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Objective: The Identifying Depression Early in Adolescence Risk Score (IDEA-RS) was recently
developed in Brazil using data from the Pelotas 1993 Birth Cohort to estimate the individualized
probability of developing depression in adolescence. This model includes 11 sociodemographic
variables and has been assessed in longitudinal studies from four other countries. We aimed to test
the performance of IDEA-RS in an independent, community-based, school-attending sample within the
same country: the Brazilian High-Risk Cohort.
Methods: Standard external validation, refitted, and case mix-corrected models were used to predict
depression among 1442 youth followed from a mean age of 13.5 years at baseline to 17.7 years at
follow-up, using probabilities calculated with IDEA-RS coefficients.
Results: The area under the curve was 0.65 for standard external validation, 0.70 for the case mix-
corrected model, and 0.69 for the refitted model, with discrimination consistently above chance for
predicting depression in the new dataset. There was some degree of miscalibration, corrected by
model refitting (calibration-in-the-large reduced from 0.77 to 0).
Conclusion: IDEA-RS was able to parse individuals with higher or lower probability of developing
depression beyond chance in an independent Brazilian sample. Further steps should include model
improvements and additional studies in populations with high levels of subclinical symptoms to
improve clinical decision making.
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Introduction

Depression is a leading cause of years lived with disability
worldwide.1 It often begins in adolescence and early
adulthood,2,3 placing a significant burden on adolescents’
lives and increasing the likelihood of many negative
outcomes.4 Depression also has considerable social and
economic impacts5 and not infrequently presents as a

chronic recurring disorder associated with lifelong dis-
ability, even when affected individuals receive appropriate
treatment.6

Early identification of adolescents at high risk for the
onset of major depressive disorder (MDD) may be an
essential step for the development and implementation
of preventive interventions with potential to improve the
prognosis of at-risk individuals.7 In contrast to the search
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for single risk factors, the agenda of prognostic medicine
now hinges on the combination of multiple risk factors into
single composite scores and use of predictive modeling
techniques to provide estimates of risk on an individual
level rather than group-based averages.8 Several risk
models for predicting mental health disorders have been
developed in recent years,9 although most still lack inde-
pendent external validation.10 There has been an increase
in the development and validation of prediction models for
child and adolescent mental health, but poor performance,
methodological limitations, and lack of external validation
are still obstacles to translation into clinical practice.11

The Identifying Depression Early in Adolescence
(IDEA) consortium7 recently developed a model to pre-
dict individualized risk of developing depression in late
adolescence using data from the population-based 1993
Pelotas Birth Cohort, located in the south of Brazil.12

The IDEA risk score (IDEA-RS) encompasses 11 easily
obtainable predictors assessed at the age of 15 in that
cohort (sex, skin color, drug use, having ever failed
school, social isolation, involvement in fights, relationship
with mother, relationship with father, relationship between
parents, childhood maltreatment, and having ever run
away from home) and presented good ability to discrimi-
nate between adolescents who did and did not develop
MDD at the age of 18 years (area under the receiver
operating characteristic curve [AUC] = 0.78).12 Develop-
ing models for common mental health disorders including
known risk factors that can be investigated in low-cost
settings may represent a major advance toward imple-
menting early recognition and intervention. Testing the
performance of the IDEA-RS in predicting MDD in
external settings is an essential step to facilitate its
translation into clinical practice and inform targeting of
preventive interventions. To date, the IDEA-RS has been
externally validated in four independent cohorts: nation-
ally representative birth cohorts in the United Kingdom
(AUC = 0.59) and New Zealand (AUC = 0.63),12 a sample
of children exposed to war who were receiving services
from humanitarian organizations in Nepal (AUC = 0.73),13

and a representative school-based sample in Lagos,
Nigeria (AUC = 0.62).14 In the present study, we had the
opportunity to investigate the ability of the IDEA-RS to
predict the individualized risk of developing a depressive
episode by late adolescence in a second independent
cohort of adolescents from the same country as the
original study (Brazil), in a sample enriched for parental
psychopathology.

Methods

Sample and participants

We analyzed data from a sample of the Brazilian High-
Risk Cohort for Psychiatric Disorders (BHRC), a school-
based sample enriched for youth at high-risk of psychia-
tric disorder. The BHRC is a longitudinal cohort designed
to assess the trajectory of mental health problems in
young people.15 The BHRC sample recruited students
from 57 public schools in two major Brazilian cities (35 in
São Paulo and 22 in Porto Alegre). Parents of 9,937

children were interviewed with the Family History Screen.16

An index of family load was calculated considering the
presence of symptoms in the biological mother, biological
father, biological siblings, and half-siblings.15 A total of
2,511 participants were assessed at baseline (Wave 0, at
age 6-14 years): 957 youths were randomly selected and
1,554 were selected as being at high-risk for psychiatric
disorders, based on the presence of high family loading
of psychopathology as determined by the Family History
Screen. The BHRC study received approval from the
local ethics committee, and written informed consent was
obtained from a parent or guardian, in addition to the
participant’s assent.

Data included in this study were extracted from Wave 1
(collected in 2014-2015, at age 9-17 years, retention
rate = 80.0%) and Wave 2 assessments (2018-2019, at
age 13-23 years, retention rate = 75.9%). Further details
on data collection and retention for the BHRC are
available as online-only supplementary material in Figure
S1. We selected these two timepoints to closely resemble
the characteristics of the original IDEA-RS development
study,12 particularly in regard to puberty status at baseline
and to the interval between assessments.

Following the protocol used in the development of the
IDEA-RS,12 the exclusion criteria were having an intelli-
gence quotient (IQ) lower than 70, having any depressive
disorder (major depressive disorder, other depressive
episode, or any undifferentiated anxiety/depression dis-
order) at previous assessments, and having no evidence of
puberty (Tanner stage o 2). After applying the exclusion
criteria, a total of 1,442 participants (71.7% from Wave 1)
were included in the present study (Figure 1). Participants
included vs. not included in this study were similar in age
and number of years of education (p 4 0.05) but differed
significantly in sex and socioeconomic status (p o 0.05).
There were proportionally more males in the included
sample (58.8%) than in the not-included sample (50.2%)
and fewer adolescents of lower socioeconomic status in
the included vs. not-included sample (8.8% vs. 12.8%,
respectively).

Predicting variables

Eight predictor variables were used in this model: sex,
skin color, childhood maltreatment, school failure, social
isolation, fights, ran away from home, and drug use.
Predictor variables were evaluated at Wave 1 in the
BHRC. Three variables from the original IDEA-RS model
were not available in the BHRC dataset and were not
included: relationship with mother, relationship with
father, and relationship between parents. All included
variables were selected and harmonized with the original
IDEA-RS. Table S1, available as online-only supplemen-
tary material, presents further details on the definition and
assessment of the variables, which closely matched the
predictors used in the IDEA-RS model.

Outcome variable

The outcome of interest was a categorical diagnosis of
major depressive episode (MDD), other depression, or
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mixed anxiety-depression disorder at Wave 2 of the BHRC,
assessed using the Development and Well-Being Behavior
Assessment (DAWBA).17,18 Depressive symptoms were
assessed during the past month (current depression). The
DAWBA is a structured interview that generates diagnoses
according to the DSM-IV criteria.19 It was administered by
lay interviewers to parents or primary caregivers in Wave 0
and both to parents or primary caregivers and to the child
or adolescent in Waves 1 and 2, and further rated by
trained supervised psychiatrists. All interviewers were
extensively trained by the research team and their work
was subject to constant supervision throughout the project.
Diagnoses were assigned by one of nine trained psychia-
trists via a computerized platform using the information
acquired during the interviews. These psychiatrists were
trained by attending several meetings led by a senior child
psychiatrist with significant experience rating the DAWBA.
A second child psychiatrist rated a total of 200 interviews,
and the kappa values between raters for the main diag-
nosis was high (0.80 for any disorder and 0.85 for emo-
tional disorders).15

Statistical analysis

The original IDEA-RS using data from the Pelotas
1993 Birth Cohort was a logistic-regression predictive
model developed using penalized maximum likelihood

estimation (to minimize overfitting). The original model
comprising 11 predictors of adolescent depression12 was
recreated in the original sample, eliminating the three
predictors that were not available in the BHRC. Standard
external validation was used to predict depression in the
BHRC sample. The regression coefficients of the model’s
predictors and intercept were re-estimated in the BHRC
sample (refitted model). A case mix-corrected model was
also evaluated, as suggested by Steyerberg & Vickers.20

Differences in participants’ characteristics between the
development and validation samples can impact external
validation. To account for that, the impact of differences
in case-mix on the model’s validation performance was
quantified. For this analysis, we assume that the regres-
sion coefficients for assessed predictors and the model
intercept are fully correct for the validation setting. On
simulating the outcome from the observed case-mix in the
development sample, assuming the prediction model is
correct for the new sample, differences in performance
between the development and validation assessments
suggest real differences in the weights of the regression
coefficients.

The performance of the model was evaluated regarding
discrimination and calibration properties. Discrimination –
the model’s ability to separate those at higher risk of
having an event from those at lower risk – was assessed
by the AUC,21 a widely used metric of performance of

Figure 1 Flow diagram of participants from the Brazilian High-Risk Cohort included in the analysis. DAWBA = Development
and Well-Being Behavior Assessment.

Braz J Psychiatry. 2023;45(3)

244 GR Cunha et al.



prediction models.22 The AUC-evaluated discriminative
ability of the test can be interpreted as the probability that
a randomly selected subject with the condition has a
higher risk score than that of a randomly chosen subject
without the condition.22 The AUC value should be
between 0.50 and 1; values 4 0.50 indicate better-than-
chance discrimination, and the closer the AUC value to 1,
the better the model is able to discriminate between
adolescents with and without depression at follow-up.
Calibration refers to the agreement between model
predictions and observed endpoints – in this case, actual
observed rates of depression, This was assessed using
calibration-in-the-large and calibration slope statistics.23

The calibration intercept (calibration-in-the-large) com-
pares the mean of all predicted risks with the mean
observed risk and has a target value of 0; negative values
indicate overestimation, whereas positive values suggest
underestimation. The calibration slope evaluates the
spread of the estimated risks and has a target value of 1.
The Brier score is influenced by both discrimination
and calibration simultaneously, and is used to give
an indication of the overall performance of the model.20

The Brier score estimates the mean squared distance
between the observed (actual rates of depression) and
expected (model predictions) outcomes. A lower Brier
score (closer to zero) indicates more accurate predic-
tions. Harrel’s Emax, describing the maximal absolute
difference between observed and predicted probabilities
of the outcome, was used to assess model calibration.

Results

A total of 1,442 students were included in the final analyses
(a flowchart is shown in Figure 1), predominantly male
(58.3%). Mean age at Wave 1 was 13.47 years (SD 1.88);
the youngest individual was 9.21 and the oldest was 17.46.
Mean age at Wave 2 was 17.72 years (SD 1.92), with the
youngest individual aged 13 and the oldest aged 23.

Figure 2 presents descriptive variables for predictors
included in the BHRC and Pelotas samples. There were

some differences between the two samples regarding the
frequencies of these variables (Figure 2). Female sex,
school failure, drug use, fight involvement, and ran away
from home were proportionally more frequent in the BHRC
sample than in the original Pelotas sample. The prevalence
of a depressive episode during follow-up was 12.4%
(n=158), with an events per variable (EPV) ratio of 19.75.

The model’s AUC (the measure assessing its discrimi-
native capacity) was 0.65 (bootstrap-corrected 95%CI
0.60-0.68), lower in the BHRC than in the original sample
(Table 1). The AUC for the case mix-corrected model was
0.70, suggesting differences in the weights of the
regression coefficients. The AUC for the refitted model –
i.e., corrected using coefficient estimates deemed optimal
for the validation data – was 0.69. Overall performance
was good (Brier score of 0.12), but worse than in the
original dataset. There was some degree of miscalibra-
tion, improving significantly in the refitted model, where
calibration-in-the large reduced from 0.77 to 0.

Discussion

External validation of prognostic models in medicine is a
critical step to support utilization of these models in
clinical and research settings. The IDEA-RS is a tool to
predict adolescent depression that was developed in the
Brazilian Pelotas 1993 Birth Cohort and validated in four
samples in different countries. In the present study, we
extend its replication to a fifth independent sample based
in Brazil to assess how it performs within the country in
which it was developed.

There was a 65% probability that a randomly selected
adolescent who developed depression at ages 13 to 23
would have a higher risk score at a mean age of 13.5 than
a randomly selected adolescent who did not develop
depression at a mean age of 17.7 years. The discrimina-
tive ability in the BHRC cohort (AUC = 0.65) was slightly
superior to its performance in the UK (AUC = 0.59),
New Zealand (AUC = 0.63), and Nigerian (AUC = 0.62)
cohorts, but lower than in Nepal (AUC = 0.73).12-14

Figure 2 Prevalence of risk variables in the Pelotas 1993 Birth Cohort (n=7,229) vs. Brazilian High-Risk Cohort (n=1,442), with
95% CIs. Proportions do not reach 100% because the figure only shows responses that indicate risk for the variables.

Braz J Psychiatry. 2023;45(3)

External validation of a depression risk score 245



The AUC increased to 0.70 in the case mix-corrected
model, indicating acceptable discrimination.22

The model underestimated the true observed rate of
depression in the sample and achieved unsatisfactory
calibration; the refitted model, however, demonstrated a
significant improvement in calibration. The difference
in outcome prevalence (lower in the Pelotas sample)
may have impacted calibration. This may be at least in
part explained by the difference between samples. The
sample in this study differed from the original study,
since the majority of children included were selected on
the basis of a high index of family load for psychiatric
disorders. The risk of developing a mental disorder,
including depression, is significantly higher among the
offspring of parents with a mental disorder.24,25 Having a
parent diagnosed with a mental disorder also seems to
impact prognosis when children receive a psychiatric
diagnosis. Depression in adolescents is more severe and
is associated with higher impairment when parents also
have a depressive disorder.26 Differences in the pre-
valence of predicting variables may also impact the
results, since it expectedly changes pretest and post-test
probabilities. This can ultimately lead to a loss of obser-
ved performance in external validation procedures.

External validation helps determine if the model’s
predictive performance will remain stable in different
populations with similar data acquisition, determining the
extent to which information in the model can be applied
generally across different samples. However, inherent
differences in populations and data collection methods
usually impacts model performance. This is the case for
differences in disease prevalence, which may have a

significant impact on the accuracy of prediction models.27

As expected, correcting for such differences in the refitted
model yielded better performance measures. Another
reason for differences in model performance is that the
effect of predictor variables may vary in different sub-
groups in a non-linear way, which may be missed when
developing the model.28 In this high-risk sample, family
load of mental illness may add additional layers of com-
plexity to how predictor variables interact, which is in turn
difficult to predict.

This study is not without limitations. Data harmoniza-
tion was not perfect (three variables were not available)
and this may have impacted the external validation
results. Risk factors in the Pelotas cohort were assessed
at age 15. Since the BHRC is not a birth cohort, risk
factors were assessed at different ages (between 9 and
17 years), so both samples were different when consider-
ing the timing of assessment of the at-risk component as
well as the outcome of a depressive episode. Cumula-
tive prevalence of the risk factors is expected to vary,
increasing as the population gets older, which may
account for differences in prevalence of the predictor
variables. Differences in the prevalence of risk factors
were also evident between the two samples, which
contributes to case-mix variation and is a key cause of
heterogeneity in model performance across different
populations.28 Additionally, differences in outcome pre-
valence may impact calibration. Finally, how the model
performs in real world situations is still to be determined.

In conclusion, this model with eight easily obtainable
sociodemographic predictors was able to predict depres-
sion beyond chance among adolescents in a diverse

Table 1 Comparative results for each step of model validation in the two cohorts

Pelotas cohort Brazilian High-Risk Cohort

Performance
parameter Description

Apparent
validation

Internal
validation

External
validation

Case-mix-
corrected
modelw

Refitted
model=

C-statistic Concordance statistic, equal to the area
under the curve of the receiver operating
characteristic (AUC-ROC) in binary
endpoints.

0.78 0.71 0.65 0.70 0.69

Calibration-in-the-large An overall measure of calibration,
compares mean observed with mean
predicted in the validation dataset.

0.00 0.02 0.77 -0.01 0.00

Calibration slope Measure of agreement between observed
and predicted risk of the event (outcome)
across the whole range of predicted
values.

1.26 1.00 0.71 1.00 1.00

R2 Measure of overall goodness-of-fit of
the model.

0.12 0.06 -0.43 0.06 0.10

Brier score Quadratic scoring rule that combines
calibration and discrimination.

0.03 0.03 0.12 0.02 0.10

Emax Maximum absolute error in predicted
probabilities.

0.19 0.03 0.40 0.00 0.12

Available information for
model validation

100% 93.10%

Apparent validation: the model is evaluated directly in the derivation cohort; internal validation using bootstrapping evaluation with 1,000
iterations; external validation using the linear predictor derived from the selected Pelotas model.
Higher results for C-statistic and R2, lower results for Brier score and Emax, results closer to 0 for Calibration-in-the-large, and results closer to
1 for Calibration slope indicate better model performance.
wReference values indicating the model’s performance under the assumption that the Pelotas model coefficients are fully correct for the
validation setting, simulating a similar case mix between samples.20
=Reference values indicating the model’s performance after refitting predictor variable coefficients that would be optimal for the validation sample.20
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sample from the same country where it was developed.
Further steps should include model improvements by
adding other risk factors for depression, including
biological metrics29 such as polygenic risk scores, and
pilot studies to assess its feasibility and acceptability in
healthcare settings, as well as its utility in clinical decision
making. A non-comparative research design is usually
employed in early stages, such as a cross-sectional
survey to determine how clinicians incorporate the
investigation of risk factors to routine assessment and
identify possible barriers to implementation. As a next
step, comparative research designs may investigate
potential effects of implementing the model, such as
reduction in the incidence of a depressive episode. Risk
thresholds may be needed to identify high-risk patients in
clinical practice, and this decision must consider the
possible benefits and harms of true and false positives,
which may vary according to the clinical context. For this
purpose, cost-effectiveness analysis for nonpharmacolo-
gical interventions may be appropriate.
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