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Abstract
Objectives: Machine learning models predicting treatment outcomes for individual patients may yield high clinical utility.
However, few studies tested the utility of easy to acquire and low-cost sociodemographic and clinical data. In previous
work, we reported significant predictions still insufficient for immediate clinical use in a sample with broad diagnostic
spectrum. We here examined whether predictions will improve in a diagnostically more homogeneous yet large and
naturalistic obsessive-compulsive disorder (OCD) sample. Methods: We used sociodemographic and clinical data
routinely acquired during CBT treatment of n= 533 OCD subjects in a specialized outpatient clinic. Results: Remission
was predicted with 65% (p= 0.001) balanced accuracy on unseen data for the best model. Higher OCD symptom severity
predicted non-remission, while higher age of onset of first OCD symptoms and higher socioeconomic status predicted
remission. For dimensional change, prediction achieved r= 0.31 (p= 0.001) between predicted and actual values.
Conclusions: The comparison with our previous work suggests that predictions within a diagnostically homogeneous
sample, here OCD, are not per se superior to a more diverse sample including several diagnostic groups. Using refined
psychological predictors associated with disorder etiology and maintenance or adding further data modalities as
neuroimaging or ecological momentary assessments are promising in order to further increase prediction accuracy.

Keywords: single-case prediction; machine learning; random forest; cognitive behavioral therapy; outcome; obsessive-
compulsive disorder

Clinical or methodological significance of this article: This paper presents several approaches to predict cognitive
behavioral therapy outcomes for individual patient in a large and naturalistic sample with obsessive-compulsive disorder. It
demonstrates that remission and dimensional change can be predicted already at baseline with significant above-chance
accuracy for individual patients with routinely acquired data, paving the way for tailoring treatments to patients in the
future. When compared to earlier research, it suggests that restricting the prediction to an individual diagnosis will not per
se improve prediction performance. Finally, it suggests that these predictions can be further optimized by adding a refined
set of psychological predictors such as early gains.

1. Introduction

Despite much progress in the treatment of mental
disorders over the last decades, for the majority of dis-
orders even the best available treatments leave a sig-
nificant amount of patients not sufficiently
improved. Although we can confidently state that

many treatments work (in principle), they clearly do
not work for everyone, with severe consequences for
patients and high cost and resource demands for
societies. As a consequence, considerable effort is
invested in examining which patient and treatment
characteristics are associated with treatment nonre-
sponse in order to subsequently match patients with
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treatments that have a higher probability to work for
this individual person, thus improving outcomes.
Such approaches are commonly referred as personal-
ized medicine (e.g., Ozomaro et al., 2013). Although
previous research has unraveled a number of treat-
ment predictors in group-based studies, it has so far
been difficult to transform this knowledge into
outcome predictions for individual patients. A
major obstacle is that typically a considerable
number of such group-based predictors for either
response or nonresponse are present in one patient,
outweighing and interacting with each other in so
far incomprehensible ways. But there are two
advancements in the field with the potential to over-
come these impediments. Machine learning is able
to integrate large numbers of potential predictors
into one final decision function in a multivariate
fashion. Additionally, ever-growing datasets are avail-
able including increasing numbers of patients with
their unique combination of features. As a result,
machine learning and big data approaches are
increasingly applied in order to achieve reliable
single-patient outcome predictions and pave the
way for personalized medicine in mental health.
Despite the advent of machine learning as a meth-

odological innovation for predicting on the single-
subject level, it still has to be determined which vari-
ables and variable sets make the best predictors for a
given outcome. While sociodemographic and clini-
cal data are already routinely acquired and can be
collected at low cost, biological data such as (func-
tional) magnetic resonance imaging data may yield
higher precision by evaluating underlying substrates
of psychopathology. Previous studies using sociode-
mographic and clinical data to predict treatment
outcomes for cognitive behavior therapy (CBT)
achieved around 59–65% accuracy (Ball et al.,
2014; Hilbert et al., 2020), which is considerably
lower than the 70–92% accuracy in many compar-
able neuroimaging studies (Ball et al., 2014;
Dunlop et al., 2017; Hahn et al., 2015; Månsson
et al., 2015; Reggente et al., 2018). Yet it is
unclear whether these higher prediction accuracies
can be related to a better utility of neuroimaging
data for the task given the very small sample sizes
in most of these studies. Another open question is
how to define the optimal sample in which to apply
a given predictor. In our own previous work in a
large, naturalistic set of patients, we saw that signifi-
cant outcome prediction using sociodemographic
and clinical data was possible, but with accuracy
below real clinical utility (Hilbert et al., 2020).
This matches comparable studies with sociodemo-
graphic and clinical predictors. However, it is
important to note that the sample included diverse
diagnoses.

Here, we examine whether predicting CBT out-
comes using routine sociodemographic and clinical
data can be achieved with clinical utility in a sample
of patients with obsessive-compulsive disorder
(OCD) only. To this end, we examined a new
large, naturalistic and longitudinal dataset from an
outpatient clinic of the Humboldt-Universität zu
Berlin specialized in OCD treatment. This dataset
was not included in our previous analyses. The
finding that many patients do not benefit from treat-
ments that show overall good effects applies fully to
OCD, where CBT produces large effect sizes (Car-
penter et al., 2018) but remission rates are still only
at about 50% (Gava et al., 2007; Ost et al., 2015;
Springer et al., 2018). Mirroring our previous work,
we applied different machine learning approaches to
predict categorical and dimensional treatment out-
comes based on baseline data exclusively. Within-
treatment data may provide additional information
for outcome prediction but was not used here,
because the decision to initiate a specific treatment
has to be made at baseline with the information avail-
able at this point in time. We expected prediction
accuracies to be significantly above chance level and
on a descriptive level, substantially above our pre-
vious work (59% balanced accuracy for categorial
outcome, r = 0.27 for dimensional outcome; Hilbert
et al., 2020).

2. Methods

2.1. Sample

Data came from the specialty OCD outpatient clinic
of the Humboldt-Universität zu Berlin, Germany and
included 533 patients that terminated treatment from
January 2010 to June 2018, and received at least one
therapy session. As a specialized institution, the OCD
outpatient clinic makes use of inclusion and exclu-
sion criteria for the admittance of subjects. Inclusion
criteria were: Primary diagnosis of OCD according to
DSM-IV (APA, 2000), Yale-Brown Obsessive Com-
pulsive Scale (Y-BOCS; Goodman et al., 1989)
severity score of ≥ 16, age between 18 and 70 years,
written informed consent. Diagnosis was determined
by administration of the Structured Clinical Inter-
view for DSM-IV Axis I disorders (SCID-I; First
et al., 1997) through trained clinical psychologists,
65% of all subjects presented at least one comorbid
psychiatric disorder. Exclusion criteria were: promi-
nent suicidal ideation, any lifetime substance depen-
dence, borderline personality disorder and comorbid
psychotic disorders. Analysis of routinely collected
data met the ethical standards of the revised Declara-
tion of Helsinki. All participants provided written
informed consent that the data being collected

Psychotherapy Research 53



during their therapies will be used for research and
might be published.
Patients received CBT with a focus on exposure

with response prevention (e.g., Foa et al., 2012)
which was provided by experienced cognitive-behav-
ioral therapists. Treatment was delivered by 28
licensed psychotherapists who had received not less
than three years of training in CBT. In accordance
with the general conditions for psychotherapy in the
German public health system a maximum of 80 ses-
sions per regular therapy were conducted which was
exceeded in 14 cases (min: 2 sessions; max: 108 ses-
sions; median: 45 sessions (equivalent to 37.5 h);
IQR: 25 sessions), and therapists received weekly
supervision. Treatment was terminated as a consen-
sual decision of patient and therapist based on clinical
criteria (e.g., Y-BOCS < 12, significant decrease of
psychological distress).
Study visits took place at T0 (patients enrolled for

treatment), where inclusion/exclusion criteria were
evaluated to prove eligibility, using the SCID-I and
SCID-II (First et al., 1997; First et al., 1997). To
assess the severity and determine overall effective-
ness, selected self-report questionnaires and external
interviews (see below) were applied at T0, every 20
session and at termination of treatment. Due to the
naturalistic structure, Last-Observation-Carried-
Forward (LOCF) method has been used as a conser-
vative estimate of outcome to avoid missing data.

2.2. Description and Preparation of Data

The overall dataset consisted of n= 533 patients and
initially k = 1192 variables. Extensive quality control
and a reduction of the dataset for our analytic
purpose were conducted which were largely compar-
able to our previous study (Hilbert et al., 2020). In
short, variables unsuitable for prediction and vari-
ables which were missing for > 25% of the sample
were excluded, as were, in turn, subjects for which
more than 25% of the remaining variables were
missing. Categorical data were recoded in one
binary dummy-variable per original category.
Comorbid diagnoses were coded in disorder cat-
egories for the absence of diagnosis and presence of
diagnosis, with disorder categories oriented at the
DSM-5 (APA, 2013) classification and thus encom-
passing substance use, schizophrenia-spectrum and
psychotic, bipolar, unipolar-depressive, anxiety,
obsessive-compulsive, trauma-related, somatic-
symptom, eating, impulse-control, personality and
other disorders. This was only done for comorbid
diagnoses as all subjects had a primary OCD as
inclusion criterion. The final number of variables
used in the analyses was k = 504.

Outcome was defined categorically and dimen-
sionally. Remission was used as categorical
outcome and was indicated by a Y-BOCS severity
score of ≤12 at the end of treatment (Mataix-Cols
et al., 2016). The Y-BOCS severity score is a reliable
and validated measure of OCD symptoms. It consists
of two parts: (a) a symptom checklist (the Yale-
Symptom-Checklist; YSC) to determine the types
of obsessions and compulsions (b) a clinician-admi-
nistered interview to assess the severity of the
present symptoms using a 10-item scale. This scale
comprises the severity score of obsessions (range:
0–20) and compulsion (range: 0–20), as well as a
total score (range: 0–40; Goodman et al., 1989;
Goodman et al., 1989). A recent meta-analysis
shows good mean intraclass correlation (r = 0.92)
and test–retest reliability (r= 0.85; Lopez-Pina
et al., 2015). Furthermore, the Y-BOCS has demon-
strated good convergent validity (mean r= 0.51) but
somewhat poor discriminant validity, e.g., with
measures of depression (mean r= 0.64) (Goodman
et al., 1989). A therapist rating of the therapeutic effi-
cacy (AMDP & CIPS, 1990) based on the CGI-I was
used as dimensional change outcome. The resulting
datasets for remission and dimensional change
included k = 500 variables and n = 465 and n = 424
subjects, respectively, as the number of missing
values differed for both outcomes.
Example variables for prediction are age, sex and

employment status, diagnostic categories of comor-
bid disorders, the Obsessive Compulsive Inventory
(OCI-R; Foa et al., 2002), Brief Symptom Inventory
(BSI; Derogatis, 1993), Montgomery–Åsberg
Depression Rating Scale (MADRS; Montgomery &
Asberg, 1979), Beck Depression Inventory-II (BDI-
II; Beck et al., 1996) and the global assessment of
functioning (GAF; APA, 1994). All instruments are
reliable, validated and frequently used measures of
disabling consequences and/or major comorbid con-
ditions of OCD (see supplement 1 for the complete
list of variables).

2.3. Single-Case Prediction via Machine
Learning

Papers providing an introduction and overview to
machine learning methods specifically for psycholo-
gists are available (Dwyer et al., 2018; Hilbert &
Lueken, 2020). Machine learning was done using
scikit-learn 0.22.1. (http://scikit-learn.org/stable/) in
Python. Datasets for both outcome types were split
in training (2/3 sample) and test set (1/3) of sample.
Approaches using various algorithms and optimiz-
ation strategies were trained on the train set and com-
pared regarding their prediction performance on the
test set. Within the training set, hyperparameters
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were tuned in an “inner” cross-validation framework
with 5 folds and 100 iterations. These approaches
with their rationales were: (i) random forests for
robustness and interpretability, (ii) support vectors
for comparability to earlier works, and (iii) ensembles
for integrating individually weak predictors (see sup-
plement 2 for more details). Based on a reviewer’s
request, we added simple models built on linear
and logistic regressions for comparison. Importantly,
some approaches used a reduced n as subjects were
for instance excluded due to missing data or under-
sampling in order to achieve balanced group sizes.
Models were compared on balanced accuracy, sensi-
tivity, specificity, log-loss and area under the curve
(AUC) for remission and on correlation between
real and predicted values, root mean squared error
(RMSE), and mean absolute error (MAE) for dimen-
sional change. In order to get stable estimates for
these metrics that are not dependent on the specific
train-test-split, we conducted each model across
100 iterations with random splits and report mean
values and standard deviations for all metrics. After
comparing all approaches according to their perform-
ance on the test set, the best performers for categori-
cal and dimensional outcomes were evaluated using a
permutation test with 5.000 iterations of randomly
shuffled labels. The p-value was calculated as
∑((accuracyvalidation < accuracypermutation) + 1)/
(npermutations + 1). Additionally, we compared the
prediction performance of the best models for categ-
orical and dimensional outcomes with the corre-
sponding simple models built on linear and logistic
regressions with severity as predictor. We used the
corrected resampled t-test (Bouckaert & Frank,
2004; Nadeau & Bengio, 2003) for significance
testing.

3. Results

Table I gives an overview on the sociodemographic,
clinical and outcome data in both analysis samples.
The sample showed a wide age range, a balanced
sex distribution and was moderately skewed
towards higher education regarding sociodemo-
graphic status. More than two-thirds of the sample
presented more than one diagnosis. About half of
the sample showed remission of the OCD diagnosis
after treatment with more than two-thirds of the
sample showing moderate to extensive improvement
according to the dimensional change score.

3.1. Remission

The different approaches for predicting remission
varied to some extent in their performance and

ranged between 52 and 65% balanced accuracy, a
log-loss between 0.62 and 1.41 and an AUC
between 0.60 and 0.72 (see Table II for all metrics
and supplement 3 for additional ROC curves and
calibration plots per model). Despite variation being
present, there was a group of approaches producing
very similar outcomes. All of these approaches out-
performed the simple logistic regression models in
balanced accuracy, log-loss and AUC. The margin-
ally best approach used a Random Forest classifier
on the balanced dataset with all preprocessing steps
including recursive feature elimination with a
balanced accuracy of 65% (comparison to chance
level: mean p = 0.001; comparison to logistic
regression: t(457) = 1.80, p= 0.036, one-tailed).
The 10 features surviving recursive feature reduction
varied across the individual iterations, but single YSC
and OCI-R items, socioeconomic status, age, age of
onset of first OCD symptoms and of OCD diagnosis
and OCI-R, Y-BOCS, MADRS and BSI overall and
subscale sum scores were commonly found (see
Table III for ranking of all features included in at
least 95 of 100 iterations). The slope of feature
reduction weights was comparably shallow, i.e., all
remaining features contributed considerably.

3.2. Dimensional Change

The different approaches for predicting dimensional
change varied considerably in the correlations of
predicted and true values (r = 0.06 to r = 0.31; see
Table I for all metrics). Again, there was a group of
approaches producing very similar outcomes at the
top, which outperformed the simple linear regression
models in correlations, RMSE and MAE. The mar-
ginally best approaches used a Random Forest
regressor to achieve a correlation of r = 0.31 (com-
parison to chance level: mean p = 0.001; comparison
to linear regression: t(423) = 1.42, p = 0.078, one-
tailed), variance-based feature reduction was
optional. The most important features across the
100 iterations largely overlapped with the ones for
remission (see Table IV for ranking). The slope of
feature reduction weights was very shallow.

4. Discussion

Despite their common availability and low-cost
nature, few studies applied machine learning
approaches to clinical and sociodemographic data
in order to predict mental health treatment outcomes
for individual patients. Extending previous work
(Hilbert et al., 2020), we here predicted CBT
outcome in a naturalistic and longitudinal sample of
patients with only OCD as primary diagnosis. In
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line with our hypotheses, we found that both remis-
sion and dimensional change outcomes were pre-
dicted with accuracy substantially beyond chance
level. The best model for remission additionally
achieved significantly higher accuracy than a
simpler model using logistic regression while for
dimensional change, only a nonsignificant trend
was found for the comparison of the best model to
a simpler linear regression. On a descriptive level,

the prediction performance in this sample was com-
parable to earlier findings in the literature and in
our own work with a diagnostically more diverse
dataset (Hilbert et al., 2020; dimensional change: r
= 0.31 here, r= 0.27 in the previous paper).
The main result of this study provides further evi-

dence that the prediction of treatment outcomes for
mental disorders using routine data alone is possible
with accuracy substantially beyond chance level. It is

Table I. Sample characteristics pre-treatment. The dimensional change analysis sample is smaller than the remission analysis sample as there
were subjects for which the binary outcome was available but the therapeutic efficacy score was missing. Means (SD) except where noted.

Remission analysis sample (n= 465)

Dimensional
change analysis
sample (n= 424)

Remission
(n= 229)

Non-remission
(n= 236) chi2/t p

Sociodemographic characteristics
Female sex (n, %) 120 (52.4) 140 (59.3) 2.258 0.133 239 (56.4)
Age (years) 31.9 (9.9) 33.7 (10.5) 1.908 0.057 32.8 (10.3)
# children 0.3 (0.7) 0.5 (0.8) 1.791 0.074 0.4 (0.7)
Socioeconomic status 10.0 (3.7) 8.9 (3.9) 3.145 0.002 9.5 (3.8)
Educational status
lowest secondary school (n, %) 10 (4.4) 25 (10.6) 6.610 0.010 34 (8.0)
intermediate secondary school (n, %) 67 (29.3) 88 (37.3) 3.628 0.057 142 (33.5)
highest secondary school (n, %) 149 (65.1) 116 (49.2) 11.424 0.001 239 (56.4)
without school graduation (n, %) 2 (0.9) 5 (1.7) 0.632 0.427 5 (1.2)

Marital status
unmarried (n, %) 154 (67.2) 151 (64.0) 0.461 0.497 282 (66.5)
married or in relationship (n, %) 69 (30.1) 71 (30.1) 0.000 0.985 123 (29.0)
separated or divorced (n, %) 5 (2.2) 12 (5.1) 2.807 0.094 16 (3.8)
widowed (n, %) 1 (0.4) 1 (0.4) 0.000 0.985 2 (0.5)

Employment status
unemployed (n, %) 34 (14.8) 67 (28.4) 13.078 <0.001 92 (21.7)
full time (n, %) 96 (41.9) 70 (29.7) 7.079 0.008 152 (35.8)
part time or occasionally (n, %) 43 (18.8) 47 (19.9) 0.143 0.705 80 (18.9)
in education (n, %) 47 (20.5) 38 (16.1) 1.367 0.242 77 (18.2)
pension (n, %) 3 (1.3) 2 (0.8) 0.220 0.639 5 (1.2)
other (n, %) 6 (2.6) 9 (3.8) 0.568 0.451 15 (3.5)

Clinical characteristics
Primary diagnosis obsessive-compulsive disorder (n, %) 229 (100.0) 236 (100.0) – – 424 (100.0)
CGI-Sa 5.5 (0.8) 5.8 (0.8) 3.987 <0.001 5.6 (0.8)
GAF 57.3 (10.1) 53.9 (10.0) 3.515 <0.001 55.6 (10.3)
Total # of diagnostic categories 2.0 (1.0) 2.1 (1.0) 1.609 0.108 2.1 (1.0)
BDI-II 17.1 (10.7) 19.9 (10.6) 2.823 0.005 18.4 (10.7)
BSI 48.4 (31.0) 55.1 (29.9) 2.403 0.017 51.8 (30.8)
MADRS 12.1 (9.1) 13.5 (8.9) 1.646 0.100 12.9 (9.1)
Y-BOCS 21.3 (5.3) 24.5 (5.3) 6.417 <0.001 22.8 (5.6)
OCI-R 25.0 (11.3) 29.8 (12.4) 4.333 <0.001 27.4 (12.0)
WST 31.5 (4.3) 30.8 (4.9) 1.652 0.099 31.1 (4.6)
Outcomes
# remitted (n, %) 229 (100.0) 236 (100.0)
Therapeutic efficacy (CGI-I)b 2.90 (0.9)

Note: Percent readings are given for the total of valid data, i.e., exclude missing data points. All variables except those given under outcomes
are baseline values. CGI: Clinical Global Impressions Scale; GAF: Global Assessment of Functioning; BDI-II: Beck Depression Inventory-II;
BSI: Brief Symptom Inventory;MADRS:Montgomery AsbergDepression Rating Scale; Y-BOCS: Yale-BrownObsessive Compulsive Scale;
OCI-R: Obsessive Compulsive Inventory; WST: Wortschatztest [German vocabulary test].
aCGI severity ratings, range 2–8, higher scores indicate worse symptoms.
bCGI improvement (therapist rating of the therapeutic efficacy), range 2–5, lower scores indicate more improvement.
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Table II. Performance metrics for predictions on binary and dimensional outcomes.

n
train

n
test

ACCBal

M
ACCBal

SD SensM
Sens
SD Spec M Spec SD

Log-loss
M

Log-loss
SD

AUC
M

AUC
SD

Classification on Remission
unbalanced, Logistic Regression, imputation,
scaling, baseline severity only

311 154 0.63 0.03 0.63 0.05 0.62 0.06 0.66 0.02 0.67 0.03

unbalanced, Logistic Regression, imputation, scaling 311 154 0.58 0.03 0.58 0.06 0.58 0.05 1.41 0.67 0.62 0.04
unbalanced, RF 98–

120
41–
63

0.62 0.06 0.45 0.12 0.80 0.10 0.64 0.03 0.70 0.06

unbalanced, RF, imputation 311 154 0.65 0.03 0.62 0.07 0.68 0.06 0.63 0.01 0.71 0.03
unbalanced, RF, imputation, FR variance 311 154 0.65 0.03 0.62 0.07 0.69 0.06 0.63 0.01 0.72 0.03
unbalanced, RF, imputation, FR recursive 311 154 0.65 0.03 0.62 0.06 0.68 0.06 0.63 0.02 0.71 0.03
unbalanced, RF, imputation, FR elastic-net 311 154 0.65 0.04 0.61 0.07 0.68 0.06 0.64 0.02 0.70 0.03
unbalanced, SVM, imputation, scaling 311 154 0.61 0.04 0.53 0.13 0.69 0.13 0.66 0.02 0.66 0.05
unbalanced, SVM, imputation, scaling, FR recursive 311 154 0.57 0.04 0.57 0.07 0.58 0.08 1.23 0.83 0.60 0.05
balanced, Logistic Regression, imputation, scaling,
baseline severity only

306 152 0.64 0.03 0.61 0.07 0.67 0.09 0.66 0.02 0.67 0.04

balanced, Logistic Regression, imputation, scaling 306 152 0.58 0.04 0.59 0.06 0.58 0.04 1.35 0.64 0.62 0.04
balanced, RF 91–

119
39–
65

0.63 0.06 0.47 0.12 0.80 0.10 0.64 0.02 0.70 0.06

balanced, RF, imputation 306 152 0.65 0.03 0.64 0.06 0.66 0.05 0.63 0.01 0.72 0.03
balanced, RF, imputation, FR variance 306 152 0.65 0.03 0.64 0.06 0.66 0.05 0.63 0.01 0.72 0.03
balanced, RF, imputation, FR recursive 306 152 0.65 0.03 0.64 0.06 0.67 0.05 0.62 0.02 0.72 0.03
balanced, RF, imputation, FR elastic-net 306 152 0.65 0.03 0.64 0.06 0.65 0.06 0.64 0.02 0.70 0.04
balanced, SVM, imputation, scaling 306 152 0.58 0.04 0.59 0.09 0.56 0.08 1.12 0.74 0.66 0.05
balanced, SVM, imputation, scaling, FR recursive 306 152 0.58 0.04 0.59 0.09 0.56 0.08 1.12 0.74 0.61 0.05
balanced, Ensemble +RF, imputation, scaling, FR
recursive

306 152 0.60 0.04 0.59 0.10 0.60 0.11 0.82 0.18 0.61 0.05

balanced, Ensemble + voting, imputation, scaling,
FR recursive

306 152 0.64 0.04 0.64 0.06 0.63 0.06 1.09 0.05 0.69 0.04

Regression on dimensional change n train n test Correlation
M

Correlation
SD

RMSE M RMSE SD MAE
M

MAE
SD

Linear Regression, imputation, scaling, baseline severity only 284 140 0.23 0.08 0.99 0.06 0.78 0.05
Linear Regression, imputation, scaling 284 140 0.06 0.08 1.73 0.09 1.37 0.07
RF 85–

105
37–57 0.28 0.09 0.99 0.06 0.81 0.05

RF, imputation 284 140 0.31 0.06 0.90 0.04 0.72 0.03
RF, imputation, FR variance 284 140 0.31 0.06 0.90 0.04 0.72 0.03
RF, imputation, FR recursive 284 140 0.30 0.06 0.91 0.04 0.72 0.03
RF, imputation, FR elastic-net 284 140 0.29 0.06 0.91 0.04 0.72 0.03
SVR, imputation, scaling 284 140 0.27 0.07 0.98 0.06 0.78 0.05
SVR, imputation, scaling, FR recursive 284 140 0.07 0.10 1.03 0.07 0.81 0.06

Note:Models with the best performance for remission and dimensional change printed in bold. Balanced accuracy, sensitivity and specificity metrics as fractions between 0 (prediction never correct)
and 1 (prediction always correct). ACCBal: Balanced accuracy; Sens: Sensitivity; Spec: Specificity; AUC: area under the curve; RMSE: root mean squared error; MAE: mean absolute error; RF:
random forest; SVM: support vector machine; SVR: support vector regression; FR: feature reduction.
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important to note, that this result is a particularly
robust and unbiased estimate of the true prediction
accuracy achievable with this data given the large,
naturalistic and longitudinal sample and given our

validation strategy with 100 iterations of non-overlap-
ping train and test splits which is particularly well
suited to guard against overfitting and bias. The pre-
diction performance in this investigation is also in line

Table III. The ranking and weights of all features surviving recursive feature reduction in at least 95 of 100 iterations for the classifier with the
highest accuracy for remission.

# Rank Feature Feature weight Directiona # inclusions in model

1 Y-BOCS Sumscore including nine additional itemsb 4.14025 − 100
2 OCI-R Sumscore subscale washing 3.44906 − 100
3 BSI Sumscore 1.93174 − 100
4 YSC Item # 37c 3.26542 − 99
5 Y-BOCS Sumscore 2.50295 − 99
6 Age 1.99605 − 99
7 OCI-R Sumscore 1.67283 − 99
8 WST Sumscore 1.49759 + 99
9 SES: overall 1.60776 + 98
10 OCI-R Sumscore subscale obsessive thoughts 1.60154 + 98
11 BSI Meanscore 1.59599 − 98
12 BDI-II sumscore 1.52728 − 98
13 BSI number of items rated > 1 1.50490 − 98
14 Age of onset OCD diagnosis 1.42964 − 98
15 OCI-R Sumscore subscale ordering 1.61500 − 97
16 Age of onset first OCD symptoms 1.39266 − 97
17 MADRS sumscore 1.33510 − 97
18 OCI-R Sumscore subscale neutralizing 2.15763 − 96
19 Y-BOCS Sumscore subscale compulsions 1.91038 − 96
20 GAF 1.24020 + 95

Note: Only baseline feature were used. Ordering according to the number of inclusions in the model, then weight. The sum of all feature
weights is one per iteration, i.e., 100 over all iterations. Weights and directions based on performance in the complete set. BDI-II: Beck
Depression Inventory-II; BSI: Brief Symptom Inventory; GAF: Global Assessment of Functioning; MADRS: Montgomery Asberg
Depression Rating Scale; OCI-R: Obsessive Compulsive Inventory; Y-BOCS: Yale-Brown Obsessive Compulsive Scale; YSC: Yale-
Symptom-Checklist; SES: Socioeconomic status WST: Wortschatztest [German vocabulary test].
aPlus indicated higher values for remission and lower values for non-remission. Vice versa for minus.
bThis refers to Y-BOCS items 11–19 (starting from insight) that go beyond severity of obsessions and compulsions.
cExcessive or ritualized showering, bathing, toothbrushing or personal hygiene.

Table IV. The ranking and weights of the 10 most important features surviving variance-based feature reduction for the classifier with the
highest accuracy for dimensional change.

# Rank Feature Feature weight Directiona # inclusions in model

1 Y-BOCS Sumscore including nine additional itemsb 1.60305 − 100
2 YSC Item # 37c 1.26199 − 100
3 Y-BOCS Sumscore 1.24457 − 100
4 GAF 1.18261 + 100
5 SES: overall 1.13231 + 100
6 OCI-R Sumscore 1.05053 − 100
7 OCI-R Sumscore subscale washing 0.97142 − 100
8 Y-BOCS Sumscore subscale compulsions 0.90962 − 100
9 OCI-R Sumscore subscale ordering 0.89512 − 100
10 YSC Item # 2d 0.85325 + 100

Note: Only baseline feature were used. Ordering according to the number of inclusions in the model, then weight. The sum of all feature
weights is one per iteration, i.e., 100 over all iterations. Weights and directions based on performance in the complete set. GAF: Global
Assessment of Functioning; OCI-R: Obsessive Compulsive Inventory; Y-BOCS: Yale-Brown Obsessive Compulsive Scale; YSC: Yale-
Symptom-Checklist; SES: Socioeconomic status.
aPlus indicated higher values with increasing dimensional change. Vice versa for minus.
bThis refers to Y-BOCS items 11–19 (starting from insight) that go beyond severity of obsessions and compulsions.
cExcessive or ritualized showering, bathing, toothbrushing or personal hygiene
dFear to harm others.
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with the available other machine learning studies pre-
dicting treatment outcome using sociodemographic
and clinical data: for antidepressant medication, pre-
diction accuracies of 65% and 66% (Chekroud et al.,
2016; Iniesta et al., 2016) have been reported, while
for a naturalistic OCD sample treated with CBT
and medication, a somewhat higher accuracy of
75% has been found (Askland et al., 2015). It
should be noted that the latter paper also included
data collected after baseline such as treatment vari-
ables or personality scores, while our investigation
was restricted to predictors being available at base-
line. A second prediction paper in OCD reported
accuracies between 75 and 83% for different
approaches (Lenhard et al., 2018), however, com-
parisons are more difficult here as this study was in
pediatric OCD and had a small sample size. Never-
theless, for real clinical value considerably larger pre-
diction accuracies are needed. The available
literature including this study raises doubts whether
this goal can be achieved using routinely collected
data alone. Two avenues are particularly promising.
First, refined psychological data with variables
related to the given psychopathology according to
the latest theoretical models may substantially
elevate predictions. Candidates are factors related
to disorder etiology and maintenance, but potentially
also early treatment variables such as early gains. For
OCD, certain symptom dimensions (Mataix-Cols
et al., 2002) as well as compliance and homework
related adherence (Simpson et al., 2011; Simpson
et al., 2012) may be particularly interesting variables.
Second, other data modalities such as neuroimaging
or ecological momentary assessments can be added
to increase prediction performance. To date, we are
unaware of any prediction studies for OCD using
ecological momentary assessment data for outcome
prediction. For neuroimaging, two studies in OCD
samples achieved 70% accuracy using resting-state
connectivity data (Reggente et al., 2018) and 67%
accuracy using cortical thickness in the orbitofrontal
cortex (Hoexter et al., 2015), thus only achieving
moderately better prediction performances. Predic-
tion studies based on neuroimaging data for other
diagnoses partly reported considerably superior out-
comes (70–92% across different disorders; Ball
et al., 2014; Dunlop et al., 2017; Reggente et al.,
2018; Hahn et al., 2015; Månsson et al., 2015;
Hoexter et al., 2015). However, neuroimaging pre-
diction studies typically used considerably smaller
to very small sample sizes, with n = 42 and n = 41 sub-
jects in total in the OCD studies (Hoexter et al.,
2015; Reggente et al., 2018). Prediction accuracies
have been found to substantially decrease in larger
sample sizes, potentially due to overfitting and bias
(Varoquaux, 2018). Additionally, small samples

were often highly selective (Schnack & Kahn,
2016). In comparison, the data presented in our
study comes from a considerably larger, naturalistic
dataset leading to a potentially more accurate esti-
mate of current predictor performance under real-
world conditions. For future studies to determine
whether different data modalities provide superior
or additive value for prediction, datasets of compar-
able sample sizes are needed. This prerequisite par-
ticularly requires larger samples for unbiased
accuracy estimation for the neuroimaging studies.
The prediction performance in this sample can also

be compared with our previous dataset (Hilbert et al.,
2020) including a more diverse range of primary
diagnoses on a descriptive level. Contrary to expec-
tation, it is an important finding that outcome predic-
tions on OCD only in the present dataset were only
moderately superior for remission and dimensional
change. This indicates that building predictors for
restricted samples with only one or few diagnoses
may not per se increase prediction performance con-
siderably compared to predictors for more diverse
sets of diagnoses. On the upside, this may also
mean that predictors that generalize over many diag-
noses have not to be necessarily inferior in terms of
accuracy. If replicated, this may encourage future
studies to develop predictors over rather broad diag-
nostic categories. However, as one anonymous
reviewer rightly noted, individual diagnoses may
exhibit different levels of heterogeneity and thus
there may be primary diagnoses other than OCD
where the benefit of very specific predictors is
higher. Moreover, there may be additional sources
of sample heterogeneity such as age, socio-cultural
background or the range of therapeutic interventions
that may have an effect on prediction performance
and may be fruitful targets for examination in future
studies.
When examining the variables implicated in the

best performing prediction model, we found the
most relevant predictors to be largely overlapping
with what would be expected from previous group-
based predictions of therapy outcomes, including
symptom severity, socioeconomic status and age of
onset (Knopp et al., 2013). Y-BOCS variables were
also highly important in the single-subject outcome
prediction by Askland et al. (2015). Similarly to the
Askland et al. (2015) study and our previous work,
we found again that differences in feature weights
were relatively small. Thus, in the more complex
models, no single feature was of ultimate importance
but rather there were many features that each contrib-
uted to a moderate extend to prediction. At least for
remission, the inclusion of these additional features
leads to significantly more accurate predictions that
a very simple model based on severity alone. For a
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dimensional change, the increase was less pro-
nounced and not statistically significant. Overall,
this suggests that symptom severity alone can be
used to construct very simple models with consider-
able power, but it is not sufficient to construct clinical
useful models and additional information must be
added to move closer to this point. Notably, the sig-
nificant increase in remission prediction accuracy
for the more complex model was still small in absol-
ute terms, again emphasizing the need for superior
predictor data such as refined psychological, EMA,
or neuroscience data. Compared to our previous
work, the present study also differed with respect to
the categorical outcome measure used as index for
remission. While our previous study used remission
based on clinical observation, the availability of an
expert consensus measure for remission in OCD
(Mataix-Cols et al., 2016) allowed us to use a more
standardized outcome based on the Y-BOCS here.
Reliability of outcomes (and features) so far has
often been overlooked as an important factor influen-
cing performance in treatment outcome predictions.
Decreasing reliability will likely also decrease predic-
tion performance considerably. According to meta-
analysis, reliability of the Y-BOCS is generally good
although particularly for clinical samples below the
benchmark of the most strict reliability criteria for
clinical use (Lopez-Pina et al., 2015). The Y-BOCS
is also sensitive to change (Emmelkamp et al.,
1995). Employing a very reliable outcome measure
such as the Y-BOCS may therefore be one further
factor in achieving moderately superior categorical
prediction compared to our previous study.
There are a number of limitations to this study.

First, the test set came from the same overall
sample as the training set and therefore is still
limited in its ability to test the generalizability of the
final approaches. For the best potential test of gener-
alizability, data from different settings such as other
OCD treatment institutions would be needed (e.g.,
from KODAP; Velten et al., 2017). Second, as in
our previous study, a range of questionnaires had to
be dropped due to more than 25% missings in the
sample. As before, these were mostly questionnaires
for very specific parts of the sample (i.e., on rare
comorbidities or very specialized psychological con-
structs). Due to their specificity, finding an adequate
way to integrate such data in future models may con-
siderably elevate prediction performance.
Treatment nonresponse is common for many dis-

orders and treatments, including CBT for OCD
(Springer et al., 2018). The ability to predict who is
particularly at risk for nonresponse is an important
step in the aim of personalized treatments yielding
high potential for better overall outcomes, lowered
burden and reduced societal cost. Here, we presented

data from a large naturalistic dataset of OCD patients
and used routinely acquired and low-cost infor-
mation to predict CBT outcome. We found predic-
tions substantially exceeding chance level for all
outcomes. For remission, prediction also achieved
significantly higher accuracy than a model based on
severity alone. The comparison with an own previous
study on a sample with diverse primary diagnoses
suggests that prediction performances do not necess-
arily increase in more specialized samples. Potential
avenues to increase prediction performances for real
clinical value include adding more data modalities
and adding further features mapping theoretically
meaningful constructs.
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