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Abstract
Cognitive-behavioral therapies (CBTs) are the most widely studied form of psycho-
therapy for disorders like depression and anxiety. Nonetheless, there is heterogeneity in
response to CBTs vs. other treatments. Researchers have become increasingly interest-
ed in using pre-treatment individual differences (i.e., moderators) to match patients to
the most effective treatments for them. Several methods to combine multiple variables
to create precision treatment rules (PTRs) that identify subgroups have been proposed.
We review the rationale behind multivariable PTRs as well as the findings of studies
that have used different PTRs. We identify conceptual and methodological issues in the
literature. Multivariable treatment assignment is a promising avenue of research.
Nonetheless, effect sizes appear to be small and most of the samples that have been
used to study these questions have been grossly underpowered to detect small effects.
We recommend researchers explore multivariable treatment selection strategies, partic-
ularly those resembling risk stratification, in heterogeneous samples of patients under-
going low-intensity CBTs vs. realistic minimal controls.

Keywords Personalizedmedicine .Machine learning . Cognitive-behavioral therapy .

Depression

So-called mental disorders account for a substantial proportion of the disability attrib-
utable to health conditions (Whiteford et al. 2013). Depressive disorders account for a
substantial amount of that disability, in part due to how common and disabling they are
(Patel et al. 2016). An often-cited feature of depression is its heterogeneous symptom
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presentation (Fried and Nesse 2015; Zimmerman et al. 2015). Depression is also
heterogeneous in its prognosis (Lorenzo-Luaces 2015; Monroe and Harkness 2005,
2011). While most cases in naturalistic samples may remit within a 3–6-month period,
a minority of individuals have a chronic or unremitting course. Roughly half of cases
that recover do not go on to relapse, but, of individuals who relapse, repeated episodes
are common (Lorenzo-Luaces 2015; Monroe and Harkness 2005, 2011).

Cognitive-behavioral therapies (CBTs) have been the most widely studied psycho-
logical interventions for depression as well as for other common mental disorders
(Barth et al. 2016; Lorenzo-Luaces et al. 2020b). We refer to CBTs as a family of
interventions which may include mostly components aimed at changing cognitions
(e.g., cognitive-processing therapy (CPT)), mostly components aimed at changing
behaviors (e.g., behavioral activation (BA)), or treatments that combine these compo-
nents (DeRubeis and Lorenzo-Luaces 2017). CBTs appear equally effective to antide-
pressant medications in the acute phase of treatment (Weitz et al. 2015) as well as to
other psychotherapies (Barth et al. 2016). Over the long term, CBTs appear to have a
relapse-prevention component that may be as effective as keeping patients on medica-
tions and superior to withdrawing medications after acute treatment (Cuijpers et al.
2013). Long-term comparisons between CBTs and other treatments are fewer and far
between. However, the existing data suggests that if there are long-term outcome
differences between CBTs and other therapies like interpersonal therapy (IPT) or
psychodynamic therapy (PDT), the differences are likely small and of questionable
clinical significance (Driessen et al. 2013; Lemmens et al. 2019).

Interest in Treatment Outcome Moderators

Given that no treatment appears superior to another and that none of the effective
treatments for depression are effective for all patients, researchers have hypothesized
that there are individual differences in response to treatments (Cohen and DeRubeis
2018). This hypothesis is difficult to explore given the inability to treat the same patient
with two different treatments without introducing serious confounds (e.g., the effect of
ordering of treatments). Researchers and clinicians assume that there are stable indi-
vidual variables that can be assessed pre-treatment and that may predict differential
treatment outcomes between CBTs and other treatments.

The study of patient variables that predict treatment outcomes generally concerns
one of two sets of findings: finding of prognostic variables, also known as predictors, as
well as of prescriptive variables, sometimes known as moderators (Fournier et al.
2009). Predictor or prognostic variables predict overall treatment outcomes or treatment
outcomes irrespective of treatment (e.g., in multiwave studies). Moderator or prescrip-
tive variables predict differential outcomes in comparisons of two or more treatments.
They are usually detected by the statistical interaction of treatment and a baseline
variable (Kraemer et al. 2002). The moderator effects may be disordinal, sometimes
also known as “cross-over,” if a treatment contrast effect is reversed in one value of a
moderator variable vs. another. For example, if age were known to be a disordinal
moderator of the difference between CBT and antidepressants, it may indicate that
while the treatments appear equally effective on average CBT is superior to antide-
pressants for young children whereas antidepressants are superior to CBTs for older
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adults. In an ordinal moderator effect, the treatment differences never fully reverse. For
example, if age was an ordinal moderator of the difference between CBT and antide-
pressants, it may indicate that there are no differences between CBT and antidepres-
sants for young children while antidepressants are superior to CBTs for older adults.

At least four groups of variables have been thoroughly explored as pre-treatment
moderators of response to CBT vs. other treatments: symptoms (e.g., psychomotor
retardation), psychological vulnerabilities relevant to treatment mechanisms (e.g., high
levels of cognitive distortions), preferences for the treatment (e.g., preferring CBTs to
antidepressants), and demographics (e.g., age).

DSM Symptoms

The DSM differential diagnosis of depression (APA 2013) includes the distinction
between a recurrent course vs. a first episode, the diagnosis of persistent depressive
disorder if an episode lasts two or more years, and nine specifiers. As well, diagnosing
depression involves considering entirely different diagnostic classes for depression
occurring in the context of mania or hypomania (i.e., bipolar disorders), independent
psychotic episodes (i.e., schizoaffective disorder), or medications and general medica-
tion conditions. While the field has antipathy towards the use of the DSM to parse
heterogeneity (Kotov et al. 2017; Olbert et al. 2014), some of its attempts to reduce
heterogeneity could be considered successful. In general, psychotic depression (Perez
et al. 2018), depression with catatonia (Ungvari et al. 2001), and persistent depressive
disorders (Cuijpers et al. 2010; Hollon et al. 2014; Lorenzo-Luaces et al. 2020c) appear
to have poorer overall outcomes than their counterparts (i.e., non-psychotic, non-
catatonic, and non-chronic depression). Their presence in a patient may suggest the
need for pharmacological interventions either in addition to or instead of CBTs (Hollon
et al. 2014; Lorenzo-Luaces et al. 2020c). While recurrent depression may not be a
predictor of acute outcomes (Fournier et al. 2009), it tends to predict a more recurrent
course and may thus be useful for treatment assignment when considering long-term
outcomes in depression (Bockting et al. 2015). A commonality of the disorder features
that predict outcomes is that they are specifiers indicating the history or course of
depression (e.g., chronic or recurrent) (Lorenzo-Luaces 2015) or that they add symp-
toms that appear particularly severe and which may predict a poorer prognosis (e.g.,
catatonia, psychosis, (hypo)mania).

A priori subtypes which may be more qualitative in describing different
symptom patterns like melancholic and atypical depression do not appear to
reliably predict treatment outcomes (Cuijpers et al. 2017). Moreover, these
subtypes may introduce more heterogeneity into symptom presentations, possi-
bly because they consider symptoms that go beyond the major depressive
episode (MDE) criteria (Fried et al. 2020; Lorenzo-Luaces et al. 2020a). The
mixed features and anxious-distress specifiers recently added to the DSM
appear to predict worse outcomes in treatment relative to their counterparts
(Gaspersz et al. 2017; Pae et al. 2012). However, it is unclear to what extent
these specifiers can be used for treatment matching, especially the anxious-
distress specifier which 70–75% of individuals with MDD meet criteria for
(Hasin et al. 2018). Similarly, it is unclear to what degree subtypes that
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characterize the patterns (e.g., seasonal-affective or peripartum) validly predict
differential outcomes (Baumeister and Parker 2012).

Researchers have also used atheoretical approaches to identify constellations of DSM
symptoms that may predict differential response to interventions. For example, in an
individual patient data (IPD; n= 1070) meta-analysis, Boschloo et al. (2019) compared
the magnitude of symptom change for the individual items of the Hamilton Rating Scale for
Depression (HRSD) for patients randomized to CBT vs. antidepressants. Five of the 17
HRSD symptoms—depressed mood, feelings of guilt, suicidal thoughts, psychic anxiety
(i.e., worry), and general somatic symptoms—changed more in antidepressants than CBT.
Although the individual effect sizes were small (d s = 0.13–0.16), individuals who scored
highly (75th percentile) in these symptoms experienced better outcomes in antidepressants
than CBT (d= 0.30). Thus, while overall depression severity may not moderate differences
between CBT and antidepressants (Weitz et al. 2015), there is some evidence that consid-
ering a specific severity profile may be useful in allocating patients to CBTs vs.
antidepressants.

It should be observed that in the study by Boschloo et al. (2019), antidepressants had a
small degree of superiority to CBT. The finding was not that symptoms allow for qualitative
matching of patients to treatments where some patients experience better outcomes in CBT
vs. antidepressants while others experience better outcomes in antidepressants than in CBT.
Instead, the authors were able to find the specific severity profile where antidepressants may
outperformCBT.Amore recent analysis of similar data (Kappelmann et al. 2020), however,
failed to find that there is any utility to differential treatment assignment based on baseline
depression symptoms.

The question of whether individual DSM symptoms have a value in treatment assign-
ment has been a widely studied question in depression research (Kessler et al. 2017),
probably due to how often these data are available in clinical trials. It appears that symptoms
that go beyond the depression criteria like psychosis and hypomania may be predictors of
treatment response. But there is no consistent or strong evidence that the symptoms of
depression, at least the ones that are measured in the symptom scales most often adminis-
tered in randomized controlled trials (RCTs), are moderators of response to CBT vs. other
treatments.

Compensation or Capitalization?

Intuitively, one may hypothesize that individuals benefit more from a treatment
if they have the psychological vulnerability the treatment targets. For example,
one may expect that a patient with reasonably healthy interpersonal relations
but relatively high levels of distorted cognitions may benefit more from CBT
than from other treatments like IPT and PDT. The tacit understanding of this
hypothesis is that such an individual would have depression that is maintained
by maladaptive cognitions and behaviors, and “since” CBTs target cognitive
and behavioral vulnerabilities (Lorenzo-Luaces et al. 2015; Lorenzo-Luaces
et al. 2016), the treatments should be superior to alternatives that focus on
other vulnerabilities. This “compensation” approach to therapy has been
contrasted to a “capitalization” approach wherein one considers a patient well-
suited to a treatment that fosters skills they already have. In the preceding
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example with a patient who has good interpersonal relationships, IPT may be a
suitable alternative. PDT may be best for a patient with relatively good insight
over unconscious dynamics and so forth.

At least one randomized controlled trial (RCT) by Jennifer Cheavens has
compared the compensation approach to the capitalization approach in depres-
sion, finding that the capitalization approach produced faster results (Cheavens
et al. 2012). In a trial exploring the implementation of CBTs for generalized
anxiety disorder, Cristoph Flückiger and colleagues also found results that
support the superiority of the capitalization over the compensation model
(Flückiger et al. 2016). Moderator analyses in studies comparing CBT to other
treatments also support a capitalization model. For example, re-analyzing data
from an RCT, Huibers et al. (2015) found that IPT was superior to CBT for
patients with cognitive problems, whereas CBT tended to be superior to IPT
among patients with an interpersonal “self-sacrificing” style, more paranoid
symptoms, and more life events in the past year. Other moderator findings in
psychotherapy research support the “capitalization” approach. For example, in a
small RCT (N = 55), McBride et al. (2006) found that patients with more
attachment avoidance experience better outcomes in CBT than in IPT. A similar
pattern of findings was reported by Joyce et al. (2007) who found that avoidant
and schizoid symptoms predicted poorer response to IPT (n = 87) but not CBT
(n = 80), suggesting that patients who report higher levels of interpersonal
problems experience better outcomes in CBT than IPT.

Preference for Treatment

Common sense would suggest that if an individual has a preference for a
psychological treatment, they may be more likely to complete it and benefit
from it, relative to a treatment they do not prefer. A recent meta-analytic
review (Windle et al. 2020) of 29 randomized and non-randomized studies
involving 5294 patients provided evidence to suggest that receiving a preferred
psychosocial treatment was associated with lower likelihood of dropping out of
treatment (risk ratio (RR) = 0.62, 95% confidence interval (CI) = 0.48–0.80).
However, receiving one’s preferred treatment was not associated with improve-
ment in depression or anxiety (d = 0.01, 95 CI = − 0.18–0.20). Given that
treatment preferences have also been widely studied variables, this finding
should temper interest in preference as a variable that can be used for differ-
ential treatment allocation. Nonetheless, in specific contexts where dropout is
high, for example with guided CBT self-help (Cuijpers et al. 2019), knowing
treatment preferences may prove important.

Demographics

Most treatment trials assess demographics, which are sometimes mandatory variables
to report (Polo et al. 2019). Accordingly, demographics have also been studied
extensively as moderators as well as predictors of treatment outcomes.
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Gender

One of the most comprehensive accounts of the extent to which gender moderates
response to CBTs vs. other treatments was published by Cuijpers et al. (2014). They
conducted an individual patient data (IPD) meta-analysis of 14 studies of CBT for
depression vs. antidepressants (N = 1766) and tested whether treatment outcomes
varied according to reported sex overall (i.e., if sex has prognostic significance) or by
treatment (i.e., if sex is a moderator of outcomes in CBT vs. antidepressants). There
was no evidence that overall outcomes varied between men and women nor that there
were differences by gender between CBTs and antidepressants, CBTs and placebos, or
antidepressants and placebos. In another IPD meta-analysis of guided Internet-based
therapies (N = 4889), most of which were CBTs, vs. controls (e.g., waiting lists, care as
usual), the authors also failed to find that sex moderated treatment outcomes (Karyotaki
et al. 2018). This is not to say that gender has no predictive value in relation to
treatment outcomes. For example, in a small study exploring moderators of the effects
of adherence to different aspects of CBT, gender moderated the effects between
cognitive methods and subsequent symptom change (Sasso et al. 2015). Specifically,
for men, cognitive methods did not predict symptom change while, for women,
cognitive methods predicted decreased symptoms change. Thus, it is possible that
sex predicts response to specific CBT techniques per se while not to whether the
treatment will be superior to a control condition or antidepressants.

Age

In a recent meta-analysis summarizing data from 366 trials, Cuijpers and colleagues
reported that “[psychotherapy] effect sizes are small in childhood, become larger in
adolescents, and grow further in early adulthood, before decreasing to more modest
effect sizes in the rest of the adult population” (Cuijpers et al. 2020). Although the
authors do not report CBT-specific data, a substantial proportion of the studies analyzed
were CBT studies, and the age effects did not appear to vary across treatment
modalities. In the IPD meta-analysis of guided self-help, mostly CBTs, by Karyotaki
et al. (2018), age also moderated treatment outcomes in comparisons relative to waiting
lists, care as usual, or other controls (e.g., psychoeducation). Older adults were more
likely to experience symptom remission or response in guided Internet-based therapies
than in control conditions. When considering these findings, it is important to consider
that the response to non-specific controls (e.g., placebos) appears particularly large in
youth with depression (D. Cohen et al. 2008; Locher et al. 2017), which may make it
difficult to find treatment-specific effects in treatment studies with youth. It is unclear,
however, whether age moderates outcomes when contrasting CBTs to other treatments
like antidepressants or other psychotherapies.

Mutivariable Algorithms

Taken together, the existing data suggest that many of our a priori assumptions about
who should respond best to CBT are wrong: variables that are easy to assess like sex do
not moderate outcomes, depressive symptoms and specifiers do not appear to be
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reliable moderators, preferences do not predict symptom change, and it is likely that
patients perform best in CBTs when they already have some of the skills the therapy is
meant to foster. While the presence of psychosis, manic symptoms, and a chronic/
recurrent course, along with a more severe profile, may suggest than an additional
treatment needs to be considered, there is little else in the way of using patients’
information to decide treatment allocation.

Sidestepping theory, researchers have used more exploratory approaches to identify
variables that may moderate treatment outcomes in CBT vs. other treatments by mining
existing databases to identify moderators of outcomes (Cohen and DeRubeis 2018).
These efforts fall under the umbrella of “personalized,” also sometimes known as
“precision” medicine.

While some moderators have been reported to predict outcomes in the literature
more than once (Kessler et al. 2017), the field has yet to converge on a single moderator
variable that may be useful for treatment allocation. DeRubeis (2019) conjectured that
there probably is no such single variable, given that it would need to be a variable that
accounts for a very large effect by itself, while also being something that has escaped
the notice of the field.

In the past 20 years, and especially in the last 7, several authors have proposed
combining variables that may predict differential outcomes to mental health interven-
tions (Barber and Muenz 1996; Beutler et al. 1991; Cloitre et al. 2016; DeRubeis et al.
2014a; Kraemer 2013; Lorenzo-Luaces et al. 2017; Lutz et al. 2006; Petkova et al.
2020; Wallace et al. 2013). The resulting models have taken various names including
composite/combined moderator (M*), the Personalized Advantage Index (PAI), preci-
sion treatment rules (PTRs), generated effect modifiers (GEMs), and aptitude-by-
treatment interactions (ATIs). These methods for estimating the effect of treatments
for potential subgroups have been so popular that Hollon et al. (2019) described how
they could “revolutionize the field” (p. 260) when applied to large datasets. Following
Kessler (2018), we refer to these as precision treatment rules (PTRs), which is a term
that does not imply following a specific method (e.g., the M* approach suggested by
Kraemer (2013)).

Personalized Advantage Index

In one application of a multivariable PTR, DeRubeis et al. (2014a) used data from a
RCT that compared antidepressants (n = 120) to CBT (n = 60) and found that both were
superior to placebo (n = 60) but neither active treatment was superior to the other
(DeRubeis et al. 2005). Across several studies, the authors had identified predictive
variables, predicting overall response, as well prescriptive variables, predicting re-
sponse to each treatment (Fournier et al. 2008; Fournier et al. 2009; Leykin et al.
2007). Being unemployed, being married, not having a personality disorder, having
tried antidepressants previously, and more negative life events predicted better response
to CBT than to antidepressants. By contrast, having a personality disorder predicted
better response to antidepressants than to CBT. Using the data from these prior
publications, we (DeRubeis et al. 2005) combined all the variables in a regression
model and generated, for each patient, a predicted score for CBT and a predicted score
for antidepressants. Then, we calculated the difference between predicted outcome in
CBT vs. antidepressants for each patient and dubbed it the “Personalized Advantage
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Index” (PAI). For example, a patient with a predicted antidepressant score of 20 on the
HRSD and of 10 on CBT is predicted to perform better on CBT than antidepressant.
The signed difference between the two estimates indicate which treatment is most
effective and by how much. The absolute score provides an index on the size of the
effect of being matched to one’s preferred treatment, irrespective of what the treatment
is. Because the study was an RCT, we could also identify outcomes for patients who,
randomly, had been assigned to their model-optimal treatment vs. those who were
assigned to a treatment that was not optimal to them. Overall, patients assigned to their
optimal treatment had superior outcomes than patients assigned to their non-optimal
treatment (d = 0.28, p = 0.09). By conventional statistical standards (e.g., p value <
0.05), the difference in outcome was small. Nonetheless, the differences between CBT
and antidepressant that had been reported in the literature had been minimal, suggesting
that the PAI approach is a promising way to improve overall outcomes. When the
analyses were limited to patients who had the highest PAIs, the effect of assigning to
the “optimal” treatment was more pronounced than in the full sample.

Is It the Size or Is It the Fit?

The study by DeRubeis et al. (2014b) is one of several efforts to combine moderator
variables in RCT so as to quantify the effects of PTRs. We reviewed the literature that
has been produced by studies attempting to use multivariable prediction efforts. We did
so by cross-referencing the articles that had been the first to suggest a method of
combining moderator variables to predict outcomes (Barber and Muenz 1996; Beutler
et al. 1991; Cloitre et al. 2016; DeRubeis et al. 2014a; Kraemer 2013; Lorenzo-Luaces
et al. 2017; Lutz et al. 2006; Wallace et al. 2013) on Scopus. Two raters (AP and
RDJR), consulting the first author, identified studies if they used (a) a multivariable
prediction model, (b) exploring response to CBT, and (c) predicted depression out-
comes. Our aim was not to conduct a systematic review of the literature and the results
of the search may be better-interpreted as a scoping review. Other authors have used
systematic methods to review the literature on prediction on treatment response
(Aafjes-van Doorn et al. 2020; Kessler et al. 2017; Lee et al. 2018; Rekkas et al.
2020), and several others have also published conceptual reviews on models in mental
health in general or even depression specifically (Cohen and DeRubeis 2018). Instead,
our aim was to conduct a general literature review to identify the pattern of results that
have been reported to date.

Reviewing the literature on the effects of using PTRs (see Table 1) revealed several
patterns. First, there was heterogeneity in how results were presented. For each study,
we initially wanted to identify the overall effects of multivariable treatment assignment,
which is usually assigned post hoc, as well as whether specific advantages were
reported for one treatment than for the other (e.g., whether the PTR was a better
predictor of outcomes in CBT vs. the other treatment), the variables that informed
the prediction model, and what percentage of the sample would have been predicted to
have treatment recommendations different than either randomization or assignment to
the more effective treatments. We were unable to find this information for most of the
studies so we limited our presentation of the findings to include the treatments under
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consideration, the method of creating a PTR, sample sizes per study arm, and a measure
of effect size reported for the study.

According to researchers, one of the promises of multivariable treatment assignment
is that combining information from multiple moderators can lead to larger treatment
differences than only using a single moderator (Cohen and DeRubeis 2018; DeRubeis
et al. 2014a; Kraemer 2013; Wallace et al. 2013). While this claim appears to be true
prima facie, it nonetheless needs to be evaluated empirically. Surveying the studies that
report on multivariable treatment assignment, it appears that the effect sizes reported
have been highly variable in magnitude. Some studies report very large effect sizes. For
example, Otero et al. (2015) explored moderators of response to a problem-solving
therapy (PST) vs. usual care for preventing depression among caregivers. The authors
found that a composite moderator as per the method suggested by Kraemer (2013)
interacted with treatment conditions to predict treatments outcomes, with a large effect
(r = 0.72, 95% CI 0.43–1.01). Others report much smaller effect sizes (Z. D. Cohen
et al. 2020; Friedl et al. 2020; van Bronswijk et al. 2019). For example, in an
exploration of moderators of response to CBT vs. PDT for depression, Schwartz
et al. (2020) reported on a multivariable PTR. In the subsection of data in which the
PTR was developed, patients who had been randomly assigned to the model-predicted
optimal treatment experienced better outcomes than who had been assigned the model-
predicted suboptimal treatment, though this difference was small (d = 0.14, 95% CI
0.02–0.27). In another study of 291 patients assigned to group CBT or transdiagnostic
group CBT, Eskildsen et al. (2020) could not identify moderators of response and thus
could not create a PTR.

It is not sensible to outright dismiss an effect size by using an arbitrary cutoff (e.g.,
d ≥ 0.20). Nonetheless, it is important to consider the magnitude of the effect sizes that
have been reported. The overall effect sizes that have been reported may be indicative
of the upper limits of the benefit obtained from using multivariable PTRs. This is
because there are reasons to believe that these small effect sizes are inflated. Secondary
analyses of an RCT by Lemmens et al. (2015), which compared IPT and CBT, illustrate
this point. Huibers et al. (2015) constructed a multivariable PTR from data from that
RCT (N = 134). Examining outcomes in individuals who had been assigned to their
model-predicted optimal treatment vs. their model-predicted non-optimal treatment
suggested that there were medium differences that may be explained by treatment
matching (d = 0.51). In a subsequent publication (Bruijniks et al. 2020), we used
machine-learning methods to conduct a similar analysis, still finding large effects of
the PTR on those assigned to their optimal vs. non-optimal treatment (d = 0.57).
Nonetheless, when we applied that prediction model to data from another trial (van
Bronswijk et al. 2020), the observed advantage of the multivariable moderator was
small (d = 0.16); the effect size shrank over 77% of its original size.

Statistical Shrinkage

The concept of statistical shrinkage refers to the idea, in lay man’s terms, that models
tend to have a better fit in the data in which they are developed than in new data. It is
closely tied to concerns about overfitting, including fitting spurious relations. This type
of overfitting may be more likely to occur when one uses a dataset to identify variables
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to build a model (e.g., if they pass a p < 0.05 threshold) and then tests the model in the
same data, which is sometimes known as “double-dipping” (Kriegeskorte et al. 2009).

In a prior publication, we assumed that treatment selection may be more important
for patients who are predicted to have greater predicted differences between treatments
(DeRubeis et al. 2014b). Similarly, DeRubeis (2019) noted that while many efforts to
identify patient subgroups are limited by small sample sizes, small subsets of patients
may be predicted to experience large benefits from treatment selection. While these
recommendations are sensible, if the methods researchers use to compute the effects of
multivariable PTRs are prone to overfitting, then the so-called large effects reported are
not known to be large; they only appear to be so because of overfitting. One technique
that has been developed to decrease the likelihood of overfitting is regularization.
Regularization shrinks regression coefficients so they are more “conservative,” some-
times shrinking regression coefficient that are small to zero. The concept of regulari-
zation is at times counter-intuitive because scientists are trained to explore large effects
and clinicians as well are interested in large effects. Nonetheless, in the context of small
samples, large effects can be spurious. We (Lopez-Gomez et al. 2019; Lorenzo-Luaces
et al. 2017; Lorenzo-Luaces et al. 2020d) and others (Delgadillo and Gonzalez Salas
Duhne 2020; Delgadillo et al. 2017; Webb et al. 2020) have used regularization to
explore predictors of treatment outcomes.

Power

Statistical power is a function of effect size, sample size, and statistical significance
alpha. Setting aside alpha, which is usually selected arbitrarily at p < 0.05, a small
effect size will make it so that a very large sample is needed to detect statistically
significant effects. However, the studies that have cited the multivariable prediction
algorithms have varying sample sizes ranging from 84 to 1085. Indeed, while the
largest studies had reasonably large samples, the mean size per study arm was 163 and
the median was 112. Luedtke et al. (2019) conducted simulations to identify sample
sizes that may be needed to detect effects of multivariable treatment assignments under
different conditions, manipulating the overall effect of multivariable PTR, the error
associated with the PTR, the overall remission rate in the study, and the sample size.
According to their results, “at least 300 patients per treatment arm are needed to have
adequate statistical power to detect clinically significant underlying marginal improve-
ments” related to the use of a PTR. None of the studies we identified met this criterion
fully. No study that we reviewed reported 300 patients per arm, though two came close
(Delgadillo and Gonzalez Salas Duhne 2020; Schwartz et al. 2020). Both studies used
naturalistic data (i.e., non-randomized treatment assignment). While the use of natural-
istic data has been recommended to build multivariable PTRs (Kessler et al. 2019),
there are also concerns regarding the use of non-randomized data, even when tech-
niques like propensity score weighting are used to equate differences between treatment
groups (DeRubeis 2019).

Schwartz et al. (2020) explored differential treatment outcomes in CBT vs. PDT
with a training sample of 966 (CBT 654, PDT 312) and a testing sample of 413 (CBT
281, PDT 132). The effects of the multivariable model on predicting outcome differ-
ences between those that had been assigned to their optimal vs. non-optimal treatment
in the training data were small but statistically significant (d = 0.14, 95% CI = 0.02–
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0.27). But, in the testing data, treatment outcome differences between those assigned to
their optimal vs. non-optimal treatment were smaller and not statistically significant
(d = 0.09, 95% CI = − 0.11–0.28). Delgadillo and Gonzalez Salas Duhne (2020) ex-
plored a model to predict response to CBT for common mental disorder vs. person-
centered counseling (CfD). They used a training sample of 1085 patients (CBT n = 929
and CfD n = 156) and a testing sample of 350 (CBT n = 175, CfD n = 175). The PTR
they developed in a training sample predicted treatment differences between those
assigned to their optimal treatment vs. those assigned to their non-optimal treatment.
Those that had been assigned to their optimal treatment were more likely to experience
reliable and clinically significant depression improvement (62.5%) than those who
received their non-optimal treatment (41.7%; OR = 2.33, 95% CI = 1.09, 5.02). While
this study was more positive regarding the effects of using PTRs to predict treatment
success than the study by Schwartz et al., it is noteworthy that for most patients in the
testing sample (68%, n = 238), neither treatment was predicted to be superior.

Taken together, these results do not provide strong evidence to believe that multi-
variable treatment assignment leads to large improvements in patient outcomes, at least
in these naturalistic samples. An additional concern regarding the use of naturalistic
data to construct PTRs relate to the fidelity with which treatments may be delivered in
naturalistic conditions. This includes the degree to which treatment outcomes may be
influenced by between-therapist differences, an effect that appears to be larger in
naturalistic than RCT data (Lutz et al. 2007; Saxon and Barkham 2012) and which
obscures comparisons between treatments.

How Much Can We Expect from PTRs?

Two other avenues of research may be interpreted to suggest that the effects of using
multivariable PTRs of response to two treatments of roughly equivalent efficacy may
be more limited than usually thought. The first is the line of work on switching
therapies for non-responders (Bschor et al. 2018; Rush et al. 2006). This research
suggests that while switching treatments sometimes improves outcomes, completing
two courses of dissimilar treatments do not lead to remission rates close to 100%. For
example, in the Emory PREDICT study, the pooled rate of response after adding CBT
or antidepressants to a failed course of either was only 48% (Dunlop et al. 2019). In the
Sequenced Treatment Alternatives to Relieve Depression (STAR*D) study, remission
rates in the first stage involving antidepressants were around 37%. Of the subset of
patients who agreed to continue treatment, CBT was associated with remission rates of
41% when patients switched and 29% when patients added CBT to their antidepressant
(Rush et al. 2006). Similarly, in a recent study of sequential psychological and
pharmacological approaches to the treatment of insomnia, Morin et al. (2020) reported
remission rates ranging from 36 to 56%, depending on which therapy was initiated.
Although, it should be noted, at least one study, of women with recurrent depression,
was more optimistic regarding the role of sequential treatment (Frank et al. 2000).

Research on the mechanisms of change in psychotherapy suggests that a sizeable
portion of patients who respond in treatment trials will respond to many of the elements
of treatment that are common to treatments as well as control conditions, including the
passage of time, measurement effects, and expectations of improvement. Cuijpers et al.
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(2012) studied the efficacy of non-directive supportive psychotherapy (NDST) for
depression, when compared with controls as well as when compared with “specific”
therapies like CBT or IPT (see Fig. 1). They used the data on the effects of NDST vs.
specific psychotherapies to provide an estimate of the amount of variance in outcomes
that is associated with specific therapy techniques above and beyond the general
therapeutic setting. They also used the estimates of the efficacy of NDST vs. control
conditions as an index of the percentage of variance explained by general conditions
common to all psychotherapy (e.g., active listening by a trained professional) vs. the
effects provided by various control conditions (used data from a RCT that compared
antidepressants e.g., repeated assessment of symptoms, positive experiences). Their
calculations (see Fig. 1) suggested that about a third of the change that occurs in
treatment trials for depression is accounted for by factors outside of the therapeutic
relationship because they are common to waiting lists and other control conditions.
About half of the variance was accounted for by non-directive psychosocial support.
The remainder, less than a fifth of the variance, was accounted for by specific treatment
techniques.

Although the authors caution against the strong interpretation of their estimates and
the idea of partitioning “variance explained” in psychotherapy have been criticized
(DeRubeis et al. 2014b), these numbers may make one pessimistic about the potential
benefits of matching patients, at least to NDST vs. a specific therapeutic condition like

Fig. 1 Variance accounted for by extra-therapeutic actors, presented in control conditions in psychotherapy
treatment trials, general therapeutic factors, and treatment-specific psychotherapeutic effects (Cuijpers et al.
2012)
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CBT. If only a small percentage of variance is accounted for by specific therapeutic
techniques vs. non-specific therapeutic support, it is sensible to question how much
could be accounted for contrasts of two different techniques (but, see Serbanescu et al.
(2020)). When the techniques are very different (e.g., behavioral activation vs. psy-
choanalysis), it may be expected that completely different types of patients benefit from
the interventions.

An additional cause for concern, coming from research on the efficacy of antide-
pressants relative to placebos, is the seemingly equal variance in treatment outcomes in
antidepressants and placebos (Munkholm et al. 2020; Plöderl and Hengartner 2019). If
the ratio of the variance in outcomes in treatment vs. the variance of outcomes in
controls is above 1, it may suggest that there are specific subgroups of patients who
preferentially respond to treatment. Nonetheless, recent studies suggest that the vari-
ance ratio of outcomes in antidepressants vs. placebo is indistinguishable from 1
(Munkholm et al. 2020; Plöderl and Hengartner 2019). While these findings may be
taken to suggest that there is limited potential to personalize allocation to antidepres-
sants vs. placebo, and one may be tempted to extend this pessimism to CBT vs. other
interventions, much work remains to be done in this topic. For example, Hieronymus
et al. (2020) have published data suggesting that the equal variance in antidepressant
and placebo outcomes is the product of using study level data means and standard
deviations vs. using individual level patient data. Thus, individual patient data meta-
analyses should be conducted to test the variance ration in psychotherapy-control
studies.

Beyond Depression

We have discussed research on the use of PTRs on depression. However, some have
conjectured that depression may be a clinical problems for which many approaches are
equally efficacious (Chambless 2002; Westen et al. 2004), possibly reducing the
potential for treatment-matching in depression relative to other treatment targets. Our
read of the literature suggests that many of the problems we have identified—small
samples sizes, small effects, few studies with validation samples, and reasons to doubt
the utility of PTRs—are equally present in research on other clinical problems. For
example, Niles and colleagues have explored moderators of response in the treatment
of anxiety disorders, comparing CBT to acceptance and commitment therapy (ACT)
and also comparing coordinated anxiety management with CBT or antidepressants to
usual care (Niles et al. 2017a; Niles et al. 2017b). These studies suggest small-to-
medium effects matching patients to ACT vs. CBT (r = 0.28, N = 208) or coordinated
anxiety management to usual care (r = 0.20, N = 876), and they have not been replicat-
ed. In the field of substance use treatments, similarly, there has been great interest in the
degree of match of patients to therapies. The landmark Project MATCH, which
compared CBT to motivational enhancement therapy (MET), and to Twelve-Step
Facilitation (TSF, e.g., akin to Alcoholics Anonymous), was a large study (N = 1726)
testing a priori matching hypothesis in predicting acute and long-term treatment
outcomes (Project MATCH Research Group 1998). By and large, the study has been
considered a failure in the sense that it neither provided evidence for the superiority of
one treatment over another nor did the study find support for any of its matching
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hypotheses (Cohen and DeRubeis 2018). While it remains possible that some clinical
problems allow more room for treatment-matching than others, it is not clear that there
is a specific disorder or symptom for mental for which the promise of PTRs and
personalized medicine has been realized.

Idiographic Approaches

We have focused on PTRs derived from data used from comparisons of two treatments.
Another approach to personalization is to use idiographic data to personalize the
selection of psychotherapy approaches. Fisher and colleagues (Fisher 2015; Fisher
and Bosley 2020; Fisher et al. 2019; Fisher and Boswell 2016; Rubel et al. 2018),
for example, have used repeated assessments of internalizing symptoms in a period of
time prior to the start psychotherapy to identify causal relations between symptoms that
exist within individuals. This work trades on potential differences in the relations of
symptoms between-individuals vs. within-individuals. For example, worry and sadness
are highly correlated between individuals. Within-individuals, they may also be highly
correlated (i.e., some people may be likely to be highly worried at times when they are
highly sad), may be uncorrelated, or may be negatively correlated (i.e., when individ-
uals are sad, they may be unlikely to become worried). When expanding across a range
of symptoms as well as potential treatment targets (e.g., avoidance), analyzing these
idiographic patterns of symptom interrelations may be a data-driven way of assessing,
for each patient, what an optimal course of treatment would be. An assumption behind
this work is that understanding what symptoms precede and appear causally related to
others may yield pathways towards interventions. For example, if sadness, within an
individual, triggers a cascade of other symptoms like loss of sleep, substance use, and
self-criticism, it would seem like a good target for intervention. Nonetheless, several
authors have pointed out that even after estimating longitudinal associations between
symptoms (e.g., as in nodes in a network), the causal inferences that can be derived
from this work (e.g., symptom X drives symptom Y, decreasing symptom X will
decrease symptom Y) are not always straightforward (Bringmann et al. 2019;
Dablander and Hinne 2019).

Recommendations

Given the importance of finding large effects for multivariable treatment selection, it
becomes incumbent on researchers to identify what it is precisely that can make a
treatment-selection endeavor likely to yield large effects. Below, we make some
recommendations for future research based on our review of the literature.

Focus on Treatments with Different Mechanisms

DeRubeis et al. (2014b) hypothesized that treatment selection endeavors are most likely
to work in a context in which treatments have different underlying mechanisms. For
example, in a sample of 291 patients randomized to group CBT vs. a group
transdiagnostic CBT (tCBT), Barlow’s Unified Protocol (UP), Eskildsen et al. (2020)
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examined 36 predictors and moderators of changes in well-being. The authors failed to
identify any moderators of response to the treatments. Thus, they could not compute a
multivariable index of response to single-disorder CBT vs. tCBT. In hindsight, such an
investigation may have been ill-suited to identify moderators of response. An impetus
for designing a unified protocol is the idea that single-disorder CBTs share common
mechanisms. Transdiagnostic CBT, like “single-disorder” CBTs, engages exposure,
along with cognitive reappraisal, to reduce vulnerability to internalizing disorders. It
adds a module to enhance motivation, a rationale that emotions are adaptive, and a
greater focus on mindfulness awareness of emotions. But there is little evidence that
these techniques add to the efficacy of “traditional” CBT techniques or add so much to
the intervention so as to make it mechanistically different than single-disorder CBT.
Indeed, it should be noted that the UP is a modular intervention so a single course of
tCBT with the UP may be very similar to a course of “single-disorder” CBT.

Identifying specific ingredients of psychotherapy has proven to be a major challenge
for treatment research (Lorenzo-Luaces et al. 2015; Lorenzo-Luaces et al. 2016). On
the one hand, some psychotherapies differ markedly (e.g., exposure and response
prevention and psychoanalysis). On the other, some treatments overlap in content
considerably (e.g., EMDR, cognitive therapy for PTSD, CPT for PTSD). Even in
treatments like IPT, problem-solving therapy (PST), and CBT, there seems to be
considerable overlap in mechanisms and outcomes (Lorenzo-Luaces et al. 2015). Thus,
it is recommended that researchers attempt multivariable prediction models in contexts
where it is expected that there are subgroups that may differ, in part because two
treatments may differ. While here we have focused on different mechanisms of
efficacy, it may also be possible to focus on mechanisms of treatment delivery. Here
too, it is possible that two treatments may have such similar mechanisms (e.g., guided
CBT self-help via a book vs. guided CBT self-help via the Internet) that it may not be
sensible to expect reliable moderators to emerge from RCT data.

Increasing Heterogeneity in Treatment Trials

Entry criteria (i.e., inclusion and exclusion criteria) are important features of RCTs.
Researchers often constrain entry criteria to ensure the validity of their findings, for
example, specifically focusing on patients who meet the DSM criteria for MDD. Other
entry criteria are frequently used to ensure that the patients who are recruited are only those
who would benefit from the level of care provided by the study. For outpatient depression
trials, it is common to exclude participants at high suicide risk, those with psychotic
symptoms, and individuals who have substance use disorders (SUDs) (Lorenzo-Luaces
et al. 2018a, b). For example, in one systematic review, we found that over 85% of
treatment trials of psychotherapy or antidepressants for MDD excluded patients on the
basis of a SUD. Excluding patients on the basis of a SUD in a trial of outpatient treatments
for depression may be an appropriate exclusion for certain studies given doubts about
whether depressed mood is substance-induced or questions about the efficacy of depres-
sion treatment when substance use disorders are present. Nonetheless, if substance use
indeed predicts poor outcomes in treatments for depression, it would be difficult to study
this in existing datasets because most excluded participants who used substances at high
enough levels to meet DSM criteria for a SUD. One of the reasons theDSM criteria appear
largely useless in assigning patients to treatments is that, by and large, treatments studies
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have already used as entry criteria DSM symptoms that are associated to prognosis (e.g.,
psychosis, manic symptoms, suicide risk, symptom severity, substance use). Some of
these exclusions are appropriate. For example, there are few reasons to think that a
severely catatonic patient would benefit from unguided CBT self-help. In others instances,
however, it is not clear that the entry criteria achieve their intended purpose of ensuring the
internal validity of the trial. For example, roughly half of individuals who meet criteria for
MDD have a substance use disorder at some point in their life (Hasin et al. 2018) so the
exclusion is not a trivial one. Nonetheless, the analyses of outcomes in naturalistic settings
do not suggest that substance use disorders predict treatment outcomes (Van der Lem et al.
2012). Similarly, while some trials exclude patients on the basis of having severe
symptoms, the existing data suggests that depression severity is either not a moderator
of treatment outcomes or that more severely ill patients can benefit more from active
intervention (Bower et al. 2013; Driessen et al. 2010; Fournier et al. 2008; Lorenzo-Luaces
et al. 2017, 2020d). Thus, we recommend that researchers be more intentional about their
entry criteria, only excluding patients when they have strong reasons to believe they will
not benefit from treatment as well as disinterest in the status of the entry variable as a
potential moderator.

Biomarkers

There has been a great deal of interest in the use of biomarkers, especially genetic
variables and neuroimaging findings to match patients to treatments (Thase 2014). In
one study, for example, McGrath et al. (2013) used positron emission tomography
(PET) to identify baseline activity in brain areas that were associated with response to
CBT vs. antidepressants (N = 38). They identified several areas that were potential
moderators of response, including the right anterior insula which appeared to be the
area most strongly associated with differential response (SMD= 1.43). Large multisite
studies have attempted to use biomarkers, including by identifying depression subtypes
(n = 711) that may predict treatment response to transcranial magnetic stimulation (n =
154) (Drysdale et al. 2017) or using electroencephalography to identify responders to
antidepressants vs. placebos (Fatt et al. 2020). Because these endeavors still task
researchers with identifying interactions between pre-treatment variables (e.g., a spe-
cific genetic polymorphism) and treatment in predicting outcomes, large samples and
rigorous analytic methods are still needed. For example, Dinga et al. (2019) criticized
the analysis by Drysdale et al. for its proneness to overfitting. They replicated the
analysis of Drysdale et al. but provided evidence that spuriousness could not be ruled
out as causing the results.

Thus, many of the issues identifying on research on PTRs also apply to biomarkers.
Biomarkers may prove very advantageous to use if they are subject to less measure-
ment error relative to other variables typically used to measure potential pre-treatment
moderators because measurement error is another factor that may complicate detection
of a PTR (Luedtke et al. 2019).

Novel Measurements

One of the considerations when developing PTRs to allocate patients to treatments is
which variables make up the decision rule. Virtually, all of the studies that explored
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moderators explored self-reported questionnaires or rating scales completed by ob-
servers. An issue with these measurements is that they are often subjective, may be
correlated due to monomethod bias, and may be resource-intensive to administer. Most
(90%) Americans have Internet access, and more than three-quarters of Americans own
a smartphone (Pew Research Center: Internet and Technology 2019). Advances in
digital technologies provide new opportunities to increase treatment and assessment
access to many as well as to customize interventions. For example, TestMyBrain.org is
a citizen science initiative where participants take part in research experiments to
contribute to science and learn about themselves through immediate and personalized
assessments that return research results. Extending far outside traditional research and
clinical settings, TestMyBrain and other digital research laboratories provide benefits to
patients and generate scientific insights that would not have been possible with
traditional models.

A growing literature shows that tests administered on the web are comparable in
quality to tests administered in research labs (Germine et al. 2012; Hartshorne and
Germine 2015; Meyerson and Tryon 2003). In addition to web-based tests, social
media represents a unique resource of publicly available, real-time data that can help
characterize the trajectory of mental illness as well as behavioral and environmental risk
factors at unprecedented resolution and samples. Social media is ideally suited for
characterizing risk trajectories for mental illness because multiple dimensions of data,
individual and social, can be collected on large samples and across multiple data points.
Twitter, for example, is used daily by over a fifth of all people in the USA (Pew
Research Center: Internet and Technology 2019). We have shown that social media
data can be mined to characterize the cognitive (Bathina et al. 2020) as well as
behavioral indicators of circadian rhythm (ten Thij et al. 2020). Further consideration
of variables that can be captured through passive sensing, analysis of social media data
and cognitive tests administered remotely have the potential to further enrich PTRs.

Summary and Conclusions

No single psychotherapy for depression works for all patients or even is superior to
other treatments (Barth et al. 2016). Accordingly, researchers are currently exploring
individual differences that may predict response to CBTs and other treatments (Cohen
and DeRubeis 2018). Some of the usual suspects, including demographics and treat-
ment preferences, do not appear to be reliable predictors or moderators. Likewise, the
DSM symptoms of MDD do not appear to be reliable moderators of outcomes
(Boschloo et al. 2019; Kappelmann et al. 2020). Illness history features, like severity
and chronicity, may be better predictors of outcomes as are symptoms that are already
used for stratification like psychosis and manic symptoms. Similarly, there is some
evidence that capitalizing on existing strengths that patients have leads to better
outcomes in therapy (Cheavens et al. 2012). While risk stratification by illness features
and compensating on patients’ relative weaknesses may be promising lines of inquiry,
researchers are increasingly using data-driven approaches to identify multiple moder-
ators of outcomes.

We reviewed the literature that has been the product of attempts to replicate studies
in which atheoretical multivariable prediction algorithm models were developed. By
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and large, there are a wide variety of methods (Barber and Muenz 1996; Beutler et al.
1991; Cloitre et al. 2016; DeRubeis et al. 2014a; Kraemer 2013; Lorenzo-Luaces et al.
2017; Lutz et al. 2006; Wallace et al. 2013) that have been used to combine potential
moderators of outcomes to CBTs and other treatment(s). Accordingly, there has been
substantial variability in the reporting of metrics that characterize the supposed benefit
of matching patients to treatments. This literature is characterized by re-analyses of
small RCTs in which the effects that have been reported are relatively modest. Similar
critiques have been made by Kessler and colleagues (Luedtke et al. 2019) who have
observed that very large (N > 600) trials are needed to have adequate power to detect
the types of effects researchers may find when using multivariable algorithms. To make
matters worse, there have been only a handful of attempts to test models out of the
sample in which they have been developed (Delgadillo and Gonzalez Salas Duhne
2020; Delgadillo et al. 2017; Schwartz et al. 2020), and these studies do not paint a
compelling picture regarding the promise of using multivariable PTRs to assign
patients to treatments.

Researchers have largely tried to predict response to psychotherapies of different
modalities, though the existing evidence suggests that a large portion of the variance in
average treatment outcomes is best explained by factors that are common across
evaluation settings and across psychosocial interventions. Accordingly, it may be more
promising to conduct studies to match patients to higher vs. lower levels of care, for
example, unguided self-help vs. face-to-face CBT (Kessler 2018). Given that low-
intensity CBT options tend to be less costly to implement, studying these interventions
allows researchers to collect data on larger samples of individuals, which will become a
necessity to develop reliable PTRs.
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