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Chapter 2

Development and validation of a clinical prediction tool to 
estimate the individual risk of depressive relapse or recurrence in 
individuals with recurrent depression

Based on: 
Klein, N. S., Holtman, G. A., Bockting, C. L. H., Heymans, M. W., & Burger, H. (2018). 
Development and validation of a clinical prediction tool to estimate the individual risk of 
depressive relapse or recurrence in individuals with recurrent depression. Journal of Psychiatric 
Research, 104, 1-7. doi:10.1016/j.jpsychires.2018.06.006



Abstract

Objectives Many studies examined predictors of depressive relapse/recurrence but no simple 
tool based on well-established risk factors is available that estimates the risk within an individual. 
We developed and validated such a prediction tool in remitted recurrently depressed individuals. 
Methods The tool was developed using data (n = 235) from a pragmatic randomized controlled 
trial in remitted recurrently depressed participants and externally validated using data (n = 209) 
from a similar randomized controlled trial of remitted recurrently depressed participants using 
maintenance antidepressants. Cox regression was used with time to relapse/recurrence within 
2 years as outcome and well-established risk factors as predictors. Performance measures and 
absolute risk scores were calculated, a practically applicable risk score was created, and the tool 
was externally validated.
Results The 2-year cumulative proportion relapse/recurrence was 46% in the validation dataset. 
The tool included number of previous depressive episodes, residual depressive symptoms, 
severity of the last depressive episode, and treatment. The C-statistic and calibration slope were 
.56 and 0.81 respectively. The tool stratified participants into relapse/recurrence risk classes of 
37%, 55%, and 72%. The C-statistic and calibration slope in the external validation were .59 and 
0.56 respectively, and Kaplan Meier curves showed that the tool could differentiate between risk 
classes.
Conclusions This is the first study that developed a simple prediction tool based on well-
established risk factors of depressive relapse/recurrence, estimating the individual risk. Since the 
overall performance of the model was poor, more studies are needed to enhance the performance 
before recommending implementation into clinical practice. 
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Introduction

Major Depressive Disorder (MDD) is a prevalent disorder (Hardeveld, Spijker, de Graaf, Nolen, 
& Beekman, 2010) with a substantial disease burden (Whiteford et al., 2013). An important 
contributor to the burden of depression is its long-term clinical course. Once individuals 
experience a Major Depressive Episode (MDE), they are at elevated risk to develop subsequent 
MDEs. With every additional episode, the risk of relapse or recurrence (further referred to as 
recurrence) further increases and reaches up to 90% in individuals with three or more previous 
episodes (Solomon et al., 2000). Therefore, a personalized approach to preventing recurrence 
is warranted, taking into account the individual risk of recurrence and administering intensive 
prevention strategies for those especially at risk. Nevertheless, there are few evidence-based tools 
available for recurrence risk stratification in clinical practice.

Although risk factors for recurrence have been widely documented, the predictive value 
of these risk factors combined in a risk assessment tool has not been established. Such a tool 
could guide clinical decision making by generating personalized absolute risk predictions in 
individuals. In somatic medicine, prediction tools are used extensively (e.g., D’Agostino et 
al., 2008; Geersing et al., 2014; ten Haaf et al., 2017) and only recently researchers started to 
develop them for mental health disorders (e.g., Fusar-Poli & Schultze-Lutter, 2016; King et al., 
2013; Spijker et al., 2006; Tran et al., 2014; Wang et al., 2014). Regarding depressive recurrence, 
two studies developed prediction algorithms, including a wide range of risk factors (van Loo, 
Aggen, Gardner, and Kendler, 2015; Wang et al., 2014). However, these studies seem to have 
limited clinical applicability. First, their risk algorithm is extensive and implementation in clinical 
practice is likely infeasible due to time constraints. Second, both studies included a sample from 
the general population rather than a clinical sample which may limit generalizability to mental 
health care settings. Thus far, only one study developed a simple tool, using specific symptoms of 
the Symptom Checklist-90 (SCL-90) to differentiate depressive relapse from non-relapse after 6 
months (Judd, Schettler, & Rush, 2016). However, the tool did not include well-established risk 
factors and was not externally validated. 

The goal of this study was to develop and externally validate a simple and easily applicable 
clinical prediction tool based on well-established risk factors that predicts risk of recurrence in 
individuals with a history of recurrent depression.

Material and methods

Data and participants
Data were used from two pragmatic randomized controlled trials, further referred to as the 
development and validation data. The studies were performed in accordance with the latest 
version of the Declaration of Helsinki, approved by an independent medical ethics committee 
(METIGG), and registered at trialregister.nl (identifiers NTR2503 and NTR1907). After 
explaining the procedure and before randomization, participants provided a written informed 
consent to participate in the trials. In both studies, participants aged between 18 and 65 were 
included that 1) had experienced at least two MDEs with the last occurring in the past two years; 
2) were remitted according to DSM-IV criteria assessed with the Structured Clinical Interview 
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for DSM-IV Axis-I Disorders (SCID-I) (Spitzer, Williams, Gibbon, & First, 1992) and a score 
on the Hamilton Rating Scale for Depression (HRSD) (Hamilton, 1960) less than or equal to 
ten. Exclusion criteria were mania/hypomania, a psychotic or bipolar disorder (past or present), 
alcohol/drug abuse, a primary diagnosis of an anxiety disorder, and organic brain damage. In 
the development data (Bockting, Kok, et al., 2011), 288 individuals were eligible of whom 264 
were randomized between mid-September 2010 and August 2013 to Mobile Cognitive Therapy 
(M-CT), an Internet-based Preventive Cognitive Therapy (PCT) with minimal therapist support 
added to Treatment As Usual (TAU) or TAU alone. In the validation data (Bockting, Elgersma, 
et al., 2011), participants additionally used antidepressants for at least 6 months and were 
restricted to attend psychotherapy for a maximum of twice a month. Between mid-July 2009 
and the end of April 2015, 289 participants were assessed for eligibility and randomized to PCT 
and antidepressants, antidepressants alone, or PCT with tapering of antidepressants. Participants 
were recruited via media, general practitioners, pharmacists, and secondary mental health care 
institutions. More information is provided elsewhere (Bockting, Elgersma, et al., 2011; Bockting, 
Kok, et al., 2011).

Outcome
The primary outcome was time to recurrence up to 2 years assessed with the SCID-I by trained 
interviewers after 3, 12, and 24 months in the development study and after 3, 9, 15, and 24 
months in the validation study. In case of a recurrence, the exact date of onset was retrospectively 
determined and if necessary the life-chart of the SCID-I was used to determine the exact date of 
onset based on specific triggering events. In both studies, interviewers were blinded by treatment 
condition.

Predictors
Based on the literature (Burcusa & Iacono, 2007; Carr, Martins, Stingel, Lemgruber, & Juruena, 
2013; Hardeveld et al., 2010; Monroe, 2010; Nanni, Uher, & Danese, 2012; Nelson, Klumparendt, 
Doebler, & Ehring, 2017; Roca et al., 2011), the following variables measured at baseline 
were included as candidate predictors: 1) number of previous MDEs (life-chart of the SCID-I) 
categorized into less than three, three or four, and five or more; 2) number of residual depressive 
symptoms (Inventory of Depressive Symptomatology - Self Report (IDS-SR) (Rush, Gullion, 
Basco, Jarrett, & Trivedi, 1996)), entered into the model as a continuous variable; 3) severity of 
the last MDE (SCID-I), categorized into mild or moderate versus severe; 4) a chronic somatic 
illness (NEMESIS somatic illness list, (de Graaf, Bijl, Ravelli, Smit, & Vollebergh, 2002)); 5) 
Childhood adverse events (Dutch version of the Life Events Questionnaire (LEQ) (Kraaij & de 
Wilde, 2001)), where we examined whether participants had lost a parent or had experienced 
sexual or physical abuse before the age of 16; and 6) axis-I comorbidity (SCID-I). 

We explicitly modeled treatment with M-CT/PCT during the study as predictor, based on 
recommendations of Groenwold et al. (2016) to include treatment in prognostic modelling using 
data from randomized controlled trials. The main findings of the development study showed 
no statistically significant effect of M-CT added to TAU compared to TAU alone (Klein et al., 
2018). The main results of the validation study showed that antidepressants were not superior 
to PCT while tapering antidepressants and that adding PCT to antidepressants was effective in 
preventing recurrence compared to antidepressants alone (Bockting et al., 2018). In the current 
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study, we could not take into account differences in treatment arms between the development (two 
arms) and validation (three arms, including a tapering arm) study and therefore added a variable 
indicating whether participants received PCT (online/face to face). Using this classification, a 
model only including treatment showed a Nagelkerke R2 of .008 in the development data and 
.007 in the validation data.

Statistical analyses
At baseline, in the development data 12% and in the validation data 6% of the cases had missing 
data. Multiple imputations by chained equations were used to impute missing data (number of 
imputations: 40), assuming data were missing at random. Conforming to White, Royston, and 
Wood (2011), the imputation model included all predictors of the analyses, the event indicator 
and cumulative baseline hazard function, and variables predicting whether data were missing.  

Model building and internal validation
The rule of thumb of at least ten events (recurrences) per parameter was followed to obtain 
sufficient statistical power and prevent overfitting (Peduzzi, Concato, Feinstein, & Holford, 
1995). We selected seven variables of which one comprised three categories, resulting in a total 
number of eight parameters in the validation data where 104 recurrences were observed. A Cox 
proportional hazards model was used to quantify the association between predictors and recurrence 
or censoring, whichever came first. The proportional hazards assumption was examined using 
log-minus-log plots. To select variables most strongly and independently associated with time to 
recurrence, a backward selection procedure was used with an alpha of .05. In the model selection 
process, the pooled p-value was derived from the imputed datasets after pooling the total 
covariance matrix or D1 method (Enders, 2010) and regression coefficients, Hazard Ratios (HRs), 
and confidence intervals of the final model were determined. The cumulative absolute risk of 
recurrence within 2 years was calculated for each participant using the baseline survival function 
at 2 years follow-up and the individual regression coefficients. In the internal validation process, 
the backward selection procedure was incorporated. To report the performance of the model, the 
median Harrell’s C-statistic, which is a generalization of the C-statistic to survival analysis, and 
Nagelkerke R2 over the imputed datasets were used. These figures indicate the discriminatory 
power and overall performance, respectively. After bootstrapping, the amount of overfitting and 
shrinkage was determined for all statistics and subtracted from the apparent performance statistic 
to correct for overfitting. The baseline survival was re-estimated after shrinking the coefficients. 
After shrinkage, the performance is more likely to reflect the performance when the model is 
applied to future studies (Harrell, Lee, & Mark, 1996).

The results were used to create a score that clinicians can easily apply in clinical practice 
to evaluate the individual risk of recurrence. To this end, each coefficient was divided by the 
coefficient closest to zero and subsequently rounded to the nearest integer to obtain a number of 
points per unit of the predictor variable. For each participant, a total score was calculated  as the 
sum of these numbers. The relationship between total score and risk of recurrence (1-survival 
probability) was presented graphically. Finally, the total score was subdivided into the categories 
‘high risk’, ‘medium risk’, or ‘low risk’. These categories were arbitrarily chosen based on 
recurrence rates in the literature, clinical sensibility, and statistical stability, i.e., that the sample 
size and recurrence rates in each category remained sufficient. In addition, we evaluated our 
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tool as a binary prognostic test by dividing it using the category cutoffs into 1) high or medium 
risk combined versus low risk, and 2) high risk versus medium and low risk combined. For 
these cutoffs we calculated the sensitivity, specificity, Positive Predictive Value (PPV), and 
Negative Predictive Value (NPV). We could not use the observed numbers of recurrences since 
the true number of recurrences would be higher as a result of censoring. Therefore, we used 
the pooled predicted risks in each risk stratum and multiplied them with the total numbers in 
the risk strata to obtain estimated numbers of recurrence. These calculations were made for a 
hypothetical population of 1000 individuals with the same distribution across risk categories as 
in our development sample. Subsequently, the estimated numbers of recurrence were used to 
evaluate the tool as binary prognostic test. All probabilities in this study were pooled according to 
Marshall, Altman, Holder, and Royston (2009), using the complementary log-log transformation 
before pooling the results and back-transformation thereafter.

External validation
Based on the literature (Royston & Altman, 2013), we evaluated the external validation in several 
steps. Using the coefficients and cumulative baseline survival of the development data, the linear 
predictor was applied in the validation data and the median calibration slope and C-statistic (i.e., 
Harrell’s C-statistic) of the imputed datasets was presented. A Calibration plot was constructed 
and Kaplan Meier curves according to risk groups were displayed and compared between both 
datasets, providing evidence of external validity in terms of discrimination and calibration. 
The calibration plot and Kaplan Meier curves were compared in all imputed datasets and one 
randomly chosen imputed dataset was used for illustration.    

Results

In total, 264 participants were randomized in the development and 289 in the validation study. As 
29 participants in the development and 80 in the validation study dropped-out immediately after 
randomization, they were excluded from further analyses in the current study. In the development 
study, 104 out of 235 experienced a recurrence within 2 years compared to 116 out of 205 in 
the validation study. According to Kaplan-Meier estimates, the overall 2-year cumulative 
proportion of recurrence was 46% and 55% in the development and validation study respectively. 
Demographic and clinical characteristics are described in Table 1. 
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Model building and internal validation
Table 2 displays the univariable and multivariable association with recurrence. Number of 
previous MDEs, residual depressive symptoms, and severity of the last MDE were retained in 
the multivariable model at the .05 alpha level. As described in the methods, treatment with PCT 
during the study was included in the multivariable model although it was not significant at the 
.05 alpha level. After correcting for overfitting, the Nagelkerke R2 was 13% and the model had a 
C-statistic of .56, the latter indicating low discriminatory power. The calibration slope was 0.81 
and the final model was adjusted for overfitting.

Table 1. Baseline demographic and clinical characteristics

 
Characteristics Development data Validation data
   (n = 235) (n = 209)

Age, mean (SD) 46.8 (10.6) 48.3 (9.9)
Female gender, % 74.5 (175/235) 66.5 (139/209)
Country of birth (% the Netherlands) 90.6 (211/233) 96.2 (201/209)
Marital status, %  
 Single 26.1 (61/234) 28.2 (59/209)
 Married or cohabiting 65.4 (153/234) 61.7 (129/209)
 Divorced or widowed 8.5 (20/234) 10.1 (21/209)
Education, %  
 Primary or secondary education 14.0 (33/235) 20.6 (43/209)
 Vocational education 24.7 (58/235) 26.3 (55/209)
 Higher education 61.3 (144/235) 53.1 (111/209)
Employed, % 67.4 (157/233) 63.2 (132/209)
Treatment As Usual (TAU), %  
 General practitioner 29.8 (70/235) 67.0 (140/209)
 Mental health care 37.9 (89/235) 33.0 (69/209)
Treatment with antidepressants, % 55.0 (127/231) 100
Age of first MDE, mean (SD) 28.9 (12.2) 27.8 (11.9)
Months in remission, mean (SD) 8.5 (6.5) 8.0 (6.1)
Previous episodes MDD, %  
 Two   22.1 (52/235) 16.3 (34/209)
 Three or four 41.7 (98/235) 37.3 (78/209)
 Five or more 36.2 (85/235) 46.4 (97/209)
Depressive symptoms (IDS-SR), mean (SD) 16.2 (9.6) 19.1 (11.2)
Severity last episode, %  
 Mild or moderate 77.9 (183/235) 66.8 (139/208)
 Severe 22.1 (52/235) 33.2 (69/208)
Baseline axis-I comorbidity, %  
 Anxiety disorder 13.6 (32/235) 9.1 (19/209)
 Dysthymia 3.0 (7/235) 1.9 (4/209)
 Somatoform disorder 2.6 (6/235) 1.0 (2/209)
 Other 1.3 (3/235) 1.0 (2/209)
 More than one 2.1 (5/235) 4.2 (9/209)
Chronic somatic illness, % 34.4 (78/227) 21.1 (42/199)
Adverse events in childhood, % 28.4 (66/232) 33.3 (69/207)
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The final model was used to calculate a total risk score. For example, an individual that has 
experienced five or more MDEs, has an IDS-SR score of 30, had a severe last MDE, and is 
not treated with PCT has a total risk score of 69 (26 + 30 + 13 + 0). The corresponding 2-year 
recurrence risk can be read from Figure 1, which presents the relationship between total risk score 
and 2-year risk of recurrence. Thus, the individual’s risk is approximately 80%. 

For each individual, a total risk score was calculated and categorized into low (< 35), 
moderate (35-50), and high (≥ 50) risk of depressive recurrence within 2 years. Table 3 shows 
that the tool is able to stratify individuals in predicted risk classes of 37, 55%, and 72%. The 
corresponding observed cumulative recurrence risks were similar in each class. Table 4 displays 
test characteristics of the tool when it would be used as binary prognostic test using the predicted 
probabilities and absolute numbers in the predicted risk categories. The sensitivity of the 
prediction tool was moderate in individuals scoring 35 or more and low in individuals scoring 
50 or more, whereas the specificity in both risk categories was moderate to high. For example, 
when individuals score 35 or more, 52% who actually experienced a recurrence and 69% who 
did not experience a recurrence was correctly classified. The NPV and PPV were acceptable in 
both risk categories. For example, in individuals scoring 50 or more, 72% actually experienced a 
recurrence and in individuals that tested negative, 57% actually did not experience a recurrence.

Table 2. Univariable and multivariable association of predictors with depressive recurrence within 2 years

 

 Childhood adverse events     0.48 1.61 [1.08, 2.41]*   
 Chronic somatic illness 0.17 1.19 [0.79, 1.79]   
 Axis-I comorbidity 0.14 1.15 [0.74, 1.81]   
 Number of depressive 
 episodes     
    2c     0
    3 or 4 0.53 1.70 [0.93, 3.11] 0.46 1.56 [0.86, 2.90] 13
    ≥ 5 0.97 2.64 [1.46, 4.80]** 0.91 2.48 [1.35, 4.53] 26
 IDS-SR score (per point) 0.04 1.04 [1.02, 1.06]*** 0.04 1.04 [1.01, 2.47] 1
 Severity last episode (severe) 0.43 1.53 [0.99, 2.36] 0.46 1.58 [1.01, 2.47] 13
 Treatment PCT -0.28 0.76 [0.52, 1.12] -0.16 0.85 [0.57, 1.26] -5

    Univariable analyses                                 Multivariable analyses

                                          Coefficient       HR [95% CI]        Coefficienta       HR [95% CI] Risk scoreb

Note. Baseline survival at 2 years follow-up = .55. 
*p < .05, **p < .01, *** p < .001.
aCorrected for over optimism after bootstrapping. Shrinkage factor: 0.81.
bRisk score for depressive recurrence within 2 years follow-up. Each coefficient was divided by the coefficient 
closest to zero.
cReference category.
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Figure 1. Relationship between total risk score and predicted risk of recurrence within 2 years based on 
individuals in the development data.
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Table 3. Risk of recurrence within 2 years according to score categories in the development dataset

aIndividuals that were lost to follow-up without experiencing a recurrence.

Score n (%) Recurrence Censoreda Predicted  Observed probability
    probability (%) (1-Kaplan Meier
     estimate) (%)

< 35 140 (59.6) 47 13 .37 .36
35-50  71 (30.2) 40 3 .55 .59
≥ 50 24 (10.2) 17 0 .72 .71

Table 4. Binary prognostic test characteristics based on predicted probabilities

Note. This table is based on a hypothetical sample of 1000 individuals with the same distribution across risk 
categories as in the development data. The number of recurrences are based on the predicted probabilities 
from the development data. Applying the same distribution across risk categories in the development data, 596 
individuals had a total risk score of 35 or lower, 302 had a total risk score between 35 and 50, and 102 had a 
total risk score of 50 or more. In this Table, ≥ 35 refers to the summation of the risk categories 35-50 and ≥ 50.
aPPV = Positive Predictive Value.
bNPV = Negative Predictive Value.

Cut-off score n (%) Sensitivity Specificity PPVa NPVb

≥ 35 404 (40) 52% (239/460) 69% (375/540) 59% (239/404) 63% (375/596)
≥ 50 102 (10) 16% (73/460) 95% (511/540) 72% (73/102)  57% (511/898) 
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External validation
The median C-statistic was .59, indicating a low discriminative power. The median calibration 
slope of 0.56 was considerably smaller than unity, suggesting overfitting. The calibration plot 
(Figure 2) indicates poor calibration, with an underestimation of low risk individuals and an 
overestimation of high risk individuals. Figure 3 shows Kaplan Meier curves in both datasets 
according to risk category. In both studies, high risk scores were associated with a lower 
cumulative probability of surviving (no recurrence) whereas moderate and low risk scores were 
associated with a higher cumulative probability of surviving.
  

 

Figure 2: Calibration plot of the prediction rule in the validation data.
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Figure 3. Kaplan Meier curves for external validation. The Kaplan Meier curves were constructed in one 
imputed dataset and were highly comparable in the other imputed datasets.

Validation data

Pr
op

or
tio

n 
fr

ee
 r

ec
ur

re
nc

e

Time in days

Development data
1,0

0,8

0,6

0,4

0,2

0,0

0 200 400 600 800

Risk score
< 35
35-50
≥ 50
< 35 censored
35-50 censored
≥ 50 censored

Pr
op

or
tio

n 
fr

ee
 r

ec
ur

re
nc

e

Time in days

1,0

0,8

0,6

0,4

0,2

0,0

0 200 400 600 800

Risk score
< 35
35-50
≥ 50
< 35 censored
35-50 censored
≥ 50 censored



32

Discussion

Principal findings
We developed a prediction tool based on well-established risk factors and transformed it into 
a practically applicable score to estimate the absolute risk of recurrence within 2 years for an 
individual. Besides treatment with PCT, our final tool included number of previous MDEs, 
severity of the last MDE, and residual depressive symptoms. Although the Kaplan Meier curves 
showed that the tool could differentiate between risk classes and the predictive values of the tool 
used as binary prognostic test varied from poor to excellent, the calibration and discriminative 
power of the model was poor and the figures based on the development data should be interpreted 
with caution due to overfitting.

Comparison with other studies
The risk factors in our final model are consistent risk factors of depressive recurrence according to 
literature reviews (Burcusa and Iacono, 2007; Hardeveld et al., 2010; Monroe, 2010). A possible 
explanation why axis-I comorbidity did not predict recurrence is the low rate of comorbidity 
in this sample. Our exclusion criteria may have influenced these rates and the presence of 
specific types of comorbidities associated with recurrence. Literature reviews do show mixed 
results on psychiatric comorbidity as risk factor of depressive recurrence (Burcusa and Iacono, 
2007; Hardeveld et al., 2010). More recent studies are also mixed, with some demonstrating 
the importance of psychiatric comorbidity on recurrence (e.g., Hoertel et al., 2017; Kennedy et 
al., 2018) and suicide (e.g., Hoertel et al., 2015), and others demonstrating no association with 
recurrence (e.g., Hardeveld, Spijker, de Graaf, Nolen, & Beekman, 2013; Kuehner & Huffziger, 
2013). Differences between studies might be caused by differences in study population, sample 
size, and operationalization. Operationalization may also be an explanation for not finding a 
unique effect of childhood adverse events in the multivariable model. For example, our tool 
did not include childhood neglect and recent studies suggest that of the childhood trauma 
categories, emotional neglect is an important predictor of depressive recurrence (e.g., Hovens 
et al., 2012; Paterniti, Sterner, Caldwell, & Bisserbe, 2017). It is also suggested that clinical 
characteristics mediate the association between childhood trauma and the occurrence (Hovens, 
Giltay, Spinhoven, van Hemert, & Penninx, 2015) and course (Hovens et al., 2012) of depression, 
which corroborates with our finding that childhood adverse events lost statistical significance 
when added to the multivariable model. Although clinical guidelines presume that chronic 
somatic illness is a risk factor for depressive recurrence (American Psychiatric Association, 
2010; National Institute for Health and Care Excellence, 2009; 2010), the systematic review 
of Kok et al. (2013) only identified four studies and found no association. A recent study found 
that pain and not specific types of chronic somatic illness predicted recurrence of MDD and that 
subthreshold depression mediated this association (Gerrits et al., 2014). Literature is mixed on the 
role of sociodemographic characteristics in recurrence. Based on literature reviews that concluded 
sociodemographic characteristics are not consistently associated with recurrence (Burcusa and 
Iacono, 2007; Hardeveld et al., 2010), we did not include them in our model. However, as some 
studies suggest they might play a role in recurrence (e.g., Hardeveld et al., 2013; Hoertel et al., 
2017), we post-hoc examined whether specific sociodemographic characteristics independently 
added to our model, but this was not the case. More studies are needed to understand under 
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which circumstances specific predictors are associated with recurrence. It must be noted that the 
model building strategy in the current study was focused on optimal predictive value of a set of 
variables and not on establishing unconfounded relationships and therefore the predictors should 
not be interpreted as causal factors for recurrence. Further, differences between datasets need 
to be addressed. The main findings of the development study showed no statistically significant 
effects of M-CT added to TAU compared to TAU alone (Klein et al., 2018). The main findings of 
the validation study showed that AD was not superior to tapering AD with PCT and that adding 
PCT to AD was effective in preventing recurrence (Bockting et al., 2018). In the current study, 
all three treatment conditions of the validation data were collapsed into M-CT/PCT or no M-CT/
PCT, which explains the low Nagelkerke R2.

The C-statistic of our model was lower compared to the other two studies that developed 
a multivariable algorithm for predicting recurrence (van Loo et al., 2015; Wang et al., 2014). 
Wang et al. (2014) used longitudinal data of participants with current or lifetime MDD and 
found C-statistics of .75 and .72 in their development and validation data. Van Loo et al. (2015) 
used longitudinal data of female twins that had experienced an MDE in the last year and found 
C-statistics of .79 and .61 in their development and validation data. However, these studies were 
population-based, which limits generalizability to clinical populations. Furthermore, they did not 
report predicted risks according to individual characteristics summarized in a practical score, 
which is crucial for clinical use. Their inclusion of multiple variables is in line with the upcoming 
view that MDD is highly heterogeneous (Fried, 2017; Fried & Nesse, 2015). Moreover, it is in line 
with the large population-based study of Hoertel et al. (2017) that built a comprehensive model 
predicting persistence and recurrence of MDD within 3 years in individuals with an MDE at 
baseline and found that combined effects of multiple factors determined the risk. However, using 
a tool with so many factors is not feasible for clinical practice. Thus far, only the study of Judd et 
al. (2016) developed a simple clinical prediction tool to differentiate between depressive relapse 
and non-relapse. No C-statistic was mentioned in this study, but overall comparable results were 
found regarding performance of specific risk categories. For example, a low sensitivity and high 
specificity was found in participants with a high (73%) risk of depressive recurrence. However, 
their prediction tool was not externally validated. Our tool is easy applicable, has a profound 
empirical foundation in predictors selected, and was externally validated in an independent 
sample.

Clinical implications
Several factors need to be considered to determine whether a prediction tool can be used in 
clinical practice, including model performance and practical applicability, but also current risk 
stratification practice and treatment options (Moons, Altman, Vergouwe, & Royston, 2009; 
Royston & Altman, 2013). The Kaplan Meier curves in the development and validation data 
showed that our tool was able to differentiate between risk classes and when using the tool as 
binary prognostic test the values varied from poor to excellent. However, the figures based on 
the development data must be interpreted with caution due to overfitting and the overall model 
performance, calibration, and discriminatory power was poor. Nevertheless, even a model with 
modest discrimination might be better than no model at all regarding clinical decision making 

(Moons et al., 2009; Royston and Altman, 2013). This notion may apply to the prediction of 
depressive recurrence as it is currently based on clinical judgment, which can be susceptible to 



bias (Croskerry, Singhal, & Mamede, 2013). Albeit, validated questionnaires are available to 
detect the presence of acute MDD, no tools are available for predicting future risk of recurrence in 
remitted individuals. Therefore, in the absence of existing models, one might argue that a clinician 
could include our tool to facilitate clinical decision making by using it as a prognostic yardstick 
for the time being. However, we recommend more research to develop more accurate tools 
that can be recommended for implementation into clinical practice. Eventually, it is important 
to integrate a high performance tool into the clinical decision making process. By doing so, it 
may aid in determining the intensity of monitoring on potential depressive recurrence and in 
selecting relapse prevention strategies (e.g., self-help PCT (Biesheuvel-Leliefeld et al., 2017) or 
cognitive psycho-education (Stangier et al., 2013) for the lower risk group, and face-to-face PCT, 
Mindfulness-Based Cognitive Therapy (MBCT), or the combination of PCT with maintenance 
AD for the medium to high risk group (Bockting, Hollon, Jarrett, Kuyken, & Dobson, 2015; 
Bockting et al., 2018). Altogether, more studies are needed to improve performance, validate risk 
categories, and test outcomes of implementing such a tool using impact studies.

Strengths and limitations
Strengths of the current study include the prospective longitudinal study design, the use of a 
structured clinical interview, and the external validation. Only a small number of prospective 
studies externally validate their tool and report clinical impact or usefulness, especially related 
to specific risk categories (Steyerberg et al., 2013). Several limitations have to be acknowledged. 
First, although we believe that the most consistent predictors were included, according to the 
literature there might be other easily assessable clinical factors contributing to the prediction, 
such as DSM personality disorders, history of suicide attempt, family history of MDD, and age 
at onset of MDD (i.e., Burcusa and Iacono, 2007; Hardeveld et al., 2010; Hoertel et al., 2017). Of 
these variables, only age at onset was assessed in the current study but not included because of its 
strong correlation with previous number of MDEs. We examined post-hoc whether this variable 
independently added to the model but this was not the case. Second, participants aged between 
18 and 65 were included that had experienced at least two MDEs and were predominantly 
highly educated females, which might limit the generalizability. Third, in the literature no formal 
description of risk classes is available and therefore the risk classes in the current study were 
arbitrarily constructed, taking into account the literature, clinical sensibility, and statistical 
stability (i.e., sufficiently large numbers). Fourth, calibration in the validation data was poor. 
Although model development and external validation should focus on moderate rather than 
perfect calibration (van Calster et al., 2016), our model should be further enhanced.
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