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Abstract
Introduction: Researchers have proposed that predicting who is a likely placebo responder may help guide treatment
allocations to treatment regimens that differ in intensity.
Methods: We used data from the Treatment of Adolescent Depression Study (TADS) in which adolescents (n = 439) were
randomized 1:1:1:1 to placebo, cognitive-behavioral therapy (CBT), medications (MEDs), or their combination (COMB).
We developed a prognostic index (PI) in the placebo group to predict self-reported (RADS) and observer-rated (CDRS)
depression outcomes using elastic net regularization. We explored whether the PIs moderated outcomes in the treatment
conditions.
Results: PI-CDRS was predicted by multiple variables but it did not moderate outcomes. PI-RADS was predicted by baseline
severity, age, sleep problems, expectations, maternal depression, and the action stage of change. It moderated outcomes
such that there were treatment differences for less placebo-responsive patients. For participants prone to placebo response,
type of treatment had no statistically significant impact on outcomes. Baseline depression severity accounted for this
effect: treatment differences were small and non-significant for patients with milder depression but larger in more severely
depressed patients.
Discussion: Future work should investigate whether multiple variable explain outcomes beyond severity as well as complex
interactions between severity and other variables.
Keywords: personalized medicine; machine learning; stepped care; depression; risk stratification
Clinical or methodological significance of this article: A machine-learning algorithm that identifies placebo responders
is useful in guiding treatment assignment to cognitive-behavioral therapy vs. the combination of cognitive-behavioral therapy
and medications. Symptom severity was as useful for the purposes of assigning patients to CBT or combination treatment as
the multivariable algorithm.

Introduction
Depressive disorders are a leading cause of disability
worldwide (Murray et al., 2012). Despite this, there is
great variability in the prognosis of individuals who
meet the criteria for major depressive disorder
(MDD) (Lorenzo-Luaces, 2015; Monroe &

Harkness, 2011, 2012). While some individuals
have brief depressive episodes that spontaneously
recur, others have a chronic or recurrent course.
Risk of MDD substantially increases in adolescence,
and adolescent-onset MDD is associated with
increased chronicity and risk of recurrence (Essau
& Chang, 2009; Rohde et al., 2013). Adolescent
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MDD also has a number of adverse developmental
consequences, including school drop-out, early pregnancy/parenthood, and long-term unemployment
outcomes (Clayborne et al., 2019; Lewinsohn et al.,
2003; Rohde et al., 2013).
Among psychological therapies for depression in
youth, cognitive-behavioral therapy (CBT) is the
most widely researched one (Eckshtain et al., 2019;
Weisz et al., 2017; Zhou et al., 2015). Antidepressants are also effective although there are concerns
about their risk-benefit ratio (Cipriani et al., 2016).
More intensive treatments, including the combination of psychotherapy and antidepressants are
available. A challenge for the field has been that of
identifying which depressed adolescents will
respond well to lower levels of intervention (e.g.,
CBT only) and which require more intensive treatments (e.g., CBT in combination with medications).
In other areas of medicine, like oncology, the
problem of how to assign patients to one of two treatment protocols that differ in their intensity is
approached by using indices that stratify patients on
the basis of their expected prognosis, overall clinical
complexity, or risk (Akay et al., 2012; Chen et al.,
2004).
Some guidelines for the treatment of depression
(NICE, 2019) attempt to risk-stratify patients by
making treatment recommendations on the basis of
symptom severity. This practice is consistent with
finding that symptom severity may be a useful variable in risk stratification across interventions for
depression (Bower et al., 2013; Driessen et al.,
2010; Fournier et al., 2008). Increasingly, researchers are becoming interested in the use of multiple
variables, beyond treatment severity, to optimize
treatment allocation (DeRubeis et al., 2014;
Lorenzo-Luaces et al., 2017). The idea of risk-stratifying adolescents to different psychosocial interventions by using multiple variables has been explored
by Garber and colleagues (Garber et al., 2018; Weersing et al., 2016). These authors identified variables
that predicted higher risk of experiencing a depressive
episode in adolescents: lower functioning (e.g., significant problems with schoolwork and parents),
higher anxiety, and having depressed parents. They
divided adolescents who were randomized to
receive either a CBT psychoeducational preventative
intervention or usual care (i.e., being able to seek
mental health services outside the study) into different risk categories. For adolescents at a mediumhigh level of risk (i.e., lower functioning, high
anxiety, or depressed parents), there were no differences between CBT and usual care, suggesting the
need for a higher-intensity intervention. For adolescents in the low-risk group, there were large effects
of preventive CBT relative to usual care.

Other researchers have used machine learning
methods to develop multivariable prognostic
indices (PIs) in secondary analyses of adults undergoing treatment for depression and anxiety (Delgadillo et al., 2017; Delgadillo et al., 2016; LorenzoLuaces et al., 2017). Machine learning methods
are focused on finding patterns and making predictions from data and are well-suited to the task of
identifying predictors of outcomes (but, see Makridakis et al., 2018).The multivariable PIs derived
from machine learning methods can be considered
as continuous indices of the “complexity” of the
patient’s profile. They array patients on a continuum of overall likelihood of responding to treatment, which can be predicted from existing data.
For example, in a sample of patients accessing
psychological services, Delgadillo et al. (2017)
developed a PI that included demographics (e.g.,
age), personality factors (e.g., suspiciousness,
impulsiveness), and clinical features (e.g., baseline
depression, anxiety). Using the PI in another
sample, the cases with higher scores on the PI,
which the authors interpreted as being more
complex cases, had better outcomes if started on
a higher-intensity treatment (e.g., a full course of
CBT) than a lower-intensity treatment (e.g.,
guided self-help). No differences were found for
patients with a lower PI (i.e., a better expected
prognosis). Taken together, the studies using
machine learning methods suggest that multiple
variables can be combined to predict outcomes in
mental health.
Another way to develop a prognostic index, is to
model the placebo response (Fournier et al., 2008;
Trivedi et al., 2018; Webb et al., 2018). The overall
likelihood of responding to placebo relates to
patient characteristics that predict naturalistic
course of illness (Rutherford & Roose, 2013). The
high placebo response in MDD may make it difficult
to ascertain relative differences between treatment
approaches, even those that differ in their intensity
(e.g., CBT only vs. combination treatment). It has
been stated that identifying likely placebo responders
could lead to optimization of outcomes by allocating
patients who are likely to respond to placebos to lessintensive interventions and reserving high-intensity
treatment for patients who are not predicted to
respond to placebos (Fournier et al., 2008; Trivedi
et al., 2018; Webb et al., 2018). Recently, machine
learning methods have revealed various predictors
of depressed patients’ response to placebo including
depression severity, age, history of abuse, and other
variables (Trivedi et al., 2018; Webb et al., 2018).
Webb et al. (2020) recently compared various
machine-learning approaches to predict outcomes
in a naturalistic sample and found that elastic net
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Figure 1. Hypothesized treatment differences between cognitive-behavioral therapy (CBT), the antidepressant medication fluoxetine (ADM),
or their combination across levels of a prognostic index (PI) predicting placebo responsiveness.

regularization outperformed other methods. Elastic
net is an attractive approach to predict outcomes
because it performs variable selection and regularization. Moreover, unlike other “black box”
approaches to machine-learning, elastic net produces
a linear model that will be familiar to user of linear
regression.
Although there is evidence to support risk-stratification in mental health care, as well as studies that
have explored predictors of placebo response, to
our knowledge no previous study has developed a
placebo PI and explored its utility in risk-stratification. The objective of the current study is to use
data from the Treatment for Adolescent Depression
Study (TADS) (March et al., 2004) to develop a
prognostic index (PI) that can be used to assign adolescent patients to CBT or medication monotherapy
vs. combination treatment. The TADS dataset is
ideally-suited to the task of exploring the utility of a
placebo PI because it is one of the few studies that
randomized patients to a placebo condition, two
therapies delivered singly, and their combination.
We utilized elastic net regularization for our prediction efforts. We hypothesized that differences
between COMB vs. CBT and antidepressant medications (MEDs) would be most pronounced among
those who are least likely to be placebo-responsive
(see Figure 1).

Methods
Treatment for Adolescents with Depression
Study (TADS)
TADS was a multicenter, randomized controlled trial
that evaluated the efficacy of an acute (i.e., 12-week)
phase of: CBT, MEDs (i.e., fluoxetine), their combination, and a pill placebo for adolescents with MDD.
Several articles have discussed its rationale, design,
and methods (March et al., 2004; TADS Team,
2003, 2005). Participants consisted of 439 adolescents, aged 12–17 that had primary MDD. MDD
diagnosis was determined by an independent evaluator using the Schedule for Affective Disorders and
Schizophrenia for School-Aged Children-Present
and Lifetime Version (Kaufman et al., 1997). In
primary analyses, which used last-observation
carried forward (LOCF) imputation, response
rates according to the Clinical Global Impression
(CGI) were: 71.0% in combination treatment,
60.6% in fluoxetine, 43.2% in CBT, and 34.8%
with placebos.
Treatment Conditions
Cognitive behavior therapy (CBT, n = 111).
CBT was delivered as a skills-based treatment for
which the core assumption is that depression is
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Table 1. Demographic characteristics of adolescents in the Treatment for Adolescent Depression Study (TADS; n = 439) with missing or
imputed data.
Unimputed

CDRS
Baseline
Mid-treatment
End of treatment
RADS
Baseline
Mid-treatment
End of treatment
Age
Functioning (CGAS)
Suicidality (SIQ)
Depression duration (weeks)
Treatment expectations (TEA)
Action stage (SOC)
Maternal BDI
Somatic anxiety (MASC)
Life stress (PLES)
Vocabulary IQ (WISC)
Sleep problems (CDRS)
Sleep problems (RADS)
Illness or disability (HON 6)
Social relations (HON 10)
Female (vs. Male)
White (vs. non-White)
Parents live together (yes/no)
Serious trauma (yes/no)
Anxiety co-morbidity (yes/no)
Income
0–$19,000
$20,000–$39,999
$40,000 and over

Imputed

M

SD

% miss

M

SD

SMD

59.98
42.21
38.56

10.09
11.88
13.01

20.0%
12.0%
14.0%

59.97
42.11
38.27

10.10
12.27
13.45

0.00
0.01
0.02

79.18
66.31
62.32
14.61
49.65
23.81
69.37
2.37
13.64
12.71
6.25
3.73
10.61
3.71
2.95
2.10
0.34
n
239
355
250
122
113

13.94
15.28
15.54
1.54
7.29
21.46
85.04
0.64
2.38
9.29
3.86
3.46
2.45
1.52
1.05
1.00
0.47
%
54.44%
80.87%
56.95%
27.79%
25.74%

11.0%
26.0%
20.0%
0.0%
3.0%
6.0%
0.0%
9.0%
7.0%
11.0%
3.0%
10.0%
4.0%
0.0%
3.9%
1.0%
1.0%
% miss
0.0%
0.0%
0.2%
0.0%
10.9%
3.2%

79.28
66.82
62.10
14.61
49.64
23.68
69.37
2.37
13.65
12.63
6.25
3.69
10.61
3.71
2.95
2.10
0.34
n
239
355
250
122
113

14.44
16.72
16.54
1.54
7.37
21.95
85.04
0.67
2.47
9.83
3.90
3.63
2.50
1.52
1.07
1.00
0.47
%
54.44%
80.87%
56.95%
27.79%
25.74%

−0.01
−0.03
0.01
0.00
0.00
0.01
0.00
0.01
0.00
0.01
0.00
0.01
0.00
0.00
0.00
0.00
0.00
%diff
0.00%
0.00%
0.00%
0.00%
0.00%

236
101
88

53.76%
23.01%
20.05%

244
103
92

55.58%
23.46%
20.96%

−1.82%
−0.46%
−0.91%

Note: M = mean, SD = standard deviation, % miss = percentage of missing data, SMD = standardized mean difference between imputed and
unimputed data, % diff = absolute difference in percentage between imputed and unimputed data, Reynolds Adolescent Depression Scale
(RADS), Children’s Depression Rating Scale (CDRS), Children`s Global Assessment Scale (CGAS), Suicidal Ideation Questionnaire (SIQ),
Average Treatment Expectancy across CBT, ADM, and COMBO, Stages of Change (SOC), Beck Depression Inventory-II (BDI),
Mulitdimensional Anxiety Scale for Children (MASC), Pediatric Life Events Screen (PLES), Health of Nations Scale (HON).

maintained by lack of positive reinforcement from the
environment and negative thought patterns. Adolescents met with a therapist weekly for 50–60 minutes.
Medication (MEDs, n = 109). Adolescents
assigned to the medication condition received Fluoxetine; the initial dosage consisted of 10 mg/day and
increased of necessary up to 40 mg/day in Stage 1
and 60 mg/day in Stage 2. Youth met with a pharmacotherapist, who provided medication management
and encouragement, for 20–30 minutes.
Combination (COMB, n = 107). Adolescents
assigned to the combination group received all the
components of both CBT and medication (as
described above).

Placebo (PBO, n = 112). Adolescents assigned to
the placebo group received a pill placebo instead of
fluoxetine. Dosage and meeting structure were equivalent to the medication group.

Outcome Measures
TADS used CGI ratings as their outcome and also
included continuous measurement of depression
with the Reynolds Adolescent Depression Scale
(RADS; Reynolds, 1987, 2004) and Children’s
Depression Rating Scale-Revised (CDRS-R; Poznanski & Mokros, 1996). We used these two
measures as our outcomes, given that prior research
has cast doubts on the reliability and validity of
CGI ratings (Ruhé et al., 2005).
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RADS. The RADS (Reynolds, 1987, 2004) is a
30-item self-reported depression severity scale that
was completed at baseline, mid-treatment (i.e.,
week 6), and end of treatment (i.e., week 12).
Scores range from 30–120 with higher scores indicating more severe symptoms. Research supports its validity and reliability in measuring adolescent
depression (Reynolds, 2004). In the current sample,
it appeared to be a reliable measure of depression
(alpha = 0.91).
CDRS-R. The CDRS-R (Poznanski & Mokros,
1996) is a 17-item depression severity scale completed by blinded independent evaluators at baseline,
mid-treatment (i.e., week 6), and end of treatment
(i.e., week 12). Scores range from 17 to 113 with
higher scores indicating more severe depressive
symptoms. Research supports its validity and
reliability in measuring adolescent depression
(Mayes et al., 2010). In an evaluation of CDRS-R
ratings among 20% of the sample, the intraclass correlation coefficient (ICC) for the CDRS-R was 0.95,
suggesting excellent interrater reliability.

(Janssen et al., 2009; Moons et al., 2006; Sterne
et al., 2009; van Kuijk et al., 2016). As well, they
are preferable to analyses with LOCF imputations
(Kenward & Molenberghs, 2009; Lachin, 2016).
The variables in the imputation model included the
baseline co-variates reported in Table 1, outcome
data, as well as related auxiliary variables and outcomes over time (see Supplement 1). It is sometimes
assumed that imputation models should not include
the study outcome, opting for LOCF imputation.
However, this assumes that the relationship
between the outcomes and other variables is 0 and
the empirical literature on this topic suggests that
omitting outcomes from imputation analyses actually
can lead to biased statistical estimates at worst
(Moons et al., 2006; Young & Johnson, 2010) or is
inert at worst (Johnson & Young, 2011). Imputations
based on machine learning, like the random forest,
have been recommended based on their performance
in predictions efforts (Jerez et al., 2010; Stekhoven &
Bühlmann, 2012; Waljee et al., 2013).

Analytic Plan
Missing Data
At baseline, rates of missing data on baseline co-variates we selected were low (all <12%, see Table 1).
Rates of missing outcome data were somewhat
higher (e.g., 14% CDRS at end of treatment and
26% for missing RADS scores mid-treatment). Missingness in mid-treatment RADS appeared to be
somewhat lower in the medication condition (18%)
than CBT (32%), COMB (28%), or placebo (24%)
but this effect was not statistically significant (x2(3)
= 5.54, p = 0.14). There were no other indications
that missingness differed between the treatments
(ps > 0.38). As would be expected given randomization, rates of missingness on the baseline co-variates
did not vary between treatments (ps > 0.24).
To address missing data, including missing
outcome assessments, we used a machine learning
algorithm: non-parametric missing value imputation
using random forests, with the R package missForest
(Stekhoven & Bühlmann, 2012). Before imputation,
we winsorized variables that had outliers at three
standard deviations over or under the mean. Two
sets of imputation trees were run separately: one for
the placebo condition (which will be trained on for
prediction purposes) and one for the treatment conditions (in which the utility of the predictions will
be tested). Multivariable imputation models are preferred to complete case analyses, which are less representative of the sample, have less power, and are
subject to bias due to the nature of missingness

Analyses were conducted using the R programing
language (R Core Team, 2020). Our outcomes
were the week 12 RADS and CDRS scores, which
would have been the end-of-treatment outcomes for
patients who remained in the trial and the imputed
outcomes for those who dropped out. To determine
which variables to use for prediction purposes, we
searched the TADS dataset for variables identified
by Kessler et al. (2016) to predict outcomes, including demographics, depression features, co-morbid
symptoms, stress history, and other features. We
also searched adolescent-specific reviews of predictors of outcomes which highlighted the role of
maternal depression, treatment expectancies, and
readiness to change (Curry et al., 2006). Overall,
we identified 18 variables that were plausible candidate predictors of outcome useful for risk stratification. All variables were standardized for analysis.
To determine which of the 18 variables would be
included in our PI, we ran an elastic net regularization (ENR) model in the placebo group with 10fold cross-validation. ENR belongs to the family of
penalized regression procedures, combining the L1
and L2 penalizations that are characteristic of the
LASSO and ridge regression (Hastie et al., 2009).
The method shrinks coefficients in the final model
so that the estimates are more likely to replicate
than estimates from other procedures like ordinary
least squares regression. Variables that have very
small coefficients have them set to zero so the procedure also functions for variable selection. Penalty
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terms for alpha and lambda were selected by running
1000 bootstraps of the analyses, and determining
which penalty terms were associated with the lowest
mean square error (MSE).
Once a PI was developed, by determining which
variables predict outcome in the placebo group, we
focused our analyses on the CBT, MEDs, and
COMB conditions. For each patient in each of the
three treatment arms, we compute a PI. This is considered an index of how “placebo-responsive” each
patient would be expected to be, had they been
assigned to the placebo condition. To determine
whether the PIs moderated outcome differences
between the monotherapies (i.e., MEDS and
CBT) relative to the treatment conditions, we ran
regression models in which the depressive symptoms
were the outcomes (i.e., RADS and CDRS) and the
predictor variables were dummies for CBT (vs.
COMB) or MEDS (vs. COMB), the PIs, and the
interaction of the PIs with the treatment contrasts.
Thus, for example, the model exploring whether
the PI moderated outcomes for the RADS was as
follows:
RADS12 = b0 + (b1∗CBT) + (b2∗MEDS)
+ (b3∗PIRADS ) + (b4∗MEDS∗PIRADS )
+ (b5∗CBT∗PIRADS )
In this model, the terms for β4 and β5 indicate
whether the coefficient for the interaction between
the PIRADS and CBT and the PIRADS and MEDS
is significantly different from zero (see Table 3). If
the tests associated with these coefficients are statistically significant, that indicates that outcomes
vary between the monotherapy and combined treatment across levels of the PI. We conducted a similar
regression comparing CBT vs. MEDS. To probe
significant interactions between the PIs and treatment conditions, we used the Johnson-Neyman (JN) technique (Hayes & Matthes, 2009). The J-N
technique can be used to identify the point at
which the relationship between two variables (e.g.,
treatment condition and depression outcomes) is
altered by a third variables (e.g., the PI). In our analyses, the J-N critical significance region would indicate at what level of placebo responsiveness
treatment differences emerge or disappear.

Results
As would be expected given the results obtained in
original publication with the LOCF imputed
dataset, the best outcomes were obtained in the
COMB condition (RADS: M = 56.73, SD = 15.59,
CDRS: M = 34.09, SD = 11.81), followed by MEDs

(RADS: M = 60.51, SD = 15.84, CDRS: M = 36.73,
SD = 12.33), CBT (RADS: M = 66.35, SD = 15.57,
CDRS: M = 41.06, SD = 13.62), and placebo
(RADS: M = 65.43, SD = 13.33, CDRS: M = 42.13,
SD = 12.71). As in the LOCF-imputed data, the
COMB (ps < 0.001) and MEDs (ps < 0.02) but not
CBT (ps > 0.53) conditions proved superior to
placebo.

Reynolds Adolescent Depression Scale
(RADS)
Of the 18 predictor variables submitted to the Elastic
Net procedure, 6 were retained as predictors of
response in the placebo condition. Baseline
depression severity, age, higher endorsement of the
action stage of change, sleep problems, and worse
expectations of improvement predicted higher posttreatment depression scores, while maternal
depression severity predicted lower post-treatment
depression scores. Table 2 shows the coefficients
assigned to these variables by the Elastic Net
model. For the interested reader, we also present
the results obtained when the variables are entered
into a single ordinary least squares (OLS) regression
predicting end of treatment RADS. As can be seen in
Table 2, the ENR model shrinks the regression coefficients so they are more conservative; the coefficients
from the ENR that are used to generate the PI (mean
squared error (MSE) = 152.83).
Within the placebo group, the resulting PIRADS (M
= 65.43, SD = 5.69), generated from the ENR, evidenced fair predictive accuracy (R 2pred = 0.33, 95%
CI = 0.20–0.48, p < 0.001, normalized root mean
square error (NRMSE) = 0.19). We generated
PIRADS scores for every patient in the TADS
dataset (i.e., outside the placebo group). For the
full sample, the PI (M = 64.41, SD = 5.87) was a
fair predictor of depression outcomes (R 2pred =
0.19, 95% CI = 0.11–0.26, p < 0.001, NRMSE =
0.18). A greater score on the PIRADS indicates
patients were predicted to have relatively poorer outcomes (i.e., to be less placebo-responsive). A lower
score indicates patients were predicted to have relatively better outcomes (i.e., to be more placeboresponsive). There were no differences between the
three actives treatments in the levels of the PIRADS
(F(2, 324) = 1.04, p = 0.36).
There was an interaction between the CBT (vs.
combination treatment) condition and the PIRADS
in predicting outcomes, but no interaction between
the MEDS (vs. combination treatment) condition
and the PIRADS in predicting outcomes (see
Table 3). As hypothesized, the nature of interaction
was such that differences between the combination
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Table 2. Prediction of end of treatment depression in adolescents randomzied to placebo (n = 112) with elastic net regularization (ENR) or
ordinary least squares (OLS) regression.
RADS

B (ENR)

B (OLS)

SE

t

Intercept
Action stage (SOC)
Maternal BDI
Age
Treatment expectations (TEA)
Sleep problem (CDRS/RADS)
Baseline severity (RADS)
CDRS
Intercept
Duration depression (weeks)
Treatment expectations (TEA)
Action stage (SOC)
Maternal BDI
Somatic anxiety (MASC)
Age
Pediatric Life Events Screen (PLES)
Parents live together
Income
IQ (WAIS—Vocabulary)
Sleep problem (CDRS/RADS)
Suicidality (SIQ)
Serious trauma
Any anxiety diagnosis
Baseline severity (CDRS)
Illness or disability (HON 6)
Social relations (HON 10)
Functioning (CGAS)

64.67
0.65
−0.56
1.22
0.02
0.18
5.54
B (ENR)
42.15
0.36
0.54
−0.06
−0.68
0.25
1.06
−0.11
−0.05
0.30
−0.17
0.04
−0.63
−0.21
−0.35
1.06
−0.23
−0.02
0.27

64.50
2.21
−1.93
2.04
1.33
1.29
6.97
B (OLS)
42.22
1.15
0.57
−0.18
−2.46
1.64
3.09
−0.10
0.71
0.71
−0.80
0.65
−3.10
0.34
−1.30
4.70
−0.73
−0.36
3.23

1.04
1.04
0.98
1.00
1.04
1.06
1.08
SE
1.17
1.24
1.23
1.22
1.18
1.39
1.21
1.24
1.27
1.38
1.23
1.30
1.27
1.24
1.31
1.51
1.20
1.30
1.52

62.18
2.12
−1.96
2.05
1.28
1.22
6.44
t
36.16
0.93
0.46
−0.15
−2.08
1.19
2.56
−0.08
0.56
0.51
−0.65
0.50
−2.44
0.27
−1.00
3.10
−0.61
−0.28
2.13

β
∗∗∗

0.17∗
−0.15
0.16∗
0.10
0.10
0.51∗∗∗
β
∗∗∗

0.09
0.05
−0.01
−0.20∗
0.12
0.26∗
−0.01
0.06
0.05
−0.06
0.05
−0.24∗
0.03
−0.10
0.37∗∗
−0.06
−0.03
0.26∗

Note: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, || p < 0.10; Reynolds Adolescent Depression Scale (RADS), Children’s Depression Rating Scale
(CDRS), Children`s Global Assessment Scale (CGAS), Suicidal Ideation Questionnaire (SIQ), Average Treatment Expectancy across CBT,
ADM, and COMBO, Stages of Change (SOC), Beck Depression Inventory-II (BDI), Mulitdimensional Anxiety Scale for Children (MASC),
Pediatric Life Events Screen (PLES), Health of Nations Scale (HON).

treatment and the CBT monotherapy were most pronounced among patients who were predicted to be
less responsive to placebo. The Johnson-Neyman
technique (see Figure 2, panels A and B) suggested
that at a PIRADS ≥ 58.64 (i.e., less placebo-responsive) CBT was less effective than COMB (B =
11.06, SE = 2.12, t = 5.21, p < 0.0001, SMD = 0.68,
95% CI = 0.44–0.91). Within this value of the
PIRADS, MEDS were also superior to CBT (B =
−6.27, SE = 2.09, t = −3.01, p = 0.003, SMD =
0.44, 95% CI = 0.20–0.67). By contrast, a PIRADS
score below 58.64 (i.e., model predicted better
placebo response) indicated no statistically significant
difference between CBT and COMB (B = 4.82, SE
= 3.86, t = 1.25, p = 0.22, SMD = 0.35, 95% CI =
−0.36–1.06). Below this cut-off, MEDs were not
superior to CBT (B = 2.05, SE = 3.48, t = 0.59, p =
0.56, SMD = −0.04, 95% CI = −0.52–0.43).
Children’s Depression Rating Scale (CDRS)
Of the 18 predictor variables submitted to the
Elastic Net procedure, all were retained as

predictors of response in the placebo condition,
though most were weak predictors. The strongest
loadings were from baseline severity, age, treatment expectancies, and having parents who lived
together. Table 2 shows the weights assigned to
these variables by the Elastic Net model (MSE
= 163.32). Within the placebo group, the resulting
PICDRS (M = 42.13, SD = 2.09), generated from
the ENR, evidenced fair predictive accuracy
(R 2pred = 22%, 95% CI = 0.09–0.36, p < 0.001,
NRMSE = 0.21). Out of sample, the PICDRS (M
= 42.16, SD = 1.88) was a fair predictor of
depression outcomes (R 2pred = 2%, 95% CI =
0.001–6%, p = 0.009, NRMSE = 0.22). There
were no differences between the three actives
treatments in the levels of the PICDRS (F(324,2)
= 0.30, p = 0.74). Contrary to our hypothesis,
there was no interaction between the CBT (vs.
combination treatment) condition and the
PICDRS in predicting outcomes nor was there an
interaction between the MEDS (vs. combination
treatment) condition and the PICDRS in predicting
outcomes (see Table 3).
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Figure 2. Treatment differences between depressed adolescents (n = 327) randomized to cognitive-behavioral therapy (CBT), the antidepressant medication fluoxetine (MEDs), or their combination (COMB) by level of prognostic index (PI) for the Reynolds Adolescent
Depression Scale (RADS).
Note. A = Patients with a multivariable prognostic index (PIRADS) ≥ 58.64, B = Patients with a PIRADS < 58.64, C = Patients with a single
variable PI based on symptom severity alone, with a predicted score ≥56.48, D = Patients with a single variable PI based on symptom severity
alone, with a predicted score <56.48.

Sensitivity Analyses
The PI-RADS proved to be a moderator of outcomes. Inspections of the variables that compose
this algorithm, as well as their effect sizes revealed
that baseline severity was the strongest contributor
to the model (see Table 2). To assess whether the
utility of the PI-RADS could simply be accounted
for by the effects of baseline severity, we reran all analyses without allowing symptom severity to be
included in the variable selection process. The resulting PI (MSE = 176.19) was still related to outcomes
within the placebo sample (R 2 = 30%, 95% CI =
0.17–0.44, p < 0.001, NRMSE = 0.20) and predicted
outcomes in the treatment samples (R 2pred = 9%,

95% CI = 0.04–0.15, p < 0.001, NRMSE = 0.19).
However, this PI-RADS, devoid of severity, did not
moderate outcomes in CBT (vs. combination treatment) (B = 0.20, SE = 0.44, t = 0.47, p = 0.64) or
MEDS (vs. combination treatment) (B = 0.07, SE
= 0.47, t = 0.14, p = 0.89). By way of contrast, a PI
constructed in the placebo sample using only baseline
moderated outcomes in CBT (vs. combination treatment) (B = 0.55, SE = 0.27, t = 2.05, p = 0.04) but
not MEDs (vs. combination treatment) (B = −0.14,
SE = 0.27, t = −0.54, p = 0.59).
Using the Johnson-Neyman technique revealed
that for patients who were expected to be placeboresponsive, by virtue of having a less severe
depression that predicted a RADS <56.48, the
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Table 3. Effects of prognostic indices (PIs) on treatment outcomes
in cognitive-behavioral therapy (CBT) or medications (MEDs) vs.
their combination (n = 337).
RADS
Intercept
CBT (vs. COMB)
MEDs (vs. COMB)
PI
CBT ∗ PIRADS
ADM ∗ PIRADS
CDRS
Intercept
CBT (vs. COMB)
MEDs (vs. COMB)
PI
CBT ∗ PICDRS
ADM ∗ PICDRS

B

SE

t

63.59
9.90
4.82
1.31
0.78
−0.13
B
38.88
6.96
2.72
1.10
1.41
−0.35

0.94
1.88
1.90
0.16
0.33
0.32
SE
0.84
1.69
1.70
0.44
0.90
0.93

67.85
5.26∗∗∗
2.54∗
8.35∗∗∗
2.35∗
−0.39
t
46.25
4.12∗∗∗
1.60
2.51∗
1.56
−0.38

Note: ∗∗∗ p < 0.001, ∗∗ p < 0.01, ∗ p < 0.05, COMB = Combination
of CBT and medication, PI = prognostic index, RADS = Reynolds
Adolescent Depression Scale, CDRS = Children’s Depression
Rating Scale.

differences in outcomes between COMB and CBT
(B = 7.84, SE = 4.58, t = 1.71, p = 0.09, SMD =
0.50, 95% CI = −0.26–1.25) were not statistically significant nor were the differences between CBT and
MEDs (B = 1.48, SE = 3.74, t = 0.40, p = 0.70,
SMD = −0.09, 95% CI = −0.75–0.56). For patients
who were expected to be less placebo-responsive, by
virtue of having a predicted severity score RADS ≥
56.48, COMB was superior to CBT (B = 10.61, SE
= 2.25, t = 4.71, p < 0.001, SMD = 0.68, 95% CI =
0.38–0.98) as were MEDS (B = −6.97, SE = 2.31, t
= −3.01, p = 0.003, SMD = 0.44, 95% CI = 0.15–
0.75). Taken together, these results suggest that the
utility of the multivariable PI-RADS in predicting
outcomes was largely accounted for by baseline
depression severity. Intake severity on the RADS,
alone, explained 18% of the variance in RADS outcomes (95% CI 0.11–0.25, p < 0.001). Adding the
interaction of severity and the treatment conditionss
increased this (ΔR 2 = 0.08) and this change was statistically significant (p < 0.001). Similarly, our PIRADS
and its interaction with treatment explained variance
above and beyond severity by itself (ΔR 2 = 0.08, p <
0.001) but not above and beyond severity and its
interactions with treatments (ΔR 2 = 0.01, p = 0.27).

Discussion
We developed a PI to predict the placebo response in
adolescents with depression. We then explored
whether this PI was a moderator of outcomes in combination treatment versus monotherapy with fluoxetine or CBT. In prior investigations of this kind,
researchers have assumed that being able to identify

placebo responders should assist in guiding treatment
decisions (Trivedi et al., 2018). For the RADS, we
found that lower levels of expected placebo response
predicted larger treatment differences between
COMB vs. CBT monotherapy, and superior outcomes for MEDs compared to CBT. For patients
with relatively low PIs (i.e., those who were expected
to be placebo responders), no differences between
COMB, MEDs, and CBT were found. This was consistent with our hypothesis. Notably, baseline severity
largely accounted for this effect. Contrary to our prediction, the PI developed on the CDRS was not a
moderator of outcomes. Taken together, these
results may suggest that the application of multivariate PIs for placebo response may work better for
some measures than others (in the present case,
self-report), and may in some cases be accounted
for by single variables (in the present case, baseline
severity).
Interestingly, our models were better able to
predict self-reported depression with the RADS
than observer-reported depression with the CDRS
and only the former PI moderated outcomes. There
are several possible reasons for this. First, baseline
severity on the RADS (r = 0.43, 95% CI = 0.35–
0.50) was more predictive of end-of-treatment
RADS than baseline CDRS was predictive of outcomes (r = 0.24, 95% CI = 0.14–0.35), and this variable proved to be carrying most of the variance in risk
stratification. Additionally, differences in measures of
depression have been noted in relation to item
content (Fried, 2017). Here, while the items
overlap substantially, the RADS oversamples items
related to positive affectivity and also includes items
tapping worries, negative judgements, and social
withdrawal that are not in the CDRS, which instead
measures “objective” indicators of depression (e.g.,
tempo of speech) not in the RADS.

Limitations
An important limitation of our analysis is that the
current sample is composed entirely of adolescents,
thus limiting the generalizability of our results. It is
possible, for example, that symptom severity is the
strongest variable predicting outcomes in adolescents
whereas, in adults, variables that go beyond symptom
severity (e.g., unemployment status, sleep) are stronger predictors of outcomes (Lorenzo-Luaces et al.,
2017). It is also possible that our prediction efforts
were limited by the variables available in the TADS
dataset. Missing from that dataset, for example,
were variables relevant to temperament and to
social context, both of which could influence prediction of treatment outcomes in a sample of
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adolescents. Reviews of the literature also suggest
that studies that combine self-report, neuroimaging,
and genetic methods yield better prediction accuracy
than studies that rely on self-report alone (Lee et al.,
2018). The combination of these types of variables,
which were not measured in TADS, could have led
to more precise risk stratification in the current
study. An addition limitation was sample size;
although the TADS sample was unusually large for
a depression treatment study (c.f.,Barth et al.,
2016), it was nonetheless underpowered for differential prediction efforts (Luedtke et al., 2018). Specifically, Luedtke et al. (2018) have shown that power in
multivariate prediction problems is a function of the
improvement that using a variable like a PI would
have on overall outcomes, the noise in the measurement of the variables, and the overall remission
rate. In a sample like ours, the use of the PI would
have to result in a modest increase in outcomes
(>15%) to have acceptable power (i.e., around
80%) to detect a statistically significant interaction
at p < 0.05. Future research with larger samples
should test the utility of PIs, especially those that
may have small effects.
Despite these limitations, to our knowledge, this is
the first study to directly test the expected utility of
using the expected placebo response in assigning
patients to one of two monotherapies vs. combination
treatment. We employed techniques from machinelearning, which are devised to minimize the risks of
overfitting to create our prediction model. The
study thus serves as a potentially useful proof-ofconcept investigation, illustrating a general strategy
and machine-learning application that researchers
may add to their toolbox in efforts to guide treatment
assignment.

Implications
There is widespread recognition that the field needs
to move beyond a “one-size-fits-all” approach to the
treatment and prevention of depression and multiple
other mental health conditions (Cohen & DeRubeis,
2018; Kessler, 2018; Kessler et al., 2016). Multivariable risk-stratification based on prognosis to different
psychosocial interventions has previously received
support in the literature on prevention of depression
with CBT psychoeducation in adolescents (Garber
et al., 2018; Weersing et al., 2016), treatment of
adult depression (Lorenzo-Luaces et al., 2017), and
treatment of mixed anxiety-depression samples (Delgadillo et al., 2016, 2017). Our results are part of the
broad enterprise of multivariable risk-stratification
and call attention to the importance of making
strong tests of the utility of PIs, going beyond

whether they simply predict outcomes above and
beyond chance. Some (Lorenzo-Luaces et al., 2017;
Webb et al., 2018) but not all (Delgadillo et al.,
2016, 2017) of the studies providing support for the
utility of a PI have tested a multivariable algorithm
against simpler solutions like symptom severity.
Indeed, we found support for the idea of risk stratification based on expected placebo response in that
using symptom severity alone to develop a model that
predicted the placebo response facilitated the building of a PI that moderated outcomes in CBT (vs.
COMB and vs. MEDs). Prior research supports the
notion that symptom severity is a reliable and
strong indicator of prognosis. For example, Dinga
et al. (2018) attempted to predict the 2-year prognosis of depression from a pool of 81 variables in 804
individuals. Despite a wide range of predictors that
included biological variables (e.g., C-reactive
protein (CRP), interleukin-6 (IL6), tumor necrosis
factor-alpha) as well as clinical (e.g., co-morbid diagnoses, trauma) and psychosocial ones (e.g., demographics, personality traits), only baseline severity
predicted future depression. Similarly, in the International Consortium to Predict PTSD (ICPP)
sample (N = 2473) PTSD diagnostic status at
follow-up was predicted by multiple variables including immediate/baseline post-trauma severity as well
as female gender, education, and interpersonal
nature of the trauma. However, the multiple variable
model did not appear to be more accurate than a
“severity-only” model (Shalev et al., 2019). An
important clinical implication of these finding is
that risk stratification may be less complicated for
clinicians than has been assumed. It is a simple task
to assess baseline severity of depression symptoms
and this may be useful for the purposes of risk
stratification.
Even if symptom severity proves to be the most
useful variable for risk-stratification, depression
symptoms are not interchangeable, some are better
indicators of severity and impairment than others,
and some may have different underlying contributors
(Fried et al., 2016; Fried & Nesse, 2015; Zimmerman
et al., 2006). Based on prior literature, we individually examined the effects of sleep problems and suicidality, but it is possible that considering all
symptoms may offer advantages for the purposes of
risk-stratification. Future research could also
examine the interaction of severity with other variables like the duration of depression (Hollon et al.,
2014; Nelson et al., 2013). Machine-learning algorithm like those that use regression trees are wellsuited for modeling complex non-linear interactions,
which has been recommended as a next step in treatment research (Lorenzo-Luaces & DeRubeis, 2018).
Nevertheless, machine learning methods do not
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always outperform other methods, which future
research should take into account (Makridakis
et al., 2018).
Adolescence is marked by at least two major developmental processes that likely affect treatment
response; (1) the development of cognitive processes
necessary for engagement in CBT (e.g., meta-cognition), and (2) greater emotional reactivity which may
often override these cognitive abilities (Steinberg,
2005). The results of the TADS study, though they
have generated critiques (Hollon et al., 2005) and
critical tests of replicability (Davey et al., 2019),
suggest that the combination of antidepressants,
which may reduce emotional reactivity, and CBT,
which may promote engagement in reappraisal and
related cognitive processes (DeRubeis et al., 2008),
may be the best treatment alternative for most adolescents with MDD. Our results confirm prior findings
that symptom severity is a useful variable for risk-stratification, revealing a subgroup of patients who can
benefit from monotherapy with CBT or
antidepressants.
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