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Risk Prediction Model for Late Life Depression:
Development and Validation on Three Large

European Datasets
Luca Cattelani, Martino Belvederi Murri, Federico Chesani, Lorenzo Chiari, Stefania Bandinelli,

and Pierpaolo Palumbo

Abstract—Assessing the risk to develop a specific disease is the
first step towards prevention, both at individual and population
level. The development and validation of Risk Prediction Models
(RPMs) is the norm within different fields of medicine but still
underused in psychiatry, despite the global impact of mental
disorders. In particular, there is a lack of RPMs to assess
the risk of developing depression, the first worldwide cause of
disability and harbinger of functional decline in old age. We
present DRAT-up, the first prospective RPM to identify late life
depression among community-dwelling subjects aged 60 to 75.
The development of DRAT-up was based on appraisal of relevant
literature, extraction of robust risk estimates and integration into
model parameters. A unique feature is the ability to estimate risk
even in the presence of missing values. To assess the properties of
DRAT-up a validation study was conducted on three European
cohorts, namely ELSA, InCHIANTI and TILDA, with 20206,
1359, and 3124 eligible samples, respectively. The model yielded
accurate risk estimation in the three datasets from a small
number of predictors. The Brier scores were 0.054, 0.133, and
0.041, while the values of Area Under the Curve (AUC) were
0.761, 0.736, and 0.768, respectively. Sensitivity analyses suggest
robustness to missing values: setting any individual feature to
unknown caused Brier scores to increase of 0.004, and AUCs to
decrease of 0.045 in the worst cases. DRAT-up can be readily
used for clinical purposes and to aid policy making in the field
of mental health.

Index Terms—late life depression, prevention, risk assessment,
risk factors, risk prediction model.

I. INTRODUCTION

Risk prediction models (RPMs) are widely used in the
medical field to estimate the probability of individuals or
populations to develop a specific condition or outcome (usually
a disease), based on the knowledge on multiple risk factors [1].
RPMs can be useful both for clinical purposes and to guide
policy making. Since they are able to provide information on
specific risks of individuals, RPMs can indeed aid physicians
in decision making and clinical management. For instance,
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intensive clinical monitoring or specific clinical interventions
may be reserved only to those meeting criteria for high
clinical risk. Moreover, RPMs can be implemented by policy-
makers to plan large-scale interventions aimed at specific
subpopulations characterized by a higher risk to develop the
disease. Although to date few RPMs have been evaluated in
their economic impact, they may be also used to improve
resource allocation, thus improving the appropriateness and
cost-effectiveness of interventions [2].

So far, RPMs have been used to predict various conditions
including cardiovascular diseases [3], [4], cancer [5], surgery
outcomes [6] or hospital readmissions [7]. However, they are
still underutilized in the mental health field [8] despite the
growing relevance of mental health disorders worldwide. In
particular, depression is one of the leading causes of disability
and a major contributor to the global burden of disease1.
Furthermore, the impact of late life depression is expected to
grow significantly over the next years considering the aging
of the population [9].

Late life depression is particularly disabling: it causes
personal and familial suffering, heightens suicide risk, worsens
the outcomes of associated physical conditions and increases
healthcare costs [10], [11]. Treatments for old age depres-
sion include antidepressant drugs [12], [13] or promising
psychosocial interventions, such as psychotherapy, problem
solving therapy or physical exercise [14]–[17]. Despite this,
clinical outcomes remain suboptimal worldwide due to lack
of resources and frequent under-diagnosis [9], [18]. In recent
years, the importance of prevention and early identification
of depression has been increasingly recognized [8]. In fact,
various preventive strategies are becoming available, including
rehabilitation and psychotherapy as well as medications and
organizational strategies [19]–[21]. Moreover, the prognosis
of depression improves if treatment is delivered earlier [22].
Thus, RPMs would be particularly useful to focus preventive
strategies to individuals at high-risk for late life depression.

At present only two RPMs for late life depression have been
developed. The first was based on a path analysis of 299 older
subjects and included gender, income, education, activities of
daily living and somatic symptoms as predictors [23]. This
study was however limited by a cross-sectional design and
a low predictive power (the model explained only 28% of
the variance of the outcome). The second RPM, by Okamoto

1http://www.who.int/mediacentre/factsheets/fs369/en/
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and Harasawa, was based on a stepwise linear discrimination
analysis of a sample of 754 subjects aged 65 and older. Pre-
dictors were hearing problems, poor appetite, financial leeway,
emotional support and perceived usefulness [24]. This RPM
correctly identified 78% of subjects as depressed, but was
again based on cross sectional data, thus making it impossible
to establish its real prospective value. The reliability of existing
RPMs for late life depression is also limited by other important
features:

1) choice of predictors based on a single study featuring a
small population, often from a single geographical site;

2) exclusion of subjects with missing data, which is com-
mon in social and medical science [25];

3) lack of external validation, which severely limits the
generalizability of findings.

Given these premises, the aim of the present study, was
to develop a methodologically robust RPM for late life de-
pression. For this purpose, we implemented the following
approach:

1) a-priori appraisal of scientific literature to identify risk
factors and their distribution in the target population
(evidence-based approach) [26];

2) development of the RPM using a recently developed
methodology, that is able to work in the presence of
missing data. A similar method was implemented in a
recent RPM to predict the incidence of falls among older
subjects [27], [28];

3) validation of the model on multiple, large, longitudinal
datasets from different geographical areas.

II. METHODS

A. Development

The Depression Risk Assessment Tool DRAT-up has been
developed following the same approach employed for FRAT-
up, a Web-based fall risk assessment tool for community-
dwelling older people [27]. DRAT-up is based on probabilistic
logic. Unlike artificial neural networks and other artificial
intelligence approaches, this method does not require direct
training on data but rather on estimates derived from the
existing literature. The systematic review and meta-analysis
on risk factors for depression in community older people, by
Cole and Dendukuri [26], was used to identify the risk factors
acknowledged as statistically significant.

We call δ = (δ1, δ2, ..., δ5) the vector of the five dichoto-
mous risk factors (Table I), δi ∈ {0, 1, NA}. Namely, δi = 0,
1, or NA if, respectively, the i-th risk factor is not present, is
present, or if this information is not available. We call Y the
random variable representing future depression, Y ∈ {0, 1}.

The risk score f(δ) given by DRAT-up is the probability
of future depression after 2 years, conditional on the available
information about risk factors exposure.

As better explained in Appendix, subsection VI-A, it is
calculated as

f(δ) = 1− (1− C0)
∏
i∈K

(1− Ci)δi
∏
j∈U

(1− pjCj) (1)

TABLE I
RISK FACTORS ODDS RATIOS (OR), OR 95% CREDIBLE INTERVALS,

PREVALENCE, AND PROBABILITY CONTRIBUTIONS

OR (credible interval) [26] Prevalence Ci

Gender (female) 1.4 (1.2, 1.8) 0.530 [30] 0.024
Disability 2.5 (1.6, 4.8) 0.178 [31] 0.084
Sleep disorder 2.6 (1.9, 3.7) 0.285 [32] 0.089
Bereavement 3.3 (1.7, 4.9) 0.041 [33] 0.124
Current depression 2.3 (1.1, 7.1) 0.123 [29] 0.074

where C0 is the probability of future depression when no
risk factor is present; Ci is the probability of future depression
due to risk factor i; K (U ) is the set of risk factors on which
we have (respectively, we do not have) information about their
exposure; and pj is the prevalence of risk factor j.

The idea underlying this modelling formula is that future
depression may result from any of its risk factors, or may
occur idiopathically (i.e., due to an unexplained mechanism,
see the term C0). Risk factors for which we have information
on their exposure (risk factors i, i ∈ K) give a contribution to
the risk of depression in the product which is either 1 or 1−Ci,
depending on whether δi is 0 or 1. This term can equivalently
be rewritten as 1 − δiCi. Risk factors for which we do not
have information (risk factors j, j ∈ U ) give a contribution
to the risk in the product which is 1− pjCj , that is obtained
replacing the risk factor indicator δj with the prevalence pj .

Following the approach described in [27], the probability
contributions Ci were derived from the odds ratios reported
in [26], C0 = 0.061 was derived from [29], and the risk factors
prevalence rates from other sources [29]–[33], as detailed in
Table I.

B. Validation

DRAT-up was successively validated on three datasets of
European cohorts of older people, namely the English Longi-
tudinal Study of Ageing (ELSA) [34], [35], the Invecchiare nel
Chianti (InCHIANTI) study [36], and The Irish Longitudinal
Study on Ageing (TILDA) [37]. ELSA is designed to be used
for the investigation of a multidisciplinary set of topics rele-
vant to understanding the ageing process. Both objective and
subjective data are collected including health trajectories, dis-
ability, cognition, physical and mental health, and household
and family structure. InCHIANTI is a population-based study
of older persons living in the Chianti area in Tuscany (Italy).
It was driven by the desire to improve the understanding
in how multiple physiologic subsystems influence the ability
to walk in the long run. It includes data on physiological
and neurological impairments, disability, diseases and injuries,
and marital status. TILDA is a study on ageing that collects
information on all aspects of health, economic and social
circumstances. It presents a breadth of physical, mental health,
cognitive, social and economic measures.

We included only samples relative to subjects without
missing information on depression outcome and aged between
60 and 75 years. This choice was made to aid the early iden-
tification of depression in a crucial age [38], [39]. Therefore,
samples from the last wave and samples where the outcome
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is a missing value for other reasons (e.g. subsequent death or
refusal/impossibility to answer) were not included.

Risk factor exposure and outcome (i.e. future depression)
were operationalized in each dataset as described in Table II.
Their distributions are reported in Table III. In particular, the
‘Current depression’ risk factor is obtained by applying a cut-
off at 16 to the CES-D score in InCHIANTI and TILDA, or
at 4 to the short version CES-D in ELSA. The ‘Depression’
outcome is obtained by applying the same cut-off to the
following wave.

We chose the AUC and the Brier score as summary
performance metrics. We decomposed the Brier score in its
three constituents: reliability (REL), resolution (RES), and
uncertainty (UNC): Brier = REL−RES+UNC. Having
conditioned on the risk score, REL is the bias of risk scores
with respect to the conditional means of the observations,
RES is the variance of conditional means, and UNC is the
variance of the observations.

REL =
1

n

m∑
k=1

nk(fk − Yk)2

RES =
1

n

m∑
k=1

nk(Yk − Y )2

UNC = Y (1− Y )

Where nk is the number of observations receiving risk score
fk; m is the number of possible different risk scores fk; n =∑m
k=1 nk is the total sample size; Yk is the mean Y over all

observations receiving risk score fk; and Y is the mean Y
over all observations [40]. We compared the Brier score of
DRAT-up with the one of a dummy tool, namely a tool that
assigns to each sample the outcome prevalence assumed from
the literature. This is indeed the behaviour of DRAT-up when
information on all risk factors is missing.

We compared DRAT-up with the model developed by
Okamoto and Harasawa [24] on the ELSA and TILDA
datasets.

In ELSA, subjective usefulness was derived from the ques-
tion ‘Have you recently felt you were playing a useful part
in things?’. The four possible responses were grouped in two
categories: yes (‘better than usual’ and ‘same as usual’) and no
(‘less than usual’ and ‘much less than usual’). Feeling of eco-
nomic leeway was derived from the item ‘Shortage of money
stops me from doing things I want to do’, dichotomizing the
answers in two categories: low (‘often’ and ‘sometimes’) and
high (‘not often’ and ‘never’). Social support was derived from
summing the scores obtained on 12 questions about social sup-
port from partner, children, other immediate family members,
and friends. This total score was dichotomized based on the
median. Hearing problems were assessed from the question
‘Is your hearing (using a hearing aid as usual)’, dichotomizing
the answers in two categories: bad (‘fair’ and ‘poor’) and good
(‘excellent’, ‘very good’, and ‘good’). Appetite could not be
assessed. Subjective usefulness could not be derived in waves
2, 4, and 5.

In TILDA, subjective usefulness was derived from the 11th
item of the CASP-19 scale for quality of life in early old

age [41] (‘I feel that my life has meaning’). The four pos-
sible responses were grouped in two categories: yes (‘often’,
‘sometimes’) and no (‘rarely’, ‘never’). Feeling of economic
leeway was derived from the 9th item of CASP-19 (‘Shortage
of money stops me from doing the things that I want to do’),
dichotomizing the answers in two categories: low (‘often’ and
‘sometimes’) and high (‘not often’ and ‘never’). Social support
was derived from dichotomizing the Berkman-Syme Social
Network Index [42] on its mean score. Appetite was derived
from dichotomizing the second item of the CES-D scale (‘I
did not feel like eating; my appetite was poor’): poor (3-7 days
during the last week) and good (2 days or less during the last
week). Hearing problems were derived from the respondents
self-rated hearing: bad (‘fair’, ‘poor’) and good (‘excellent’,
‘very good’, ‘good’).

Missing values were replaced by prevalence rates reported
in [24]. We judged that the InCHIANTI dataset could not be
harmonized to calculate the Okamoto score.

C. Unknown values

DRAT-up manages missing input information (i.e. unknown
risk factor exposure) the same way as FRAT-up [27]. More
in particular, the risk score is calculated averaging over the
distribution of missing values (formula 1).

In order to test its robustness under these circumstances, we
calculated how its performance varies for different percentages
of missing values, from the original percentage in the dataset
up to 100%, with subjects taken to be missing randomly
sampled.

More in particular, we call ai,o the fraction of missing values
on the i-th risk factor in the dataset at hand. We define the
mixture distribution

Pi(γ) = (1− γ)Po + γPi,NA

where γ ∈ [0, 1], Po is the data distribution in the dataset and
Pi,NA is the distribution of data after imposing δi = NA on
all the samples. For γ that ranges from 0 to 1, the fraction
of missing values on the i-th risk factor in the Pi(γ) mixture
ranges from ai,o to 1.

For each risk factor i, we have calculated the Brier score
and the AUC as functions of the fraction of missing values
on i, using the results for mixture distributions reported in
Appendix, subsection VI-B. As a benchmark, we have further
calculated them numerically, averaging over 1000 random
mixtures for each γ.

III. RESULTS

DRAT-up was validated on 24689 samples, relative to 11704
individuals, from the 3 datasets, as detailed in Table IV.

A. Performance

The AUC, the Brier score, and its three components attained
by DRAT-up on the 3 datasets are reported in Table V. 95%
confidence intervals (CI) are computed with 1000 iterations of
the bootstrap method. The AUC ranged from 0.736 in InCHI-
ANTI to 0.768 in TILDA. Receiver operating characteristic
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TABLE II
OPERATIONAL DEFINITIONS OF RISK FACTORS AND OUTCOME IN EACH DATASET. ADL, IADL, AND CES-D STAND FOR ACTIVITIES OF DAILY LIVING,

INSTRUMENTAL ADL, AND CENTER FOR EPIDEMIOLOGIC STUDIES DEPRESSION SCALE.

ELSA InCHIANTI TILDA
Gender Gender item Gender item Gender item
Disability ADL or IADL >0 ADL or IADL >0 ADL or IADL >0
Sleep disorder CES-D item 11 >0 “How would you rate your overall sleep

quality during the last month?” score 3-
4 (poor or very poor)

Rating “Most of the time” at any of
the 3 items on: daytime sleepiness, dif-
ficulty falling asleep, early waking

Bereavement Not used Widow for 0-12 months Not used
Current depression Short version CES-D ≥4 CES-D ≥16 CES-D ≥16
Depression Short version CES-D ≥4 after 2 years CES-D ≥16 after 3 years CES-D ≥16 after 2 years

TABLE III
PREVALENCE RATES OF RISK FACTORS AND OUTCOME IN EACH DATASET. SHARES OF RESPECTIVELY TRUE, FALSE, AND UNKNOWN. 95% CONFIDENCE

INTERVALS IN BRACKETS.

ELSA InCHIANTI TILDA
Female 0.540 (0.533, 0.546) / 0.460 (0.454,

0.467) / 0.000
0.528 (0.503, 0.553) / 0.472 (0.447,
0.497) / 0.000

0.530 (0.512, 0.547) / 0.470 (0.453,
0.488) / 0.000

Disability 0.197 (0.192,0.203) / 0.802 (0.796,
0.808) / 0.001 (0.001, 0.001)

0.102 (0.0854, 0.119) / 0.898 (0.881,
0.915) / 0.000

0.107 (0.097, 0.118) / 0.893 (0.882,
0.903) / 0.000

Sleep disorder 0.379 (0.373, 0.385) / 0.611 (0.605,
0.617) / 0.010 (0.008, 0.011)

0.241 (0.219, 0.265) / 0.752 (0.728,
0.776) / 0.007 (0.003, 0.011)

0.322 (0.305, 0.338) / 0.678 (0.661,
0.695) / 0.000 (0.000, 0.001)

Bereavement 0.000 / 0.000 / 1.000 0.012 (0.006, 0.018) / 0.988 (0.982,
0.994) / 0.000

0.000 / 0.000 / 1.000

Current depression 0.053 (0.050, 0.056) / 0.937 (0.933,
0.940) / 0.010 (0.009, 0.012)

0.149 (0.132, 0.169) / 0.846 (0.827,
0.864) / 0.005 (0.001, 0.009)

0.042 (0.035, 0.049) / 0.956 (0.949,
0.964) / 0.002 (0.001, 0.004)

Depression 0.055 (0.052, 0.058) / 0.945 (0.942,
0.948) / 0.000

0.171 (0.151, 0.191) / 0.829 (0.809,
0.849) / 0.000

0.039 (0.032, 0.046) / 0.961 (0.954,
0.968) / 0.000

TABLE IV
NUMBER OF INCLUDED WAVES, PERSONS AND SAMPLES BY DATASET

ELSA InCHIANTI TILDA
Sample years by wave 2002-2003,

2004-2005,
2006-2007,
2008-2009,
2010-2012

1998-2000,
2002-2003,
2004-2006

2010-2012

Last wave (outcome only) 2012-2013 2007-2009 2012-2013
Persons 7920 660 3124
Samples 20206 1359 3124

TABLE V
PERFORMANCE. 95% CONFIDENCE INTERVALS IN BRACKETS.

ELSA InCHIANTI TILDA
AUC 0.761

(0.746, 0.775)
0.736
(0.703, 0.769)

0.768
(0.717, 0.815)

Brier score 0.054
(0.052, 0.056)

0.133
(0.118, 0.148)

0.041
(0.036, 0.045)

Reliability 0.008
(0.008, 0.009)

0.015
(0.011, 0.023)

0.010
(0.009, 0.012)

Resolution 0.006
(0.005, 0.007)

0.023
(0.018, 0.032)

0.006
(0.004, 0.010)

Uncertainty 0.052
(0.049, 0.054)

0.142
(0.127, 0.154)

0.037
(0.031, 0.044)

(ROC) curves are displayed in Fig. 1. The Brier score is
dominated by the uncertainty term, which only depends on the
prevalence of depression, and mainly explains the differences
of the Brier score in the three cohorts.

The AUCs for the Okamoto score on the ELSA and TILDA
datasets are respectively 0.672 (95% CI 0.657-0.690) and
0.683 (95% CI 0.628-0.735).

Fig. 1. ROC curve of DRAT-up on the three validation datasets.

B. Robustness to missing/unknown values
Results from the analysis on the robustness to missing

values are shown in Figures 2 and 3. The AUC decreased
at most by 0.045. The Brier score increases at most of 0.004,
thus reaching the skill of the dummy tool in the worst case.

IV. DISCUSSION

The present study reports on DRAT-up, an evidence-based
RPM to identify depression among community-dwelling older
adults. By employing a novel approach to risk calculation [27]
and using only five predictors, DRAT-up yielded a fairly accu-
rate estimate of incident depression while overcoming the most
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Fig. 2. Robustness of the AUC of DRAT-up to missing values. AUC is displayed as a function of the fraction of missing values on the single risk factors for
the three validation datasets.

Fig. 3. Robustness of the Brier score of DRAT-up to missing values. The Brier score is displayed as a function of the fraction of missing values on the
single risk factors for the three validation datasets. The dashed line (labeled as ’Dummy’) indicates the performance of DRAT-up when no information on
risk factor exposure is available on any sample. In this case DRAT-up assigns to each sample the depression prevalence rate assumed from the literature.

important methodological shortcomings of previous models
[8]. Upon direct comparison with a previously-proposed RPM
[24], DRAT-up showed a higher discriminative ability.

DRAT-up was developed using robust evidence on risk
factors that are specific for depression among older individ-
uals, obtained from prospective studies over a medium term
period [26]. The review allowed to identify a-priori robust,
reliable predictors while excluding a number of factors that
are likely to be spuriously associated with depression. The
model was validated on three large epidemiological datasets
from different parts of Europe to establish its reliability in
different populations, without the need for a localized training
procedure.

As presently elaborated, DRAT-up was characterized by a
fair performance in all three datasets, with similar ROC curves.
Taking together, these features constitute an important step
forward from previous RPMs within the mental health field,
underlined in a recent literature review [8]. Another important
strength of DRAT-up is the ability to estimate risk even in the
presence of missing values, which is critical issue in risk pre-
diction. Very few RPMs, to our knowledge, take into account
the presence of missing data [25], [43]. In our study, missing
data was replaced with evidence from epidemiological studies,
i.e. the prevalence of each factor in the target population.
This method proved to be effective: in most cases, it was
possible to remove data for each predictor at a time without

strongly affecting the model performance in terms of AUC
values and Brier scores. However, the importance of each
factor may be different, and it may change between different
datasets. For instance, despite the absence of information on
bereavement in ELSA and TILDA, the model performance
was not largely affected. Similarly, the removal of bereavement
from the InCHIANTI dataset had a very small impact on the
performance of the model. Bereavement is associated with the
greatest risk for incident depression (OR=3.3), but its impact
may be limited likely because of an overall low prevalence
at population-level. On the contrary, the removal of the risk
factor ‘Current depression’ caused the Brier score to approach
the performance of the dummy tool in ELSA and TILDA.

To wholly interpret the results of this study, some further
issues need to be discussed.

First, the performance of the model presented nontrivial
differences between the three datasets, and this may depend on
different reasons. The cohorts are expected to be intrinsically
different, and this improves the evaluation of the model gen-
eralizability. For instance, we encountered an almost double
prevalence of disability in the ELSA population than among
InCHIANTI or TILDA; depression baseline prevalence was
much higher in InCHIANTI than other datasets despite similar
definitions. These differences may partly reflect true popula-
tion heterogeneity. An additional degree of heterogeneity may
depend on methodological factors, such as the operational
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definitions of the predictors or the outcome. For instance,
the incidence of newly-diagnosed depression was greater in
InCHIANTI than in the other datasets. This may partially de-
pend on the longer timeframe between predictor and outcome
assessment (after 3 years for InCHIANTI as opposed to 2 years
for the other datasets). Future studies should validate RPMs on
cross-country data employing homogeneous methodologies.

Second, the predictors employed in the model were iden-
tified from a methodologically rigorous, albeit dated, meta-
analysis [26]. Despite being the most methodologically rigor-
ous review available, an update of the evidence could further
improve the model and is underway. The model will be further
extended to include other relevant predictors, such as social
and geographical factors [44]–[47], marital status [48] and
presence of chronic diseases [49]–[51].

Third, in all datasets used for validation of the model,
depression was defined based on the CES-D questionnaire.
The CES-D is generally considered an accurate and reliable
indicator of the diagnosis of Major Depression in younger
and older individuals, but there has been debate on which cut-
off score represents the best choice. Recently, a meta-analysis
suggested that a cut-off of 20 instead of 16 could slightly
improve specificity, although at the price of a small decrease
of sensitivity [52]. Several reports based on the InChianti
study have used 20 as a cut-off score [53], while those from
TILDA more often used 16 [54]. In the present study we have
chosen to adopt the more inclusive cut-off score of 16, in
consideration of the clinical importance of mild depression
in older populations [55]. Nonetheless, future studies should
validate these findings using the cut-off of 20 or other reliable
indicators of depression.

Lastly, DRAT-up is based on data about community-
dwelling individuals, and its validity among institutionalized
subjects yet remains to be determined.

V. CONCLUSION

In conclusion, DRAT-up is a new risk prediction model
to identify late life depression among community-dwelling
individuals, two to three years in advance, using only five
simple predictors. The development of DRAT-up overcomes
several important methodological shortcomings that hampered
previous studies, namely cross-sectional design, model devel-
opment from a single dataset, inability to cope with missing
data and lack of external validation [8]. Whereas, DRAT-
up yielded a fair accuracy on large datasets from different
European countries, and was able to cope with missing data.

Further improvements of DRAT-up could derive from the
inclusion of other predictors derived from robust scientific
evidence, calibration based on population-specific estimates
(e.g. at catchment area level) and periodic updates [56].
Moreover, further studies are required to evaluate the clinical
consequences of this model [57]. Although depression is a
significant predictor of incident disability in most studies [58],
[59], accurate prediction does not necessarily translate to in-
creased clinical attention or better outcomes. Novel treatments
for late life depression and their implementation into the
community are urgently needed [60]. Clinicians and policy

makers may use DRAT-up to aid the early identification of
subjects at-risk for depression [22]. Moreover, DRAT-up may
be used to increase the specificity of preventive interventions
against depression in order to improve the clinical outcomes
while reducing disability and societal costs [61], [62]. Clearly,
further studies are necessary to establish the optimal corre-
spondence between varying degrees of depression risk and
appropriate interventions. Meanwhile, this study confirms the
feasibility of RPMs in the mental health field.

Clinicians and policy makers may take advantage from this
model in service planning or clinical activity.
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VI. APPENDIX

A. Justification of Equation 1

Here we show that Equation 1 gives the output risk score
f(δ) as the probability of future depression conditional on the
available information about risk factors exposure.

As our model assumption, when exposure on all risk factor
is known (i.e. K = {1, 2, ..., 5}), the output risk score f(δ) is
given by the ’noisy-or’ formula

f(δ) = P (Y = 1|δi, i ∈ K) = P (Y = 1|δ) =

1− (1− C0)
5∏
i=1

(1− Ci)δi .

We now partition the set of risk factor indices {1, 2, ..., 5}
in K, U , and a singleton {s}, and proceed by induction on the
set U . In particular, we calculate the output risk score f(δ) for
the case of δs unknown, starting from the case of δs known.

When δs is known, we assume that the output risk score
f(δ) is given by

f(δ) = P (Y = 1|δi, i ∈ K ∪ {s}) =

1− (1− C0)
∏

i∈K∪{s}

(1− Ci)δi
∏
j∈U

(1− pjCj).

From the conditional probability law we have

P (Y |δi, i ∈ K) =

P (Y |δs = 1, δi, i ∈ K)P (δs = 1|δi, i ∈ K)+

P (Y |δs = 0, δi, i ∈ K)P (δs = 0|δi, i ∈ K).

Considering δs independent from any δi with i 6= s, and
P (δs = 1) = ps as it is assumed by our model, it is easy to
derive that the output risk score f(δ) when δs is unknown is
given by

f(δ) = P (Y = 1|δi, i ∈ K) =

1− (1− C0)
∏
i∈K

(1− Ci)δi
∏

j∈U∪{s}

(1− pjCj)

which concludes our proof by induction. We note that under
our modeling assumptions, the output risk score f(δ) is given
by the product of a number of terms that does not depend on
the number of unknown risk factors. Instead, more generally
the output risk score f(δ), defined as a conditional probability
on the risk factors with available information, would be
calculated as the summation over a number of terms that grows
exponentially with the number of unknown risk factors.

B. Brier score and AUC of mixture distributions

Given a mixture distribution Pm = γP1+(1−γ)P2 with γ ∈
[0, 1], here we show that the Brier score is an affine function
of the mixture parameter γ, while the AUC is quadratic. The
proofs trivially follow from the definitions.

The Brier score is defined as the expected value of the
squared difference between the outcome and the risk score:

Brier(f, Pδ,Y ) = E[(Y − f(δ))2]

where the expectation is taken over the distribution Pδ,Y of
(δ, Y ). Thus, it follows that the Brier score is linear in its
second argument in the sense that,

Brier(f, Pm) = γBrier(f, P1) + (1− γ)Brier(f, P2).

which shows that the Brier score is affine in γ.
We proceed analogously for the AUC. AUC is defined as

AUC(f, P ) = EP (δh|Y h=0)[EP (δd|Y d=1)[I(δ
h, δd)]]

where

I(δh, δd) =


1 if f(δd) > f(δh)

0 if f(δd) < f(δh)

1/2 otherwise

Here d and h are used as superscripts.
We further define ÃUC, an extended version of AUC:

ÃUC(f, P1, P2) = EP1(δh|Y h=0)[EP2(δd|Y d=1)[I(δ
h, δd)]]

where P1 and P2 are distinct probability distributions of
(δ, Y ). Clearly, ÃUC(f, P, P ) = AUC(f, P ).

As above, we consider the mixture distribution Pm.
In our case, we forcefully introduce missing values on
δ without altering Y , thus P1(Y ) = P2(Y ) and
the mixture holds also for the conditional distributions:
Pm(δ|Y ) = γP1(δ|Y ) + (1− γ)P2(δ|Y ). Therefore

AUC(f, Pm) = ÃUC(f, Pm, Pm) =

γ2AUC(f, P1) + (1− γ)2AUC(f, P2)

γ(1− γ)[ÃUC(f, P1, P2) + ÃUC(f, P2, P1)]

which shows that AUC is quadratic in γ.
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