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Background: Prognostic indices (PIs) combining variables to predict future depression risk may help guide the
selection of treatments that diﬀer in intensity. We develop a PI and show its promise in guiding treatment
decisions between treatment as usual (TAU), treatment starting with a low-intensity treatment (brief therapy
(BT)), or treatment starting with a high-intensity treatment intervention (cognitive-behavioral therapy (CBT)).
Methods: We utilized data from depressed patients (N=622) who participated in a randomized comparison of
TAU, BT, and CBT in which no statistically signiﬁcant diﬀerences in the primary outcomes emerged between the
three treatments. We developed a PI by predicting depression risk at follow-up using a LASSO-style bootstrap
variable selection procedure. We then examined between-treatment diﬀerences in outcome as a function of the
PI.
Results: Unemployment, depression severity, hostility, sleep problems, and lower positive emotionality at
baseline predicted a lower likelihood of recovery across treatments. The PI incorporating these variables
produced a fair classiﬁcation accuracy (c=0.73). Among patients with a high PI (75% percent of the sample),
recovery rates were high and did not diﬀer between treatments (79–86%). Among the patients with the poorest
prognosis, recovery rates were substantially higher in the CBT condition (60%) than in TAU (39%) or BT (44%).
Limitations: No information on additional treatment sought. Prospective tests needed.
Conclusion: Replicable PIs may aid treatment selection and help streamline stepped models of care. Diﬀerences
between treatments for depression that diﬀer in intensity may only emerge for patients with the poorest
prognosis.

1. Introduction

and approximate equivalence of many treatments for depression,
current models for the delivery of care are inadequate. At one end of
the spectrum, many patients receive higher intensity interventions than
they require to experience symptom relief (Lorenzo-Luaces et al., 2015;
Lovell and Richards, 2000). Conversely, many do not receive the level
of care that they might require to experience symptom relief (Kocsis
et al., 2008; Lecrubier, 2007).
It is diﬃcult to match patients to an appropriate level of care
because depression is extremely heterogeneous in presentation and
prognosis (Lorenzo-Luaces, 2015; Parker, 2005). We describe an
approach, conceptually motivated by research on risk-stratiﬁed care
in breast cancer (Akay et al., 2012; Chen et al., 2004; Chen et al., 2005;
Huang et al., 2006), for combining variables to create a prognostic

There are a wide variety of treatments for depression. These
treatments diﬀer in how intense they are in terms of investment and
resources required from patients and providers but the average superiority of higher-intensity treatments relative to lower-intensity ones
appears to be small. For example, the combination of antidepressants
and psychotherapy appears to be superior to either treatment as a
monotherapy but that diﬀerence is small (Khan et al., 2012). Similarly,
the superiority of antidepressants relative to placebos appears limited
(Kirsch and Sapirstein, 1998) and the superiority of evidence-based
psychotherapy relative to treatment as usual appears to be small as well
(Flückiger et al., 2014; Wampold et al., 2011). Despite the availability
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(d=0.70) emerged for the subset of patients who had chronic and
severe depression. Similarly, Thase et al. (1997) reported that, for
individuals with mild depression, combining an antidepressant and
cognitive-behavioral therapy (CBT) or interpersonal psychotherapy
(IPT) was not superior to psychotherapy alone. However, for patients
with severe and recurrent depression, combination treatment yielded
superior recovery rates (60% vs. 19%; see also Hollon et al., 2014).
Kessler et al. (2016a) conducted a review of patient self-reported
variables that have been replicated at least once as predictors or
moderators of treatment outcomes. According to these authors, predictors of depression can broadly be grouped into demographics (e.g.,
age, unemployment), features of depression (e.g., severity, prior
episodes), co-morbidities (e.g., anxiety, sleep problems), stress history
(e.g., childhood maltreatment), personality features (e.g., high negative
aﬀect), and other features (e.g., impairment). Broadly speaking, it
appears as if the variables that predict overall depression treatment
response are variables that predict the persistence and severity of
depression. These are usually variables that relate to underlying
vulnerabilities to depression and social-interpersonal functioning.
However, an issue that obscures the interpretation of the existing
literature is that most studies only explore single variables (DeRubeis
et al., 2014a; Kessler et al., 2016b).
Kraemer (2013) asserted that “if there are multiple [moderators]
related to the same underlying construct, these … should be combined
in order both to increase the reliability of the measurement of that
construct and to avoid problems associated with multicollinearity in
combining them.” (p. 1969) DeRubeis et al. (2014b) argued for the
existence of one such construct when they discussed patient response
proﬁles. According to these authors, patients diﬀer in the extent to
which they can beneﬁt from the active eﬀects of treatments and
processes. Patients who are likely to improve much irrespective of
interventions, as is characteristic of samples of patients with depression, are unlikely to reveal speciﬁc intervention eﬀects. Preliminary
evidence supports the use of combined moderator variables like PIs in
guiding treatment selection in mental health treatment (see Cloitre
et al., 2016; Delgadillo et al., 2016). In the context of a clinical trial in
which there were no diﬀerences in overall outcome between treatment
as usual (TAU), stepped care starting with brief therapy (BT) or
stepped care starting with CBT, we hypothesized that prognostic status
would moderate the treatment diﬀerences. Our study is meant as a
proof of concept in the treatment of depression. We hypothesize that
among patients who, based on pre-treatment characteristics, are
predicted to do well, few if any diﬀerences in outcome will emerge
between the treatments we studied. However, among patients with a
poorer prognosis, the more intensive CBT should outperform TAU and
BT.

index (PI) that can be used when selecting between treatments that
diﬀer in intensity. PIs can be thought of as predictive of patients’
symptom status in a future time frame and they can also be used to
determine the intensity level of care a patient should receive (see
Delgadillo et al. (2016) and Garber et al. (2016)).
1.1. Prognosis in breast cancer
In the treatment of breast cancer after neoadjuvant chemotherapy,
mastectomies are known to be a more aggressive treatment than
breast-conservation therapy (BCT), which preserves a part of the breast
tissue for cosmetic purposes. While these treatments clearly diﬀer in
intensity, on average there are only small (1–9%) diﬀerences in 5–10
year recurrence rates between the two treatments (Morris et al., 1997;
van Dongen et al., 2000). Although this average diﬀerence is small, it is
possible that BCT might be indicated for patients with less aggressive
cancers whereas mastectomies, the more aggressive or higher intensity
treatment, are better-suited for patients with more aggressive illnesses.
This possibility was explored by Huang et al. (2006) who analyzed
treatment diﬀerences according to a previously-developed PI (Chen
et al., 2005). Their PI consisted of a score, ranging from 0 to 4, which
indicated the number of risk factors for a cancer recurrence (see Chen
et al., 2004). For patients with a low predicted risk of recurrence,
recurrence rates were low and did not diﬀer between the treatments
(12% for BCT, 9% for mastectomy). For patients with a score of 3–4,
however, recurrence rates were signiﬁcantly higher for those treated
with BCT (61%) than for those treated with mastectomy (19%). This
pattern of results were subsequently replicated by Akay et al. (2012)
who reported no diﬀerences between BCT and mastectomy for patients
who were at a low risk of recurrence but a large diﬀerence in favor of
mastectomy (6% vs. 32%) for patients with a high risk score. We
propose that a similar phenomenon occurs in the treatment of
depression and other disorders. Speciﬁcally, comparisons of treatments
that appear to diﬀer in intensity (e.g., combination treatment vs.
psychotherapy alone or long term therapy vs. brief interventions)
may produce small diﬀerences because many patients in treatment
trials can be expected to beneﬁt from minor interventions and it is only
patients with an overall poorer prognosis that will evidence more
beneﬁt from the higher-intensity treatment.
1.2. Combining multiple variables in depression treatment
The idea of using baseline variables to predict response to depression treatments is not new. For example, the eﬃcacy of antidepressants
relative to placebos seems to be limited to patients with more severe
depressions (Barbui et al., 2011; Fournier et al., 2010; Khan et al.,
2002; Kirsch et al., 2008). Similar ﬁndings have been reported for
psychotherapy (Driessen et al., 2010). Likewise, the eﬃcacy of combination treatment relative to antidepressants alone or psychotherapy
alone seems to be limited to patients with more severe depression
(Hollon et al., 2014; Thase et al.al., 1997). Some stepped models of
care for depression make use of ﬁndings such as these. In stepped
models of care, most patients are started on lower-intensity treatment
options before entering more intense care. Illness severity, however,
can be used as an indicator to bypass lower intensity treatments for
more intensive ones. For example, the NICE guidelines in the United
Kingdom (National Institute for Clinical Excellence, 2004) do not
endorse the use of combined treatment as the initial treatment strategy
in mild depression and instead suggest further assessment, a lowintensity intervention, or a monotherapy.
Research suggests that a multitude of variables, other than symptom severity, account for treatment response (see Kessler et al.
(2016a)). For example, in a large dataset pooling comparisons of
antidepressants vs. placebos, Nelson et al. (2013) reported that there
were no statistically signiﬁcant diﬀerences in outcomes for patients
whose depression was non-chronic. However, a large diﬀerence

2. Methods
The aim of the trial from which these data were drawn was to
compare TAU to each of two stepped care regimens. One of the
regimens began with a low-intensity treatment (i.e., BT) and the other
began with a high-intensity treatment (i.e., CBT; Van Straten et al.,
2006).
The trial was designed so as to mimic conditions found in routine
care settings. Patients were sampled from a representative subsample
of 7 of the 47 regional mental health care centers (MHCs) that provide
mental health care in the Netherlands. Exclusion criteria were: the
presence of psychotic, manic, or thought disorder symptoms, dependence on hard drugs (patients with alcohol abuse or dependence were
not excluded), high suicide risk, or poor command of Dutch. Patients
not excluded on the basis of these criteria were screened for mood or
anxiety disorders (Goldberg et al., 1988; Tiemens, 1999) with those
who screened positive (n=1608) being followed up for an at-home
interview with the Composite International Diagnostic Interview
(CIDI; Wittchen et al., 1993). Of these patients, 214 could not be
79

Journal of Affective Disorders 213 (2017) 78–85

L. Lorenzo-Luaces et al.

Table 1
Baseline demographic, personality, and clinical characteristics of subjects randomized to treatment as usual (TAU, n=234), brief therapy (BT, n=179), or cognitive-behavioral therapy
(CBT, n=208).
TAU

On antidepressants
Female a
Dutch immigrant a,b
Problematic drinking b
Unemployed||
Educational attainment||
None
Lower
Middle
High
Somatic illnesses (#)||
1.00
2.00
3.00
4+
Anxiety co-morbidity||
Severe MDD (CIDI)||
Recurrent MDD (CIDI)||

Age||
Symptom Checklist 90
Sleep||
Agoraphobia a,c
Anxiety c
Depression c
Hostility||
Insuﬃciency a,c
Interpersonal sensitivity
Somaticc
Other a,c
NEO
Conscientiousness
Agreeableness||
Extraversion||
Neuroticism||
Openness||

c

a

BT

CBT

%

%

(n)

%

(n)

%

(n)

χ2

p

miss.

42%
66%
6%
11%
36%

(85)
(154)
(13)
(24)
(77)

25%
62%
10%
13%
30%

(50)
(110)
(16)
(21)
(48)

33%
59%
14%
10%
31%

(67)
(123)
(27)
(19)
(57)

2.91
2.17
7.51
0.69
2.04
6.47

0.23
0.34
0.02
0.71
0.36
0.37

9%
10%
9%
9%
10%

12.6%
39.1%
38.1%
10.7%

(26)
(84)
(82)
(23)

9.9%
43.8%
30.2%
16.0%

(16)
(71)
(49)
(26)

11.7%
46.3%
30.9%
11.2%

(22)
(87)
(58)
(21)
4.12

0.85

8%

30.1%
16.7%
9.7%
12.5%
44.9%
39.5%
57.7%

(65)
(36)
(21)
(27)
(105)
(90)
(135)

32.7%
20.4%
8.60%
7.4%
45.8%
38.2%
49.2%

(53)
(33)
(14)
(12)
(82)
(66)
(88)

30.3%
18.6%
9.6%
8.5%
48.6%
41.8%
60.6%

(57)
(35)
(18)
(16)
(101)
(84)
(126)

0.63
1.97
5.43

0.73
0.74
0.07

3%

M
35.98

SD
(10.29)

M
36.53

SD
(10.27)

M
36.63

SD
(9.9)

F
0.26

p
0.77

9.22
13.29
26.06
48.58
12.95
24.93
42.48
29.51
19.32

(3.85)
(6.31)
(8.85)
(12.35)
(5.37)
(7.51)
(15.56)
(9.55)
(5.87)

9.26
13.96
26.18
47.99
12.49
24.11
40.87
28.24
18.79

(3.85)
(7.03)
(8.97)
(14.24)
(5.28)
(7.95)
(15.06)
(9.52)
(5.92)

9.29
14.27
27.41
49.15
12.44
25.33
43.87
28.34
19.47

(3.66)
(6.77)
(8.77)
(12.68)
(5.36)
(7.57)
(14.96)
(9.14)
(6.16)

0.02
1.13
1.35
0.34
0.57
1.14
1.69
1.12
0.61

0.98
0.32
0.26
0.71
0.57
0.32
0.19
0.33
0.54

9%
9%
9%
9%
9%
9%
9%
9%
9%

3.25
4.43
2.23
7.77
4.99

(1.95)
(2.06)
(1.83)
(1.13)
(1.87)

2.79
4.27
3.22
1.89
4.80

(1.7)
(2.)
(1.94)
(1.07)
(2.07)

3.11
4.21
3.12
7.88
5.39

(1.84)
(2.)
(1.84)
(1.11)
(1.9)

2.22
0.49
0.18
0.55
3.22

0.11
0.62
0.84
0.58
0.04

9%
9%
9%
9%
9%

Note. % miss – percentage missing data at baseline. MDD – major depressive disorder. Problematic drinking – as assessed by two aﬃrmative responses to the CAGE questionnaire. CIDI
– Composite International Diagnostic Interview. NEO- NEO Five Factor Inventory. || variable explored as a predictor of outcomes. a – variable not explored as a predictor of outcomes
because no prior research suggests it is predictive of outcomes in depression treatment, b – variable not explored as a predictor of outcomes because there was low variability, c –
variable not explored as a predictor of outcomes because it was co-linear with some variables and represented by other variables

2.2. Brief therapy(BT)

reached. Patients in the original trial were eligible if they met the
criteria for any of the following DSM-IV (American Psychiatric
Association, 2000) disorders: major depressive disorder (MDD), dysthymia, panic, social anxiety, or generalized anxiety disorder. Of the
1394 patients reached for interview, 214 did not meet full criteria for
mood or anxiety disorder, 17 had a poor command of Dutch, and 396
declined to participate. Thus, in total, 702 patients consented to
participate in the parent study. In the present paper, we focus on the
622 patients who met criteria for MDD. Prior to the start of treatment,
patients were randomized to one of three treatment conditions:

In the 1980s, brief therapy (BT) was introduced in the Netherlands
as a remedy for lengthy waiting lists. In this study, BT was provided for
a total of 5 sessions with a maximum of 2 booster sessions in the sixmonth period following treatment completion. The aim of BT in this
study was to create hope by clarifying problems and emphasizing and
strengthening the patient's own competence and coping skills.

2.3. Cognitive-behavioral therapy (CBT)
In this study, CBT consisted of ﬁve modules spanning 11–15
sessions: a) introduction (one session), b) psychoeducation and assessing of cognitions (three sessions); iii) changing cognitions by challenging them (three sessions); iv) behavior experiments to challenge
cognitions (three sessions); v) integrating new behavior in patients’
lives by additional behavior experiments (one to ﬁve sessions).
BT and CBT were considered as ﬁrst steps in a stepped-care model.
Therefore, all patients were allowed to switch treatments, during or
after treatment completion, if either the patient or the therapist
deemed appropriate. In other words, although the BT and CBT
conditions had a set protocol and numbers of sessions, patients were

2.1. Treatment as usual (TAU)
The TAU condition consisted of matched care as it was conducted in
the Netherlands at the time: an interdisciplinary mental health care
team reviewed each case and patients were assigned to the treatment
that they were expected to beneﬁt the most from. Treatments varied by
type (e.g., CBT, interpersonal, psychodynamic), format (e.g., group,
online), and intensity (i.e., duration). Thus, ultimately the TAU
condition consisted of various treatments of diﬀerent treatment
intensity.
80
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allowed to ‘step up’ from these treatments, receive more treatment
sessions, or to switch treatment modalities or formats. Thus, patients
in the BT condition could ultimately receive CBT. Because treatment
was conducted in a naturalistic setting, the randomization rule was
sometimes overturned by clinicians prior to the start of treatment. This
was somewhat more likely to occur in the BT condition but was not
associated with outcomes in any of the conditions (ps > 0.30). No
information was available in terms of the timing, frequency, or types of
shifts that occurred in any of the conditions.
Patients who met the criteria for severe depression in any of the
three treatment conditions were allowed to receive antidepressant
medication in addition to the psychological treatment. There were no
statistically signiﬁcant diﬀerences in the proportion of patients taking
medication in TAU (42%, n=85), BT (25%, n=50), and CBT (33%,
n=67). Medication use did not predict outcome either by itself or in
interaction with any of the treatment condition (ps > 0.63).

To determine which of the 13 variables would be included in our PI,
we utilized the ‘SparseLearner’ R package developed by Guo et al.
(2015). This package includes a regression-weight ranking procedure
with a k-fold cross-validation across bootstrap samples using LASSO
(least absolute shrinkage and selection operator) penalties. LASSO
approaches belong to the family of penalized regression models
(Tibshirani, 1996, 2011) and have been recommended and used in
other eﬀorts to predict MDD status (Kessler et al., 2016b). The
procedure converges on a ﬁnal solution in which the variables are
given a set of weights that are more conservative, and thus more likely
to replicate than what would be obtained with other regression
approaches. We ran the analyses to predict recovery status at the
18–24 month follow-up in 5000 bootstrapped samples using 10-fold
cross-validation. Thus, in each of the 5000 bootstrapped samples,
recovery status at the 18–24 month follow-up was derived by a
regression equation of the form:

Recovery 18−24 mo. =β0 + (β1*Var1) + (β2*Var2) … (β13*Var13)

2.1 Outcomes and missing data

In each of the 5000 bootstrapped samples, the β estimates
correspond to the values that minimize 10-fold cross-validation prediction errors. Final weights are computed by aggregating β estimates
as described in the formulas by Guo et al. (2015). Each patient's
predicted likelihood of recovery can then be estimated by entering their
baseline values on the relevant variables into the equation produced by
this procedure. We refer to this estimate as the patient's value on the
PI. Because the PI is derived for a prediction of a binary variable, it is in
the form of log odds. To facilitate interpretation, we convert it to an
estimate of the probability of recovery (PI%).
We used the traditional interpretation of the c-statistic/area under
the curve to evaluate the performance of the PI in predicting depression recovery (Harrell, 2001). To determine whether outcomes varied
between the three treatment conditions, we ran binary logistic regressions predicting outcomes at follow-up with dummy variables for each
of the two active treatment conditions (i.e., CBT vs. TAU and BT vs.
TAU), the PI, and the respective interactions between the PI and
treatment condition:

Patients were interviewed at baseline and then every 3 months,
irrespective of the timing of treatment initiation and termination. The
primary outcome for the current analyses was recovery, deﬁned by the
absence of MDD status, at the 18–24 month follow-up. This ﬁnal
follow-up interview occurred at least 18 months after enrollment in the
study. The ﬁrst 59 patients who entered the study were followed for 24
months; subsequent enrollees were followed for 21 months (n=105) or
18 months (n=256). We also examined recovery at an earlier (12month) assessment.
At baseline, rates of missing data on co-variates were low (all <
10%, see table 1) and most (86%. n=536) participants in our sample
had information on all baseline variables. At the end of the study, 68%
of the participants (n=420) were available to be interviewed. There
were no statistically signiﬁcant diﬀerences in lost-to-follow-up (LTFU)
between the three treatments (ps > 0.66). Most individuals (n=416)
who were followed up in the 18–24 month assessment provided data
on baseline co-variates. To address missing data, including missing
outcome assessments, we used a non-parametric missing value imputation procedure using random forests with the R package
missForest (Stekhoven and Bühlmann, 2012). The variables in the
imputation model were the baseline co-variates reported in Table 1,
treatment condition, number of sessions, medication status, and
follow-up time frame (i.e., 18, 21, 24). Imputation via random forests
has been shown to yield a lower imputation error than the more
commonly-known approach of multiple imputations via chained equations (MICE; see Stekhoven and Bühlmann, 2012; Waljee et al., 2013).
To check for the potential that missing data imputation inﬂuenced our
results, we re-ran the analyses described below with the listwisedeleted version of the dataset (n=417). The results were, by and large,
quite similar so we report the results obtained with the imputed data.

Recovery 18−24 mo. =β0 + (β1*PI) + (β2*CBT) + (β3*BT)
+ (β4*CBT*PI) + (β5*BT*PI)
In this model, the terms for β4 and β5 indicate whether the
coeﬃcient for the interaction between the PI and CBT and the PI and
BT is signiﬁcantly diﬀerent than zero. If the tests associated with these
coeﬃcients are statistically signiﬁcant, it indicates that outcomes vary
between the treatment across levels of the PI. We conducted a similar
logistic regression comparing CBT vs. BT.
In all analyses, we controlled for medication status, the timing of
the follow-up (i.e., 18, 21, or 24 months), and the number of treatment
sessions attended, although there was no indication that either variable
by itself, or in any of the treatment conditions, was related to recovery
status. To probe signiﬁcant interactions between the PI and treatment
condition, we used the Johnson-Neyman technique (Hayes and
Matthes, 2009), which gives a value of the moderator at which the
signiﬁcance of the predictor on outcome changes. In our analyses, the
Johnson-Neyman would help us establish a point in the prognostic
index at which treatment eﬀects begin to be evident.

2.2 Analytic approach
Analyses were conducted using the R programming language (R
Core Team, 2014). A total of 23 variables were available for analysis.
These included demographics, clinical variables, personality traits as
assessed by the NEO Five-Factor Inventory (Costa and MacCrae,
1992), and subscales of the Symptom Checklist 90 (Derogatis, 1983;
Table 1). In choosing which variables to explore as predictors of
treatment outcomes, we cross-referenced a recent review by Kessler
et al. (2016a) on predictors of depression treatment outcomes that
have been replicated at least once. When removing variables, we took
into account multicollinearity in the context of redundancy or multiple
indicators (e.g., both objective and subjective levels of somatic symptoms); lack of prior research suggesting variable predicts depression
outcome (i.e., 6 out of 23), and observed variability. Thirteen of the 23
variables were thus retained (Table 1).

3. Results
Descriptive statistics at baseline are presented in Table 1. There
were no statistically signiﬁcant diﬀerences in the rate of MDD recovery
at the 18–24 month follow-up between TAU (68.4%) and either of the
stepped care conditions (BT=75.4%, OR=1.33, 95% CI=0.84 –2.07, B
=0.28, SE=0.23, χ2=1.47, p=0.23; CBT=74.5%, OR=1.38, 95%
CI=0.91 –2.11, B =0.32, SE=0.22, χ2=2.25, p=0.13). Five of the 13
potential predictor variables submitted to the LASSO procedure were
81
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was not present in the BT vs. TAU contrasts (ps > 0.62). We also tested
the interactions between treatment condition and each of the ﬁve
patient variables separately. None of the interaction eﬀects was
signiﬁcant (all ps > 0.09).

Table 2
LASSO solution for predictor variables used in prognostic index (PI) predicting recovery
at follow-up and model estimates from logistic regression.

Unemployment status
Depression severity
Hostility (SCL)
Sleep complaints (SCL)
Extraversion (NEO)

LASSO

B

SE

OR

95% CI

−0.39
−0.15
−0.38
−0.25
0.34

−0.57
−0.20
−0.45
−0.31
0.43

0.21
0.11
0.10
0.11
0.11

0.57
0.82
0.64
0.74
1.53

(0.38–0.84)
(0.67–1.01)
(0.52–0.77)
(0.59–0.91)
(1.23–1.90)

4. Discussion
We described a procedure that yields a prognostic index that can be
used in determining which patients are most likely to beneﬁt more
from a high-intensity intervention, relative to a lower intensity one. We
tested this procedure in the context of a randomized trial comparing
TAU, BT, and CBT. Despite the trial being adequately powered to detect
treatment diﬀerences and the fact that the treatments diﬀered in
intensity, on average, there were only small, nonsigniﬁcant diﬀerences
in outcomes. Using our prognostic index, we identiﬁed a subgroup of
patients for whom the eﬀects of CBT were substantially greater than
those of TAU or BT. It is noteworthy that large diﬀerences between the
interventions were observed in the subset of patients with poorer
prognoses because this study was conducted in a naturalistic context;
patients in the BT condition were allowed to step up their treatment
and the TAU was a strong control group in that few restrictions were
placed on the level and type of care. To put the ﬁndings in context, the
diﬀerences reported between CBT and TAU are outside the 95% CI of
estimates of comparisons of CBT vs. TAU reported in the latest metaanalysis exploring long-term outcomes between psychotherapies
(Karyotaki et al., 2016).
Before interpreting our study ﬁndings, several limitations are worth
noting. First, the present data were collected over 10 years ago in a
naturalistic context in which randomization was not guaranteed and
assessments of treatment integrity were not conducted. We chose this
speciﬁc dataset because of its strengths. It included a treatment arm
that had a high-intensity empirically supported intervention (i.e., CBT),
a high-intensity intervention that was not protocolized so as to be
supported by research (i.e., TAU), and a low-intensity intervention that
has arguably less empirical support (i.e., BT). However, the fact that we
only have information on the number of sessions attended and not on
the type of psychotherapy or whether the patients stepped up is a major
limitation. In spite of the age of the study, design features that are
threats to internal validity (e.g., lack of ﬁdelity assessments), this is still
a uniquely-designed study. The fact that patterns treatment diﬀerences
were obtained in this secondary data analysis suggests that the groups
of patients received treatments that diﬀered at least somewhat. In
either case, it is diﬃcult to envision how the age of the study, the failure
to randomize, or the lack of ﬁdelity assessments accounted for the
patterns we reported. Moreover, it is worth considering that our study
is not intended to change clinical practice but to illustrate a principle
and stimulate further research. The ﬁndings need validation in an
alternative dataset and testing in prospective studies so as to inﬂuence
clinical practice. It is also worth observing that present trial was a
multi-site study. Controlling for site-level eﬀects would have lead to a
less biased estimation of outcomes. Given the complexity of our
analyses and the low likelihood that this accounts for the observed
pattern of results, which was predicted a priori, we chose not to account
for the nesting of the data.
We have interpreted our ﬁndings to mean that a higher intensity of
care is needed for patients with a poorer prognosis. However, it is
possible that patients with a better prognosis beneﬁt as much from
non-speciﬁc interventions such as BT as they do from empiricallysupported treatments like CBT but patients with a poorer prognosis
require treatments with more active ingredients (e.g., CBT) to experience treatment beneﬁt (see DeRubeis et al. (2014b)). It is possible that
the degree to which a presumably active treatment is superior to a
control is a function of both the presence of interventions targeted to
speciﬁc psychological processes and to the frequency with which the
intervention is delivered. This is not inconsistent with the ideas we
have discussed. In other words, if any diﬀerences between treatments

Note: Vertical lines separates results of LASSO solution from results of logistic
regression. 95% CIs SCL: Symptom Checklist 90-R subscale. NEO: NEO Five Factor
Inventory subscale.

retained. Being unemployed, having more severe symptoms of depression, higher levels of hostility, having more sleep problems, and having
lower levels of extraversion/positive emotionality predicted a lower
likelihood of recovery. Table 2 shows the standardized weights assigned
to these variables by the LASSO model, along with the results obtained
when the ﬁve variables were entered into a logistic regression predicting the likelihood of recovery. The resulting PI, generated from the
LASSO, evidenced fair predictive accuracy (c=0.73, 95% CI=0.68 –
0.77, p < 0.001).
The PI was developed by predicting treatment outcomes ignoring
the main eﬀect of treatment condition on outcomes, which, albeit small
and not statistically signiﬁcant, was in the expected direction. Before
examining whether it was related to outcomes across the treatments,
we carried out a series of analyses to rule out the possibility that there
was a systematic inﬂuence of treatment condition on the PI. First, we
evaluated the treatment comparisons in a regression that contained the
ﬁve variables selected previously: unemployment status, depression
severity, hostility, sleep problems, and extraversion. The inclusion of
these eﬀects in a model containing all the prognostic variables did not
aﬀect their statistical signiﬁcance or the strength of their predictive
relation vis a vis outcome. We then examined whether the PIs
themselves diﬀered between the treatment conditions and found no
diﬀerences (F(2, 618)=0.95, p=0.39). Taken together, these results
suggest that treatment assignment did not inﬂuence the PI.
In the primary analyses predicting recovery at the 18–24 month
follow-up, the test of the interaction of the PI and the CBT vs. TAU
contrast was signiﬁcant. The direction of the eﬀect indicated that,
consistent with our hypothesis: the poorer the overall prognosis, the
greater the advantage of CBT relative to TAU (OR=1.90, 95% CI: 1.21–
3.26, B=0.69, SE=0.25 χ2=7.45, p=0.008) or BT (OR =1.88, 95% CI:
1.09–3.26, B=0.63, SE=0.28 χ2=5.12, p=0.024). The BT/TAU contrast,
however, did not interact with the PI in the prediction of outcome
(OR=1.05, 95% CI: 0.601–1.85, B=0.06, SE=0.28, χ2=0.04, p=0.85).
This pattern was not evident in the data from the earlier 12-month
assessment (all ps > 0.35).
The Johnson-Neyman technique was employed to explore the
signiﬁcant interaction of the PI with the CBT/TAU contrast at followup. The result of this procedure suggested a cutoﬀ on the PI that
reﬂected a 64% predicted likelihood of recovery, and which divided the
sample into the 25% with the worst prognoses (i.e., with PI% < 64%)
and the 75% with better prognoses (i.e., with PI% > 64%). Of the
patients with a better prognosis, the observed likelihood of recovery
ranged from 79% to 86% and there were no diﬀerences between the
conditions in recovery rates (see Fig. 1). By contrast, among the
patients with poorer prognoses, a higher percentage recovered in
CBT (60.0%) relative to TAU (38.8%; OR =2.53, 95% CI: 1.15–3.22,
B=0.93, SE=0.40, Z=2.30, p=0.02) and BT (44.4%; OR =2.03, 95% CI:
1.49–4.43, B=0.71, SE=0.40, Z=1.76, p=0.08).
To assess whether any single variable unduly inﬂuenced the PI, we
recalculated it ﬁve times, each time removing one of the ﬁve variables.
The results remained the same: there was an interaction between the PI
and the CBT vs. TAU contrast (ORs > 2.1, ps < 0.01). This interaction
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Fig. 1. Recovery rates at 18–24 follow-up in treatment as usual (TAU, n=234), stepped care starting with brief therapy (BT, n=179), and cognitive-behavioral therapy (CBT, n=208), as
a function of patient status on the prognostic index.

variables or in conjunction with rough proxies. Variables that are
considered to be trait level (e.g., positive emotionality) or that will not
change (e.g., whether the patient has experienced depression in the
past) can be collected and stored in electronic medical records (EMRs)
which might facilitate the collection of state-level variables (e.g.,
severity, sleep problems).
Of the variables included in our index, symptom severity (Driessen
et al., 2010; Fournier et al., 2010; Khan et al., 2002; Kirsch et al.,
2008), unemployment status (Delgadillo et al., 2016; Jarrett et al.,
2013; Rush et al., 2008; Trivedi et al., 2006), and sleep complaints
(Andreescu et al., 2008; Dew et al., 1997; Troxel et al., 2011) have been
directly implicated as predictors of outcome in depression. The various
constructs captured by the measures of hostility and extraversion –
high negative aﬀect, low positive emotionality, diﬃculty in interpersonal relationships, and overall maladaptive personality traits— have also
been reported to predict outcomes across various studies (see Kessler
et al., 2016a). These variables share as commonalities that they capture
vulnerability to depression, severity, and impairment associated with
MDD. For those with a greater vulnerability to MDD, higher severity,
and more impairment, lower intensity treatments like BT and TAU may
not be suﬃciently potent to produce sustained symptom change.
It is widely accepted that evidence-based psychotherapies for
depression are equally eﬃcacious (Barth et al., 2013; Cuijpers et al.,
2014, 2008). However, insofar as comparisons of psychotherapies for
depression have been conducted with populations that include a high
proportion of patients who are expected to improve irrespective of
treatment type, relative diﬀerences in the potencies of psychotherapies
may have been obscured. Providing support for this conjecture, in
several RCTs in which between-treatment diﬀerences were not found in
the full sample, diﬀerences were identiﬁed in subsamples that comprised the more severely depressed patients (Dimidjian et al., 2006;
Driessen et al., 2016; Elkin et al., 1995; Luty et al., 2007).
It is worth noting that the diﬀerences we reported emerged only in
the follow-up phase of the study and were limited to a relatively small
proportion of the sample. It is possible that diﬀerential eﬀects of
treatments are most evident in the long-term (Bell et al., 2013;
Bockting et al., 2015; Cloitre et al., 2016) in that shorter term outcomes
may index nonspeciﬁc eﬀects of therapy. Longer term outcomes may
reﬂect whether patients’ underlying vulnerability to psychopathology
was addressed or whether the patient acquired compensatory skills
(Bell et al., 2013). In other instances in which signiﬁcant diﬀerences
have been reported in subgroups but not in full samples, the subgroups
have tended to constitute a minority of the sample (e.g., 18% for Nelson
et al., 2013).
Interventions of low-intensity, perhaps even less intensive than the

are supposed to emerge in regards to the intensity (as indexed by
number of sessions) or speciﬁcity, they are likely to emerge among
those patients who have a poorer prognosis (see DeRubeis et al.
(2014b)). We chose to limit the number of predictor variables to those
that have been previously related to treatment outcome, that had
enough variability in our sample and were represented by other
variables. In all likelihood, results would have been diﬀerent had
diﬀerent variables (e.g., chronicity) been available.
There has been great interest in the use of patient characteristics to
match patients to the treatments that might be most suitable to them,
often in the context of treatment options of similar high intensity that
are known to be approximately equally eﬀective (e.g., CBT, IPT, and
antidepressant medications; DeRubeis et al., 2014a; Huibers et al.,
2015; Kang et al., 2014; Kraemer, 2013; Wallace et al., 2013).
Somewhat less attention has been paid to the use of information about
patient characteristics to assist in the matching of patients to the level
of intensity of care that is appropriate to them (but, see Delgadillo
et al., 2016). We have demonstrated how a statistical method could be
used to achieve this aim. The ﬁrst step is to develop a prognostic
algorithm estimating the likelihood MDD recovery. We accomplished
this by modeling MDD status at follow-up, ignoring treatment assignment. Our approach parallels the work of Huang et al. (2006) and Akay
et al. (2012) who used the PI developed by Chen et al. (2005) to predict
treatment diﬀerences. The similarity of this ﬁnding with our ﬁnding as
well as those of Hollon et al. (2014), Nelson et al. (2013), and Thase
et al. (1997) suggest that across areas of health care, prognostic status
may serve to moderate the eﬃcacy of higher versus lower intensity
interventions (see DeRubeis et al., (2014b)). For most patients, there
might be little if any advantage of engaging in the higher intensity
treatments. Even so, a small and potentially identiﬁable subgroup of
patients could experience large beneﬁts from higher intensity treatments. An alternative approach to developing PIs, as suggested by
Kessler et al. (2016a), is to develop risk models based on variables that
are known from naturalistic studies to predict treatment response. This
risk estimate could then be tested as a moderator of outcomes in a
comparative clinical trial.
In actual clinical practice, a PI could inform decision algorithms to
guide the level of care. In this application of a PI using patient
information, factors such as the ease with which information can be
obtained need to be considered. For example, symptom severity,
unemployment status, and the presence of sleep problems are variables
that are easier to ascertain relative to hostility or positive emotionality.
There may be settings in which the practical application of PI or other
decision-making tools requires that the more easily obtainable variables be used, either to the exclusion of the more diﬃcult to ascertain
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BT implemented in the present study, should be investigated further.
Exercise (Lawlor and Hopker, 2001), unguided self-help (Cuijpers
et al., 2011), and internet-based psychotherapies (Cuijpers et al., 2010)
all are promising interventions in this regard. Although there is little
evidence that these interventions are superior to high-intensity interventions for patients with mild to moderate MDD, they might be
preferable in that they achieve similar outcomes with lower costs. In
any eﬀort to optimize care for depression, the consideration of
individual patient features is likely to lead to improved outcomes.
We have illustrated the combination of several intake variables to
construct a PI that can be used to assign patients to treatments of
diﬀerent intensities. As a proof of concept, our analyses suggest that
most patients beneﬁt from minimal interventions. However, for
patients with a poorer prognosis, more intensive treatments are
required to achieve positive outcomes. Given the diﬃculty in replicating prediction eﬀorts, it is clear that more research, especially in the
way of prospective tests, is needed. Although the recovery rate in
patients with a poor prognosis was higher in CBT than in BT or TAU,
there is still room for improvement. The judicious use of low-intensity
interventions in stepped care conserves resources and thus facilities the
use of higher intensity interventions (e.g., antidepressant therapy with
lithium augmentation, electroconvulsive therapy) for those who most
need them. Future research studies should explore depression predictors across the full range of depression treatments.
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