performance. We planned to treat updated models as
separate models for the purposes of meta-analysis.

Eligible studies included those that developed prognostic models
using data from cohort studies (prospective and retrospective,
including registries and cohorts from randomised controlled trial
data) and any other sources of data if they meet the other inclusion
criteria. Reports of impact assessments of prognostic models
(studies that assess the impacts of the models when translated
and implemented into practice, for example in randomised trials)
were not included in this review, as these studies require different
methodology. We did not include prognostic factor studies, which
set out to examine the adjusted association of prognostic factors on
risk of relapse or recurrence (generally in the form of relative risk
ratios or odds ratios) but do not derive a multivariable prognostic
model to calculate individualised risk of outcome (Riley 2019a).

Targeted population

Adults (18 years and over) who have been diagnosed (using
a validated diagnostic tool or diagnostic interview) with major
depressive disorder and meet criteria for remission at point
of prediction. We excluded models developed in populations
with comorbid severe mental illness (for example, schizophrenia
and bipolar affective disorder), as these patients will typically
receive more intensive psychiatric input and results would be less
generalisable. This included studies with mixed populations (e.g.

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 5
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those with and without these comorbid illnesses). We excluded
people below 18 years old, as children with depressive disorders
are treated in very different settings with different practitioners and
follow-up schedules, and are likely to have meaningfully different
predictors from independent adults. We planned to include older
adults, being mindful that multimorbidity may be more commoniin
the older population and may impact on depression outcomes in
this population, more so than in a general adult population.

Types of prognostic models

All multivariable prognostic models developed to predict the risk of
relapse, recurrence, sustained remission or recovery in individuals
with depression who have entered remission. We were interested
in all multivariable models, whether they were developed to guide
therapeutic decision-making or for any other purpose. Included
models must have been developed with the intention of providing
individual risk predictions, and not for other purposes (e.g. to
quantify the adjusted effect of a prognostic factor). It is good
practice for metrics for discrimination or calibration (preferably
both) to be reported.

Types of outcomes to be predicted

Relapse, recurrence, sustained remission or recovery in major
depressive disorder over any time period. We accepted all
definitions. We did not include models that predict sustained
depressive symptoms, as these models require a different
population (i.e. those who have been diagnosed as depressed
and continue to experience symptoms rather than those with
depression who have subsequently entered remission).

Search methods for identification of studies
Electronic searches

An Information Specialist conducted searches on the following
bibliographic databases using relevant subject headings
(controlled vocabularies) and search syntax, appropriate to
each resource. The search strategies were designed to identify
prognostic models developed to predict the risk of relapse,
recurrence, sustained remission or recovery in adults with
(unipolar) depression who have entered remission.

« Cochrane Library, 2020 Issue 5;

o Ovid MEDLINE Search-1, (1946 to 04 November 2019);
« Ovid MEDLINE Search-2, (1946 to 16 March 2020);

« Ovid Embase (1974 to Week 19 2020);

« Ovid PsycINFO (1806 to May Week 1 2020).

We applied no restrictions by date, language or publication status.
We conducted an initial MEDLINE search in November 2019 and
carried all records forward to full-text screen as a subsequent
benchmark for the remaining database search strategies. We
searched the additional databases between 16 March and 8 May
2020.

Searching other resources

The Information Specialist also searched the following sources of
grey literature (primarily for dissertations and theses).

« Open Grey (www.opengrey.eu);

« ProQuest Dissertations & Theses Global (www.proquest.com/
products-services/pqdtglobal.html);

+ DART-Europe E-theses Portal (www.dart-europe.eu);

« EThOS - the British Libraries e-theses online service
(ethos.bl.uk);

« Open Access Theses and Dissertations (oatd.org).

Reference lists

We checked the reference lists of all included articles and
conducted a forward citation search on the Web of Science (12
March 2021), to identify additional studies missed from the original
electronic searches (e.g. unpublished or in-press citations).

Personal communication

We contacted authors and subject experts for information on
unpublished or ongoing studies, or to request additional data.

Data collection
Selection of studies

Two review authors (ASM and NM) independently reviewed the
titles and abstracts of studies identified by the search strategy and
full texts obtained for studies potentially meeting the inclusion
criteria. We excluded prognostic model studies that clearly did not
meet our inclusion criteria at the title and abstract screening stage.
For any prognostic model studies where there was uncertainty,
we undertook a full-text review. We resolved uncertainty or
disagreement in judgements through discussion or, if necessary, by
referral to a third review author (KIES or DM).

Data extraction and management

Two independent review authors (ASM and NM) conducted the data
extraction. The Checklist for Critical Appraisal and Data Extraction
for Systematic Reviews of Prediction Modelling Studies (CHARMS)
has been developed to guide data extraction in systematic reviews
of prognostic models, and was used for this review. We extracted
the following data for all included studies:

« method of depression diagnosis;

« year of participant recruitment and follow-up;

« setting;

« source of data;

« participants' characteristics;

« study design;

« definition of relapse and recurrence;

« information on number and type of candidate predictors;

« sample size;

« number of events;

« missing data;

« type of model used for development (e.g. logistic regression,
Cox regression, machine learning, neural network) and any

adjustment for model overfitting (e.g. using penalisation or
shrinkage techniques);

+ model performance: calibration, discrimination and
classification measures, including optimism-adjusted estimates
in the development data. Calibration (preferably a calibration
plot) and discrimination (C-statistic) should be reported, at a
minimum. A C-statistic of 1 indicates that a model has perfect
discrimination while a C-statistic of 0.5 means that the model
performs no better than chance (Riley 2019a);
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« modelevaluation: whetherinternal and externalvalidation were
done, whether optimism-adjusted measures were reported
from internal validation, model updating in case of poor
validation;

« results: interpretation and discussion of generalisability,
strengths and weaknesses;

« clinical utility: usually assessed through net benefit analysis
(Vickers 2016), a means of progressing beyond the predictive
performance of the developed model and considering its
implementation and impact in a healthcare setting, usually
using decision analytic techniques. We describe this forincluded
studies where it has been reported.

We also collected information on how the model was presented
(risk chart, nomogram, full regression formula) and whether it
is possible to use a model based on the information presented
in the article. Where measures of predictive performance were
not available directly, we planned to calculate these from other
information available with reference to recent guidance (Debray
2019).

Assessment of risk of bias in included studies

Risk of bias (assessed as low, high or unclear) relates to the
ability of the primary study to answer its own question and
whether shortcomings in the methods used mean that the authors’
conclusions lack internal validity, with the predictive accuracy of
the model likely to be distorted (Wolff 2019). Applicability (also
assessed as low, high, or unclear concern about applicability)
refers to the extent to which the primary study is relevant to
the systematic review criteria, or how well the study meets the
inclusion criteria set out in the Methods section. Two independent
review authors (ASM and NM) assessed risks of bias using the
Prediction model riskof bias assessment tool (PROBAST), which
assesses risk of bias over four domains, as well as applicability
(Moons 2019; Riley 2019a; Wolff 2019)

o Participants: this domain assessed whether appropriate data
sources and inclusion/exclusion criteria were used;

o Predictors: assesses whether predictors were defined and
assessed in a similar way for all participants; assessed without
knowledge of outcomes; and available at the time at which the
model is intended for use;

o Outcomes: assesses whether outcomes were determined
appropriately; whether they were prespecified; whether
predictors were excluded from outcome definition; whether
they were defined and determined in a similar way for
all participants; whether they were determined without
knowledge of predictors; and whether there was an appropriate
time interval between predictor assessment and outcome
determination;

« Analysis: assesses whether there was a reasonable number of
participants with the outcome; whether there was appropriate
handling of continuous and categorical predictors; whether all
enrolled participants were included in the analysis; whether
missing data were handled appropriately; whether relevant
model performance measures were presented; whether
overfitting and optimism in performance were accounted for;
and whether predictors and assigned weights in the final model
correspond to results from multivariable analysis.

We discuss how the included studies performed in the Results
section. Here, we expand on some aspects of the 'Analysis' domain
and how we applied this when making judgements in this review.
Predictor selection is an important part of prognostic model
development and occurs in two stages: selecting predictors for
consideration in the model (candidate predictors) and selecting
predictors during model development (predictors in final model).
When using regression analysis, selection of candidate predictors
is best done on robust a priori grounds and usually following
a literature search or clinical consensus, or both (Riley 2019a).
When selecting predictors for inclusion in the final model, it is
recommended that statistical significance on univariable analysis
between a candidate predictor and the outcome of interest is
avoided as a method of selection. Forward selection is also
best avoided. These approaches risk overfitting the model to the
development dataset and excluding important predictors from
the final model. Recommended approaches include fitting the full
model (including all predictors felt to be important either clinically
or based on the literature, regardless of statistical significance),
using variable selection using backward selection (all predictors
included and those found not to be statistically significant are
excluded in a stepwise manner, with internal validation to then
apply shrinkage to deal with overfitting) (Riley 2019a), or penalised
regression such as the LASSO or elastic net.

When determining whether an appropriate sample size was used,
we adhered to PROBAST recommendations, which use the rule of
thumb using events per predictor parameter (EPP). The PROBAST
guidance suggests an EPP of 20 and over for development studies
(although those between 10 and 20 EPP can be rated 'probably
yes' or 'probably no', depending on outcome frequency, overall
model performance and distribution of predictors in the model)
and that validation studies must have at least 100 participants
with the outcome and 100 without the outcome. EPP refers to the
number of candidate predictors rather than just those included
in the final model. Specifying the number of parameters rather
than the number of predictors takes into account whether there
have been any transformations of continuous variables (e.g. when
checking for correct functional form) and indicator variables for
categorical predictors with multiple categories and interactions.

Because prognostic models are often developed on data collected
for a different purpose, missing data are common. A complete-
case analysis to compensate for missing data is not generally
recommended (unless there is very little missing), due to waste
of valuable data. There are several more acceptable ways of
accounting for missing data. Multiple imputation is considered
more appropriate when data are missing at random (Riley 2019a)
and is recommended by PROBAST (Moons 2019).

The PROBAST tool has been developed primarily for studies that
used a more traditional regression method and guidance on best
practice for machine learning (ML) models is less widely available.
There is debate over the minimum number of EPP required,
with guidance stating between 10 and 50 required for model
development using classical modelling techniques, such as logistic
regression. The guidance and literature that does exist would
suggest that we should demand, if anything, significantly larger
sample sizes when using a ML approach to prognostic model
development, with one paper estimating that one would need
more than 10 times the EPP required for regression models to
achieve a stable area under the curve (AUC) and small optimism
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(Van Der Ploeg 2014). Another suggestion is that prediction models
developed using ML techniques require EPP of more than 200
to avoid overfitting (Wolff 2019). In the case of any ML models
identified, we applied the PROBAST guidance as described for
traditional regression techniques, but judgements should be
interpreted with these limitations in mind.

Measures of association or predictive performance measures
to be extracted

We extracted information about the models’ predictive
performance, in terms of discrimination (C-statistic) and calibration
(calibration slope, ratio of observed (0) to expected (E) events (O:E
ratio), calibration plots), and net benefit measures.

Dealing with missing data

When performance measures (such as C-statistic, O:E ratio) were
not reported in the paper, we contacted authors. Where possible,
we used standard methods and formulae described by Debray and
colleagues to estimate the O:E ratio and C-statistic and associated
standard errors (Debray 2017).

Assessment of heterogeneity

Reviews of prognostic studies often have to deal with a substantial
amount of heterogeneity. We planned to assess the impact of
heterogeneity in predictive performance across validation studies,
where there were enough data to do so, by calculating prediction
intervals that provide a range for the potential performance of a
model in a new validation study (Debray 2017). We also planned to
calculate 12 and Tau? statistics. If reported, we would have extracted
performance in subgroups.

Data synthesis
Data synthesis and meta-analysis approaches

If there were enough studies reporting external validation
performance, we planned to conduct random-effects meta-
analyses to summarise performance of prognostic models, as
data were likely to be highly heterogeneous. We aimed to pool
information about each model’s discrimination (using C-statistic or
equivalent), calibration (using calibration slope, calibration-in-the-
large; and O:E ratio) and equivalents from time-to-event models
(e.g. Harrell’s C-statistic, calibration slope, D statistic, O:E at each
time point). We planned to summarise performance measures
separately, first transforming them to an appropriate scale where
necessary (logit C-statistic and log O:E ratio) to produce summary
results (with 95% confidence intervals (Cls)) that quantified the
average performance across studies (Snell 2018). To better account
for the uncertainty in the estimated between-study heterogeneity,
we planned to use the restricted maximum likelihood (REML)
estimation, with 95% Cls for the summary (average) performance
of a model, derived using the Hartung-Knapp-Sidik-Jonkmann
method, as recommended by Debray 2017 and Langan 2018. In
the absence of sufficient data for a meta-analysis, we have used a
narrative synthesis instead.

Subgroup analysis and investigation of heterogeneity

We planned that, if there were sufficient data (a minimum of 10
studies), we would investigate potential sources of heterogeneity
using meta-regression with the summary estimate of model
performance (e.g. logit C-statistic or log O:E ratio) as a dependent

variable and study-level covariates (population/case-mix (age of
participants and multimorbidity), study setting of models (primary
and secondary care settings) and study design (follow-up time,
source of data, outcome definition and sample size)) as explanatory
variables.

Sensitivity analysis

If we had sufficient studies for meta-analysis, we planned to
evaluate the impact of risks of bias by conducting analyses only
including studies assessed at low risk of bias.

Rating the certainty of evidence and summary of findings

The GRADE system was developed to guide the interpretation of
certainty (or confidence) in the results of intervention reviews.
GRADE assesses the overall certainty of evidence for the estimate
of effect by addressing the domains of: risk of bias, inconsistency,
imprecision, indirectness and publication bias. GRADE can be
applied to some prognosis reviews, with proposed extensions
available for reviews of overall prognosis (lorio 2015) and
prognostic factors (Foroutan 2020; Huguet 2013). As discussed,
heterogeneity is more likely and might be more acceptable in
reviews of prognostic model and factor studies due to the inevitable
study differences in methods of measurement, adjustment factors
and statistical analysis methods, amongst others. Publication bias
is also likely to be more severe in prognosis reviews than in those
of intervention studies. Due to incomplete guidance on application
of GRADE to prognostic model reviews, we did not conduct GRADE
assessments for this review. We have focused on risk of bias (using
PROBAST) to guide our assessment of the certainty of the evidence.

RESULTS

Results of the search

We identified a total of 7964 studies initially, with one study located
through a forward citation search performed on 12 March 2021
(Van Loo 2020). There were 5366 citations to screen after 2599
duplicates were removed. The 5366 records underwent title and
abstract screening by two independent review authors (ASM and
NM), 50 underwent full-text screening and 11 unique studies were
included in the final review (12 separate references). One of the
final 11 included studies (Wang 2014) had two separate references
associated with the same study, one being the main report and one
being a conference abstract. Van Loo 2020 reported the external
validation of the model developed in Van Loo 2018. Trivedi 2016
is a conference abstract and we were unable to obtain a response
from the authors after attempting to contact the corresponding
author three times. There were insufficient data available to make
a decision on inclusion/exclusion, so we classified this reference as
awaiting assessment.

Studies excluded after full-text screening (n = 37) fell into two
categories: not meeting study design criteria (model not intended
for prediction) or not meeting participant population criteria
(see Figure 1 and Characteristics of excluded studies for more
information). Most were excluded for not meeting study design
criteria (n = 30); at full-text review most of these were identified
as prognostic factor rather than prognostic model studies. The
studies excluded for not meeting participant population criteria (n
= 7) either predicted outcomes in people with current depression
(rather than remitted depression) at the start-point or, in the case of
one of these studies, looked at a mixed population of participants
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with anxiety or depression, and predicted relapse of either (Lorimer
2020).
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Figure 1. Study flow diagram.
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Risk of bias and applicability assessment of included
studies

Two independent review authors performed 'Risk of bias' and
applicability assessment (see Table 2 and Table 3) on all included
studies, using the PROBAST tool (Wolff 2019), which rates risk of
bias in the four domains of participants, predictors, outcome and
analysis. Level of concern about applicability is assessed for the first
three of these domains only.

We rated 10 of the 11 included studies as being at high overall
risk of bias. Only Klein 2018 was assessed to be at low risk of
bias in all four domains. Risk of bias was generally assessed as
being low for most studies in the domains of participants and
predictors. Predictors were generally measured appropriately and
in the absence of knowledge about outcomes. An exception was
Van Loo 2020, wherein predictor information was not available until
after the point of prediction for some predictors. There were some
infrequent examples of lack of clarity around the measurement of
some of the predictors and outcomes; for example, Pintor 2009
described the assessment of relapse according to Frank et al’s
criteria (Frank 1991) applied to the Hamilton Depression Rating
Scale-21 but did not report cut-offs or the evidence for them.
Overall risk of bias was unclear for eight out of 11 of the studies
in the domain of outcomes, because the studies did not state that
outcomes were determined blind to the predictor information. It is
possible that researchers were blinded and that the report papers
just did not explicitly state this.

For the fourth domain (analysis), there was variable quality for the
reported methods and some weaknesses and potential sources
of bias were identified in this domain for 10 of the 11 included
studies. The most common weakness related to sample size or
number of events, or both, a lack of which seriously and adversely
impairs the ability of a statistical model in the real world due to
a significant risk of overfitting. Most studies did not describe how
the sample size was determined. Klein 2018 was the only study
with sufficient EPP for model development (104 recurrences, or
events, for eight candidate predictor parameters). While this study
did not meet the cut-off of 20 EPP, we rated it as 'probably yes'
for Item 4.1 (reasonable number of participants with the outcome)
because the authors had used internal validation techniques to
account for optimism in the model. All other regression models
(Berlanga 1999; Johansson 2015; Judd 2016; Pintor 2009; Van
Loo 2015; Van Loo 2018; Wang 2014) had inadequate sample
size. The sample size determination used by Backs-Dermott 2010,
which used discriminant function analysis (DFA), appears to be
appropriate according to their reported methods. Ruhe 2019 used
an ML approach for model development. As discussed in the
Methods section, formal guidance is lacking to aid sample size
determinations for prognostic model studies using ML techniques.
In light of the literature available, Ruhe 2019 did not have an
adequate sample size according to any of the existing guidance
and recommendations. For Van Loo 2020, while it was not explicitly
stated, we made the assessment that the sample size probably met
PROBAST requirements for external validation (at least 100 events).

Another common limitation of the included studies (n =7) was their
handling of missing data. Multiple imputation was used to model
missing data in only four of the identified studies (Klein 2018; Judd
2016; Van Loo 2018; Van Loo 2020). The remaining studies either
did not report their approach (Backs-Dermott 2010; Berlanga 1999;
Johansson 2015; Pintor 2009) or used more flawed approaches for

handling missing data, such as imputing the mean (Ruhe 2019) or
single imputation (Van Loo 2015; Wang 2014).

Finally, with respect to risk of bias, most studies (n = 10) did
not present appropriate performance statistics. The PROBAST
guidance recommends that, at a minimum, a calibration plot
and discrimination statistics (AUC or C-statistic) are presented as
relevant performance measures from a prognostic model study
(Wolff 2019). Goodness-of-fit tests, as presented by Wang 2014,
are not recommended as an assessment of calibration, as they do
not provide useful information about the presence or magnitude
of any miscalibration. Classification measures, such as sensitivity
and specificity, can be presented in addition to calibration and
discrimination statistics, but they have the drawback of loss of
information and of requiring risk thresholds to be specified, often
based on the data rather than on meaningful, clinical grounds.
Overall, of the studies included in this review, only Klein 2018
presented a calibration plot and C-statistic in line with best practice.
Van Loo 2020, which externally validated the model developed in
Van Loo 2018, did not present any information about calibration.

We had low concern about applicability for all included studies
except for Berlanga 1999, which was rated at an unclear level
of concern. It was unclear whether all of the participants had
reached remission and it appears that a proportion of participants
would have met criteria for depression according to the Hamilton
Depression Rating Scale. Our inclusion criteria were purposely
broad, as we were interested in exploring a range of models
and settings, which might explain the overall low concern about
applicability. A point of note is that five of the studies here had
significant time periods between data collection and publication
of the data analysis. This period was nine years in the case of
Wang 2014 and for four of the studies, this gap was more than a
decade (13 years for Van Loo 2020; 18 years for Van Loo 2015; 21
years for Van Loo 2018; and 35 years for Judd 2016). While not
explicitly addressed in the 'Risk of bias' assessment, this could have
implications for reliability and applicability of results.

Findings
Description of studies

We identified 11 studies of prognostic models for relapse or
recurrence in depression. Three were development and external
validation studies (model development and external validation of
the developed model were reported in the same article) (Klein
2018; Van Loo 2015; Wang 2014), seven were development studies
only (Backs-Dermott 2010; Berlanga 1999; Johansson 2015; Judd
2016; Pintor 2009; Ruhe 2019; Van Loo 2018), and one (Van Loo
2020) was an external validation study. No prognostic model was
externally validated in more than one included study. It was
therefore not possible to perform a meta-analysis of the predictive
performance of any individual model and we therefore report a
narrative synthesis and critical appraisal as planned.

Eight of the model development studies identified used regression
analysis (Berlanga 1999; Johansson 2015; Judd 2016; Klein 2018;
Pintor 2009; Van Loo 2015; Van Loo 2018; Wang 2014) for
model development, one used machine learning (ML) (Ruhe 2019)
and one used DFA (Backs-Dermott 2010). Van Loo 2020 used
logistic regression for external validation. There was geographic
variation in terms of where the studies had been performed (see
Characteristics of included studies).
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Source of data and setting

The ideal sources of data for a prognostic model development or
validation study are prospective cohort (including RCTs), nested
case-control or case-cohort studies. All of the included studies
used prospectively gathered data for developing the prognostic
models. Four of the models were developed in secondary care
(Berlanga 1999; Johansson 2015; Judd 2016; Pintor 2009). The
other six were developed in a primary care (Klein 2018; Ruhe
2019) or community (Backs-Dermott 2010; Van Loo 2015; Van Loo
2018; Wang 2014) setting. Two different development studies (Van
Loo 2015; Van Loo 2018) used data drawn from the same source:
the Virginia Adult Twin Study of Psychiatric and Substance Use
Disorder (VATSPSUD), a population-based longitudinal study of
male-male and male-female white twin pairs. Van Loo 2015 used
data from female-female twin pairs and Van Loo 2018 used data
from male-male and male-female twin pairs from VATSPSUD. Van
Loo 2020 used a data-set drawn from primary care, secondary care
and community settings (the Netherlands Study of Depression and
Anxiety (NESDA)) for external validation.

Participants

All studies identified were developed in a population matching
our inclusion criteria: adults with a diagnosis of depression that
met criteria for remission at the point of prediction. Two studies
included only women (Backs-Dermott 2010; Van Loo 2015). The
authors of Van Loo 2015 explained that studying men and women
separately might lead to more accurate prediction models because
risk factors for relapse can be sex-dependent. Characteristics of
included studies describes the participant demographics, inclusion
criteria and definitions of depression and remission for each
individual study in more detail.

Outcome (end-point)

All of the studies included in this review developed prognostic
models to predict either relapse or recurrence in participants
with remitted depression at the start-point. None were identified
predicting sustained remission or recovery. The included studies
varied in their outcome definition. Most referenced Frank et al’s
relapse criteria (Frank 1991; Rush 2006) or used similar criteria
using a mixture of diagnostic instruments and clinical interview.
All primary studies identified gave a clear definition of relapse or
recurrence and used this consistently across all participantsin their
studies.

'Recurrence' was defined in a number of ways, ranging from a re-
emergence of depressive symptoms at any point but not before
two months (Johansson 2015) to within a median follow-up time of
6.1 years (Van Loo 2015). 'Relapse' was defined as a re-emergence
of depressive symptoms occurring either within two months of
achieving remission (Johansson 2015), within six months but after
at least eight weeks of remission (Judd 2016) or within 12 months
(Backs-Dermott 2010). See Characteristics of included studies for
further information on specific definitions used.

Predictors

The included studies covered a wide range of predictors.
Most commonly these were disease-related characteristics and
demographic factors. Disease-related characteristics included:
number of previous episodes (Johansson 2015; Klein 2018;
Ruhe 2019; Van Loo 2015; Van Loo 2018; Wang 2014);

presence of residual symptoms (Klein 2018), and duration
of index episode and speed of onset of response to
treatment (Berlanga 1999). Demographic factors included: age
(Wang 2014) and having a partner or not (Johansson 2015;
Van Loo 2018). Some studies explored some less common
predictors such as: neuropsychological predictors (specifically
emotional categorisation, emotional memory and facial expression
recognition) (Ruhe 2019); personality characteristics such as
neuroticism (Berlanga 1999); psychosocial predictors such as
life stress and interpersonal difficulties (Backs-Dermott 2010);
biochemical predictors such as results from the corticotrophin-
releasing factor test (Pintor 2009); and, in the case of Judd
2016, combinations of items from the Symptom Checklist (SCL-90)
(Derogatis 1973). Table 4 outlines the different predictors included
in the final models and how they were measured for the individual
studies.

Statistical analysis methods for model development

Of the 10 development studies included in this review, eight used
regression analysis with a binary outcome (relapse/recurrence or
no relapse/recurrence). Five of the studies used logistic regression
(Berlanga 1999; Johansson 2015; Judd 2016; Pintor 2009; Wang
2014) to predict: "recurrence" at three years (Wang 2014); "relapse"
within two years (Pintor 2009); "relapse/recurrence" within 12
to 14 months (Johansson 2015); "recurrence" within 12 months
(Berlanga 1999); and “relapse” within six months (Judd 2016).
Three studies used Cox proportional hazards regression to study
time to recurrence; Klein 2018 predicted time to recurrence over
two years;Van Loo 2015 predicted time to recurrence over a median
follow-up period of 5% years (6.1 years for external validation); and
Van Loo 2018 predicted time to recurrence up to five years.

Of the remaining two included studies, Ruhe 2019 used a machine
learning (ML) support vector machine model to predict recurrence
over a median period of 233 days. Backs-Dermott 2010 used
discriminantfunction analysis (DFA), a statistical method to identify
which continuous variables (predictors) best discriminate between
two or more groups (in this case, relapse or stable remission).
DFA is used to answer the same questions as logistic regression
but can be used only for continuous (not categorical) predictors.
Significance testing (for example, using Wilks’ lambda) is used
to identify which variables are most discriminatory (Tabachnick
1996) . A limitation is that the results are not probabilistic but
instead present a categorisation that assumes equal utility for
all participants without the necessary and important net benefit
approach. Regression techniques are generally more appropriate
for prognostic model development to present probabilities which
can then be used, along with cost-effectiveness information and
qualitative data, to assign risk categories (Riley 2019a.)

Most studies used univariable analysis to guide predictor selection
(Backs-Dermott 2010; Berlanga 1999; Johansson 2015; Judd 2016;
Pintor2009; Wang2014). Wang 2014 did retain some non-significant
predictors "on clinical grounds", and then used combined
forward and backward selection for model development. See
Characteristics of included studies for details of number of events
and number of participants and the 'Risk of bias' section for
a more detailed discussion of sample size considerations. Klein
2018 was the only study that reported a rationale for the sample
sized used: "the rule of thumb of at least ten events (recurrences)
per parameter was followed to obtain sufficient statistical power
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and prevent overfitting", and had 104 events for eight predictor
parameters.

Predictive performance of prognostic models

The predictive performance of all included models is summarised
in Table 4.

Predictive performance on internal validation

Internal validation techniques aim to reduce the risk of overfitting
(where idiosyncrasies within the training data are modelled, thus
leading to optimistic estimates of predictive performance and
limiting its generalisability to external data) by assessing optimism
within the developed model and using this assessment to modify
the model. Recommended approaches to internal validation
include resampling techniques such as bootstrapping and cross-
validation or penalised methods such as LASSO or elastic net.
Internal validation is considered an essential step in prognostic
model development (Riley 2019a). Only five of the studies identified
reported their attempts to account for overfitting and optimism
through internal validation. Klein 2018 used bootstrapping to
estimate the amount of overfitting; shrinkage was determined
for all statistics and subtracted from the apparent performance
statistic to correct for overfitting. Wang 2014 also shrank the
coefficients derived through logistic regression using a heuristic
shrinkage factor. Ruhe 2019 used a leave-one-out procedure
wherein the training set consisted of all but one participant and
the left-out sample was then used solely for validation. Van Loo
2015 and Van Loo 2018 used elastic net penalised regression to
account for overfitting. The performance statistics after internal
validation are reported in Table 4 where these were available.

Predictive performance on external validation

External validation is where the developed model is applied in
a dataset entirely separate from the training dataset and gives
a truer reflection of model performance and generalisability.
Three of the included studies reported external validation of their
developed model (Klein 2018; Van Loo 2015; Wang 2014). Van Loo
2020 presented the external validation of the model developed
in Van Loo 2018. Klein 2018 used an RCT dataset separate from
that used for development for external validation and presented a
calibration slope of 0.56 (0.81 on internal validation) and a Harrell’s
C-statistic of 0.59 (0.56 on internal validation). This study was the
only included study at overall low risk of bias and these statistics
demonstrate that the model did not perform well on external data.

Van Loo 2015 used a temporal cut-off to define their development
and validation samples (temporal validation). They presented
“comparable” Kaplan-Meier curves as evidence that their
prognostic model was well-calibrated for people at lower risk of
relapse but less so for higher-risk participants. It is worth noting
that this comparison is based on risk thresholds derived from
the data and that Kaplan-Meier curves from the training and test
datasets were not overlain to allow for easy comparison. The
model had an AUC of 0.61 on external validation (0.79 on internal
validation). This AUC was calculated by averaging AUCs from “a
range of different time-points...all months in the interquartile
range of follow-up”, rather than presenting, for example, Harrell’s
C-statistic, a measure of discrimination designed specifically for
models developed using time-to-event analysis (Riley 2019a).

Wang 2014 used data from the same source (the US National
Epidemiological Survey on Alcohol and Related Conditions) but
from a different geographical region (geographical validation) to
define development and external validation datasets. The authors
presented a C-statistic of 0.72, indicating good discrimination, and
presented the result of the Hosmer-Lemeshow goodness-of-fit test
(3.51, P=0.9) as evidence of “excellent calibration”.

Van Loo 2020 presented the results of the developed model in two
"test" sets. One of these (VATSPSUD) was actually data from the
same sample used in Van Loo 2018 for model development and we
have therefore classified this as an internal validation. The second
test sample (NESDA) is separate from the development dataset and
we have focused on this as the external validation. Discrimination
was reported as good (AUC = 0.68 (95% confidence interval (Cl) 0.66
to 0.71) predicting recurrence over 0 to 2 years; AUC = 0.72 (95%
Cl 0.69 to 0.75) predicting over 0 to 9 years); calibration was not
reported. Of the external validations included in this review, only
Van Loo 2020 included 95% confidence intervals for measures of
discrimination/calibration.

Presentation of usability of the models

Klein 2018 was the only included study at low overall risk of bias
and, as discussed, the predictive performance was poor on external
validation. The paper presents all of the regression coefficients
for the predictors included in the final model as well as the
intercept and associated 95% confidence intervals. This model
could therefore be used based on the information provided in the
primary source. None of the included studies explored net benefit
analysis with respect to the developed models.

DISCUSSION

Summary of main results

This is the first systematic review looking at prognostic models
predicting relapse and recurrence of depression. We have
identified 10 unique models, across 11 included studies, all of
which are different in their included predictors, intended setting
and participant populations, and predictive performance. Three
of these models were externally validated during the model
development study, on a dataset separate from that used for
development (Klein 2018; Van Loo 2015; Wang 2014). One of the
models (Van Loo 2018) underwent external validation in a separate
external validation study (Van Loo 2020). None of the models
underwent independent external validation (i.e. by researchers not
involved in the original model development) or net benefit analysis
to assess clinical utility. Only one of the included models was found
to be at overall low risk of bias (Klein 2018). This prognostic model,
developed using Cox proportional hazards regression, predicted
time to recurrence within two years and included the following
predictors: number of previous episodes of depression (less than
3; 3 or 4; 5 or more), number of residual symptoms, severity of last
depressive episode according to SCID-I (mild or moderate; severe)
and treatment (this was to control for the treatment received in
the RCT and was a non-significant predictor). The discrimination
and calibration of this model were both poor on external validation.
The other 10 studies had weaknesses in their analysis, particularly
for sample size, handling of missing data and not presenting
appropriate performance statistics.
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Certainty of the evidence

Because there were insufficient external validation studies of the
same model, meta-analysis was not possible. We have presented
a narrative synthesis and critical appraisal of the existing literature
reporting efforts to develop relapse prediction models for people
with remitted depression. As explained in the Methods section, we
have not applied GRADE to this review. Most of the studies (10 out of
11) were classed as being at high risk of bias according to PROBAST,
so results from the primary studies should therefore be interpreted
with caution.

Strengths and weaknesses of the review

This was a wide-ranging review in an innovative and developing
area for Cochrane as a whole, and for the Cochrane Common
Mental Disorders group. We have been guided by recent prognosis
literature and guidance in developing our searches and in critically
appraising the included studies. We have identified a range of
models incorporating a range of predictors and using a variety
of statistical methods. One weakness is that we were unable to
perform our planned meta-analysis due to a lack of eligible studies.

We undertook the 'Risk of bias' assessment using the PROBAST
tool. It is important to note that PROBAST was primarily designed
for the assessment of primary prognostic model studies using
regression-based techniques. One study identified in this review
used machine learning (ML) techniques (Ruhe 2019). The PROBAST
guidance is less directly applicable to ML techniques, although
the guidance (Wolff 2019) does recommend tailoring the tool for
different methodological approaches, and this can include ML.
Longer-term, formal guidance developed by experts is expected to
ensure a more robust and consistent assessment of risk of bias for
prognostic model studies using ML techniques.

Applicability of findings to clinical practice and policy
Relapse and recurrence of depression

Relapse and recurrence occur in a significant proportion of
people with remitted depression and are a source of considerable
morbidity, as well as a significant financial cost to society.
Interventions to prevent relapse or recurrence of depression
(including pharmacological and psychological approaches) are
known to be effective (Clarke 2015; Geddes 2003). Psychological
interventions, in particular, can however be resource-intensive, and
providing these for all people with remitted depression is probably
unrealistic in most healthcare settings, given limitations of
funding and other resources. Pharmacological interventions aimed
specifically at relapse prevention also need input from trained
healthcare professionals to enable counselling of patients about
medications to encourage concordance and reduce the risk of
adverse or withdrawal effects. A recent Cochrane Review explored
the potential for pharmacist-led interventions for medication
management in depression (Brown 2019) which may be a feasible
optioninthelonger term toincrease the capacity to support this. An
increased focus on self-monitoring and recognising early warning
signs of recurrence is also likely to be key, although the evidence
base for this is also lacking at present, with a Cochrane Review on
the subject currently in progress (Lenora 2019).

Until there is more robust evidence for these approaches, a
potentially effective way of ensuring efficient allocation of relapse-
prevention interventions is by risk-stratifying patients according to

risk of relapse and recurrence. Interventions can then be provided
to those most likely to benefit from them. Prognostic models are
already well established in clinical practice for a number of physical
health problems, for example cardiovascular health and primary
prevention of cardiovascular disease (Steyerberg 2013). It is worth
bearing in mind that, while there are many prognostic model
development and validation studies reported in the literature, only
a small proportion of these end up being implemented in a clinical
setting (Steyerberg 2013). The range of models presented in this
Cochrane Review suggests that this is a subject that researchers
recognise as important. However, while many of the studies
identified have reported promising predictive performance, the
high risk of bias in the analysis and lack of external or independent
validation means it is imperative that the results are interpreted
with caution. Similarly, the clinical utility (net benefit) of using the
models, which quantifies the overall utility of using a model to
inform clinical decisions at thresholds of predicted risk (Vickers
2016), has not been examined.

Our inclusion criteria were purposely broad and unrestrictive; the
included studies reflect this in their clinical settings, populations
and predictors. Prognostic models for predicting relapse or
recurrence of depression have been developed across primary care,
secondary care and community settings. Attempts to implement
prognostic models in practice must be mindful of the settings and
populations in which the models were developed, and cognisant of
the fact that models are unlikely to be generalisable to all settings.
When considering whether any of these prognostic models would
be useful in a particular clinical setting, clinicians should consider
the target patient population, whether the included predictors are
important to them and their patients and, crucially, whether the
predictor information would be readily available in that clinical
setting at the time of making a prediction. For example, information
on biochemical (Pintor 2009) and neuropsychological (Ruhe 2019)
predictors are unlikely to be routinely collected in most clinical
settings.

In summary, this review confirms that there is limited evidence to
guide individualised risk prediction of relapse and recurrence of
depression in clinical practice.

Future research

This review has implications for depression research and for
prognosis research more generally.

Relapse and recurrence

First, with respect to depression research, Frank 1991 described the
following change-points: relapse, recurrence, response, remission
and recovery. The distinction between relapse and recurrence
related to whether the re-emergence of symptoms is classed as part
of the index episode or whether it constitutes a separate episode of
depression. We noted in the Background the lack of an empirically-
derived temporal cut-off for these different change points (Frank
1991; Rush 2006) and that the terms remain inconsistently
operationalised (Beshai 2011; Bockting 2015). Our findings confirm
that the terms 'relapse' and 'recurrence' were inconsistently used
in the primary prognostic model studies included here.

Given the range of definitions used, this review is unlikely to
inform future deployment of the terms; future research should look
to empirically test and update these definitions. The important
point for prognostic model studies is that the model will aim
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to predict the outcome according to the definition used at the
time of development. It is therefore important that clinicians are
informed about the underlying theoretical basis for the models
used in practice and the context in which they were developed.
Further work to empirically validate the change-points may help to
standardise future prognosis research in this area.

Prognosis research, machine learning and depression

We have reported some key methodological weaknesses in the
studies identified. Researchers should focus on improving these
approaches in future and be mindful of the strengths and
limitations of the different methods available. We have discussed
the limitations of the sample sizes within the primary studies
in this review, and considered events per predictor parameter
(EPP) as a 'rule of thumb' for determining minimum sample size.
EPP has recently been criticised as being too simplistic and not
evidence-based (Van Smeden 2016). More sophisticated guidance
has been developed and reported (Riley 2019b; Riley 2020) in which
adequate sample size is dependent on the number of outcome
events, number of predictors and desired accuracy of the model.
EPP is still the method of sample size determination suggested
in the most recent iterations of the Transparent Reporting of
a multivariable prediction model for Individual Prognosis Or
Diagnosis (TRIPOD) (Moons 2015) and PROBAST (Wolff 2019)
guidance. A recurring concern, noted by the authors of the
PROBAST guidance, is that prognostic models are often developed
using the data available, and sample size justifications are often
unreported or are post hoc and descriptive (Moons 2015). Unless
the sample size is adequate, there will be limitations to how far
we can trust the predictive performance statistics presented by the
model development study.

The review has also highlighted a range of methodological
approaches to prognostic model development. A key dichotomy
is between those using 'traditional' regression-based techniques
and those using ML techniques. When designing future prognosis
research, researchers should be mindful of the relative benefits
and disadvantaged associated with the different approaches. As
discussed in the 'Statistical analysis' section, there are a range
of ML approaches to prognostic model development. The ML
study included in this review (Ruhe 2019) used a support vector
data-driven model. Other commonly-used ML approaches include
Classification And Regression Tree (CART) (sometimes referred to as
'tree-based') methods and neural networks. ML may be a useful tool
for developing dynamic prognostic models that adapt to course
of illness over time and may identify patterns and associations
in the data that were previously unknown (Riley 2019a). A recent
paper compared logistic regression to a range of commonly-
used ML algorithms in developing a risk prediction tool for Type
1 diabetes (Lynam 2020), and found different approaches had
different advantages, with comparable results overall.

There are several key criticisms of ML approaches. First, some ML
models lack interpretability and transparency, and are therefore
not considered explanatory. They are generally data-driven and it
is often unclear what the underlying model equation is and what
the model is doing (this is sometimes described as the 'black box'
problem). If the underlying model is not well understood, it is
difficult to know when and if the model becomes invalid, such as
when used out of scope. ‘Algorithm aversion’ also exists, whereby
people prefer human judgement over algorithmic judgement, even
if the performance of the algorithm is good (Dietvorst 2018). There

is, however, a growing movement towards ‘explainable AI’ (Samek
2019), which may lead to improvements in this context.

The second problem with ML is that there is generally a need for
much larger sample sizes for ML-based models than traditional
statistical approaches. If the predictive power of ML approaches
are to be realised in mental health research, both the quality and
quantity of data need to exist (Tiffin 2018). Finally, in general, the
reporting standard of ML studies is variable, prompting concerns
over the reproducibility of findings. One reason for this may be
the absence of reporting guidelines. However, the development of
TRIPOD-ML (Collins 2019) may encourage greater consistency in
reporting and thus reproducibility in the future.

Prognosis research has grown as an area over recent years (Riley
2019a) and, with the development of the PROGRESS initiative, there
are now standards and guidelines for performing (Steyerberg 2013),
reporting (Moons 2015) and appraising (Wolff 2019) prognostic
model studies. Several of the studies in this review were carried
out before the publication of this guidance and so perhaps it
is not surprising that most were found to be at high risk of
bias. Relapse and recurrence of depression has been highlighted
as an area requiring improved risk predictions. Future studies
looking to develop prognostic models for relapse and recurrence
of depression should follow best practice guidance when designing
methodology, and should be reported in line with the TRIPOD
statement (Moons 2015).

With respect to prognostic models specifically for relapse and
recurrence of depression, we have noted the deficiencies in sample
size leading to a high risk of bias. It might be that data from
multiple sources should be combined and harmonised to increase
the available sample size for model development. It is notable that
the data in the included studies were taken from samples collected
for other purposes, for example RCTs and longitudinal cohort
studies. While these are considered acceptable and feasible sources
of data for prognostic model studies (Pajouheshnia 2019), there
may be advantages to prospectively gathering data with the explicit
purpose of prognostic model development (Riley 2020). A benefit
of this approach is that researchers can control the collection and
measurement of predictor and outcome information, but such an
approach is more costly and time-consuming than the secondary
analysis of pre-existing data. An important consideration for
researchers is the context and setting in which a prognostic model
is intended to be used. Models intended for a primary-care setting
may need to focus on a different set of predictors than those
intended for use within a specialist service. Researchers should be
mindful of these factors when designing future prognostic model
studies.

Agreements and disagreements with other studies and
reviews

Predictors of relapse and recurrence of depression
Summary of the pre-existing literature

There have been no previous systematic reviews to identify
prognostic models for predicting relapse or recurrence of
depression. We consider here how our findings fit into the broader
context of prognosis research in this area by first reviewing
the extant prognostic factor literature. The 'consensus view' has
long been that the two factors that most affect risk of relapse
and recurrence of depression are residual depressive symptoms
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(subthreshold symptoms of depression that persist once acute
treatment has ended) and a prior history of recurrence (Campbell
2009). Two recent systematic reviews and meta-analyses have
examined the most up-to-date evidence for prognostic factors of
relapse and recurrence of depression (Buckman 2018; Wojnarowski
2019).

Buckman 2018 performed a four-stage meta-synthesis which
consisted of: an umbrella review (or meta-review) of 10 systematic
reviews, a meta-analysis of 12 cohort studies, a meta-review of 27
non-systematic reviews and a systematic review of 20 experimental
and neuroimaging studies. Buckman 2018 reported "strong
evidence" that residual depressive symptoms are prognostic for
relapse and recurrence, and "good" evidence that the number of
previous episodes are associated with increased risk of relapse and
recurrence. Buckman 2018 suggested that residual symptoms may
be a "prescriptive" (i.e. a moderator of treatment response) rather
than just a prognostic factor (one that predicts outcome only) and
that treating residual symptoms, for example through modified
cognitive behavioural therapy (Fava 1998), may be protective
against subsequent relapse or recurrence. There was no evidence
that the number of previous episodes was a prescriptive factor.

In addition to the number of previous episodes and residual
symptoms, the other prognostic factor that Buckman 2018 found
to be most strongly associated with relapse was childhood
maltreatment. There was also a possible prescriptive effect for
those with severe (but not for those with less severe) childhood
maltreatment in that those treated with mindfulness-based
cognitive therapy were less likely to relapse than those receiving
treatment-as-usual. The factors found to be next most associated
with relapse and recurrence were comorbid anxiety, neuroticism,
age of first onset and rumination. A prescriptive effect was also
confirmed for rumination, and there was some limited evidence for
a prescriptive effect associated with coping style (Buckman 2018).

Wojnarowski 2019 performed a systematic review of predictors of
relapse and recurrence of depression after cognitive behavioural
therapy, with a meta-analysis of five studies (n = 369). The authors
confirmed the Buckman 2018 findings and found that residual
depressive symptoms and number of previous depressive episodes
were statistically significant predictors of relapse and recurrence.
Wojnarowski 2019 also reported evidence that experiencing a
higher number of dependent chronic stressors or a severe
independent life event post-treatment predicts a greater risk of
relapse/recurrence. Hardeveld 2010 has previously demonstrated
a higher odds of recurrence associated with both psychosocial
impairment and poor coping skills, and Beshai 2011 similarly found
that avoidant coping style and "daily hassles/life events" were
prognostic of recurrence (although Buckman 2018 notes that this
was a very low-quality review, based on two primary studies only).

Some of the clinical factors that the pre-existing literature
has concluded do not appear to be predictive of relapse or
recurrence include: insidiousness of onset; presence of precipitant
(cause or trigger for current episode); previous treatment
with tricyclics; history of hospitalisation; history of suicidal
ideation or attempts; history of alcoholism or substance misuse;
history of substance abuse; family history of depression; general
level of functioning; biological functions and abnormal sleep
patterns. Demographic factors lacking evidence supporting their
role as prognostic factors for relapse or recurrence are: age,
socioeconomic status, employment status, gender, marital status

and intelligence (Buckman 2018; Burcusa 2007; Evans 1992; Thase
1992; Wojnarowski 2019).

Findings from this review

The findings from our review are broadly in agreement with
these previous findings from prognosis studies for depressive
relapse and recurrence. The number of previous episodes was
the most common included predictor across the models identified
in this review (n = 6) (Johansson 2015; Klein 2018; Ruhe 2019;
Van Loo 2015; Van Loo 2018; Wang 2014). The presence of
residual symptoms was used as a predictor only in the model
developed by Klein 2018 and was defined using the Inventory of
Depressive Symptomatology-Self Report (IDS-SR). It was selected
as a predictor through backward selection using a significant level
of P < 0.05 as a stopping rule (Hazard ratio: 1.04 (1.01 to 2.47) on
multivariable analysis).

Childhood maltreatment was included as a predictor in four of
the studies included in our review (Ruhe 2019; Van Loo 2015; Van
Loo 2018; Wang 2014). The factors that Buckman 2018 found to be
next most associated with relapse and recurrence were comorbid
anxiety (which was included as a predictor in Wang 2014, Van
Loo 2015 and Van Loo 2018), neuroticism (included in the model
developed by Berlanga 1999) and age of onset (included in the
models developed by Ruhe 2019 and Van Loo 2015). Notably,
rumination was not explored as a predictor in any of the included
prognostic models, despite good evidence that this is associated
with increased risk of relapse (Buckman 2018; Hardeveld 2010).
There are good reasons why prognostic factors known to be
associated with outcomes might not be included as predictors in
a final prognostic model. For example, they may not have been
measured in the study; they may have been poorly recorded or
missing in a large proportion of the data; or the measure may be
impractical, may take too long to administer, or may not be felt to
be relevant to the intended clinical context.

In line with the findings discussed in the previous section,
Backs-Dermott 2010 included coping style along with some other
"psychosocial predictors" (emotion-oriented coping; avoidance-
oriented coping; perceived social support from a significant other;
perceived social support from friends; and interpersonal marked
difficulties), and Pintor 2009 included stress (along with two other
predictors) in their prognostic models.

Wang 2014 found that marital status "contributed to" the prediction
of recurrence, while Johansson 2015 included having a partner
or not as one of two predictors in their final model (odds
ratio of 0.12 (95% Cl 0.02 to 0.64), P = 0.01). As discussed, the
extant literature does not support marital status as a predictor of
recurrence (Burcusa 2007; Evans 1992). Neither Buckman 2018 nor
Wojnarowski 2019 found conclusive evidence that marital status
predicts relapse or recurrence (although one study included in the
latter review found that unmarried participants were more likely
to experience relapse/recurrence (Thase 1992)). With respect to
the prognostic model study by Johansson 2015, perhaps "having
a partner or not" better captures the presence of social support
compared to marital status. As discussed, weaknesses in the
methodology mean that we cannot make conclusive statements
about this but, given the strength of the association presented by
Johansson 2015, the prognostic significance of "having a partner
or not" may warrant further investigation. The model development
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study by Van Loo 2018 supports the findings of earlier research
suggesting that gender is unlikely to be predictive of relapse.

The prognostic model by Pintor 2009 was the only model
identified in our review to include a biochemical predictor (net
area under the cortisol curve, NAUCC) in the prognostic model.
Hypothalamic-pituitary-adrenal (HPA) axis dysfunction has been
explored and implicated in recurrent depression, with evidence
that abnormalities persist into remission (Lok 2012). It has also
been previously implicated as a predictor of depressive relapse
(Applehof 2006; Buckman 2018). The prognostic model study by
Pintor 2009 provides evidence that this relationship may be worth
exploring further but did not provide robust evidence to confirm
its role as a predictor. Pintor 2009 also included previous suicide
attempt as a predictor, a factor that has previously been associated
with time to recurrence in adolescents (Lewinsohn 1994) but not in
adults (Burcusa 2007; Wojnarowski 2019).

The pre-existing literature referred to in this section primarily
consists of prognostic factor studies or reviews of prognostic factor
studies. Where there is a lack of evidence for an association
between a variable and an outcome on univariable analysis, this
variable should not necessarily be excluded from a prognostic
model study. However, this review is broadly in agreement with,
and has not found strong evidence to challenge, the findings from
the pre-existing literature.

Predictive performance of prognostic models for depression
outcomes

This Cochrane Review focuses on prognostic models which
predicted relapse, recurrence, sustained remission or recovery
in people with remitted depression. In addition to the studies
included in this review, it may be helpful to consider other attempts
to develop prognostic models for depression-related outcomes.
The aetiology of depression and depressive relapse is multifaceted,
and multivariable models are likely to be a more helpful approach
to predicting outcomes than relying on the presence or absence
of single prognostic factors. There have been some attempts to
derive and validate multivariable prognostic models to predict
depression-related outcomes. Existing prognostic models for
depression outcomes include a model (the Depression Outcomes
Calculator-Six Items, (DOC-6©)) to predict remission (C-statistic
(AUC) of 0.62 (95% CI 0.57 to 0.66)) or persistent depressive
symptoms (C-statistic (AUC) of 0.67 (95% Cl 0.61 to 0.72)) at
six months' post-diagnosis (Angstman 2017); a model to predict
persistent symptoms at six months (C-statistic not reported; R?
of 0.40 in development sample and 0.27 in validation sample)
(Rubenstein 2007); and a model to predict onset of depression in
non-depressed general practice attendees (C-statistic of 0.79 (95%
Cl10.77 to 0.81)) (King 2010).

The model development and external validation studies in this
Cochrane Review present predictive statistics broadly in line with
these (C-statistic of 0.72 on external validation (Wang 2014); AUC
of 0.61 (Van Loo 2015); AUC of 0.68 to 0.72 (Van Loo 2020)). Klein
2018 was the best study in terms of methodology, and presented
a Harrell's C-statistic of 0.59 and a calibration slope of 0.56 on
external validation. This range of performance statistics suggests
that successful individualised prediction might be possible for
depression outcomes, but better-quality studies and potentially
different combinations of predictors are needed to explore this
further.

AUTHORS' CONCLUSIONS

Implications for practice

This review has identified 10 prognostic models developed to
predict risk of relapse or recurrence in people with remitted
depression. The models were developed in a variety of clinical
settings and patient populations and with a range of included
predictors. In summary, we are not yet at the point where we
can reliably predict outcomes for a given person with remitted
depression based on their demographic, clinical and disease-level
characteristics. A robust clinical tool to risk-stratify patients and
then target relapse-prevention interventions to those at increased
risk could be of significant benefit to patients, clinicians and the
health service as a whole.

Implications for research

We now have good evidence about some of the predictors of
relapse and recurrence of depression. There is less strong evidence
that these predictors can be incorporated into multivariable
prognostic models to provide accurate individualised risk
predictions. This review suggests that this might be possible,
although the studies identified here were limited by their high risk
of bias due to methodological weaknesses. Researchers should
conform to best practice when developing prognostic models in
future. Researchers should also be aware of the respective benefits
and drawbacks of different methodological approaches to model
development and internal validation. Beyond this, prognostic
models require external validation, assessment of clinical utility
and evaluation of implementation before they can successfully be
translated into clinical practice.
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CHARACTERISTICS OF STUDIES

Characteristics of included studies [ordered by study ID]

Backs-Dermott 2010

Study characteristics

Study details Sponsorship source: Canadian Institutes of Health Research
Country: Canada
Setting: Community setting
Year of recruitment: Not reported

Author's contact details: barb.backsdermott@albertahealthservices.ca (B.J. Backs-Dermott); ksdob-
son@ucalgary.c (K.S. Dobson)

Methods Type of study: Model development study
Source of data: Prospective longitudinal cohort study
Method used for model development: Differential Function Analysis
Method used for internal validation: Not reported
External validation: Not done
Handling of missing data: Not reported

Evaluation of clinical utility: Not assessed

Sample size Total number of participants (Number with event): 49 (29)
Number of candidate predictor parameters: 11
Number of predictors in final model: 5

Number of events per candidate predictor parameter (EPP): Not applicable

Population Inclusion criteria:

+ Female
« Aged18-65
« Diagnosis of DSM-IV-TR current Major Depressive Episode (MDE) or MDE within the past 8 week

Exclusion criteria:

« Ever experienced a manic or mixed episode
« Meeting criteria for a psychotic disorder, or ever experienced 2 or more psychotic symptoms
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Backs-Dermott 2010 (continued)

« Meeting criteria for depression with psychotic features
« Meeting criteria for substance abuse disorder or dependence

Baseline characteristics

Mean age (SD): Relapse group: 43.1 (10.87); Stable remitted group: 43.65 (11.72)

Gender (% Female): 100

Start-point (diagnosis of
depression and remission)

Depression: Diagnosis of DSM-IV-TR current Major Depressive Episode (MDE) or MDE within the past 8
weeks

Remission: "per Frank 1991 criteria":

1) reported less than 2 symptoms of depression on the SCID-I for at least 2 weeks; and 2) scored < 13 on
the BDI-II

End-point (diagnosis of re-
lapse/recurrence)

Relapse within 12 months: meeting current criteria for MDE according to SCID-I

Timing (length of fol-
low-up)

12 months

Notes

Berlanga 1999

Study characteristics

Study details

Sponsorship source: Not reported
Country: Mexico

Setting: Secondary care (outpatients)
Year of recruitment: 1994 - 1996

Author's contact details: Mexican Institute of Psychiatry, Avenue México-Xochimilco 101 Colonia San
Lorenzo Huipulco, Tlalpan, Mexico D.F. 14370 (e-mail: cisnerb@lmp.edu.mx)

Methods

Type of study: Model development study
Source of data: Post-RCT* prospective follow-up study

Method used for model development: Logistic regression (multivariable analysis with a stepwise
backward method in which variables that were significant in the univariable analysis were introduced
into the model)

Method used for internal validation: Not reported
External validation: Not done
Handling of missing data: Not reported

Evaluation of clinical utility: Not assessed

Sample size

Total number of participants (Number with event): 42 (18)
Number of candidate predictor parameters: Not reported

Number of predictors in final model: 3
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Berlanga 1999 (Continued)

Number of events per candidate predictor parameter (EPP): Unclear

Population

Inclusion criteria:

» Between 18 and 65 years old
« DSM-IV criteria for diagnosis of major depressive disorder

« Scoring at least 18 points on the first 17 items of the 21-item version of the Hamilton Rating Scale for
Depression (HAM-D)

Exclusion criteria:

« Psychotic symptoms
» Substantial suicide risk
« If any other situation required hospitalisation

Baseline characteristics

Mean age (SD): Recurrence group: 34.8 (11.1); No-recurrence group: 37.2 (11.2)

Gender (% Female): Recurrence group: 83; No-recurrence group: 71

Start-point (diagnosis of
depression and remission)

Depression: Major depressive disorder according to DSM-IV criteria and at least 18 points on the first 17
items of the 21-item HAM-D

Remission: Definition of remission not reported

End-point (diagnosis of re-

Recurrence: Fulfilling criteria for MDD (clinical interview) per Frank 1991

lapse/recurrence)

Timing (length of fol- 12 months

low-up)

Notes *The RCT compared the clinical efficacy and tolerance of the antidepressants nefazodone and fluoxe-
tine. A'washout period' of at least 3 weeks free of antidepressant medication was a requisite for all par-
ticipants

Johansson 2015

Study characteristics

Study details

Sponsorship source: Not reported

Country: Sweden

Setting: Secondary care (psychiatric outpatients)
Year of recruitment: Not reported

Author's contact details: Department of Psychology, Lund University, Box 213, 22100 Lund, olof.jo-
hansson@psy.lu.se

Methods

Type of study: Model development study
Source of data: Prospective cohort study

Method used for model development: Logistic regression (the 2 predictor variables were chosen
which showed the strongest independent correlations with relapse/recurrence)

Method used for internal validation: Not reported

External validation: Not done
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Johansson 2015 (Continued)

Handling of missing data: Not reported

Evaluation of clinical utility: Not assessed

Sample size Total number of participants (Number with event): 51 (31)
Number of candidate predictor parameters: 4 (based on univariable analysis)
Number of predictors in final model: 2
Number of events per candidate predictor parameter (EPP): 7.75

Population Inclusion criteria:

« Outpatients with a primary diagnosis of depressive episode or recurrent depressive disorder (ICD-10
criteria)

 Atleast 18 years of age
« Inremission

Exclusion criteria:

» Psychotic features
« Diagnosis of bipolar disorder
+ Received ECT for the index period

Baseline characteristics

Mean age (SD): 47 (SD=17)

Gender (% Female): 71

Start-point (diagnosis of
depression and remission)

Depression: ICD-10 criteria for depressive episode or recurrent depressive disorder
Remission: determined by psychiatrist at discharge and confirmed by structured clinical interview

« Partial remission defined as not fulfilling the criteria of DSM-IV depressive episode but having more
than minimal symptoms (i.e. Montgomery-Asberg depression rating scale—self rating scale (MADRS-
S) score >9)

« Full remission is defined as not fulfilling the criteria of DSM-IV depressive episode and showing only
minimal symptoms (i.e. MADRS-S < 10)

End-point (diagnosis of re-
lapse/recurrence)

Relapse/recurrence: (per Frank 1991)

+ Relapse defined as having a depressive episode within 2 months of discharge

« Recurrence defined as having a depressive episode after a period of recovery (at least 2 months after
discharge)

Relapse/recurrence and current depressive status established using the sections Mood Episodes and
Mood Disorders from The Structured Clinical Interview for DSM-IV Axis | Disorders (SCID-I)

Timing (length of fol-
low-up)

12-14 months

Notes

Judd 2016

Study characteristics

Study details

Sponsorship Source: Not reported
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Judd 2016 (continued)

Country: US
Setting: Secondary care (academic centres)
Year of Recruitment: 1978-1981

Author's contact details: Department of Psychiatry, University of California, San Diego, La Jolla

Methods

Type of study: Model development study

Source of data: Prospective cohort study (the National Institute of Mental Health Collaborative Depres-
sion Study)

Method used for model development: Forward and backward selection of pre-selected predictors us-
ing stepwise mixed-model logistic regression

Method used for internal validation: Not reported
External validation: Not done
Handling of missing data: Multiple imputation

Evaluation of clinical utility: Not assessed

Sample size

Total number of participants (Number with event): 188 (58)*
514 SCL-90 assessments (73 with relapse)

Number of candidate predictor parameters: 17

Number of predictors in final model: 12

Number of events per candidate predictor parameter (EPP): 4.29 (17 candidate predictors to 73 "re-
lapses")

Population

Inclusion criteria:

« White

. 1Q>70

» Speak English

« Entered the National Institute of Mental Health Collaborative Depression Study in an active major
depressive episode

Exclusion criteria:

« Lifetime bipolar disorder or schizophrenia

Baseline characteristics

Mean age (SD): 37.8 (14.4)

Gender (% female): 58.5

Start-point (diagnosis of
depression and remission)

Depression: Major depression, assessed by Research Diagnostic Criteria based on Schedule for Affec-
tive Disorders and Schizophrenia interviews (no lifetime bipolar disorder, schizoaffective disorder or
schizophrenia)

Remission: Psychiatric status rating of 1 (asymptomatic, returned to usual self with no symptoms of
the episode) for at least 8 weeks

End-point (diagnosis of re-
lapse/recurrence)

Relapse (within 6 months): 2 consecutive weeks of psychiatric status ratings at threshold for defining
episode of major or minor/dysthymic depression
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Judd 2016 (continued)

Timing (length of fol- 6 months
low-up)
Notes *There were 514 SCL-90 assessments taken from 188 participants. 73 of these assessments (from 58

participants) were identified as having relapsed

Klein 2018

Study characteristics

Study details Sponsorship source: Not reported
Country: The Netherlands
Setting: Primary care
Year of recruitment: Development data: 2010 - 2013; Validation data: 2009 - April 2015

Author's contact details: Department of Psychiatry, Academic Medical Center, University of Amster-
dam, Meibergdreef 9, 1105 AZ Amsterdam, The Netherlands. E-mail address: c.l.bockting@amc.uva.nl
(C.L.H. Bockting)

Methods Type of study: Model development study with external validation
Source of data: Prospective data from 2 pragmatic RCTs

Method used for model development: Cox proportional hazards regression (backward selection at P
<0.05)

Method used for internal validation: Bootstrapping; shrinkage determined for all statistics
External validation: Separate RCTs formed development and validation datasets
Handling of missing data: Multiple imputation

Evaluation of clinical utility: Not assessed

Sample size Total number of participants (Number with event): Development dataset: 235 (104); Validation
dataset: 205 (116)

Number of candidate predictor parameters: 8
Number of predictors in final model: 4

Number of events per candidate predictor parameter (EPP): 13

Population Inclusion criteria:

» Aged 18 to 65 years
« Experienced at least 2 episodes of major depressive disorder (the last one within 2 years)
+ Remitted according to DSM-IV criteria and HRSD < 10

Exclusion criteria:

« Mania/hypomania

« Psychotic or bipolar disorder (past or present)
 Alcohol/drug abuse

« Primary diagnosis of an anxiety disorder

+ Organic brain damage
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Klein 2018 (Continued)

Baseline characteristics Mean age (SD): Development dataset: 46.8 (10.6); Validation dataset: 48.3 (9.9)

Gender (% female): Development dataset: 74.5; Validation dataset: 66.5

Start-point (diagnosis of Depression: DSM-IV criteria

depression and remission)
Remission: Assessed using SCID-l and HRSD score < 10

End-point (diagnosis of re-  Recurrence (time to) within 2 years: assessed using SCID-I

lapse/recurrence)
Timing (length of fol- 2 years
low-up)
Notes
Pintor 2009
Study characteristics
Study details Sponsorship source: Not reported
Country: Spain
Setting: Secondary care (outpatients)
Year of recruitment: 2001 - 2005
Author's contact details: Psychiatry Department, Neuroscience Institute, Hospital Clinico de
Barcelona, C/Villarroel-170, 08036 Barcelona, Spain. lpintor@clinic.ub.es (L. Pintor)
Methods Type of study: Model development
Source of data: Prospective cohort study
Method used for model development: Logistic regression
Method used for internal validation: Not reported
External validation: Not done
Handling of missing data: Not reported
Evaluation of clinical utility: Not assessed
Sample size Total number of participants (Number with event): 43 (18)
Number of candidate predictors: Not reported
Number of predictors in final model: 3
Number of events per candidate predictor parameter (EPP): Unclear
Population Inclusion criteria:
« Experienced a depressive episode according to DSM-IV (SCID)
« Aged30-65
Exclusion criteria:
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Pintor 2009 (Continued)

+ Alcohol or drug dependence

« Currentor history of severe psychiatric disorders except MDD
« Severe physical health disorders

« Body weight > 150% of ideal weight

« Taking antiepileptics

+ Needle phobia

» Pregnant

Baseline characteristics

Mean age (SD): Relapsed group: 50.67 (8.04); Non-relapsed group: 51.88 (8.54)

Gender (% female): Relapsed group: 50; Non-relapsed group: 56

Start-point (diagnosis of
depression and remission)

Depression: SCID-IV diagnosis for unipolar major depressive episode (first or recurrent)

Remission: identified using Hamilton Depression Rating Scale (HDRS-21); “Frank 1991 criteria were ap-
plied” (does not describe exactly how)

End-point (diagnosis of re-
lapse/recurrence)

Presence versus absence of relapse over 2-year follow-up: identified using Hamilton Depression
Rating Scale (HDRS-21); “Frank 1991 criteria were applied” (does not describe exactly how)

Timing (length of fol-
low-up)

2 years

Notes

Ruhe 2019

Study characteristics

Study details

Sponsorship source: Not reported
Country: The Netherlands
Setting: Primary care

Year of recruitment: Not reported

Author's contact details: Henricus G. Ruhe: eric.ruhe@radboudumc.nl; h.g.ruhe@gmail.com

Methods

Type of study: Model development study
Source of data: Prospective cohort study

Method used for model development: Machine learning support vector machine (SVM); data-driven
model (classification-based algorithm)

Method used for internal validation: "Leave-one-out" validation procedure
External validation: Not done
Handling of missing data: Mean imputation

Evaluation of clinical utility: Not assessed

Sample size

Total number of participants (Number with event): 64 (35)
Number of candidate predictors: Not reported

Number of predictors in final model: 4
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Ruhe 2019 (continued)

Number of events per candidate predictor parameter (EPP): Unclear

Population Inclusion criteria:

 Voluntarily free of anti-depressants for past weeks
« Between 35 and 65 years old
« 2 ormore previous episodes of MDD

Exclusion criteria:

+ Alcohol or drug dependence

» Primary anxiety disorder

« Psychotic or bipolar disorder

« Received ECT within 2 months of assessment

« History of head trauma, neurological disease or severe physical illness

Baseline characteristics Mean age (SD): 53.4 (7.7)

Gender (% female): 65.8

Start-point (diagnosis of Depression: Recurrent MDD: 2 or more MDD episodes according to the SCID-I

depression and remission)
Remission: < 7 on the HDRS) for = 8 weeks and not fulfilling the criteria for a current MDD episode

(SCID-I)

End-point (diagnosis of re-  Recurrence: MDD according to SCID-I.
lapse/recurrence)

Timing (length of fol- Median follow up: 233 days (IQR 92 - 461)
low-up)

Notes

Van Loo 2015

Study characteristics

Study details Sponsorship source: Not reported
Country: USA
Setting: Community setting
Year of recruitment: 1988 - 1997
Author's contact details: Department of Psychiatry, University of Groningen, University Medical Cen-
ter Groningen, Hanzeplein 1, PO box 30.001, 9700 RB Groningen, The Netherlands. h.van.loo@umcg.nl
(H.M. van Loo)

Methods Type of study: Model development study with external validation
Source of data: Prospective longitudinal data™
Method used for model development: Elastic net penalised Cox proportional hazards regression
Method used for internal validation: 10-fold cross-validation and shrinkage of beta-coefficients
External validation: Temporal validation
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Van Loo 2015 (Continued)

Handling of missing data: Single imputation

Evaluation of clinical utility: Not assessed

Sample size

Total number of participants (Number with event): Development dataset: 194 (45); Validation
dataset: 133 (57)

Number of candidate predictor parameters: 81 candidate predictors (number of parameters unclear)
Number of predictors in final model: 26

Number of events per candidate predictor parameter (EPP): Unclear

Population

Inclusion criteria:

« Female twins
» DSMIII MD episode in the previous year

Exclusion criteria:

« Not listed.

Baseline characteristics

Mean age (SD): Development dataset: 30.7 (7.1); Validation dataset: 32.4 (7.1)

Gender (% female): 100

Start-point (diagnosis of
depression and remission)

Depression: DSM-III MD episode in previous year (self-report and confirmed by SCID)

Remission: No longer meeting criteria according to SCID

End-point (diagnosis of re-
lapse/recurrence)

Recurrence: first episode meeting DSM-III-R criteria after a period of not meeting the criteria (remis-
sion or recovery) for at least 4 months

Time to recurrence: Number of months between initial interview and recurrence

Timing (length of fol-
low-up)

Development dataset: median follow-up 5.5 years; Validation dataset: median follow-up 6.1 years

Notes

*Data from prospective longitudinal studies of Caucasian female-female twin pairs (Virginia Adult Twin
Study of Psychiatric and Substance Use Disorder)

Van Loo 2018

Study characteristics

Study details

Sponsorship source: Not reported
Country: USA

Setting: Community setting

Year of recruitment: 1988 - 1997

Author's contact details: Department of Psychiatry, University of Groningen, University Medical Cen-
ter Groningen, Hanzeplein 1, PO box 30.001, 9700 RB Groningen, The Netherlands. h.van.loo@umcg.nl
(H.M. van Loo)

Methods Type of study: Model development study
Source of data: Longitudinal cohort study*
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Van Loo 2018 (Continued)

Method used for model development: Cox proportional hazards model with elastic net penalised re-
gression analysis

Method used for internal validation: Random split "test" sample. The final model was selected based
on minimal prediction error as assessed in 10-fold cross-validation

External validation: Not done
Handling of missing data: Multiple imputation by chained equations

Evaluation of clinical utility: Not reported

Sample size Total number of participants (Number with event): Total sample (men and women): 653**
Number of candidate predictor parameters: 70 predictors (number of parameters unclear)
Number of predictors in final model: 24
Number of events per candidate predictor parameter (EPP): Unclear

Population Inclusion criteria:

» Episode of MD in year prior to baseline interview
Exclusion criteria:

« No MD episode in year prior to baseline interview

» Those who reported an interval of 60 days or less between the offset of their last MD episode at base-
line and their first depressive episode during the follow-up

Baseline characteristics

Mean age (SD): 35 (8.8)

Gender (% female): 34.6

Start-point (diagnosis of
depression and remission)

Depression: A diagnosis of MD in the year prior to baseline interview was based on the DSM-III-R crite-
ria as assessed by the Structured Clinical Interview for DSM-11I-R

Remission: All participants reported a period of > 60 days of (partial) remission or recovery

End-point (diagnosis of re-
lapse/recurrence)

Recurrence: First reported episode meeting DSM-III-R criteria in the year prior to follow-up interview

Time to recurrence: Time at risk for recurrence (follow-up) was defined as the interval between the
offset of MD in the year prior to baseline interview and the onset of MD in the year prior to follow-up in-
terview

Timing (length of fol-
low-up)

5years

Notes

*Virginia Adult Twin Study of Psychiatric and Substance Use Disorders (VATSPSUD), a population-based
longitudinal study of male-male and male-female Caucasian twin pairs

**This was the full sample size, including men and women. There were also separate analyses in
women (n =226) and in men (n =427). The male cohort was split further into a training sample (n = 277)
and a test sample (for external validation)

Van Loo 2020

Study characteristics

Study details

Sponsorship source: Funding for NESDA reported in paper
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Van Loo 2020 (Continued)

Country: Netherlands (NESDA); USA (VATSPSUD)

Setting: Primary care, secondary care and community setting (NESDA); Community setting
(VATSPSUD)

Year of recruitment: 2004 - 2007 (NESDA); 1988-1997 (VATSPSUD)

Author's contact details: Department of Psychiatry, University of Groningen, University Medical Cen-
ter Groningen, Hanzeplein 1, PO box 30.001, 9700 RB Groningen, The Netherlands. h.van.loo@umcg.nl
(H.M. van Loo)

Methods Type of study: External validation study using NESDA data (internal validation also performed on
VATSPSUD data)
Source of data: 2 longitudinal cohort studies*
Method used for model development: Not applicable
Method used for internal validation: Random split sample of VATSPSUD data used in Van Loo 2018*
External validation: Logistic regression using NESDA dataset**
Handling of missing data: Multiple imputation by chained equations
Evaluation of clinical utility: Not done
Sample size Total number of participants (Number with event): NESDA Test sample (n = 1925); VATSPSUD Test
sample (n =2301). Number with event not clear
Number of candidate predictor parameters: Not applicable
Number of predictors in final model: 24
Number of events per candidate predictor parameter (EPP): Not applicable
Population For external validation (NESDA):

Inclusion criteria:

 Dutch general population, primary care, and specialised mental health care, aged 18 - 65 at baseline
assessment

Exclusion criteria:

« No MD episode in year prior to baseline interview.

« Those who reported an interval # 60 days between the offset of their last MD episode at baseline and
their first depressive episode during the follow-up

For internal validation (VATSPSUD):

Female-female twins (n = 757) and male-male/male-female twins (n = 1544) from the VATSPSUD study
(only those not included in the original training sample used to develop the prediction model in Van
L00 2018)

Baseline characteristics

Mean age (SD): NESDA Test sample: 42 (12.4); VATSPSUD Test sample: 34.9 (8.6)

Gender (% female): NESDA Test sample: 68.6; VATSPSUD Test sample: 53.2

Start-point (diagnosis of
depression and remission)

Depression: Lifetime episode of MD at baseline

Remission: Not described

End-point (diagnosis of re-
lapse/recurrence)

Recurrence: Any episode of MD during follow-up
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Van Loo 2020 (Continued)

Time to recurrence: Follow-up to 9 years

Timing (length of fol-

low-up)

Notes *Two independent test samples from Virginia Adult Twin Study of Psychiatric and Substance Use Disor-
ders (VATSPSUD) and the Netherlands Study of Depression and Anxiety (NESDA)
**External validation performed on NESDA cohort

Wang 2014

Study characteristics

Study details Sponsorship source: Not reported
Country: USA
Setting: Community setting
Year of recruitment: 2001 - 2005
Author's contact details: JianLi Wang, Department of Psychiatry, Faculty of Medicine, University of
Calgary, Room 4D69, TRW Building, 3280 Hospital Drive NW, Calgary, AB Canada T2N 4Z6. E-mail: jl-
wang@ucalgary.ca

Methods Type of study: Model development study with external validation
Source of data: Prospective longitudinal dataset™
Method used for model development: Logistic regression with combined forward and backward se-
lection (compared C-statistic with and without each predictor, then used Net Reclassification Improve-
ment to examine if the predictor could correctly reclassify participants into appropriate categories)
Method used for internal validation: Application of heuristic shrinkage factor
External validation: Geographical validation
Handling of missing data: Single imputation
Evaluation of clinical utility: Not assessed

Sample size Total number of participants (number with event): Development dataset: 1518 (362); Validation
dataset: 1195 (307)
Number of candidate predictor parameters: Not reported
Number of predictors in final model: 24
Number of events per candidate predictor parameter (EPP): Unclear

Population Inclusion criteria:
« Current or lifetime MDE
+ Remitted from MDE for at least 2 months
« Went to health professionals (councillors and/or medical doctors) for help to improve mood, were

hospitalised for depression, or went to emergency room because of depression
Exclusion criteria:
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Wang 2014 (Continued)

« Lifetime manic or hypomanic episodes

Baseline characteristics Mean age (SEM): Development dataset: 45.38 (0.37); Validation dataset: 45.37 (0.41)

Gender (% Female): Development dataset: 77.4%; Validation dataset: 74.9%

Start-point (diagnosis of Depression: DSM-IV

depression and remission)
Remission: “Having remitted from recent depressive episode for at least 2 months”

End-point (diagnosis of re-  Recurrence, within 3 years: Meeting DSM-IV diagnostic criteria for MDE
lapse/recurrence)

Timing (length of fol- 3years
low-up)
Notes *Data from the US National Epidemiological Survey on Alcohol and Related Conditions

HAM-D: Hamilton rating scale for depression; HDRS-S: Hamilton depression rating scale - self-rating; IQR: inter-quartile range; MADRS:
Montgomery-Asberg depression rating scale; MDD: major depressive disorder; MDE: major depressive episode; SCID-1: Structured Clinical
Interview for DSM-IV Axis | Disorders; SD: standard deviation

Characteristics of excluded studies [ordered by study ID]

Study Reason for exclusion
Andreescu 2008 Ineligible participant population, predictions of treatment response in currently depressed people
Angstman 2017 Ineligible participant population, predictions of clinical outcomes in currently depressed people
Berwian 2019 Ineligible study design, prognostic factor study
Berwian 2020 Ineligible study design, prognostic factor study
Bockting 2006 Ineligible study design, prognostic factor study
Brouwer 2019 Ineligible study design, prognostic factor study
Brugha 1997 Ineligible participant population, non-remitted depression
Chekroud 2016 Ineligible participant population, non-remitted depression
Cohen 2009 Ineligible study design, prognostic factor study
Colman 2011 Ineligible study design, prognostic factor study
Conradi 2008 Ineligible study design, prognostic factor study
Deng 2018 Ineligible study design, prognostic factor study
Dowrick 2011 Ineligible participant population, non-remitted depression
Fava 2009 Ineligible study design, prognostic factor study
Giles 1989 Ineligible study design, prognostic factor study
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Study

Reason for exclusion

Hardeveld 2013a

Ineligible study design, prognostic factor study

Hardeveld 2013b

Ineligible study design, prognostic factor study

Ishak 2013

Ineligible study design, prognostic factor study

Judd 1998

Ineligible study design, prognostic factor study

Kanai 2003

Ineligible study design, prognostic factor study

Katz 2009

Ineligible study design, prognostic factor study

Keller 1983

Ineligible study design, prognostic factor study

Kessing 2000

Ineligible study design, prognostic factor study

Kessing 2004

Ineligible study design, prognostic factor study

Kivela 2000

Ineligible study design, prognostic factor study

Kuehner 2013

Ineligible study design, prognostic factor study

Kumagai 2019

Ineligible study design, prognostic factor study

Lin 1998

Ineligible study design, prognostic factor study

Lorimer 2020

Ineligible participant population, anxiety or depression

Mueller 1999

Ineligible study design, prognostic factor study

Mulder 2009

Ineligible study design, prognostic factor study

O'Leary 2000

Ineligible study design, prognostic factor study

O'Leary 2010

Ineligible study design, prognostic factor study

Rucci 2011

Ineligible study design, prognostic factor study

Ten Doesschate 2010

Ineligible study design, prognostic factor study

Van Bronswijk 2019

Ineligible participant population, not all remitted

Wade 2017

Ineligible study design, prognostic factor study

Characteristics of studies awaiting classification [ordered by study ID]

Trivedi 2016

Notes

Conference abstract; Authors contacted 3 times for further details of results and further publica-

tions - no response received
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ADDITIONAL TABLES

Table 1. PICOTS Criteria for inclusion in the review

P Population Adult patients (18 years and over) diagnosed with depression and meeting cri-
teria for remission

1 Index prognostic model  All prognostic models predicting relapse, recurrence, sustained remission or
recovery in patients with remitted depression

C Comparator prognostic ~ None
model
(o} Outcomes Relapse, recurrence, sustained remission or recovery in depression
T Timing Start-point: the point at which a patient has responded to treatment and is

identified as meeting criteria for remission

S Setting Any setting (primary, secondary or community care)
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Table 2. Risk of bias and applicability assessment of included studies

Study
Backs- Berlan- Jo- Judd Klein 2018 Pintor  Ruhe Van Loo 2015 Van Van Wang 2014
Der- ga hans- 2016 2009 2019 Loo Loo
mott 1999 son 2018 2020
2010 2015
Type of study Dev Dev Dev Dev Dev Val Dev Dev Dev Val Dev Val Dev Val
Domain 1: Participants
Risk of bias Low Low Low Low Low Low Low Low Low Low Low Low Low Low
Concern about applica- Low Un- Low Low Low Low Low Low Low Low Low Low Low Low
bility clear
Domain 2: Predictors
Risk of bias Low Low Low Low Low Low Un- Low Low Low Un- High Low Low
clear clear
Concern about applica- Low Low Low Low Low Low Low Low Low Low Low Low Low Low
bility
Domain 3: Outcome
Risk of bias Un- Un- Un- Low Low Low Un- Un- Un- Un- Un- Un- Un- Un-
clear clear clear clear clear clear clear clear clear clear clear
Concern about applica- Low Low Low Low Low Low Low Low Low Low Low Low Low Low
bility
Domain 4: Analysis
Risk of bias High High High High Low Low High High High High High High High High
Overall assessment of High High High High Low Low High High High High High High High High
risk of bias
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Table 2. Risk of bias and applicability assessment of included studies (continued)

Overall concern forap- Low Un- Low Low Low Low Low Low Low Low Low Low Low Low
plicability clear
Dev: Prognostic model development study; Val: External validation study of prognostic model
Table 3. Detailed risk of bias and applicability assessment
Study
Backs- Berlan- Jo- Judd Klein 2018 Pintor  Ruhe Van Loo 2015 Van Van Wang 2014
Der- ga hans- 2016 2009 2019 Loo Loo
mott 1999 son 2018 2020
2010 2015
Type of study De- De- De- De- De- Valida- De- De- De- Valida- De- Valida- De- Valida-
velop- velop- velop- velop- velop- tion velop- velop- velop- tion velop- tion velop- tion
ment ment ment ment ment ment ment ment ment ment
Domain 1: Participants
A. Risk of bias
1.1. Appropriate data Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
sources?
1.2. Appropriate inclu- Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
sions and exclusion?
Risk of bias Low Low Low Low Low Low Low Low Low Low Low Low Low Low
B. Applicability
Concern about applica- Low Un- Low Low Low Low Low Low Low Low Low Low Low Low
bility clear

Domain 2: Predictors

A. Risk of bias
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Table 3. Detailed risk of bias and applicability assessment (continued)

2.1. Defined and as- Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

sessed in similar way for

all participants?

2.2. Assessments made Proba- Proba- Yes Yes Yes Yes No in- Yes Proba- Proba- Noin- No in- Proba-  Proba-

without knowledge of blyyes  blyyes forma- blyyes blyyes forma- forma- blyyes blyyes

outcome? tion tion tion

2.3. All available at time Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes No Yes Yes

of model’s intended

use?

Risk of bias Low Low Low Low Low Low Un- Low Low Low Un- High Low Low
clear clear

B. Applicability

Concern about applica- Low Low Low Low Low Low Low Low Low Low Low Low Low Low

bility

Domain 3: Outcome

A. Risk of bias

3.1. Determined appro- Yes Yes Yes Proba-  Yes Yes Noin-  Yes Yes Yes Yes Yes Proba-  Proba-

priately? bly yes forma- blyyes  blyyes
tion

3.2. Pre-specified or Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

standard definition?

3.3. Predictors exclud- Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

ed from outcome defini-

tion?

3.4. Defined and deter- Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

mined similar for all par-

ticipants?

3.5. Determined with- No in- No in- Noin- Proba-  Yes Yes No in- No in- No in- Noin- No in- No in- Noin- No in-

out knowledge of pre- forma- forma- forma-  blyyes forma- forma- forma- forma- forma- forma- forma- forma-

dictors? tion tion tion tion tion tion tion tion tion tion tion

Kieaqi (JF)
aueayrory \

‘yyeay 19199
*SUOISII3P pawioju]
*32U3PINS pashiL

SM3IADY J13BWSISAS JO dseqeleq auelyd0)



“p¥7 ‘suos 13 A31IM uyor Aq paysiiqnd ‘uoneioqe|jod auedyd0) ay L 1707 @ 3y3uAdod

(ma1nay) s3npe ul Jap.osip anIssa1dap Jofew Jo 23uaLindaa 1o asde)as Sundipaid 1oy sjapow di3sousoud

34

Table 3. Detailed risk of bias and applicability assessment (continued)

3.6. Appropriate timein-  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

terval between predic-

tor assessment and out-

come determination?

Risk of bias Un- Un- Un- Low Low Low Un- Un- Un- Un- Un- Un- Un- Un-
clear clear clear clear clear clear clear clear clear clear clear

B. Applicability

Concern about applica- Low Low Low Low Low Low Low Low Low Low Low Low Low Low

bility

Domain 4: Analysis

4.1. Reasonable number  Proba- No No No Proba-  Yes No No No No No Proba-  Noin- Yes

of participants with out-  bly yes bly yes blyyes forma-

come? tion

4.2. Predictors handled Yes Proba-  Yes No Proba-  Proba- No Proba- No No Proba-  Proba- No No

appropriately? bly yes blyyes  blyyes bly no blyyes  blyyes

4.3. All enrolled partici- No No Yes No Yes Yes Yes No Proba-  Proba- No Yes Yes Yes

pantsincluded in analy- blyyes  blyyes

sis?

4.4. Missing data han- No in- Noin- Noin-  Yes Yes Yes Noin- No No No Yes Yes Proba-  Proba-

dled appropriately? forma- forma-  forma- forma- bly no bly no
tion tion tion tion

4.5. Univariable analysis  No No No No Yes NA No Yes Yes NA Yes NA No NA

avoided?

4.6. Complexitiesindata  Proba- Proba- Proba- Yes Yes Yes Proba-  Yes Proba-  Proba- Yes Proba-  Proba-  Proba-

accounted for? blyyes blyyes blyyes bly yes blyyes  blyyes blyyes blyyes blyyes

4.7. Relevant perfor- No No No No Yes Yes No No No No No No No No

mance measures?

4.8. Overfitting and opti-  No No No No Yes NA No No Yes NA Yes NA Yes NA

mism accounted for?
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Table 3. Detailed risk of bias and applicability assessment (continued)

4.9. Final model corre- Noin- Noin- Proba- Noin- Yes NA Noin- Noin- Proba- NA Proba- NA Noin- NA
sponds to multivariable ~ forma-  forma-  blyyes forma- forma- forma-  blyno bly yes forma-
analysis? tion tion tion tion tion tion

Risk of bias High High High High Low Low High High High High High High High High
Overall assessment of High High High High Low Low High High High High High High High High
risk of bias

Overall concern forap- Low Un- Low Low Low Low Low Low Low Low Low Low Low Low
plicability clear

Validation refers to external validation
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Table 4. Summary of final predictors and predictive performance of prognostic models

Predictive performance

Internal validation

External validation

Study Predictors included in final Calibration Discrimi- Calibration Discrimi- Other performance
model nation nation statistics presented
Backs-Der-  'Psychosocial' predictors: Life Notreport-  Notreport-  Notapplic- Notapplic-  The DFA was signifi-
mott 2010 stress; Cognitive-Personality ed ed able able cant:
Vulnerability Factors; Social )
support; and Coping style: Wilk's Lambda = 0.69,
x2(5)=16.35,P=
+ Interpersonal marked diffi- 0.006
culties (Short Life Events and
Difficulties Scale, SLEDS); Standardised discrim-
« Perceived social support inant function coeffi-
from a significant other Clents:
(Mult@mensnoqal Scale of . MSPSS (Significant
Perceived Social Support, Other): 0.48:
MSPSS) MSPSS' . F iends):
o Perceived social support ’ 0.35: (Friends):
from friends (MSPSS) T . .
. . . « CISS (Emotion-Ori-
« Emotion-oriented coping .
. ented Coping): 0.67;
(Coping Inventory for Stress- )
ful Situations, CISS); « CIss (Avoid-
. . . ance-Oriented Cop-
« Avoidance-oriented coping .
ing): —0.58;
(CISS) .
o Presence of inter-
personal severe dif-
ficulties: -0.63
Berlanga 'Personality and clinical predic-  Notreport-  Notreport- Notapplic-  Notapplic- ~ Combination of 3 vari-
1999 tors'": ed ed able able ables predicted recur-
rence of depression in
« Elevated EPQ (Eysenck Per- 90% of cases.
sonality Questionnaire) score
on the neuroticism subscale Threshold not speci-
« Short duration of treatment fied
of the index episode L
Sensitivity: 89%
« A slow onset of response
to treatment of the index Specificity: 92%
episode
Positive Predictive
Value: 89%
Negative Predictive
Value: 92%
Johansson « Number of previous episodes  Notreport-  Notreport- Notapplic- Notapplic-  Sensitivity: 90%
2015 (0/1/2/3 or more) ed ed able able

Having a partner (yes/no)

Specificity: 60%
Overall accuracy: 78%

(Threshold not de-
fined)

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review)
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Table 4. Summary of final predictors and predictive performance of prognostic models (continued)

Measure of overall
model fit: Nagelk-
erke’sR2=0.45

R2=12.97 (Hosmer and
Lemeshow), 0.33 (Cox
and Snell)

Model X2 =20.66
(df=2, P <0.001)
(compared with con-
stant-only model)

Final model presented
with regression coeffi-
cients and intercept:

» Intercept=-0.68

« Partner Beta coeffi-
cient = -2.14 (0.02
t00.64) P=0.01

« Previous episodes
Beta coefficient =
1.19 (1.55 to 7.06) P
=0.00

Judd 2016 12 SCL-90 items in final model: Notreport-  Notreport- Notapplic- Notapplic-  Predictive statistics
ed ed able able for “experiencing any
» Feeling blocked in getting one or more of the 12
things done symptoms most pre-
+ Feeling pushed to get things dictive of relapse at
done a moderate or worse
. Fee[ing tense or keyed up level of severity for the
+ Having ideas/beliefs others past week”™:
do not share Sensitivity: 80.8%
« Feelinginferior to others
+ Feeling low in energy or Specificity: 51.2%
slowed down . -
Feeli If . Positive Predictive
. gfh|n§h very self-conscious Value: 21.5%; Nega-
with others tive Predictive Value:
« Headaches 94.2%
« Cryingeasily
» Feelings being easily hurt
« Worrying too much about
things
« Trouble concentrating
Klein2018 « Number of previous MDEs Calibration  Harrel’sC-  Calibration  Harrell'sC-  Totalrisk score calcu-
(life-chart of SCID-1), cate- slope=0.81 statistic= slope=0.56 statistic= lated from final mod-
gorised as less than 3, 3 or 4, 0.56 0.59 el “scores”: low (< 35),

and 5 or more;

+ Number of residual depres-
sive symptoms (Inventory of
Depressive Symptomatology,
continuous)

o Severity of the last MDE
(SCID-I), mild or moderate vs
severe

moderate (35 - 50),
high (> 50)

Cut-off score 35 or
more (37% risk of re-
currence):

Sensitivity: 52%

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review)
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Table 4. Summary of final predictors and predictive performance of prognostic models (continued)

o Treatmentin RCT also includ-
ed as a non-significant pre-
dictor

Specificity: 69%
PPV: 59%
NPV: 63%

Cut-off score 50 or
more (71% risk of re-
currence):

Sensitivity: 16%
Specificity: 95%

PPV: 72%
NPV: 57%
Pintor + Corticotrophin-releasing fac-  Notreport- Notreport-  Notapplic- ~ Notapplic-  Nagelkerke’sR2=
2009 tor test (net area under cor- ed ed able able 0.797
tisol curve (NAUCC), cut-off
point of 251.24 pg/ml/min) Sensitivity: 89%

+ Previous suicide attempt Specificity: 92%

o Stress during follow-up Hosmer-Lemeshow
Goodness-of-fit test:
¥2=2.23,df=8,P =
0.97

Ruhe 2019  Best classifierincluded 4 predic- Notreport-  Notreport- Notapplic-  Notapplic-  Results for “best clas-
tors: ed ed able able sifier”:

+ Number of previous episodes Sensitivity: 71.4

in last 10 years Specificity: 79.3
« Age of onset
o CTQ-physical abuse sub-
scale-score
+ CTQ-physical abuse of 8 or
more
Van Loo Recent depressive episode: Not report- AUC=0.79 Notreport- AUC=0.61 Comparable KM-
2015 ed. ed. curves for the 2 lowest

« Loss of interest (HR 1.10)
« Appetite loss (HR 1.02)

« Weight loss (HR 1.05)

« Weight gain (HR 0.99)

+ Insomnia (HR 1.07)

« Concentration difficulties (HR
1.07)

» Feeling anxious, nervous,
worried (HR 1.03)

« Feeling tense, jumpy, shaky
(HR=1.06);
+ Sum of 9MD criteria (HR 1.02)

Current state:
+ SCL past 30 days (HR 1.03)
Psychiatric history (lifetime):

« Age at first depression (HR
1.06)

risk groups was used
as evidence that the
model is well-calibrat-
ed for those at low-

er risk but less so for
higher-risk patients

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review)

Copyright © 2021 The Cochrane Collaboration. Published by John Wiley & Sons, Ltd.

47



= 3 Cochrane
st g Library

Trusted evidence.
Informed decisions.
Better health.

Cochrane Database of Systematic Reviews

Table 4. Summary of final predictors and predictive performance of prognostic models (continued)

o Number of MD episodes = 6
(HR 1.05)

« Duration of most severe MD
episode 1-3months (HR0.98)

« Duration of most severe MD
episode = 3 months (HR 1.03)

« Early anxiety (HR 1.06)
Family history:

« GAD co-twin (HR 1.06)
Personality:

« Extraversion (HR 1.02)
Adverse life events (early):

« Parental loss childhood/ado-
lescence (HR 1.03)

 Disturbed family environ-
ment (HR 1.02)

« Sum of lifetime traumas 3 - 4
(HR 1.06)

« Childhood sexual abuse (se-
vere) (HR 1.04)

Adverse life events (recent):

o Number of stressful life
events in past year (HR 1.03)

Social and economic environ-
ment:

« Marital status (HR 1.03)

+ Low marital satisfaction (HR
1.04)

« Problems with relatives (HR
1.02)

« Financial problems (HR 1.15)

Van Loo
2018

Recent depressive episode:

+ Lossofinterest (HR1.11)
« Appetite gain (HR 1.01)

« Weight loss (HR 1.02)

« Feelingrestless (HR 1.02)
« Fatigue (HR 1.04)

« Hypersomnia (HR 1.04)

« Feeling irritable/angry (HR
1.06)

« Feeling tense (HR 1.04)

« Cardio-respiratory panic
symptoms (HR 1.11)

« Sum of 9 MD criteria (HR 1.05)

Current state:

« SCL last 30 days (HR 1.06)

Not report-
ed

AUC in the Not applic-
male train-  able able
ing sample

=0.785

AUCin
male test
sample =
0.710

Not applic-

KM-curves for the low-
risk group in both
training and test da-
ta were very similar,
indicating good dis-
crimination and cal-
ibration for partici-
pants with lower risk
for depression. The
KM-curves for the in-
termediate and high-
risk groups were more
similar in the test da-
ta than in the training
data, which indicat-
ed that the model was
less well- calibrated
for higher risk patients

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review)
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Table 4. Summary of final predictors and predictive performance of prognostic models (continued)
Psychiatric history (lifetime):

Early anxiety (HR 1.15)
History of GAD (HR 1.76)

2 -3 MD episodes lifetime (HR
1.02)

# 6 MD episodes lifetime (HR
1.14)

History of alcohol depen-
dence (HR 1.03)

Family history:

MD mother (HR 1.09)

Early adverse life events:

Childhood sexual abuse (HR
1.19)

Traumas #5 (HR 1.13)

Recent adverse life events:

Number of stressful life
events in past year (HR 1.01)

Social and economic environ-
ment:

No partner (HR 1.03)
Low marital satisfaction (HR

1.13)
« Support from relatives (HR
0.99)
« Problems with relatives (HR
1.03)
Van Loo As for Van Loo 2018 Not report-  Predicting Not report-  Predicting -
2020 ed MDover0- ed MD over 0 -
1year: 2 years:
AUC=0.73 AUC=0.68
(95% ClI (95% Cl:
0.69 to 0.66 to
0.76) 0.71)
Predicting
MD over 0
-9 years:
AUC=0.72
(95% C:
0.69 to
0.75)
Wang 2014 . Female sex Notreport-  Cstatistic=  Notreport-  Cstatistic= Model development:
. Age (Continuous); ed 0.75 ed 0.7195

Married/common-law
Divorced/separated/single
White

Had MDD last year

Hosmer-Lemeshow x2
(8)=10.48,P=0.23

“Excellent calibration”

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review)
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Table 4. Summary of final predictors and predictive performance of prognostic models (continued)

« 2depressive episodes

« 3+depressive episodes

« Lifetime GAD or specific pho-
bia

« Avoidant personality disor-
der

Depressive symptoms in MDE:

« Difficulties in concentration

« Wanted to eat more

+ Felt guilty

+ Took medication for low
mood

« SF-12 physical disability
scores (53.9 to 57.8; 43.3 to
53.8;0t0 43.2)

« SF-12 mental disability scores
(48.4t0 54.5;37.7t0 48.3;0to
37.6)

« Experience of racial discrimi-
nation

o Ever physically at-
tacked/beaten/injured); by
spouse, partner, or anyone
else (abuse) (Experience of
sexual assault)

« Before 18, parents/caregiver
swear, insult, or say hurt-
ful things to you (Almost
never/sometimes; fairly of-
ten/very often)

» Before 10 being left alone/un-
supervised by parents/care
givers (Almost never/some-
times; fairly often/very often)

Interaction terms:

« Sex x SF-physical

« Marital x Abuse

« Race x Avoid

o SF-physical x Guilty

External validation:

Hosmer-Lemeshow %2
(8)=3.51,P =0.90

“Excellent calibration’

In the combined de-
velopment and valida-
tion data:

C statistic of 0.7365
and “excellent cali-
bration” (H-L x2 (8) =
6.22, P =0.62)

Observed risk of re-
currence over 3 years
=25.40% (95% CI
23.76% to 27.04%)

Mean predicted risk of
recurrence based on
the model = 25.34%
(95% CI1 24.73% to
25.95%).

“We visually com-
pared the predicted
versus the observed
risk of recurrence by
decile risk groups”

APPENDICES

Appendix 1. Database searches
« Ovid MEDLINE Search-1, (1946 to November 04, 2019), n = 2439

« Ovid MEDLINE Search-2, (1946 to March 16, 2020), n = 1518 [937 new]
« Ovid Embase (1974 to 2020 Week 19), n=1734

+ Ovid PsycINFO (1806 to May Week 1 2020), n = 1148

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review)
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« Cochrane Library, (Issue 5 of 12,2020), n=1121

+ Theses databases 8 May 2020), n =4

Total=7964

Duplicates removed=2599

Records to screen, n = 5365 (3376 already screened (MEDLINE searches))

New records to screen (May 2020), n = 1989

Search strategies

Ovid MEDLINE(R) and Epub Ahead of Print, In-Process & Other Non-Indexed Citations and Daily <1946 to November 04, 2019>

Search Strategy: Search-1

1 DEPRESSION/ (112826)

2 DEPRESSIVE DISORDER/ (71437)

3 DEPRESSIVE DISORDER, MAJOR/ (28737)

4 DEPRESSION, POSTPARTUM/ (5217)

5 DEPRESSIVE DISORDER, TREATMENT-RESISTANT/ (1119)

6 (depress* adj3 (acute or clinical* or diagnos* or disorder* or major or unipolar or illness or scale* or score* or adult* or patient* or
participant® or people or inpatient™* or in-patient™ or outpatient* or out-patient™)).ti,ab,kf. (154965)

7 (depress* and (Beck* or BDI* or DSM* or (Statistical Manual adj2 Mental Disorders) or Hamilton or HAM-D or HAMD or MADRS or
(International Classification adj2 Disease?) or ICD-10 or ICD10 or ICD-9 or ICD9 or PHQ-9 or PHQ9 or patient health questionnaire or GDS
or EPDS)).ab. (48479)

8 "with depressi*".ab. (25604)

9 (depressi* or depressed).ti. (138888)

10 (depress* adj3 (postnatal® or post-natal* or postpartum* or post-partum* or pregnan*)).ti,ab,kf. (8195)
11 (depress* adj3 (refractor* or resistan* or chronic* or persist*)).ti,ab,kf. (11891)

12 (depress* and ((antidepress* or anti-depress* or SSRI* or SNRI* or serotonin or medication* or psychotropic or treatment*) adj2 (fail*
or no* respon* or nonrespon* or non-respon* or unrespon* or un-respon*))).ti,ab,kf. (1539)

13 or/1-12 (298517)
14 (recurr* or relaps* or remiss* or remitt*).ti,ab,kf,hw. (900693)
15 13 and 14 (20579)

16 ((recurr* or reoccur* or re-occur* or new episode or another episode or relaps* or re-emerg* or resurg* or re-surg* or reappear* or re-
appear* or flare-up) adj5 depress*).ti,ab,kf. (5822)

17 ((remiss* or remitt* or recover*) adj5 depress*).ti,ab,kf. (6368)

18 or/15-17 (24010)

19 (Prognosis/ or Decision Support Techniques/) and (Algorithms/ or Logistic Models/ or Risk Assessment/) (45685)
20 ((prognos* or predict* or decision*) and (algorithm? or model* or rule? or risk? or outcome?)).ti,kf,hw. (410679)
21 ((prognos* or predict* or decision*) adj3 (algorith? or model* or rule? or risk? or outcome?)).ab. (251570)

22 clinical prediction.mp. (2545)

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 51
Copyright © 2021 The Cochrane Collaboration. Published by John Wiley & Sons, Ltd.



: Cochrane Trusted evidence.
= L- b Informed decisions.
1 iprary Better health. Cochrane Database of Systematic Reviews

23 ((prognos* or predict* or decision*) and (history or variable* or criteria or scor* or characteristic* or finding* or factor*)).ti,kf,hw. (324146)

24 ((prognos* or predict* or decision*) adj3 (history or variable* or criteria or scor* or characteristic* or finding* or factor*)).ab. (236647)
25 0r/19-24 (838079)

26 18 and 25 (2455)

27 (exp animals/ or exp models, animal/) not humans.sh. (4641658)

28 (mice or mouse or murine or rat or rats or rodent* or animal model*).ti. (1421140)

29 26 not (27 or 28) (2450)

30 (comment or letter or editorial or news).sh. (1962401)

3129 not 30 (2439)

Ovid MEDLINE(R) and Epub Ahead of Print, In-Process & Other Non-Indexed Citations and Daily <1946 to March 16, 2020>

Search Strategy: Search-2

1 *mood disorders/ or *depression/ or *depressive disorder/ or *depression, postpartum/ or *depressive disorder, major/ or *depressive
disorder, treatment-resistant/ (153536)

2 (depress* or ((mood* or affective) adj disorder*)).ti. (154316)

3 limit 2 to ("in data review" or in process or publisher) (8097)

410r3(161633)

5 exp *Recurrence/ or *Secondary Prevention/ or *Disease Progression/ (12919)

6 (predict* adj5 (longterm or long term or recurr* or reoccur® or re-occur® or new episode or another episode or relaps* or remission or
re-emerg* or resurg® or re-surg* or reappear* or re-appear* or flare-up or ((future or repeat* or subsequent*) adj2 (depress* or episode?))
or ((clinical or depress* or illness) adj2 course) or ((remain* or stay*) adj (free or well or without depress*)) or (sustain* adj (recovery or
remission)) or (future adj2 respon*))).ti,ab,kf. (47610)

750r6(60278)

8 (algorithm? or decision tree? or model* or prognos* or risk? or predictors or probabilit* or ((protective or risk or sex or socioeconomic
or time) adj factors)).ti,ab,kf,hw. (7782682)

94 and 7 and 8(1362)

10 ((predict* adj3 (future or subsequent) adj3 (respon* or nonrespon* or treatment outcome?)) and depress*).ti,ab,kf. (67)

11 predict*.ti. and ((recurr* or relaps*) adj3 (probabilit* or likelihood? or rate? or risk?)).ti,ab,kf. and depress*.ti,kf,hw. (153)

12 predict*.ab. /freq=2 and ((recurr* or relaps*) adj3 (probabilit* or likelihood? or rate? or risk?)).ti,ab,kf. and depress*.ti,kf,hw. (227)
13 or/9-12 (1532)

14 (exp animals/ or exp models, animal/) not humans.sh. (4680637)

15 (mice or mouse or murine or rat or rats or rodent* or animal model*).ti. (1436358)

16 (comment or letter or editorial or news).sh. (2003836)

17 or/14-16 (6850921)

18 13 not 17 (1518)

Kkkkkkkkkhkkkhkhhkhkkkhkhkkhkk*
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Ovid Embase <1974 to 2020 Week 19>

Search Strategy:

1 *depression/ or chronic depression/ or late life depression/ or major depression/ or "mixed anxiety and depression"/ or exp perinatal
depression/ or post-stroke depression/ or recurrent brief depression/ or treatment resistant depression/ (204720)

2 (depress* adj3 (acute or clinical* or diagnos* or disorder* or major or unipolar or illness or scale* or score* or adult* or patient* or
participant® or people or inpatient* or in-patient* or outpatient* or out-patient*)).ti,ab,kw. (229377)

3 (depress* and (Beck* or BDI* or DSM* or (Statistical Manual adj2 Mental Disorders) or Hamilton or HAM-D or HAMD or MADRS or
(International Classification adj2 Disease?) or ICD-10 or ICD10 or ICD-9 or ICD9 or PHQ-9 or PHQ9 or patient health questionnaire or GDS
or EPDS)).ab. (80479)

4 "with depressi*".ab. (38096)

5 (depressi* or depressed).ti. (179033)

6 (depress* adj3 (postnatal® or post-natal* or postpartum™ or post-partum* or pregnan*)).ti,ab,kw. (11865)
7 (depress* adj3 (refractor* or resistan* or chronic* or persist*)).ti,ab,kw. (17689)

8 or/1-7 (366616)

9 (recurr* or relaps* or remiss*).ti,ab,kw,hw. (1428856)

10 (longterm or long term or recurr* or reoccur® or re-occur* or new episode or another episode or re-emerg* or resurg* or re-surg*
or reappear* or re-appear* or flare-up or ((future or repeat* or subsequent*) adj2 (depress* or episode?)) or ((clinical or depress* or
illness) adj2 course) or ((remain* or stay*) adj (free or well or without depress*)) or (sustain* adj (recovery or remission)) or (future adj2
respon*)).ti,ab,kw. (1980780)

11 (recover* adj5 depress*).ti,ab,kw. (4130)
12 or/9-11 (2505910)

138 and 12 (54304)

14 prognostic index/ (47)

15 (prognosis/ or prognostic assessment/ or prediction/ or predictor variable/) and (algorithm/ or statistical model/ or risk assessment/)
(84998)

16 ((prognos* or predicti* or probabilit* or decision?) and (algorithm? or model? or tool? or risk assessment?)).ti,kw. (55679)
17 prediction/ and recurrent disease/ (3181)
18 (8 and 14) or (13 and (15 or 16 or 17)) (553)

19 depressi*.ti. and (recurr® or relaps* or remiss* or recovery).ti,hw. and ((predicti* or predictor? or probability or prognostic).ti,kw,hw. or
((predicti* or predictor? or probability or prognostic) adj (index or model or tool)).ab.) and (follow up or followup or followed or months
or longterm or long term).mp. (520)

20 depressi*.ti. and ((predicti* or predictor? or probability or prognostic) adj3 (recurr® or re-occur* or relaps* or remiss* or recovery)).ab.
and (follow up or followup or followed or months or longterm or long term).mp. (346)

21 predict*.ti. and ((recurr* or relaps*) adj3 (probabilit* or likelihood? or rate? or risk?)).ti,ab,kw. and depress*.ti,kw,hw. (268)

22 0r/18-21 (1347)

23 predict*.ab. /freq=2 and ((recurr* or relaps*) and (probabilit* or likelihood? or rate? or risk?)).ti,ab,kw. and depress*.ti,kw,hw. (1038)
24 ((prognos* or predict* or decision*) and (algorithm? or model* or rule? or tool? or risk? or outcome?)).ti,kw,hw. (848336)

25 ((prognos* or predict* or decision*) and (history or variable* or criteria or scor* or characteristic* or finding* or factor*)).ti,kw,hw.
(574927)

Prognostic models for predicting relapse or recurrence of major depressive disorder in adults (Review) 53
Copyright © 2021 The Cochrane Collaboration. Published by John Wiley & Sons, Ltd.



: Cochrane Trusted evidence.
= L- b Informed decisions.
1 iprary Better health. Cochrane Database of Systematic Reviews

26 ((prognos* or predict* or decision*) adj3 (algorith? or model* or rule? or tool? or risk? or outcome?)).ab. (411074)

27 ((prognos* or predict* or decision*) adj3 (history or variable* or criteria or scor* or characteristic* or finding* or factor*)).ab. (376282)
28 "decision tree"/ (12592)

29 or/23-28 (1468888)

3013 and 29 (6371)

31 limit 30 to exclude medline journals (446)

32220r31(1734)

Ovid APA Psycinfo <1806 to May Week 1 2020>

Search Strategy:

1 (depression or depressive disorder?).hw,id. (167436)

2 (depress* adj3 (acute or clinical* or diagnos* or disorder* or major or unipolar or illness or scale* or score* or adult* or patient* or
participant® or people or inpatient* or in-patient* or outpatient* or out-patient*)).ti,ab,id. (141555)

3 (depress* and (Beck* or BDI* or DSM* or (Statistical Manual adj2 Mental Disorders) or Hamilton or HAM-D or HAMD or MADRS or
(International Classification adj2 Disease?) or ICD-10 or ICD10 or ICD-9 or ICD9 or PHQ-9 or PHQ9 or patient health questionnaire or GDS
or EPDS)).ab. (45623)

4 "with depressi*".ab. (23223)

5 (depressi* or depressed).ti. (112230)

6 (depress* adj3 (postnatal* or post-natal* or postpartum* or post-partum* or pregnan*)).ti,ab,id. (6619)
7 (depress* adj3 (refractor* or resistan* or chronic* or persist*)).ti,ab,id. (10062)

8 or/1-7 (221741)

9 (recurr* or relaps* or remiss* or recovery).ti,ab,id,hw. (135977)

10 (longterm or long term or recurr* or reoccur® or re-occur* or new episode or another episode or re-emerg* or resurg* or re-surg*
or reappear* or re-appear* or flare-up or ((future or repeat* or subsequent*) adj2 (depress* or episode?)) or ((clinical or depress* or
illness) adj2 course) or ((remain* or stay*) adj (free or well or without depress*)) or (sustain* adj (recovery or remission)) or (future adj2
respon*)).ti,ab,id. (181037)

11 0r/9-10 (273220)
128and 11 (32711)

13 (prognos* or predicti*).hw,id. and (algorithms/ or models/ or risk assessment/ or risk factors/ or at risk populations/ or *treatment
outcomes/) (7659)

14 ((prognos* or predicti* or probabilit* or decision?) and (algorithm? or model? or tool? or risk)).ti,id. (24658)
15 (prediction and (recurrent depression or ((relapse or remission or recovery) adj disorders))).hw. (402)

16 ((decision trees or prognosis) and recurrence).mh. (652)

17 12 and (13 or 14 or 15 or 16) (539)

18 depressi*.ti. and (recurr* or relaps* or remiss* or recovery).ti,hw. and ((predicti* or predictor? or probability or prognostic).ti,id,hw. or
((predicti* or predictor? or probability or prognostic) adj (index or model or tool)).ab.) and (follow up or followup or followed or months
or longterm or long term).mp. (168)
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19 depressi*.ti. and ((predicti* or predictor? or probability or prognostic) adj3 (recurr* or re-occur* or relaps* or remiss* or recovery)).ab.
and (follow up or followup or followed or months or longterm or long term).mp. (225)

20 predict*.ti. and ((recurr* or relaps*) adj3 (probabilit* or likelihood? or rate? or risk?)).ti,ab,id. and depress*.ti,id,hw. (135)

21 predict*.ab. /freq=2 and ((recurr* or relaps*) and (probabilit* or likelihood? or rate? or risk?)).ti,ab,id. and depress*.ti,id,hw. (481)
22 or/17-21 (1148)

Cochrane Library, Issue 5 of 12,2020

#1 (depression or depressive):kw 39486

#2 (depress* near/3 (acute or clinical* or diagnos* or disorder* or major or unipolar or illness or scale* or score* or adult* or patient* or
participant® or people or inpatient* or in-patient* or outpatient* or out-patient*)):ti,ab 37753

#3 (depress* and (Beck* or BDI* or DSM* or (Statistical Manual and Mental Disorders) or Hamilton or HAM-D or HAMD or MADRS or
(International Classification and Disease*) or ICD-10 or ICD10 or ICD-9 or ICD9 or PHQ-9 or PHQ9 or patient health questionnaire or GDS
or EPDS)):ab 19009

#4 (with next depressi*):ab 3851

#5 (depressi* or depressed):ti 28545

#6 (depress* near/3 (postnatal® or post-natal* or postpartum* or post-partum* or pregnan*)):ti,ab 1671
#7 (depress* near/3 (refractor* or resistan* or chronic* or persist*)):ti,ab 2896

#8 (#1 or #2 or #3 or #4 or #15 or #6 or #7) 63071

#9 (recurr” or relaps* or remiss* or recovery):ti,ab,kw 163236

#10 (longterm or "long term" or recurr* or reoccur* or re-occur* or “new episode” or “another episode” or re-emerg* or resurg* or re-surg*
or reappear* or re-appear” or flare-up):ti,ab,kw 154244

#11 ((future or repeat™ or subsequent*) near/2 (depress* or episode*)):ti,ab,kw 726
#12 ((clinical or depress* or illness) near/2 course):ti,ab,kw 3212

#13 ((remain* or stay*) next (free or well or without depress*)):ti,ab,kw 1272

#14 (future near/2 respon*):ti,ab,kw 159

#15 (#9 or #10 or #11 or #12 or #13 or #14) 243893

#16 #8 and #15 13670

#17 ((prognos* or predicti* or probabilit* or decision or decisions) and (algorithm* or model* or index or score or scores or tool* or risk or
risks or rule or rules or tree*)):kw,ti 22750

#18 ((prognos* or predict* or decision*) and (history or variable* or criteria or characteristic* or finding* or factor* or outcome or
outcomes)):ti,kw 28633

#19 ((prognos* or predicti* or probabilit* or decision or decisions) near (algorithm* or model* or index or score or scores or tool* or risk
or risks or rule or rules or tree*)):ab and depress*:ti 235

#20 ((prognos* or predict* or decision*) near (history or variable* or criteria or characteristic* or finding* or factor* or outcome or
outcomes)):ab and depress*:ti 864

#21 (predicti* near/3 (recurren* or relapse or remission or recovery)):ti,ab 786
#22 (#17 or #18 or #19 or #20 or #21) 40389

#23 (#16 and #22) 1056
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#24 depressi*:ti and (recurr* or relaps* or remiss* or recovery):ti,kw and ((predicti* or predictor* or probability or prognostic):ti,kw or
((predicti* or predictor* or probability or prognostic) next (index or model or tool)):ab) and (follow up or followup or followed or months
or longterm or long term):ti,ab,kw 93

#25 depressi*:ti and ((predicti* or predictor* or probability or prognostic) near (recurr® or re-occur* or relaps* or remiss* or recovery)):ab
and ("follow up" or followup or followed or months or longterm or "long term”):ti,ab,kw 117

#26 (#23 or #24 or #25) 1121

Kkkkkkkkkhkkkhkhhkhkkhkhkhkhkk*
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