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Abstract
Objective: This study aims at developing a treatment selection algorithm using a combination of machine learning and
statistical inference to recommend patients’ optimal treatment based on their pre-treatment characteristics. Methods: A
disorder-heterogeneous, naturalistic sample of N= 1,379 outpatients treated with either cognitive behavioral therapy or
psychodynamic therapy was analyzed. Based on a combination of random forest and linear regression, differential
treatment response was modeled in the training data (n= 966) to indicate each individual’s optimal treatment. A separate
holdout dataset (n= 413) was used to evaluate personalized recommendations. Results: The difference in outcomes
between patients treated with their optimal vs. non-optimal treatment was significant in the training data, but non-
significant in the holdout data (b = –0.043, p= .280). However, for the 50% of patients with the largest predicted benefit
of receiving their optimal treatment, the average percentage of change on the BSI in the holdout data was 52.6% for their
optimal and 38.4% for their non-optimal treatment (p= .017; d= 0.33 [0.06, 0.61]). Conclusion: A treatment selection
algorithm based on a combination of ML and statistical inference might improve treatment outcome for some, but not all
outpatients and could support therapists’ clinical decision-making.

Keywords: precision medicine; machine learning; random forest; variable selection; outcome prediction; outpatient
psychotherapy

Clinical or Methodological Significance of this Article This is the first study combining a machine-learning based
variable selection with statistical inference to predict outcome for cognitive behavioral therapy (CBT) vs. psychodynamic
therapy (PDT) in a naturalistic, disorder-heterogeneous sample of more than 1,300 patients. Moreover, it is one of the
first attempts to evaluate a treatment selection algorithm in independent holdout data, whose promising results might
serve as the starting point for a prospective evaluation of an algorithm-based treatment selection for CBT vs. PDT. Such
computer-based algorithms could be implemented in routine care to support scientifically trained therapists’ clinical-
decision making.

The efficacy and effectiveness of psychological treat-
ments has been repeatedly demonstrated in random-
ized controlled trials (RCTs) and naturalistic studies.
An increasing number of meta-analyses and reviews
of meta-analyses support these findings (Butler
et al., 2006; Carpenter et al., 2018; Driessen et al.,
2010; Hofmann et al., 2012; Wampold & Imel,
2015), with particular evidence for the effectiveness

of cognitive behavioral therapy (CBT) and psychody-
namic therapy (PDT). Effect sizes for psychological
interventions are at least as good as and often outper-
form those found for medical interventions for
common illnesses (Lutz, de Jong, Rubel, & Delga-
dillo, 2020), e.g., preoperative chemoradiotherapy
for oesophageal cancer (Fiorica et al., 2004), etarner-
cept treatment of rheumatoid arthritis (Kristensen
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et al., 2007), corticosteroid treatment of chronic
asthma or aspirin for prevention of vascular disease
(Leucht et al., 2015). However, only 40% to 70%
of psychotherapy patients improve substantially
during treatment. About half of patients do not
benefit in terms of a clinically meaningful improve-
ment and 5% to 10% of patients even deteriorate
(Lambert, 2013).
Developing new treatments has failed to increase

improvement rates and to prevent treatment failure.
In the context of the third wave of cognitive behavior-
al therapy, numerous new treatments have been
developed to improve outcomes in psychotherapy.
The empirical evaluations of these novel treatment
approaches have not found a meaningful advantage
over previous CBT approaches (Hunot et al., 2013;
Ost, 2008; Rief et al., 2018). Despite a fast-growing
list of evidence-based treatments for psychological
disorders, effectiveness of psychotherapy has not
improved during recent decades (Cuijpers, 2017).
Furthermore, RCTs and meta-analyses have failed
to find consistent differences in the average effect
sizes of established psychological treatments like
CBT and PDT (Cuijpers et al., 2008; Driessen
et al., 2010; Driessen et al., 2013; Gibbons et al.,
2016; Leichsenring, 2001).
A promising approach to improve the efficacy of

psychotherapy is to implement precision mental
health approaches like treatment selection. Instead
of applying one treatment approach, which is on
average most effective, to all clients, treatment selec-
tion tailors treatment to individual clients by selecting
the approach that best suits the individual. A treat-
ment that is highly effective for one patient may be
less effective or even harmful for another. Therefore,
it is critical to identify subgroups of patients who
benefit from one treatment or the other (Cohen &
DeRubeis, 2018; Lutz et al., 2006b). These differen-
tial treatment recommendations can be implemented
into a comprehensive treatment navigator to support
therapists in clinical decision-making and to improve
patients’ outcomes (Lutz et al., 2017; Lutz et al.,
2019).
Prediction accuracy is improved when relying on

statistical algorithms rather than therapist judgement
alone. The majority of therapists already tailor their
treatments to their individual clients, but mostly do
so in an intuitive and unstructured manner
(Lambert, 2013; Perlis, 2016). Such human
decisions rely on heuristics instead of algorithmic
processing and are prone to biases and systematic
errors (Meehl, 1954; Tversky & Kahneman, 1974).
Extensive research has shown that clinical decision-
making is often outperformed by data-driven statisti-
cal prediction models (Ægisdóttir et al., 2006),
especially for less experienced clinicians (Spengler

et al., 2009). Statistical algorithms tend to be more
accurate in predicting outcome and identifying
patients at risk for treatment failure (Hannan et al.,
2005; Lutz et al., 2006a).
This kind of algorithm-based personalization has a

recent tradition in medicine, where genetic or neuroi-
maging markers are used to select the optimal
pharmacological treatment (Hamburg & Collins,
2010). Recent attempts have been made to transfer
this approach to psychotherapy research to select
different treatment orientations or strategies (Cohen
et al., 2020; Deisenhofer et al., 2018; Huibers et al.,
2015; Keefe et al., 2018; Kessler et al., 2017; Lutz
et al., 2019; Van Bronswijk et al., 2019). Early work
on differential predictions in psychotherapy ident-
ified homogeneous subsamples of comparable
patients (nearest neighbors) to estimate expected
treatment response profiles for each patient in both
treatments (Lutz et al., 2006b). To evaluate the
advantage of a personalized treatment recommen-
dation, DeRubeis et al. (2014) introduced the per-
sonalized advantage index (PAI) as the difference
between predicted outcomes for two treatments.
Based on the PAI, the treatment option with the
greater predicted improvement is recommended as
the optimal treatment. Patients who received their
optimal treatment have been shown to have better
outcomes in studies evaluating antidepressant medi-
cation vs. CBT (DeRubeis et al., 2014), cognitive
therapy vs. interpersonal therapy (Huibers et al.,
2015), trauma-focused CBT vs. eye movement
desensitization and reprocessing (Deisenhofer et al.,
2018), CBT vs. PDT (Cohen et al., 2020), CBT vs.
person-centered counseling (Delgadillo & Duhne,
2020), and a problem-solving vs. motivation-oriented
approach within an integrative CBT setting (Lutz
et al., 2019). However, most studies were retrospec-
tive analyses of RCTs with their respective shortcom-
ings in external validity (Kent et al., 2018) or they
were at least based on selected disorder-homo-
geneous samples. Both could have compromised
the generalizability of the findings and algorithms to
routine care. To overcome those shortcomings and
to increase generalizability, treatment selection algor-
ithms should be trained in disorder-heterogeneous
datasets that emerge from routine care and have as
few exclusion criteria as possible (cf. Lutz et al.,
2019). Furthermore, most of these treatment selec-
tion algorithms were trained and evaluated in the
same data, increasing the probability of overfitting
and reducing the algorithm’s likelihood of generaliz-
ing to new patients who were not part of the training
data. Instead, the evaluation of the trained model
should be conducted in an independent validation
sample (cf. Delgadillo & Duhne, 2020; Kent et al.,
2018).
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A recent innovation in clinical prediction modeling
is the application of machine learning algorithms
(Rutledge et al., 2019). Machine learning (ML)
describes computational and quantitative approaches
to predict complex phenomena using a large number
of variables (Bzdok et al., 2017). Instead of relying on
a set of formal assumptions as statistical methods do,
ML fits complex patterns in observed data in an
adaptive and flexible manner. Therefore, it is well
suited to prediction problems with many possible
influences and complicated relationships. ML algor-
ithms can be either supervised or unsupervised.
While unsupervised algorithms learn the inherent
structure of input data, supervised algorithms aim
to improve the accuracy of a function (e.g., prediction
of an output by a given input) based on a sample of
known input-output pairs of function (Jordan &
Mitchell, 2015).
A common and well-studied supervised ML

approach is random forest (RF; Breiman, 2001). To
consider variability and improve predictions, a
number of statistical analyses of the same data can
be combined to form a so-called ensemble (Altman
& Krzywinski, 2017). Bagging is such an ensemble
method that repeatedly calculates a regression tree
for each bootstrapped sample with replacement and
then combines the individual predictions. However,
regression fits of different bootstrap samples tend to
be highly correlated, since many cases are selected a
number of times. When used for variable selection,
the best predictors appear repeatedly in the bootstrap
samples, resulting in strong correlations and under-
mining the usefulness of bagging. The RF approach
selects only a subset of variables for each individual
tree, limiting the impact of the best predictors and
diminishing the similarities of different trees. On
the machine learning spectrum (the trade-off
between human specification and automatic learn-
ing), RF is a flexible approach that facilitates learning
from data while remaining clinically comprehensible
and communicable (Beam & Kohane, 2018). RF
has been shown to be successful in attenuating
under- and overfitting and improving variable selec-
tion performance (Altman & Krzywinski, 2017).
The accuracy of random forests has been demon-
strated for different learning problems and evaluation
metrics (Caruana & Niculescu-Mizil, 2006; Chen
et al., 2013; Chen et al., 2018; Ok et al., 2012).
Moreover, importance scores derived from a
random forest seem to be superior to regularized
regression methods in selecting relevant variables
(Menze et al., 2009). However, since the RF
approach was not preferable for the final classification
task, Menze et al. (2009) recommend applying this
method as a preceding selection algorithm to
reduce dimensionality.

Although ML has advanced tremendously over the
last decades and has begun to overtake the use of
inferential statistical algorithms (Jordan & Mitchell,
2015; Obermeyer & Emanuel, 2016), the combi-
nation of ML and statistical inference is a promising
opportunity. Supporting the idea of integrating ML
and statistical algorithms, Beam and Kohane (2018)
as well as Bzdok et al. (2018) describe ML as rather
an extension to classical statistics than a qualitatively
different approach. There may be no clear boundary
between both methods. Quite the opposite, ML and
statistical inference can be regarded as complemen-
tary prediction approaches (Bzdok et al., 2018).
Recently, an advantage of statistical algorithms over
ML approaches (e.g., Bayesian neural network, k-
nearest neighbor regression, support vector
regression and CART regression trees) was found
for time-series forecasting in the context of a compe-
tition aimed at improving forecasting accuracy.
However, hybrid approaches combining ML and
statistical algorithms were found to provide the
most accurate predictions compared to purely stat-
istical or ML methods and combinations of mainly
statistical approaches (Makridakis et al., 2018a,
2018b; Menze et al., 2009). Recently, hybrid
approaches have been used in psychotherapy research
to improve prediction models. Fisher and Bosley
(2020) combined an elastic net regularization for
variable selection with a logistic regression to
predict discrete mood profiles prior to therapy in
patients with mood or anxiety disorders. To
improve dropout prediction in outpatients based on
network analysis, RF and a bootstrap ranking pro-
cedure with a LASSO (least absolute shrinkage and
selection operator) penalty for variable selection
were combined with a logistic regression model
(Lutz et al., 2018). Cohen et al. (2020) combined a
multi-method variable selection approach including
RF, elastic net regularized regression, Bayesian addi-
tive regression trees, and a bootstrapped stepwise
AIC-penalized approach with a linear regression
model to predict outcome in CBT and PDT for
patients with mild to moderate depression. To rec-
ommend either dialectical behavior therapy or psy-
chodynamic psychiatric management for patients
with borderline personality disorder, a variable selec-
tion using RF and a bootstrapped AIC criterion-
based backwards selection model was combined
with linear regression (Keefe et al., 2020).
In summary, algorithm-based treatment selection

models can generate personalized treatment rec-
ommendations. These personalized recommen-
dations have shown promise for improving
treatment outcomes, but many of these findings
have not been evaluated in fully holdout validation
samples. Additionally, generalization of the findings
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to routine care may be limited, since most results
have come from disorder-homogeneous samples
treated in randomized controlled trials. Furthermore,
prediction models might benefit from a combination
of machine-learning and statistical approaches, with
RF standing out for preceding variable selection pur-
poses in particular. Based on these findings, this
study aimed to develop a treatment selection algor-
ithm for a disorder-heterogeneous, naturalistic out-
patient sample from German routine care; using a
combination of RF as a variable selection approach
from the machine learning spectrum and a linear
regression model as a statistical algorithm to predict
outcome for two alternative treatments, namely
CBT and PDT.

Methods

Study Design and Participants

Data were collected as part of the Techniker Kranken-
kasse (TK) project. In collaboration with the TK, a
German health insurance company, a study on
quality monitoring in outpatient psychotherapy was
conducted from 2005 until 2011 (Lutz et al.,
2015b; Strauss et al., 2015; Wittmann & Steffa-
nowski, 2011). The aim of the study was to evaluate
the feasibility and effectiveness of a quality manage-
ment strategy using feedback compared to the tra-
ditional system of quality assurance. The study
included psychotherapists offering either CBT or
PDT. Overall, 403 therapists participated in the TK
project. Of their 4,452 patients treated in routine
care, 1,708 agreed to provide data (Scheidt et al.,
2012).
For the current study, a sample of 1,596 patients

with baseline measurements was available. Only
patients with clear information on the therapeutic
approach provided were included. Some therapists
were trained in both CBT and PDT. Two hundred
and ten patients were excluded, because the treat-
ment approach they received was not evident in the
data. For imputation purposes (see statistical analyses
for details), seven patients for whom more than 50%
of the baseline predictor data was missing (> 21 vari-
ables) were also excluded. Thus, the final sample
consisted of 1,379 patients (Figure 1a). In the
sample, 68.31% of patients were female (n = 942).
Most patients suffered from affective disorders as
their primary diagnosis (45.36%), followed by
anxiety disorders (19.50%). Additional primary diag-
noses were adjustment disorder (16.32%), somato-
form disorders (4.55%), acute and posttraumatic
stress disorders (3.60%), eating disorders (2.49%),
and obsessive-compulsive disorder (1.54%). They
had an average of 39.49 sessions (SD = 20.60,

range = 2–182), with significantly more sessions for
patients treated with PDT (M = 44.53, SD = 24.99,
range = 3–182) than for patients treated with CBT
(M = 37.08, SD = 17.66, range = 2–96; t(1329)
= –6.26, p< .001). Average initial impairment was
1.22 (SD = 0.66, range = 0–3.36) in the Brief
Symptom Inventory (BSI; Franke, 2000) and 20.56
(SD = 9.14, range = 0–52) in the Beck Depression
Inventory (BDI-II; Beck et al., 1996b). Initial impair-
ment did not differ between treatment approaches
with regard to the BSI (CBT: M= 1.24, SD= 0.67;
PDT: M= 1.18, SD= 0.65; t(1367) = 1.53, p= .126)
or BDI (CBT: M= 20.55, SD= 9.17; PDT: M=
20.58, SD= 9.10; t(989) = –0.04, p= .965).

Treatments

Patients received either standard cognitive–behavior-
al or standard psychodynamic treatment paid by their
insurance company. At the time of data collection,
German statutory health insurance covered the
costs of 25 (short-term), 45 (long-term), 60 (1. con-
tinuation) or 80 (2. continuation) sessions of CBT.
For PDT, the costs of 25 (short-term), 50 (long-
term), 80 (1. continuation) or 100 (2. continuation)
sessions were covered. In well-founded exceptions,
treatment duration could be extended beyond the
second continuation. In addition to the granted ses-
sions, up to five preparatory sessions were conducted
that were prescribed for administrative issues and
diagnostics. Both treatments are defined in the psy-
chotherapy guideline of the Federal Joint Committee
(Ger.: Gemeinsamer Bundesausschuss; G-BA), the
highest decision-making body of the joint self-gov-
ernment of physicians, dentists, hospitals and health
insurance funds in Germany. Following the psy-
chotherapy guideline, CBT comprises the analysis
of etiological and maintaining conditions and the
development of a disorder model based on learning
and social psychology as well as a superordinate treat-
ment strategy (Gemeinsamer Bundesausschuss,
2009). Interventions should be deduced from the dis-
order model and include stimulus-related methods
(e.g., systematic desensitization), response-related
methods (e.g., operant conditioning), methods of
model learning, cognitive restructuring (e.g.,
problem-solving techniques), and self-regulation
methods (e.g., psychological self-control tech-
niques). Additionally, also methods that were devel-
oped as part of the third wave of CBT may have
been included. Referring to the psychotherapy guide-
line, PDT comprises etiologically-oriented methods
treating unconscious psychodynamics of currently
active neurotic conflicts and structural disorders,
considering transference, counter-transference, and
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resistance. PDT is defined by a restriction of the
treatment goal, a conflict-centered approach and a
limitation of regressive processes. This treatment
might also include brief therapy, focal therapy,
dynamic psychotherapy, and low frequency therapy.

Measures

Brief symptom inventory (BSI). The BSI
(Franke, 2000) is a 53-items self-report measure
that assesses physical and psychological symptoms
during the last week. It is a short form of the
Symptom Checklist-90-Revised (SCL-90-R; Dero-
gatis, 1977), which comprises nine subscales with
the following dimensions: somatization, obsessive-
compulsive, interpersonal sensitivity, depression,
anxiety, hostility, phobic anxiety, paranoid ideation,
and psychoticism. Patients respond to items on a 5-
point Likert scale ranging from 0 (“not at all”) to 4
(“extremely”). The average of all 53 items is the
Global Severity Index (GSI), which combines infor-
mation on the number of symptoms and the intensity
of distress. The Positive Symptom Total (PST)
counts all non-zero items and provides information
on the number of symptoms, while the Positive

Symptom Distress Index (PSDI) sums the values of
non-zero items divided by the PST, giving infor-
mation on the average intensity of distress. For the
BSI, an internal consistency of α= .92 and a retest-
reliability of rtt = .90 are reported (Franke, 2000). In
the current study, The GSI was used as the therapy
outcome indicator. The nine BSI subscales as well
as the PST and the PSDI were used as potential pre-
dictor variables.

Severity of impairment score (BSS). The BSS
(Schepank, 1995) is a standardized therapist-rated
instrument measuring the severity of impairment
resulting from psychopathology. Impairment is
assessed on three dimensions: somatic, psychological
and social-communicative. Therapists answer on a 5-
point Likert scale ranging from 0 (“not at all”) to 4
(“extremely”). The BSS shows high correlations
with personality inventories and other complaint
lists (Schepank, 1995). An interrater-reliability
between r = .89 and r = .99 has been reported (Schell-
berg, 1995). Patients’ current impairment as well as
their impairment during the last 12 months were
rated on all three dimensions. In sum, these six vari-
ables were included as potential predictors.

Figure 1. Patient flow chart. Note. CBT= cognitive behavioral therapy; PDT= psychodynamic therapy.
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Global assessment of functioning (GAF). The
GAF (Endicott et al., 1976) is a single rating scale
measuring psychological, social, and occupational
functioning on a visual analogue scale from 1 to
100. The scale provides 10-point steps with clearly
defined anchor points that describe behavior-related
symptoms, performance in social relationships, and
psychopathology. Therapists rated patients’ current
level of functioning as well as their maximum func-
tioning during the last 12 months using the GAF.
The reliability of the GAF varies between ICC= .69
and ICC= .91, while the measure is shown to be
change sensitive (Endicott et al., 1976). Both
current functioning and functioning during the last
12 months were used as potential predictor variables.

12-item Short-Form (SF-12) health Survey.
The SF-12 is a short-form of the 36-item short-
form (SF-36) health survey measuring health-
related quality of life (Ware et al., 1996). It is a self-
report measure that consists of eight dimensions:
general health perception, physical health, limited
role-functioning due to physical condition, physical
pain, vitality, mental health, limited role-functioning
due to emotional condition and social functioning.
Test-retest reliability of the SF-12 varies between rtt
= .86 and rtt= .89 (Ware et al., 1996). The two sub-
scales physical health and mental health were assessed
in the TK project and used as predictors in the
current analyses.

Inventory of interpersonal problems (IIP-D).
The IIP-D is a self-report measure of interpersonal
problems (Horowitz et al., 2000). Relying on the cir-
cumplex model of interpersonal functioning, the IIP-
D measures interpersonal problems by eight octant
scales that represent combinations of the orthogonal
dimensions love (vs. hate) and dominance (vs. sub-
mission). Thus, the eight scales represent the follow-
ing eight interpersonal styles: dominant, hostile-
dominant, hostile-cold, hostile-submissive, submiss-
ive, submissive-friendly, friendly and dominant-
friendly. Patients rate how problematic certain beha-
viors, thoughts and feelings have been on a 5-point
Likert scale. The retest-reliability varies between r
= .81 and r = .90 (Horowitz et al., 2000), and the
internal consistency varies betweem α = .71 and α
= .85 (Grosse Holtforth et al., 2006). All eight
octant scales were included as potential predictor
variables.

Beck depression inventory II (BDI-II). The
BDI-II (Beck et al., 1996b) is a 21-item self-report
instrument measuring mental (e.g., hopelessness)
and physical symptoms (e.g., loss of appetite) of

depression. Patients answer items on a 4-point
Likert scale ranging from 0 to 3. The measure has a
test-retest reliability of rtt= .90 and internal consist-
encies between α = .76 and α = .95 (Beck et al.,
1988; Beck et al., 1996a). The sum of all 21 items
was used as a potential predictor variable.

Further potential predictor variables. Thera-
pists rated seven problem-specific areas of life on a
10-point scale ranging from 1 (“without any pro-
blems”) to 10 (“very problematic”). These included
occupation, partnership, family, leisure, social con-
ditions, self-responsibility and health-related beha-
viors. Further dichotomous variables rated by the
therapist included sex (male/female), work function-
ing (yes/no), diagnosis of a personality disorder (yes/
no), previous outpatient therapy (yes/no), and pre-
vious inpatient therapy (yes/no).

Excluded variables. A total of 43 variables
measured at baseline were available for prediction
models. Four additional disorder-specific measures
that were assessed during the TK project were
excluded from the analyses. When panic disorder,
somatization disorder, eating disorder or obsessive-
compulsive disorder were suspected, the Agorapho-
bic Cognition and Body Sensation Questionnaires
(AKV; Ehlers et al., 2001), the Screening for Somato-
form Symptoms (SOMS; Rief et al., 1997), the
Eating Disorder Inventory (EDI; Rathner & Wald-
herr, 1997) or the Hamburg Obsessive-Compulsive
Inventory (HZI-K; Klepsch et al., 1993) were
assessed, respectively. Since these measures were
only assessed in small subsamples, there were too
many patients with missing values on these variables
to impute them reliably (> 80%; for details, see
missing value imputation). Therefore, they were
excluded from the predictor list before imputing
and analyzing the data.

Statistical Analyses

All analyses were performed using the free software R
version 3.5.0 (R Core Team, 2018). For all random
iterative processes, a seed was set to 47 for replicabil-
ity purposes.

Training and holdout samples. Outcome pre-
diction was based on two separate prognostic
models, one for patients treated with CBT and one
for patients treated with PDT. Therefore, the data
was split according to the treatment approach. The
two samples were then divided into training data
and holdout data (Figure 1b). The training data
was used to build the two prediction models that
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were subsequently tested in the independent holdout
data. A random sample of 70% of all eligible patients
was drawn from the CBT and PDT samples for train-
ing data. The remaining 30% were used as holdout
data. Data division resulted in n = 654 patients
treated with CBT and n = 312 patients treated with
PDT to train the two prediction models and n =
281 patients treated with CBT and n = 132 patients
treated with PDT as holdout samples to evaluate
the predictive models.

Missing value imputation. Missing value impu-
tation was performed separately for training and
holdout data using the R package missForest
version 1.4 (Stekhoven, 2013). Data from both treat-
ments were combined and imputed together. Mis-
sForest is a nonparametric missing value imputation
using random forest. It can handle mixed-type data,
i.e., continuous and categorical data, including non-
linear associations and interactions (Stekhoven &
Bühlmann, 2012). Simulation studies have shown
that missForest performs well for up to 30%
missing values (Stekhoven & Bühlmann, 2012).
Therefore, all predictor variables with more than
30% missingness were excluded from the analyses.
Only pre-treatment characteristics were imputed.
Given the wide variability of treatment length and
dosage as a result of the data being drawn from a nat-
uralistic sample (number of sessions ranged from 2 to
182), the last observation carried forward approach
was used to impute missing outcomes in the training
data. MissForest was not used when imputing out-
comes in the holdout data in order to avoid potential
contamination between predictor variables and out-
comes, which can risk optimistically biased predic-
tions. To improve accuracy of the imputation
procedure, additional variables were added for impu-
tation, which were not used as potential predictor
variables.1 Imputation was based on information
from all potential predictor variables, treatment
approach, therapy outcome, and the additional vari-
ables described above. Imputation was evaluated
using the normalized root mean squared error
(NRMSE) for continuous and the proportion of
falsely classified entries (PFC) for categorical data
(Stekhoven & Bühlmann, 2012). The same imputa-
tion approach was used for both training and
holdout data.

Propensity score matching. Propensity score
matching was performed using the R package
MatchIt version 3.0.2 (Ho et al., 2011). The aim
was to control for initial differences between patients
treated with CBT or PDT due to the naturalistic,
non-randomized study design. A propensity score is

the probability of receiving one of two treatments
(e.g., CBT) based on particular covariates (Rosen-
baum & Rubin, 1983). The score ranges from 0 to
1, indicating the probability of receiving CBT
instead of PDT. Patients with identical propensity
scores have comparable observed covariates, thus
being equally likely to receive CBT. Propensity
scores were calculated using logistic regression with
treatment as the dichotomous dependent variable
(0 = PDT; 1 =CBT) and the pre-treatment BSI–
GSI as well as all 43 potential predictor variables as
independent variables. Matching success is indicated
by the standardized mean difference (SMD), a common
method to evaluate covariate balance between two
samples (Guo & Fraser, 2015). An SMD< .25 indi-
cates an acceptable match of two initially differing
samples (Rubin, 2001). Full matching was con-
ducted, resulting in individual propensity scores
that were used as weights in all following analyses.

Variable selection. All continuous variables were
z-standardized, while dichotomous variables were
recoded (–0.5; 0.5). A model-based random forest
analysis was implemented for variable selection
using the R package mobForest version 1.3.0
(Garge et al., 2018). RF is a recursive partitioning
approach that reduces instabilities by aggregating
the results of many different decision trees that are
based on a random selection of variables. This
random selection enables the consideration of infor-
mation from weaker predictors, thus reducing the
dominance of stronger predictor variables. The
importance of a variable for the prediction of treat-
ment outcome is evaluated in the out-of-bag (OOB)
cases that were not used for training. The difference
in R² between the original OOB data and randomly
permuted values in OOB cases averaged for all trees
indicates the variable’s importance.
The number of variables randomly sampled at each

node of a tree was determined empirically with
respect to the OOB error estimate. The starting
value for the number of variables was set to p/3,
where p is the overall number of potential predictor
variables in the data. For this tuning step, 100 trees
were grown. At each iteration, the number of vari-
ables was inflated or deflated by two. The improve-
ment in OOB error had to be at least 0.05 to
continue the iterative process. The empirically ident-
ified optimal number of variables was used in a RF
with replacement (bootstrapping) that consisted of
1000 trees. Alpha was set to .05 and a Bonferroni cor-
rection was applied. Each node had to consist of at
least 20 observations. RF only displays the impor-
tance of each variable without recommending the
number of variables to select. Therefore, a decision
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rule was implemented that selected as few variables as
possible, while their accumulated importance had to
be at least 90% of the accumulated importance of
all predictor variables (cf. Petkovic et al., 2018). Vari-
able selection was performed in the CBT and PDT
training samples separately.

Outcome prediction. To test for initial mean-
level differences in effect between CBT and PDT,
post-treatment BSI–GSI was regressed on treatment
(CBT= –0.5 vs. PDT= 0.5), while controlling for
pre-treatment BSI–GSI and considering the propen-
sity score weights. To evaluate the incremental var-
iance explanation, R² of a model with only initial
impairment as predictor for post-treatment BSI–
GSI was compared to R² of a model with initial
impairment and treatment as predictors.
Outcome was predicted using a 10-fold cross-vali-

dated linear model regressing the post-treatment GSI
on the predictor variables selected with RF and the
pre-treatment GSI to control for initial impairment.
Since RF also selects variables based on higher-
order interactions and non-linear relationships, a
bootstrapped stepwise AIC-penalized approach was
included using the R package bootStepAIC version
1.2-0 (Rizopoulos, 2009). One thousand Bootstrap
samples were drawn to select the best fitting model
based on the Akaike Information Criterion (AIC) in
a stepwise algorithm. A prediction model was built
for each of the two treatments (CBT and PDT) sep-
arately based on their complete training data. Patients
who received PDT were weighted based on the pro-
pensity score matching.

Treatment recommendation. To recommend
one of the two treatments for each individual
patient, the final prediction models (one model for
each treatment) were applied to patients to calculate
their predicted outcomes for CBT and PDT. For
each patient, the PAI was calculated as the difference
in predicted outcomes between the two treatments
(predicted outcome in CBT minus predicted
outcome in PDT). Because lower scores on the
outcome variable (GSI) indicated better outcomes,
PAIs > 0 indicated that PDT was recommended,
while CBT was recommended as the preferred treat-
ment for PAIs < 0. Patients were labeled as having
been treated with their optimal treatment if they
received the treatment recommended for them by
the PAI score. Otherwise, patients were classified as
having received their non-optimal treatment.

Evaluation of recommendations. The evalu-
ations were first conducted in the training data and
then repeated in the holdout data. To evaluate

treatment recommendations, the post-treatment
GSI was regressed on the grouping variable
(optimal vs. non-optimal treatment) and the pre-
treatment GSI. To represent the results graphically
in a clinically comprehensible manner, the percen-
tage of change was calculated for each patient indivi-
dually by dividing the pre- to post-treatment change
on the GSI by the pre-treatment GSI. The residuals
of post-treatment GSI controlled for pre-treatment
GSI are difficult to interpret and were therefore not
practical for a graphical representation. The percen-
tage of change is less associated with initial impair-
ment than other methods, e.g., post-treatment GSI,
pre- to post-treatment GSI difference or GSI standar-
dized effect size. Thus, it seemed the most appropri-
ate method to represent outcome independent of
initial impairment. Differences between patients
who received their optimal and patients who received
their non-optimal treatment in percentage GSI
change were tested statistically using two-tailed t-
tests and Cohen’s d was calculated to estimate
effect sizes for group differences.
As the PAI is a continuous measure of the expected

magnitude of the advantage of one treatment over
another, there was a distribution of predicted differ-
ences that ranged from large to negligibly small.
One would expect to observe a larger benefit of
receiving the indicated treatment, relative to the
non-indicated treatment, in patients with stronger
recommendations (larger absolute values) than
those with very similar predicted outcomes in both
treatments (smaller absolute values). Therefore, an
a priori decision was made to conduct the same evalu-
ation in the 50% of patients with the strongest PAIs,
indicating a greater predicted benefit of receiving the
optimal treatment (Cohen et al., 2020).
Additionally, in the holdout data, the effect of the

treatment recommendation was evaluated separately
for both recommendations (CBT vs. PDT). For
patients for whom CBT was recommended, the per-
centage GSI change was compared between patients
who received their optimal treatment and patients
who received their non-optimal treatment. Likewise,
for patients for whom PDT was recommended, the
percentage GSI change was compared between
those who received their optimal vs. those who
received their non-optimal treatment.

Results

Data Preprocessing

Missing data imputation. All variables with
more than 30% missing values were excluded from
data imputation and hence from the analyses. Four
disorder-specific measures were excluded because
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of too many missing values, namely AKV (training
data: 81.03% missing; holdout data: 82.45%
missing), SOMS (94.23%; 95.91%), EDI (97.42%;
97.12%), and HZI-K (97.22%; 97.12%). The
remaining variables had an average of 5.35% (SD =
5.24; range = 0% – 29.28%) missing values in the
training and 6.06% (SD = 4.82; range = 0% –

26.20%) missingness in the holdout data. In the
training data, the imputation procedure missForest
needed six iterations to minimize imputation error
that was estimated based on the OOB error. The
NRMSE averaged over all variables was 0.498, the
average PFC was 0.138, which is comparable to
results in different samples of a validation study (Ste-
khoven & Bühlmann, 2012). In the holdout data,
missForest needed five iterations, the average
NRMSE was 0.521 and the average PFC was 0.147.

Propensity score matching. Before the two
treatments were matched, the standardized mean
difference for the distance was SMD=0.598. After
matching, the SMD for the distance was reduced to
SMD=0.004 and none of the variables had an
SMD> .25 (M= 0.016; range = –0.090–0.118)

indicating an acceptable match. Since PDT was
matched to CBT, only PDT cases were weighted.
The applied weights ranged from 0.080–12.881 (M
= 1; SD= 1.334). The eight variables contributing
the most to the propensity score (standardized coeffi-
cient≥ .2) and their standardized as well as unstandar-
dized coefficients are presented in the appendix
(Table A1).

Variable Selection

The number of variables randomly sampled at each
node of a tree of the RF was determined empirically.
For the prediction of outcome in CBT, a number of
28 variables sampled at each node was associated
with the smallest OOB error. The RF selected nine
variables as important predictors of outcome (BSI–
GSI, BSI–PST, BSI–phobic anxiety, BDI, BSI–
PSDI, BSI–anxiety, IIP–friendly, GAF–12 months
and SF-12 physical health; Figure 2). Their impor-
tance summed up to 0.135, while the overall impor-
tance of all 43 variables was 0.148; i.e., the nine
selected variables accounted for 91.18% of all vari-
ables’ importance.

Figure 2. Variable importance of all potential pre-treatment predictors for post-treatment GSI in cognitive behavioral therapy. Note. BSI =
Brief Symptom Inventory; GSI =Global Severity Index; PST= Positive Symptom Total; BDI = Beck Depression Inventory; PSDI = Positive
Symptom Distress Index; IIP = Inventory of Interpersonal Problems; GAF=Global Assessment of Functioning; SF-12 = 12-item Short-
Form Health Survey; BSS = Severity of Impairment Score.
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For the prediction of outcome in PDT, a number
of seven variables randomly sampled at each node
of a tree was associated with the smallest OOB
error. The RF selected 13 variables as important pre-
dictors of outcome (BSI–GSI, BSI–PST, BSI–
anxiety, BSI–somatization, BSI–phobic anxiety,
BSI–PSDI, BSI–interpersonal sensitivity, BSI–
depression, BDI, BSI–paranoid ideation, BSI–psy-
choticism, BSI–obsessive-compulsive and IIP–
friendly; Figure 3). Their importance summed up
to 0.094, while the overall importance of all 43 vari-
ables was 0.102; i.e., the 13 selected variables
accounted for 91.71% of all variables’ importance.

Outcome Prediction

After considering the propensity score weights and
controlling for initial impairment, there was no sig-
nificant overall effect of treatment on post-treatment
BSI–GSI (b= 0.021, p= .440). Compared to a model
with only pre-treatment BSI–GSI as predictor, the
incremental variance explanation by treatment did
not systematically differ from zero (change in R²
= .0004; change in adj. R² = –.0002).

The 10-fold cross-validated linear model for
patients treated with CBT explained 47.1% of
outcome variance (R2

adjusted = .471). Applying the
bootstrapped stepwise AIC-penalization, one predic-
tor variable (BSI–anxiety) was removed from the
model, while explained variance did not decrease
(R2

adjusted = .471). In the final model, outcome was
predicted significantly by BSI–PST (b= –0. 112, p
= .012), BSI–phobic anxiety (b = 0.064, p= .002),
BDI (b= 0. 051, p = .030), BSI–PSDI (b= –0.099,
p= .018), GAF–12 months (b= –0. 065, p < .001)
and SF-12 physical health (b = –0. 063, p< .001),
while controlling for BSI–GSI (b = 0. 395, p
< .001). IIP–friendly (b = 0. 033, p = .063) did not
reach the significance threshold of p = .05, but
remained in the final model (Table I). Negative coef-
ficients indicate a better outcome for higher values on
the predictor variables.
For patients treated with PDT, the 10-fold cross-

validated linear model predicting outcome explained
45.6% of outcome variance (R2

adjusted = .456). The
bootstrapped stepwise AIC-penalization removed six
variables (BSI–PST, BSI–anxiety, BSI–phobic
anxiety, BSI–interpersonal sensitivity, BSI–obsessive-

Figure 3. Variable importance of all potential pre-treatment predictors for post-treatment GSI in psychodynamic therapy. Note. BSI = Brief
Symptom Inventory; GSI =Global Severity Index; PST= Positive Symptom Total; PSDI = Positive Symptom Distress Index; BDI = Beck
Depression Inventory; IIP = Inventory of Interpersonal Problems; SF-12 = 12-item Short-Form Health Survey; GAF=Global Assessment
of Functioning; BSS = Severity of Impairment Score.
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compulsive, and IIP–friendly), while explained var-
iance did not decrease (R2

adjusted = .460). In the final
model, BSI–PSDI (b= –0. 146, p= .001), BSI–
depression (b= –0. 096, p= .041), BDI (b= 0. 077,
p= .020) and BSI–paranoid ideation (b= 0. 165, p
< .001) significantly predicted outcome in patients
treated with PDT, while controlling for BSI–GSI (b
= 0. 341, p< .001). BSI–somatization (b= 0. 068, p
= .072) and BSI–psychoticism (b= –0. 064, p= .134)
did not reach the significance threshold, but remained
in the final prediction model (Table II).

Treatment Recommendations

In the training data, the average PAI was –0.018
(Mdn = –0.019, SD= 0.183, range = –0.620–0.731)
indicating a slight advantage of CBT in predicted
outcomes. CBT was recommended to 535 patients,

while PDT was recommended to 431 patients. Of
the 966 patients, 485 received their optimal, i.e., rec-
ommended treatment, and 481 received their non-
optimal treatment.
In the holdout data, the average PAI was –0.018

(Mdn = –0.021, SD = 0.184, range = –0.484–0.707).
CBT was recommended to 223 patients, and PDT
was recommended to 190 patients. Of the 413
patients, 203 received their optimal treatment and
210 patients received their non-optimal treatment.

Evaluation of Recommendations

In the training data, being treated with the optimal vs.
the non-optimal treatment was a significant predictor
of outcome (b = –0.051, p= .043) controlling for
initial impairment (Table III). As expected, the per-
centage of change correlated less with the pre-treat-
ment GSI (r = .205, p< .001) than the post-
treatment GSI (r = .639, p < .001), the pre- to post-
treatment GSI difference (r = .659, p< .001) or the
pre- to post-treatment effect size (Cohen’s d; r
= .659, p< .001). The mean difference in percentage
of change between optimal and non-optimal cases
was statistically significant (Moptimal = 0.465, Mnon-

optimal = 0.404, t963 = 2.24, p= .026) with an effect
size of Cohen’s d= 0.14 [0.02, 0.27] (Figure 4A).
For the 50% of patients with the greatest PAI, the
association between optimal vs. non-optimal treat-
ment and outcome increased slightly (b= –0.088, p
= .014; Table III). The average percentage of
change was 51.0% for patients treated with their
optimal and 42.1% for patients treated with their
non-optimal treatment (t481 = 2.346, p= .019, d=
0.21 [0.03, 0.39]; Figure 4B).
In the holdout data, optimal vs. non-optimal treat-

ment did not significantly predict outcome (b = –

0.043, p= .280), when controlling for initial impair-
ment (Table IV). Likewise, the mean difference in
percentage of change between optimal and non-
optimal cases was not statistically significant
(Moptimal = 0.496, Mnon-optimal = 0.460, t411 = 0.89, p
= .375, d= 0.09 [–0.11, 0.28]; Figure 4C). Again,
the percentage of change correlated less with the
pre-treatment GSI (r= .202, p< .001) than the
post-treatment GSI (r = .589, p< .001), the pre- to
post-treatment GSI difference (r= .657, p< .001) or
the pre- to post-treatment effect size (Cohen’s d; r
= .657, p < .001). However, for the 50% of patients
with the greatest PAI in the holdout data, the associ-
ation between optimal vs. non-optimal treatment and
outcome was significant (b = –0.132, p= .023; Table
IV). The average percentage of change was 52.6%
for patients treated with the optimal and 38.4% for
patients treated with the non-optimal treatment

Table I. Final prediction model for outcome (post-teatment BSI–
GSI) in patients treated with cognitive behavioral therapy.

Coefficient p-value

Intercept 0.619∗∗∗ < .001
BSI–GSI 0.395∗∗∗ < .001
BSI–PST –0.112∗ .012
BSI–phobic anxiety 0.064∗∗ .002
BDI 0.051∗ .030
BSI–PSDI –0.099∗ .018
IIP–friendly 0.033† .063
GAF–12 months –0.065∗∗∗ < .001
SF12–physical health –0.063∗∗∗ < .001
R² adj. 0.471 < .001

Note. BSI = Brief Symptom Inventory; GSI =Global Severity
Index; PST= Positive Symptom Total; BDI = Beck Depression
Inventory; PSDI = Positive Symptom Distress Index; IIP =
Inventory of Interpersonal Problems; GAF–12 months =Global
Assessment of Functioning during the last 12 months; SF12 = 12-
item Short-FormHealth Survey; †= .05 < p < .10; ∗ = p < .05; ∗∗ =
p < .01; ∗∗∗ = p < .001.

Table II. Final prediction model for outcome (post-treatment
BSI–GSI) in patients treated with psychodynamic therapy.

Coefficient p-value

Intercept 0.637∗∗∗ < .001
BSI–GSI 0.341∗∗∗ < .001
BSI–somatization 0.068† .072
BSI–PSDI –0.146∗∗ .001
BSI–depression –0.096∗ .041
BDI 0.077∗ .020
BSI–paranoid ideation 0.165∗∗∗ < .001
BSI–psychoticism –0.064 .134
R² adj. 0.460 < .001

Note. BSI = Brief Symptom Inventory; GSI =Global Severity
Index; PSDI = Positive Symptom Distress Index; BDI =Beck
Depression Inventory; †= .05 < p < .10; ∗ = p < .05; ∗∗ = p < .01;
∗∗∗ = p < .001.
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(t205 = 2.40, p= .017) with an effect size of Cohen’s d
= 0.33 [0.06, 0.61] (Figure 4D).
For patients for whom CBT was recommended in

the holdout data, there was a significant difference in
percentage of change between optimal and non-
optimal cases in favor of the recommended treatment

(Moptimal = 0.552, Mnon-optimal = 0.433, t221 = –2.17,
p= .031, d= 0.31 [0.03, 0.59]). For patients for
whom PDT was recommended in the holdout
data, there was a reversed effect in favor of the
non-optimal treatment, but this difference
was not statistically significant (Moptimal = 0.348,

Figure 4. Average percentage pre- to post-treatment GSI changes for patients who received their optimal vs. their non-optimal treatment.
Note. A = Based on all patients in the training data; B =Based on the 50% of patients in the training data with the strongest PAIs (i.e., the
largest predicted benefits of receiving their optimal treatment); C =Based on all patients in the holdout data; D = Based on the 50% of patients
in the holdout data with the strongest PAIs (i.e., the largest predicted benefits of receiving their optimal treatment); GSI =Global Severity
Index; d=Cohen’s d (standardized mean difference).

Table III. Treatment outcome (post-treatment BSI–GSI) on pre-treatment BSI–GSI and received treatment (optimal vs. non-optimal) in the
training data.

All patients 50% with largest PAI

Coefficient p-value Coefficient p-value

Intercept 0.662∗∗∗ < .001 0.044∗∗∗ .313
BSI–GSI 0.326∗∗∗ < .001 0.498∗∗∗ < .001
Optimal –0.051∗ .043 –0.088∗ .014
R² adj. 0.410 < .001 0.412 < .001

Note. BSI = Brief Symptom Inventory; GSI =Global Severity Index; optimal: 0 = non-optimal treatment, 1 = optimal treatment; ∗ = p < .05;
∗∗∗ = p < .001.
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Mnon-optimal = 0.475, t188 = –1.87, p= .063, d = –0.30
[–0.61, 0.02]). In the subsample of the 50% of
patients with the greatest PAI in the holdout data, a
similar pattern emerged. For patients for whom
CBT was recommended, the average percentage of
change was 58.0% for patients treated with the
optimal and 35.6% for patients treated with the
non-optimal treatment (t114 = 2.65, p= .009) with
an effect size of Cohen’s d = 0.51 [0.12, 0.89]. For
patients for whom PDT was recommended, the
mean difference in percentage of change between
optimal and non-optimal cases was not statistically
significant (Moptimal = 0.384, Mnon-optimal = 0.403,
t89 = –0.21, p= .831, d = –0.05 [–0.51, 0.41]).

Discussion

The aim of this study was to develop a treatment
selection algorithm to provide therapists with a per-
sonalized recommendation of either CBT or PDT.
This is the first study combining a machine-learning
based variable selection with statistical inference to
predict outcome for two treatment alternatives in a
naturalistic, disorder-heterogeneous sample of more
than 1,300 patients. Moreover, it is the first attempt
to evaluate a treatment selection algorithm for CBT
and PDT in independent holdout data. While both
treatments are highly effective on their own, we inves-
tigated whether a personalized allocation of patients
to their recommended treatment might improve
outcomes.

Main Findings

Referring to Kessler et al. (2017), we predicted
outcome separately for CBT and PDT, instead of
looking for differential predictors. For both treat-
ments, pre-treatment characteristics were identified
that significantly predicted outcome. While BSI–
PSDI and BDI appeared to be significant predictors
for outcome in CBT as well as in PDT, BSI-PST,

BSI-phobic anxiety, GAF–12 months and SF-12
physical health were treatment-specific predictors in
CBT and BSI–depression as well as BSI–paranoid
ideation significantly predicted outcome in PDT
only. Both prognostic models were able to explain
almost half of outcome variance in the training data
(46.0% in PDT and 47.1% in CBT).
Outcomes for patients who received their algor-

ithm-based optimal treatment were significantly
better than those of patients treated with their non-
optimal treatment in the training data. As expected,
the average advantage of receiving the optimal treat-
ment increased when analyzing only those patients
with stronger PAIs indicating the greatest predicted
benefit of receiving the optimal treatment. In the
50% of patients with the largest PAIs (absolute
value), the mean difference in percentage of change
between the optimal and non-optimal treatment
increased to 8.9 percentage points (d = 0.21) in the
training data. The pattern of findings was only par-
tially replicated in the holdout sample. No statistically
significant advantage of receiving the optimal treat-
ment was found in the full holdout sample,
however, a significant effect of receiving the rec-
ommended treatment was present in patients for
whom CBT was recommended, whereas no differ-
ence between the optimal and the non-optimal treat-
ment was found for patients for whom PDT was
recommended. Furthermore, within the 50% of the
holdout sample with the strongest recommendations,
a significant advantage was observed with a mean
difference in percentage of change of 14.2 percentage
points (d = 0.33). Again, this advantage of receiving
the recommended treatment was even more pro-
nounced in patients for whom CBT was rec-
ommended (d= 0.51), whereas it was not found
for patients for whom PDT was recommended
(d= –0.05).
The total outcome advantage of providing the

optimal treatment was small, but it might be clinically
meaningful, as it is solely due to the selection of the
optimal treatment. Unlike developing a new

Table IV. Treatment outcome (post-treatment BSI–GSI) on pre-treatment BSI–GSI and received treatment (optimal vs. non-optimal) in the
holdout data.

All patients 50% with largest PAI

Coefficient p-value Coefficient p-value

Intercept 0.590∗∗∗ < .001 0.665∗∗∗ < .001
BSI–GSI 0.291∗∗∗ < .001 0.328∗∗∗ < .001
Optimal –0.043 .280 –0.132∗ .023
R² adj. 0.345 < .001 0.380 < .001

Note. BSI = Brief Symptom Inventory; GSI =Global Severity Index; optimal: 0 = non-optimal treatment, 1 = optimal treatment; ∗ = p< .05;
∗∗∗ = p< .001.
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treatment protocol, treatment selection algorithms
can be implemented cost-efficiently without being
time-consuming (Lutz et al., 2019). In the context
of such an easy to implement approach, the average
advantage of 14.2 percentage points of change for
50% of the sample can be regarded as a rather large
improvement. Moreover, these results are compar-
able to recent findings on treatment selection
effects. Cohen et al. (2020) found an advantage of
d= 0.21 for patients receiving their optimal treatment
averaged over all patients and of d = 0.37 for the 60%
of patients with the largest predicted benefits. Dei-
senhofer et al. (2018) found a standardized difference
in outcomes between patients treated with the
optimal and patients treated with the non-optimal
treatment of d = 0.40. When comparing the effect
size of the study at hand with those of prior studies,
it is noteworthy that those studies did not test the
advantage of the recommended treatment in
holdout data.
Noteworthy, the treatment selection resulted in

improved outcomes for patients treated with the
optimal treatment only when CBT was rec-
ommended. For those patients, moderate effect
sizes in favor of the optimal treatment were found.
However, the optimal treatment did not result in
improved outcomes when the algorithm rec-
ommended PDT, neither in the full holdout data
nor in the 50% of patients with the greatest PAI.
This finding resembles findings by Van Bronswijk
et al. (2019), whose treatment selection algorithm
also only performed well for patients for whom
CBT was recommended, but not for patients for
whom the alternative treatment was predicted to be
optimal. It is worth mentioning that this effect was
not due to an overall superiority of CBT in improving
outcome.
Considering these additional analyses, the algor-

ithm seems to be able to identify those patients for
whom CBT results in better outcomes than PDT,
but it struggles with the identification of patients for
whom PDT is advantageous. It might be that the
potential predictor variables included in the analyses
assess more constructs that are associated with a
rather cognitive–behavioral understanding of dis-
orders. However, the prognostic models performed
equally well in predicting outcome in patients
treated with CBT and PDT. Moreover, instruments
like IIP-D and BSS should have also captured psy-
chodynamic concepts. However, these results have
to be kept in mind, when the algorithm suggests
PDT to be the optimal treatment for an individual
patient. Another critical point is that the findings
were only significant for the 50% of patients with
the greatest PAI, but not for the full holdout data,
when both treatments were included. This highlights

the implication that the algorithm works for some but
not all patients and should be improved in a continu-
ous effort through the inclusion of more, especially
heterogeneous patients, a wider range of potential
predictors, and adaptive statistical procedures. For
clinicians, the developed and evaluated algorithm
can serve as a tool to augment their clinical judge-
ment, however its aforementioned restrictions under-
line the importance of holistic clinical expertise.

Strengths and Limitations

The major strengths of the study comprise the evalu-
ation in independent holdout data and the combi-
nation of machine learning and statistical
approaches. While previous studies on treatment
selection developed and tested algorithms in the
same data, the partitioning of data into training und
holdout data offers the opportunity to improve the
generalizability of the findings and to strengthen the
algorithm’s reliability. Within the context of a
growing gap between ML and statistical inference,
this study provides an option to integrate both
approaches and pursue symbiosis rather than
delimitation.
In contrast to most other studies on treatment

selection (Cohen et al., 2020; Huibers et al., 2015;
Webb et al., 2019), the data analyzed in this study
were not collected in an RCT. Therefore, we had to
deal with unequal sample sizes receiving the two
treatments, heterogeneous samples, a non-random-
ized allocation of patients to treatments and hence
differences in pre-treatment characteristics between
patients seeking treatment with CBT and PDT.
However, while putting internal validity at risk, we
expected this naturalistic sample to improve external
validity and the generalizability of findings to real-
world patient populations treated in routine care.
Moreover, we handled the lack of randomization to
treatments by implementing a propensity score-
based weighting of the individual patients to statisti-
cally control for initial differences between patients
treated with CBT or PDT. Also worth noting is the
use of outcomes in the form of percentages of
change that were not controlled for initial impair-
ment. Although we weighted patients to control for
pre-treatment differences between treatments, differ-
ences in initial impairment might be present between
patients treated with the optimal vs non-optimal
treatment. To reduce this bias, we used the percen-
tage of change instead of post-treatment impairment
or pre- to post-treatment effect sizes that have been
shown to correlate much higherly with initial impair-
ment. Furthermore, the main analyses relied on the
post-treatment BSI–GSI controlled for initial
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impairment and confirmed the results. The appli-
cation of random forest for variable selection pur-
poses corresponds to recent efforts (e.g., Keefe
et al., 2018). Although its selection for use in these
analyses was somewhat arbitrary, recent investi-
gations of this machine learning approach have
demonstrated its advantage in various learning situ-
ations (Chen et al., 2018; Ok et al., 2012), especially
in variable selection, where it has been shown to out-
perform regularized regression methods (Menze
et al., 2009).
A crucial factor in treatment selection modeling is

the sample size. To date, there is only one study on
treatment selection with a comparable sample size
(N = 1,435; Delgadillo & Duhne, 2020). Therefore,
the sample size of N = 1,379 patients can be con-
sidered large compared to other studies (e.g., Dei-
senhofer et al. (2018) investigated 317 patients,
Cohen et al. (2020) 167 patients, Huibers et al.
(2015) 134 patients and Webb et al. (2019) investi-
gated 216 patients). However, as data were divided
into training and holdout samples and predictions
were performed separately for CBT and PDT,
sample sizes for the training data in which the predic-
tive models were generated decreased to n = 654 and
n = 312, respectively. Following simulation-based
recommendations by Luedtke et al. (2019), 300
patients per treatment are necessary to detect mean-
ingful differences between optimal and non-optimal
treatments due to treatment selection. Thus, our
sample sizes seem to be adequate, particularly as
we did not model interaction effects between treat-
ment and pre-treatment characteristics, but pre-
dicted outcome separately for both treatments.
Moreover, the sample sizes allowed us to impute
training and holdout data separately to avoid an arti-
ficial assimilation of both samples. Nevertheless,
statistical power for evaluation in the holdout data
might have been low, as only 281 patients treated
with CBT and 132 patients treated with PDT were
examined. A last critical point is the retrospective
nature of the study. We analyzed data from a com-
pleted project and divided it into training and
holdout data, retrospectively. A prospective study
providing therapists with treatment recommen-
dations before treatment onset would strengthen
the validity of their evaluation. A prospective person-
alized treatment recommendation for a problem-
solving vs. motivation-oriented treatment strategy is
currently investigated in an RCT as part of a compre-
hensive treatment navigation system (Lutz et al.,
2017; Lutz et al., 2019). However, before imple-
menting recommendations in a prospective study,
they need to be evaluated in archival data with a
state-of-the-art approach. The promising results of
this study might serve as the starting point for such

a prospective evaluation of an algorithm-based treat-
ment selection for CBT vs. PDT.

Conclusions

This article adds to the growing body of literature on
treatment selection. The findings suggest that advan-
cing personalization might optimize the effectiveness
of psychotherapy. The developed treatment selection
algorithm was able to allocate each patient to an
optimal treatment. Its evaluation in holdout data
indicated a small to moderate outcome advantage
for patients treated with the recommended alterna-
tive. This advantage was not evident, when all
patients were analyzed, however it appeared for the
50% of patients with the largest predicted difference
between both treatments. Notably, it was only
found for patients for whom CBT was rec-
ommended. Further research should examine
characteristics of patients for whom a treatment selec-
tion can meaningfully improve outcomes and investi-
gate the reasons for the algorithm being successful in
selecting the optimal treatment only when recom-
mending CBT. When there is sufficient evidence of
their success selecting optimal treatments from pro-
spective studies, such computer-based algorithms
could be implemented in routine care to support
scientifically trained therapists’ clinical-decision
making (Lutz et al., 2015a; Lutz et al., 2019; Page
et al., 2019). Beyond informing therapists about indi-
cated treatments, recommending either CBT or
PDT could provide patients with an individual evi-
dence-based suggestion of which treatment orien-
tation might work better for them.

Note
1 Additional variables included variables assessed during treat-
ment (two subscales of the helping alliance questionnaire;
HAQ-II; Luborsky et al. (1996)) or after treatment (two sub-
scales of the SF-12, BDI-II, AKV, SOMS, EDI, and HZI-K),
and all variables with more than 30% missingness.
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Appendix

Table A1. Standardized and unstandardized coefficients of the variables in the propensity score model
that contributed the most to the propensity score.

Coefficient

Standardized Unstandardized

BSI–GSI –0.554 –0.829
Previous inpatient treatment –0.503 –0.503
BSI–phobic anxiety 0.326 0.077
Work functioning 0.294 0.294
Leisure 0.285 0.112
BSI–depression 0.252 0.045
BSI–obsessive-compulsive 0.239 0.045
Partnership –0.230 –0.780

Note. All variables with standardized coefficients≥ .2 are presented. Only continuous variables were
standardized, dichotomous variables were recoded to –0.5 and 0.5. The outcome of the propensity score
model (treatment) was not standardized. Therefore, standardized coefficients refer to the amount of
change in the logit of treatment (with PDT= 0 and CBT= 1), when the predictor variable increases by one
standard deviation (continuous variables) or changes from –0.5 to 0.5 (dichotomous variables). BSI =
Brief Symptom Inventory; GSI =Global Severity Index.
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