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DEVELOPMENT AND VALIDATION OF A PREDICTION
ALGORITHM FOR USE BY HEALTH PROFESSIONALS IN

PREDICTION OF RECURRENCE OF MAJOR DEPRESSION

Jian Li Wang, Ph.D.,1,2∗ Scott Patten, M.D., Ph.D.,1,2 Jitender Sareen, M.D.,3 James Bolton, M.D.,3
Norbert Schmitz, Ph.D.,4 and Glenda MacQueen, M.D.1

Background: There exists very little evidence to guide clinical management for
preventing recurrence of major depression. The objective of this study was to
develop and validate a prediction algorithm for recurrence of major depression.
Methods: Wave 1 and wave 2 longitudinal data from the U.S. National Epi-
demiological Survey on Alcohol and Related Condition (2001/2002–2003/2004)
were used. Participants with a major depressive episode at baseline and who
had visited health professionals for depression were included in this analysis
(n = 2,711). Mental disorders were assessed based on the DSM-IV criteria.
Results: With the development data (n = 1,518), a prediction model with 19
unique factors had a C statistics of 0.7504 and excellent calibration (P = .23).
The model had a C statistics of 0.7195 in external validation data (n = 1,195)
and 0.7365 in combined data. The algorithm calibrated very well in validation
data. In the combined data, the 3-year observed and predicted risk of recur-
rence was 25.40% (95% CI: 23.76%, 27.04%) and 25.34% (95% CI: 24.73%,
25.95%), respectively. The predicted risk in the 1st and 10th decile risk group
was 5.68% and 60.21%, respectively. Conclusions: The developed prediction
model for recurrence of major depression has acceptable discrimination and ex-
cellent calibration, and is feasible to be used by physicians. The prognostic model
may assist physicians and patients in quantifying the probability of recurrence
so that physicians can develop specific treatment plans for those who are at high
risk of recurrence, leading to personalized treatment and better use of resources.
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INTRODUCTION
Major depression has a high rate of recurrence after
recovery.[1–3] For physicians who treat patients with ma-
jor depression, once the depressive episode is remitted,
the goal of the next treatment stage is to prevent recur-
rence of a new episode.[4] This treatment stage is very
challenging and there exists very little evidence to guide
clinical management. In the NICE guidelines for depres-
sion, number of previous episodes of depression, residual
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symptoms and concurrent physical health problems, and
psychosocial difficulties are considered as risk factors for
recurrence of depression.[5] The Canadian CANMAT
guidelines for depression specify three or more episodes
as a risk factor for recurrence.[6] In community-based
studies, younger age, younger age of onset, family history
of depression, previous episodes, duration of the episode,
residual symptoms, smoking, comorbid anxiety disor-
ders, negative youth experiences, and ongoing difficulties
have been found to be associated with recurrence.[6–13]

Although previous research has significantly enhanced
our understanding about potential factors for depres-
sion recurrence and the clinical practice guidelines have
clearly laid out the factors to be considered at main-
tenance stage, these have not provided physicians with
sufficient ability to predict and quantify the risk of recur-
rence. Recurrence of major depressive episode (MDE) is
not determined by a single factor, rather by the combined
effect of multiple risk factors. To accurately predict and
quantify the risk of recurrence, a prediction model that
considers the combined effect of a key set of prognostic
factor is needed.[14]

A prediction or prognostic algorithm is not about
searching for new risk factors; it is a combination of mul-
tiple known predictors from which risk of a specific end-
point can be calculated for individual patients.[14] Such
models are embedded in clinicians’ daily practice as the
primary tool to estimate individual risk of future disease.
Well-known examples include the Framingham risk pre-
diction algorithms for cardiovascular disease[15] and pre-
diction algorithms for cancer risk.[16, 17]

Although many studies established the associations
between factors described previously and recurrence of
major depression, using statistical modeling approaches
(either logistic regression or Cox model), the purpose of
these models was to estimate relative risks (e.g., exposed
vs. nonexposed), and they are different from prediction
algorithms that provide absolute risk (probability of out-
come at endpoint). They should have acceptable discrim-
inating power and calibration not only in the population
from which the models are developed, but also in distinct
but related populations. Such models to predict recur-
rence of depressive episodes in specific individuals are
not available, despite the fact that they could have clinical
utility. The selection of maintenance therapy in remitted
patients is guided in large part by the physicians’ clinical
judgment. Improved ability to identify recurrence risk
for specific patients could, therefore, improve clinicians’
decisions regarding the need for ongoing or maintenance
therapy. The objective of this study was to develop and
validate a prognostic model for predicting recurrence of
major depression using data from a population-based,
nationally representative cohort.

METHODS
We used the longitudinal data from the U.S. National Epidemio-

logical Survey on Alcohol and Related Conditions (NESARC). The
NESARC is a nationally representative survey of the U.S.
population.[18] Wave 1 of the NESARC[19] was collected between

2001 and 2002, and included 43,093 respondents aged 18 years and
older. Wave 2 of the NESARC was collected between 2004 and 2005,
about 3 years after the wave 1, and completed interviews in 34,653
participants of the original wave 1 sample.[20] Individuals who were
institutionalized, who joined in military, and who went to prisons af-
ter the wave 1 were not interviewed in wave 2. The response rate in
eligible participants was 86.7%.[21] A detailed description of the de-
sign and field procedures of the NESARC can be found in previous
publications.[19,20]

Assessment of mental disorders: Major depression and other Axis-I and
Axis-II mental disorders were diagnosed using the Alcohol Use Disor-
der and Associated Disabilities Interview Schedule – DSM-IV version
(AUDADIS-IV),[22] a fully structured diagnostic interview appropri-
ate for use by trained lay interviewers and clinicians. Lifetime and
past-year diagnoses were assessed at wave 1. At wave 2, diagnoses since
wave 1 were assessed.

Participants included in this analysis: For this study, we included the
wave 1 (baseline) participants who reported (1) current or lifetime
MDE; (2) no lifetime manic episode or hypomanic episode; (3) having
remitted from the recent depressive episode for at least 2 months; and
(4) that they went to health professionals (councilors and/or medical
doctors) for help to improve mood, were hospitalized for depression,
or went to emergency room because of depression. In the NESARC,
after participants were inquired about the presence of a MDE, they
were asked: “Since this MOST RECENT time BEGAN, have there
been at least 2 months when your mood was much improved or back
to normal AND when you DIDN’T have ANY of the OTHER expe-
riences you mentioned?” The NESARC used the answer (yes or no)
to this question to determine whether remission had occurred. We
included eligible participants from South and West region (regions 3
and 4) in the development data to develop the model (n = 1,518). Eli-
gible participants from Northeast and Midwest region (regions 1 and
2) were kept in validation data (n = 1,195).

The outcome variable of this study was meeting the DSM-IV diag-
nostic criteria for MDE since wave 1 interview.

Risk factors for recurrence: We initially selected and examined the as-
sociations between the following potential risk factors and recurrence.
We also examined the associations between other Axis-I and Axis-II
disorders at baseline and the risk of recurrence.

Demographic and socioeconomic characteristics: Sex, age, marital status,
annual personal income levels, educational levels, working status, race,
living arrangement.

Clinical variables related to previous MDE: As part of the AUDADIS-
IV module for major depression, the following were available: number
of MDEs, age of first onset, duration of longest MDE, presenting de-
pressive symptoms in an episode, presence of major depressive disorder
(MDD) in the past year and prior to the past year.

Family history: As part of the AUDADIS-IV, participants were asked
about whether their biological parents and siblings ever had depression
(six items).[22]

Physical conditions: Self-reported general health and physician-
diagnosed or healthcare professional diagnosed health conditions in
the past year.[23]

Stressful life events in the past 12 months included the occurrence of
14 stressful life events during the 12 months prior to the interview.[22]

Past month health-related quality of life: Two derived variables were
based on the Medical Outcomes study – Short Form (SF-12):[24] norm-
based physical disability scores and norm-based mental health disabil-
ity scores.

Childhood adversities: 29 questions from the Conflict Tactics
Scale[25] and the Childhood Trauma Questionnaire.[26]

Discrimination: The Experiences with Discrimination scales[27]

(54 items) were used to assess experience of discrimination in phys-
ical disability, race–ethnicity, gender, sexual orientation, religion, and
overweight. These questions were asked at wave 2 and accommodated
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two time periods: the past 12 months, and prior to the past 12 months.
We assumed that people’s experience of discrimination (especially re-
lated to race and religion) did not change significantly over a short
time (2 years). Therefore, we used participants’ answers about experi-
ence of discrimination prior to the past 12 months as an indicator for
discrimination.

At the time of the wave 1 interview, missing data were imputed
by the NESARC team for background variables deemed critical for
analysis, for example, age, sex, race, education, income, and so forth.[28]

Imputation was done by means of a hot-deck procedure defined by
combinations of relevant characteristics.[28]

Model development and validation: All analyses were conducted using
STATA 12.[29] To develop the model, we first examined the bivariate
relations between selected variables and the risk of recurrence in the
development data. Variables that were statistically significant at the
P-value level of .005 were retained as candidates for modeling. Al-
though some variables were not statistically significant at the level of
.005, they have been found to be strong risk factors for depression.
These variables were later examined regarding their added values for
model performance.

The prediction algorithm was developed using logistic regression
modeling. To develop the algorithm, we used combined procedures
of forward and backward selection as each individual approach has
its own limitations.[30, 31] We first included age (continuous variable),
sex, and number of previous depressive episodes in the model. We
used two ways to determine whether an additional variable should be
included in the model. First, by adding another variable from spe-
cific domains (demographic, psychosocial, and clinical), we examined
whether it would improve the model’s discriminative power and cali-
bration with data. This was done by comparing the difference between
the C statistics of the models with and without the variable. Once the
variables from a specific domain had been examined, we used back-
ward deletion to examine whether removing a variable would affect
the performance of the model. The variable with the weakest associ-
ation was first examined. After the backward deletion was completed,
we repeated the forward selection by adding a variable from another
domain. The combined forward and backward selection were repeated
until all variables were examined. Second, we used the method of Net
Reclassification Improvement (NRI)[32, 33] to examine whether adding
this particular variable could correctly reclassify participants into ap-
propriate categories. When participants with and without the outcome
are considered separately, any upward movement in disease categories
for subjects with the outcome implies improved classification, and any
downward movement indicates worse reclassification. The interpreta-
tion is opposite for subjects without the outcome. The NRI was quan-
tified as the sum of differences in proportions of individuals moving
up minus the proportion moving down for those with the outcome,
and the proportion of individuals moving down minus the propor-
tion moving up for those without the outcome.[34] The P-value (.05)
of statistical test for comparing the difference was used to determine
if the improvement is significant. We also examined the interactions
between the included predictors. Interaction terms that significantly
contributed to C statistics and NRI were retained in the prediction
model.

Internal validation: The model’s performance was assessed by dis-
crimination and calibration. Discrimination is the ability of a predic-
tion model to separate those who experienced the outcome events from
those who did not. We quantified this by calculating the C statistic,
which is identical to the area under a receiver operating characteristic
curve when the outcome variable is binary. Calibration measures how
closely predicted outcomes agree with actual outcomes (or accuracy).
For this, we used the Hosmer–Lemeshow test (H–L test) to compare
the differences between mean predicted and actual event rates; large
P-value (>.05) indicates good calibration.

Shrinkage: The model developed using the development data may
be vulnerable to overfitting. Therefore, we shrunk the coefficients with
a heuristic shrinkage factor, which was estimated as follows:[35]

Sheur = [model χ2 − (d f − 1)]/model χ2,

where df indicates the degrees of freedom of the model and model χ2

is calculated on the log-likelihood scale.
External validation: We applied the shrunken model in the validation

data (n = 1,195) and calculated C statistics (for discrimination) and the
H–L χ2 statistics (for calibration/accuracy). The H–L χ2 is a test for
overall calibration, but it provides no information about specific areas
(risk groups) where the predicted risk agrees, over estimates, or under
estimates the true risk. To examine the agreement between predicted
and observed risk by specific risk groups, we combined the develop-
ment and validation data and applied the model in the combined data.
Participants were classified into 10 (decile) risk groups. The predicted
versus observed risk of recurrence were visually compared. Addition-
ally, we calculated the C statistics and the H–L statistics of the model
in the combined data.

RESULTS
The characteristics of the participants in the develop-

ment and validation datasets and in the combined dataset
are in Table 1. The participants in the development and
validation data resembled each other, except that par-
ticipants in the validation data were more likely to be
men, white, and to have visited an emergency room for
depression than those in the development data. In the
development data (n = 1,518), 382 (25.16%) developed
recurrent major depression since wave 1. In the valida-
tion data (n = 1,195), 307 (25.69%) developed recurrent
major depression over the follow-up period. The partic-
ipants had complete data about selected variables, except
that two participants had missing data about the SF-12
scores.

In bivariate analysis, many variables including family
history, duration of depressive episode, suicidal behav-
iors, and ongoing life events were associated with recur-
rence of major depression. However, these variables did
not add to the prediction of recurrence by examination
of their impacts on C statistics and NRI. The final model
based on the development data contains 19 unique pre-
dictors and 4 interaction terms (Table 2). The C statistics
of this model was 0.7504. The model had excellent cal-
ibration in the development data (H–L χ2(8) = 10.48,
P = .23).

The shrunken coefficients of the model are in Table 2.
We applied the model in the validation data. The data
showed that the model had a C statistics of 0.7195 and
excellent calibration in the validation data (H–L χ2(8) =
3.51, P = .90). We applied the algorithm in the combined
development and validation data. With the combined
data, the model had a C statistics of 0.7365 and excel-
lent calibration (H–L χ2(8) = 6.22, P = .62). The ob-
served risk of recurrence over 3 years was 25.40% (95%
CI: 23.76%, 27.04%); the mean predicted risk of recur-
rence based on the model was 25.34% (95% CI: 24.73%,
25.95%). We visually compared the predicted versus the
observed risk of recurrence by decile risk groups (Fig. 1).

Depression and Anxiety



454 Wang et al.

TABLE 1. Demographic, socioeconomic, and clinical characteristics of the participants in development and validation
datasets

Devel. data Validation data Combined Nonservice users
N = 1,518 N = 1,195 N = 2,713 N = 1,704

Variables n, % n, % n, % n, %

Men 343, 22.6% 300, 25.1% 643, 23.70% 604, 35.45%
Women 1,175, 77.4% 895, 74.9% 2,070, 76.30% 1,100, 64.55%
Age (mean, SE) 45.38, 0.37 45.37, 0.41 45.37, 0.28 43.70, 0.40
Married/CL 735, 48.42% 583, 48.79% 1,318, 48.58% 802, 47.07%
Never married 112, 7.38% 86, 7.2% 198, 7.30% 156, 9.15%
D/S/W 671, 44.20% 526, 44.01% 1,197, 44.12% 746, 43.78%

Household income
$60,000+ 465, 30.64% 352, 29.46% 817, 30.11% 417, 24.47%
$35,000–$59,999 399, 26.28% 331, 27.70% 730, 26.91% 438, 25.70%
$20,000–$34,999 302, 19.89% 246, 20.58% 548, 20.20% 397, 23.30%
<$19,999 352, 23.19% 266, 22.26% 618, 22.78% 452, 26.53%
White 1,020, 67.19% 937, 78.41% 1,957, 72.13% 1,080, 63.62%
Non-white 498, 32.81% 258, 21.59% 756, 27.87% 624, 36.62%
Being hospitalized 244, 16.07% 191, 15.98% 435, 16.03%
due to depression
Went to emergency 172, 11.33% 170, 14.23% 342, 12.61%
Room for depression

SE, standard error; CL, common-law relationship; D/S/W; divorced/separated/widowed; Devel., development.

In general, the predicted risk agreed with the observed
risk very well. There was about 3% overprediction in
group 7 and 4% underprediction in group 8. The pre-
dicted and observed risks were nearly identical in the
highest risk group.

DISCUSSION
The purpose of this prognostic model is not to iden-

tify new risk factors for recurrent depression, nor is it
to estimate the relative risks of the predictors. Instead,
it provides a statistical formula based on which individ-
uals’ absolute risks of developing recurrent depressive
episode in the future can be calculated. The developed
prediction algorithm provides a statistical formula based
on which individuals’ absolute risks of developing recur-
rent depressive episode in the future can be calculated.
This type of tool can be used collaboratively by both
physicians and patients when deciding on ongoing treat-
ment and monitoring after remission of their depressive
episode. The model developed in this study based on
the NESARC data had acceptable discrimination and
excellent calibration. Unlike most prediction algorithms
that did not have external validation when they were first
developed, this prediction model was validated in inde-
pendent samples.

Consistent with current clinical practice guidelines,
number of previous episodes, residual symptoms, con-
current physical health problems, and psychosocial dif-
ficulties are import prognostic factors in this model.
It should be noted that accurate prediction of recur-
rence can only be made when these factors are consid-
ered simultaneously, rather than by focusing on one or
a few prognostic factors. Number of previous depressive

episodes is emphasized in both NICE and CANMAT
guidelines.[5, 6] In the NESARC data, when only num-
ber of previous episodes was used to predict recurrence,
the model had a C statistic of 0.5897, which was similar to
a model that included gender and age only (C = 0.5794).
This highlights that using number of previous depres-
sive episodes alone would not make accurate prediction
of recurrence risk.

In addition to what clinical practice guidelines have
previously noted, this model showed that demographic
characteristics (gender, age, marital status, race) and co-
morbid psychiatric disorders (lifetime generalized anx-
iety disorder, specific phobia, and avoidant personality
disorder) contributed to the prediction of recurrence.
Previous studies are inconsistent in whether these factors
are associated with recurrence of major depression. In a
clinical study, Grilo et al. reported that personality dis-
orders, specifically borderline and obsessive-compulsive
disorders, were strong predictors for recurrence of major
depression.[36] In another clinical study, avoidant per-
sonality disorder was strongly associated with relapse of
MDD.[37] In an analysis of the NESARC data, Skodol
et al. found that none of the personality disorders was
associated with recurrence of MDD.[21] The discrep-
ancy between current analysis and Skodol et al.’s study
may be due to the fact that they included all participants
who used and did not use mental health services for de-
pression, whereas the data we used to develop and vali-
date the algorithms included only those who used mental
health services for depression. Gender, age, and negative
life events were not associated with recurrence in the
Netherlands Study of Depression and Anxiety.[8] How-
ever, in the Netherlands Mental Health Survey and In-
cidence Study, younger age, negative youth experiences,
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TABLE 2. Prediction algorithm for recurrence/relapse of major depression

Coefficients Shrunken coefficients
Predictors In development data (SF = 0.8731)

Female sex 1.008454 0.88048119
Age (continuous) −0.0064933 −0.0056693
Married/common-law 0.524479 0.45792261
Divorced/separated/single 1.035842 0.90439365
White 0.3511896 0.30662364
Had MDD last year 0.2255779 0.19695206
2 Depressive episodes 0.2256867 0.19704706
3+ Depressive episodes 0.2663524 0.23255228
Lifetime GAD or specific phobia 0.5212917 0.45513978
Avoidant personality disorder (avoid) 1.521121 1.3280907
Depressive symptoms in MDE

Difficulties in concentration 0.5412085 0.47252914
Wanted to eat more 0.2653747 0.23169865
Felt guilty (guilty) 0.8180665 0.71425386
Took medication for low mood 0.2690194 0.23488084

SF-12 physical disability scores
53.9–57.8 0.5816857 0.50786978
43.3–53.8 1.438105 1.2556095
0–43.2 1.619849 1.4142902

SF-12 mental disability scores
48.4–54.5 0.484173 0.42273145
37.7–48.3 0.6907672 0.60310884
0–37.6 0.9452507 0.82529839
Experience of racial discrimination 0.1294431 0.11301677
Ever physically attacked/beaten/injured 1.520656 1.3276848

By spouse, partner, or anyone else (abuse)
Experience of sexual assault 0.2462544 0.21500472

Before 18, parents/caregiver swear, insult, or say hurtful things to you
Almost never/sometimes 0.1181686 0.103173
Fairly often/very often 0.6303988 0.55040119

Before 10, being left alone/unsupervised by parents/care givers
Almost never/sometimes 0.1497462 0.13074341
Fairly often/very often 0.4963712 0.43338169

Interaction terms
Sex × SF-physical −0.299002 −0.26105865
Marital × Abuse −0.7820871 −0.68284025
Race × Avoid −1.113202 −0.97193667
SF-physical × Guilty −0.270001 −0.23573787
Constant −5.536562 −5.536562

Predicted vs. observed risk of recurrence/relapse of major depression in combined data by decile risk groups.
MDD, major depressive disorder; MDE, major depressive episode; GAD, generalized anxiety disorder.

and the presence of ongoing difficulties were associated
with recurrence.[9] There may be various explanations
for the inconsistencies, including different study popu-
lations, and different measurements of prognostic fac-
tors and outcome variables. This highlights the impor-
tance that, in prognostic research of major depression,
diagnostic instruments and the definitions of prognos-
tic factors should be standardized. For some clinically
important factors with inconsistent findings in relation
to recurrence of major depression, their prognostic val-
ues (not statistical significance) should be examined in
multiple studies.

Although the developed model contained 19 unique
prognostic factors, it is feasible to be used by health pro-
fessionals for the following reasons. Although the pre-

dictors were selected from a battery of questionnaires
and instruments, this does not mean that these ques-
tionnaires and instruments should be administered com-
pletely in order to use the risk calculator. Rather the
users just need to ask the questions and enter the data
related to these 19 predictors. When patients with de-
pression are treated by physicians, a thorough psychi-
atric assessment and psychosocial inquiry are often con-
ducted. Most of the data related to the predictors in
model are available at this stage and will remain constant
and do not fluctuate with the course of a current episode.
The data that may change over the course are age, mar-
ital status, and presence or absence of residual physical
and mental health symptoms (the two prognostic fac-
tors in the model) that are assessed by the SF-12. This
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Figure 1. Perceived versus observed risk of recurrence of major depression by decile groups (n = 2,711).

makes frequent assessments in clinical settings feasible.
Health professionals would not be expected to manually
calculate the predicted risk using the coefficients pre-
sented in Table 2, rather a computerized or web-based
version of this algorithm using these coefficients would
calculate the predicted risk instantly upon input of the
relevant variables.[38] The screen shots of the web ver-
sion are in Supporting Information Fig. S1. With fre-
quent assessment, a chart that depicts the changes of risk
over time can be constructed (see Supporting Informa-
tion Fig. S1). This algorithm could also be programmed
into an electronic health record, smartphones, or tablet
computers.

The strength of this study is that the data were
population-based and the sample size was large. Fur-
thermore, the developed prognostic model was exter-
nally validated. This study also has limitations, including
the fact that the NESARC relied on self-report, possibly
increasing the risk of reporting and recall biases. Such
biases may also contribute to the inconsistencies in the
predictive power of some prognostic factors in different
regions/populations. Another potential limitation is that
both participants with current and lifetime major depres-
sion at wave 1 were included in this study. Restriction to
participants who had recently remitted MDE would lead
to reduced samples for algorithm development and vali-
dation and imprecise prediction. Nevertheless, in our ad-
ditional analysis, we applied the algorithm in those who
had MDE in the past 12 months at wave 1 (n = 419),

and found that the predicted and observed risks were
the same (33.41%). Although the algorithm was vali-
dated in participants from different census regions, the
performance of the model has not been validated in pop-
ulations outside of the United States. This should be a
direction for future research.

Reducing recurrence of depressive episodes is the pri-
ority and challenge of maintenance treatment. The pre-
diction algorithm we developed and validated is a tool
that can assist physicians in accurately quantifying the
absolute risk of recurrence in the future. This will en-
able physicians to plan personalized treatment strate-
gies, leading to better outcome of patients with major
depression.
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