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1 Chapter 1

Introduction
Mental health disorders continue to affect increasingly more people in the
current times, causing tremendous costs to well-being and quality of life of pa-
tients around the globe126. The field of psychiatry and clinical psychology es-
tablished rules on how to diagnose mental disorders and administer treatments
according to formalized guidelines. However, these approaches are not without
their problems. Diagnoses are established according to symptom-based guide-
lines established in the Diagnostic and Statistical Manual of Mental Disorders
(DSM-513) that lack ‘objective’ pathological markers which could be used to
establish a diagnosis without uncertainty. Such symptom-based diagnoses con-
sequently lead to problems where the same patient might be diagnosed with
a different psychiatric disorder depending on the clinician performing the di-
agnostic interview248. Treatments are selected according to a stepped-care
procedure where patients are propagated through different pharmacological
and psychotherapeutic treatments selected based on their potential success in
helping patients, the costs of the treatment, and the possible side-effects for
the patienta. However, whether a particular treatment is able to help an indi-
vidual patient is unknown beforehand. Correspondingly, a large randomized
evaluation of stepped-care procedures in the treatment of patients with major
depression disorder showed low remission rates after every selected treatment
step and overall after the whole procedure257. Likewise, for posttraumatic
stress disorder (PTSD), while several guidelines have been released on treat-
ment efficacy38, individual patients drop out or do not benefit from a particular
treatment188 and little is known about factors associated with optimal out-
come29. Similar observations can be made for treatments in other psychiatric
disorders as well where response rates vary heavily and not all patients can be
helped148,323. Such a failure to determine the optimal treatment also implies
that many patients will have to go through many different treatments until
finding one which may be beneficial to them. In addition, the delay of finding
the optimal treatment may lead to increased probability of the disorder to
become chronic152. To solve these problems, psychiatry has to evolve by uti-
lizing approaches from the field of precision medicine, leading to the creation
of a new discipline of precision psychiatry304.

ahttps://www.ggzstandaarden.nl
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What is precision psychiatry? Precision psychiatry is the attempt to put the
individual patient into the focus of any clinical decision. This could be done
by determining the (sub-)group of patients the individual patient might be
most similar to (‘stratification’) and adjusting the applied treatment to one
working best for this group or by determining the treatment best suited just
to this individual patient given all potential treatments available. How could
this be done in practice? By collecting high-quality and objective data from
many different domains for each new patient entering the clinic109,155,156. This
patient’s data could then be used to make diagnostic, prognostic, or predictive
decisions regarding the most likely clinical diagnosis, potential future risk to
develop a psychiatric disorder, or best available treatment for this individual
patient. This would stand in stark contrast to the current practice of the
(more) ‘subjective’ discipline of psychiatry where the majority of decisions are
based on clinical assessments only.
Making psychiatry more data-driven and individual centric could lead to stark
improvements in patient’s well-being and cut costs at the same time. At-risk
patients could be identified earlier and more cost-effective protective measures
could be utilized immediately instead of waiting for the full development of the
psychiatric disorder. Patients would be able to receive the treatment which
would have the highest likelihood to help them earlier and therefore heavily
reduce the number of therapies and drugs received. Practically, this could
be implemented as choosing the right drug or the right type of therapy for a
patient instead of following a stepped-care procedure. For severe invasive treat-
ments such as deep brain stimulation or electroconvulsive therapy, it would
allow to only select patients which would truly benefit from them and therefore
prevent other patients from undergoing procedures which might have severe
side-effects.
So, how can the field of psychiatry and clinical psychology move into this direc-
tion? One way to try to get closer to the promises of precision psychiatry is by
identifying biological markers (biomarkers). A biomarker is ‘a characteristic
that is objectively measured and evaluated as an indicator of normal biological
processes, pathogenic processes, or pharmacologic responses to a therapeutic
intervention’ (p. 91)132. The most common type of biomarker could be used
for diagnostic purposes. However, diagnosis is a particularly difficult area for
establishing biomarkers for mental disorders. The diagnostic categories estab-
lished in the DSM are artificially created by a consortium agreement based on
phenotypes observed in clinical practice144. These categories do not necessar-
ily align with any biological measures which could be used as a ‘fingerprint’ of a
particular disorder. In addition, given the high amount of potential diagnoses
established in the DSM-5, a biomarker of sufficient quality would be difficult
to establish and to validate115. Finally, as already emphasized, even trained
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psychiatrists have trouble to agree on a diagnosis for a particular patient as
was shown by the low inter-rater reliability of psychiatrist when performing
diagnoses in the DSM-5 field trials248. Taken together, identifying biomarkers
that can be used for diagnoses in mental disorders is difficult.
However, even if it would be possible to reliably establish a diagnosis, the
knowledge of the diagnosis would not necessarily improve the eventual out-
come of a treatment or the selection of the most helpful treatment. This could
only be achieved by focusing on identifying predictive or prognostic biomark-
ers focused on future outcomes in psychiatric disorders such as prognosis or
treatment response. To be able to successfully predict such outcomes would
not necessarily require an absolute correct baseline diagnosis, but rather a
diagnostic procedure which will remain stable for future patients. Such an
approach is the focus of this thesis.
How can one try to predict the future? Traditionally, prediction in this con-
text referred to investigating an association between data from one time point
(e.g. baseline) in a group of participants to a different variable at a future time
point (follow-up) within the same group of participants123. An example would
be to use pre-treatment magnetic resonance imaging (MRI) data in a group
of patients to find an association to a post-treatment clinical score indicating
treatment-response. A more recent approach relating to prediction includes
an important change to the previous definition: instead of trying to identify
an association between baseline and follow-up within the same sample of par-
ticipants, the association is validated in an additional set of participants to
obtain a more generalizable model123. Thus, this difference refers to within-
or out-of-sample model validation.
However, the distinction does not stop there. An additional difference relates
to the method of data analysis employed. In traditional neuroimaging analyses
the mass-univariate approach using a general linear model (GLM) is employed.
In this approach, for each voxel of a baseline MRI recording (e.g. grey-/white-
matter segmentations of MRI scans) a single GLM would be fit, based on a
design matrix which encodes the properties of interest about the patient sam-
ple, e.g., who was eventually observed to be a treatment responder or not.
After fitting the GLM, a p-value is derived for each voxel based on parametric
(random-field theory) or non-parametric (permutation) procedures. The cor-
responding p-values have to be corrected for multiple comparisons since the
test is performed for each voxel individually. The result of such an analysis
are voxels which are passing a predefined threshold (commonly 0.05) defining
a ‘significant’ finding. Such an approach is focused on inference59 or attribu-
tion102 as it is focused on finding the concrete brain-location involved in the
association which should be present in the general population.
While the traditional approach is the predominant way to analyze MRI data
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(and other forms of clinical data) in the literature, it did not lead to the
discovery of any particular biomarker with sufficiently good predictive prop-
erties allowing translation to clinical practice101. This is due to the following
shortcomings:

• Such an approach only runs statistical tests for one voxel at a time.

• It can only uncover relationships which hold on average on the group-
level.

• It only focuses on discovering linear relationships.

• Validations of the discovered pattern is achieved through null hypothesis
statistical testing within the same data sample

To provide solutions to these problems the current state-of-the-art analysis
approach needs to transition from mass-univariate in-sample inference to mul-
tivariate machine learning based out-of-sample generalization.
Why would the adaption of a machine learning approach solve the above men-
tioned disadvantages? First, because of its inherently multivariate nature ma-
chine learning models – which can include standard statistical models like lo-
gistic/linear regression – are not focused on investigating one voxel at a time,
which can lead to a significant loss of sensitivity of discovering a pattern dis-
tinguishing between responders and non-responders140, but focus on linearly
or non-linearly combining the information from many/all voxels at the same
time. This is because the focus in a machine learning analysis is not in find-
ing the brain location responsible for an association but to provide the best
trained model possible to make a prediction. In addition, machine learning
models are specifically established to perform well in settings where each data
point has many variables by incorporating regularization techniques or by cre-
ating ensembles of weaker models which when combined improve prediction.
The advantage of regularization is to be able to fit models which use more
information (i.e., variables) than there are individual observations available.
Second, in contrast to the traditional approach, machine learning methods are
focused on the individual. That is, finding average group-wise associations is
not enough for a successful prediction. This reflects clinical practice where
every decision relates to the individual patient and therefore requires a pre-
diction to be made for this patient. Translating group-level findings to the
individual-level is problematic as it would require very high effect sizes for any
particular variable, which is unlikely to be observed in practical applications
(see Dwyer et al. 101 and Arbabshirani et al. 14). Third, as mentioned before
machine learning methods are not restricted to only the usage of linear models
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(such as the GLM) but can involve analyses with more powerful non-linear
models as well. This can lead to an increase in predictive performance over
the typical univariate GLM analysis. Finally, the standard analysis approach
validates its findings by means of statistical inference which attempts to gen-
eralize from a sample of included patients to the larger patient population.
Machine learning methods on the other hand try to estimate generalizability
by explicitly and empirically validating trained models in new samples of data.
In the best case scenario this would be performed by external validation where
a trained multivariate model would be applied to a newly recorded sample of
data from a different study. However, this cannot always be done, thus re-
quiring an approach for providing valid internal validation.
In summary, the machine learning approach provides benefits for research
questions which aim at establishing methods which can be applied in clinical
practice. It provides a set of powerful models which were created to provide
good performance in high-dimensional settings, are designed to work for the
individual patient, and are validated in a way that reflects future clinical ap-
plicability.
The application of machine learning methods is the focus of this thesis and
to provide a more intuitive understanding of the general machine learning ap-
proach an example of a real analysis pipeline might be helpful. This example
pipeline was utilized in the studies in Chapter 5 and Chapter 6 where we pre-
dicted treatment-response in patients with PTSD.
It all starts with the data. Data which can be used for biomarker development
can come from different domains. Genomic recordings, neuroimaging, neu-
roendocrine, cognitive, behavioral, or clinical characteristics are some exam-
ples which may help in the task109. In Chapter 5 and Chapter 6, the acquired
data consisted of resting-state functional MRI (rs-fMRI) recordings. Rs-fMRI
refers to the recording of fMRI data while the participants are ‘at-rest’, i.e.,
not completing any task while in the scanner. During such scans intrinsic
brain networks – regions with increased functional connectivity – emerge nat-
urally39,40. Such brain networks can be related to various disease states209 and
provide reliable ‘fingerprints’ which can identify individuals (e.g.114). These
properties make rs-fMRI an easy to use, fast and reliable measure which can
be used by machine learning models to predict future outcomes. After record-
ing of the rs-fMRI data, the data is preprocessed and prepared for analysis.
This process can involve the identification of resting-state/intrinsic connec-
tivity networks through the application of group-concatenated independent
component analysis34. This procedure allows for a data-driven way to identify
a set of networks with increased within-network connectivity common to the
entire sample of recorded rs-fMRI data. In a second step, representations of
these networks can then be reconstructed in the individual patients. These
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spatial resting-state networks build the basis for the machine learning analy-
sis.
After the identification of these networks, a machine learning classifier needs
to be trained. In the referred chapters we utilized a Gaussian process clas-
sifier245 or a support vector machine (SVM) classifier76. The SVM is the
most common classifier utilized in neuroimaging studies since it provides a
fast and well-performing first model to try and is hard to beat even with more
advanced models267,282. The SVM works by identifying a decision boundary
based on the provided data which can separate the two classes – responders
and non-responders – from each other. This is done by maximizing the dis-
tance (margin) between the decision boundary and the closest data-points
from both classes (support vectors) while allowing for potential errors – data-
points within the margin – for enhanced generalization capability. This pro-
cedure is fully automated and data-driven. After such a decision boundary
is established, the trained SVM can be used to classify new individuals by
assessing their data and determining on which side of the decision boundary
a particular person would land allowing it to make a decision to which class
the person belongs. The predictive performance of the classifier can be es-
timated by calculating its sensitivity, i.e., percentage of correctly classified
responders, specificity, i.e., percentage of correctly classified non-responders,
balanced accuracy, i.e., average between sensitivity and specificity, and/or
area-under-the-receiver-operator-characteristic (AUC) curve quantifying the
overall discriminatory capability of the classifier. However, because the SVM
is using all of the training data during model fitting, it will always show better
predictive performance on it. But this cannot be taken as an indication on
how it will generalize beyond the observed data. Therefore, to provide a valid
estimate of its predictive performance, it has to be tested on new data which
was not used to train the SVM. If an external sample of patients is not avail-
able, internal validity can be estimated by performing cross-validation. The
cross-validation procedure works as follows: all the available data is randomly
divided into k-folds (common values for k are k = 5 or k = 10), ensuring (ap-
proximate) balance of responders/non-responders in each fold, and only k − 1
folds are used to train the SVM (training set) while the kth fold is held-out
as a test set which is used to estimate the model performance. The procedure
is repeated k-times, each time using a different training/test set to indepen-
dently train and validate the machine learning model. This can be repeated n

times by providing different random assignments of data to folds. This leads to
a procedure called n-times-repeated-k-fold cross-validation (in the referenced
chapter 10x10 cross-validation was used). The performance across all test sets
is then averaged and provides an estimate of how well the model would be
performing when presented with new samples of data. Such a procedure di-
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rectly reflects the possible application of the model in clinical practice as a
successful model would need to make immediate predictions for new patients.
However, it has to be noted that estimating the generalization performance
of a machine learning model using such a cross-validation procedure provides
only weak evidence of the model performance in completely different samples
of patients (e.g. different demographics, ethnic backgrounds, MRI scanners,
clinical inclusion procedures). Therefore, to obtain stronger evidence for the
generalization of a particular model more advanced cross-validation regimes
using data from multiple sites/hospitals, or even prospective study designs are
required101,324.
Approaches like described above are utilized throughout the thesis and below
a brief introduction to the individual chapters is provided.

In Chapter 2, we utilized data from a large naturalistic cohort study to pre-
dict 2-year follow-up disease prognosis in patients with anxiety disorders using
clinical, psychological, sociodemographic, biological, and lifestyle baseline pre-
dictors. This is an important problem as the majority of patients with anxiety
disorders have persistent symptoms, relapses, or chronic disease up to 6 years
after the diagnosis and therefore predicting who will not recover would allow
for targeted treatment efforts to try to elevate the negative disease course.

In Chapter 3, we used baseline structural MRI data to predict whether pa-
tients with late-onset behavioral changes would develop the behavioral variant
of frontotemporal dementia (bvFTD), other neurological disorders or psychi-
atric disorders at 2-year follow-up. The importance of this research lies in
the fact that patients in early stages which may develop bvFTD only show a
set of behavioral complaints which might be in agreement with other (often
psychiatric) disorders. Dedicated neuroimaging scans can be used to perform
a more accurate diagnosis even in the early stages but require highly-trained
radiologists to perform the task. Therefore, an automated approach may be
of high practical value in the prediction of bvFTD.

In Chapter 4, we investigated whether pre-operative structural MRI scans of
patients with therapy-resistant obsessive-compulsive disorder would be predic-
tive of deep-brain stimulation (DBS) treatment outcome at 1-year follow-up.
DBS is an invasive operative procedure and therefore knowing who will not
respond to such a treatment would be of high clinical value as it would prevent
unnecessary operations.

In Chapter 5 and Chapter 6 we investigated whether pre-treatment resting-
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state fMRI data would be predictive of trauma-focused psychotherapy out-
comes in veterans (Chapter 5) or adolescents (Chapter 6) with PTSD. Trauma-
focused psychotherapies are first-line and evidence-based treatments for PTSD.
However, due to the fact that they do not work for all patients, knowing who
would not respond and therefore would need more intensive – potentially in-
patient – care would be very important.
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Chapter 2

Predicting the Naturalistic Course in
Anxiety Disorders using Clinical and
Biological Markers: a Machine Learn-
ing Approach
Wicher A. Bokma*, Paul Zhutovsky*, Erik J. Giltay, Robert A. Schoevers,
Brenda W. J. H. Penninx, Anton L. J. M. van Balkom, Neeltje M. Bate-
laan**, & Guido A. van Wingen**

* These authors contributed equally to this work.
** Theses authors share senior authorship.

Published in: Psychological Medicine (2020), 1-11,
https://doi.org/10.1017/S0033291720001658
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Chapter 2

Abstract
Background: Disease trajectories of patients with anxiety disorders are highly
diverse and approximately 60% remain chronically ill. The ability to predict
disease course in individual patients would enable personalized management
of these patients. This study aimed to predict recovery from anxiety disorders
within 2 years applying a machine learning approach.
Methods: In total, 887 patients with anxiety disorders (panic disorder, gen-
eralized anxiety disorder, agoraphobia, or social phobia) were selected from a
naturalistic cohort study. A wide array of baseline predictors (n = 569) from
five domains (clinical, psychological, sociodemographic, biological, lifestyle)
were used to predict recovery from anxiety disorders and recovery from all
common mental disorders (CMDs: anxiety disorders, major depressive dis-
order, dysthymia, or alcohol dependency) at 2-year follow-up using random
forest classifiers (RFCs).
Results: At follow-up, 484 patients (54.6%) had recovered from anxiety dis-
orders. RFCs achieved a cross-validated area-under-the-receiving-operator-
characteristic-curve (AUC) of 0.67 when using the combination of all predic-
tor domains (sensitivity: 62.0%, specificity 62.8%) for predicting recovery from
anxiety disorders. Classification of recovery from CMDs yielded an AUC of
0.70 (sensitivity: 64.6%, specificity: 62.3%) when using all domains. In both
cases, the clinical domain alone provided comparable performances. Feature
analysis showed that prediction of recovery from anxiety disorders was pri-
marily driven by anxiety features, whereas recovery from CMDs was primarily
driven by depression features.
Conclusions: The current study showed moderate performance in predicting
recovery from anxiety disorders over a 2-year follow-up for individual patients
and indicates that anxiety features are most indicative for anxiety improve-
ment and depression features for improvement in general.
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2.1 Introduction

Anxiety disorders are characterized by highly heterogeneous clinical course tra-
jectories. After 2 years, the prognosis varies across disorders with remittance
rates of 72.5% for panic disorder without agoraphobia, 69.7% for generalized
anxiety disorder, 53.5% for social phobia and 52.7% for panic disorder with
agoraphobia145. Remitted patients experience a relatively benign course with
moderate remaining symptom severity, disability and a low subjective need
for care30,275,286. However, around 60% of patients have persistent symptoms,
relapses, or chronic disease up to 6 years after the diagnosis30,275. Disease
course in these patients is often characterized by substantial levels of disabil-
ity. Predicting long-term disease course can be seen as an important step
towards personalized medicine278. This would make targeted treatment ef-
forts viable, in which treatments are tailored towards the individual risk for a
poor disease outcome203. However, in anxiety disorders, there is a lack of ro-
bust course predictors. For instance, different DSM anxiety disorder diagnoses
were shown to be poorly predictive of subsequent course30. In current clinical
practice, in the absence of valid risk prediction models, course prediction relies
solely on clinician’s opinions, which show poor accuracy243.
Several clinical, psychological, biological, sociodemographic and lifestyle mark-
ers are related to the disease course. For instance, higher baseline severity of
anxiety symptoms, presence of somatic or psychiatric comorbidity, and higher
levels of disability are linked to worse outcomes at 1-year286, 2-year30,145,266,
6-year275, and 12-year follow-up53. Contrastingly, some authors suggest the
same factors lead to better initial treatment results27,251. Also, a chronic du-
ration of anxiety was linked to worse outcomes in most studies30,145,266,275,
while not showing any effect on disease course in another study221. Most
studies showed that a younger age at onset was associated with a chronic
course30,35,251, while others showed no such age effect221,266. Inconsistent
findings are likely due to methodological differences between studies. Other
factors possibly related to worse disease course were duration of untreated
illness27, the use of anti-anxiety medication53,266, and presence of childhood
trauma20,30,266. Psychological factors that negatively impact anxiety disor-
der disease course up till 6-year follow-up included high neuroticism20,266,275,
low extraversion275, high anxiety sensitivity20,266, high levels of worrying275,
and low mastery20,266. Only a few studies linked biological parameters to
disease course in anxiety disorders: C-reactive protein (CRP) levels were
longitudinally associated with anxiety symptoms75, increasing cortisol levels
were linked to higher 6-month anxiety severity in girls260, and lower Brain-
Derived Neurotropic Factor (BDNF) levels were found in patients with a
poor response to treatment172. However, most research into biological pa-
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rameters for anxiety disorders was done cross-sectionally, showing that anxi-
ety disorder status is linked to higher CRP-levels75,238,308, higher metabolic
syndrome markers62,162,235, higher tumour necrosis factor-α (TNF-α) lev-
els149,238, and lower BDNF levels214. Inconsistently, anxiety symptoms were
linked to both higher339 and lower227 cortisol, as well as higher149,227,238 and
lower308 interleukin-6 (IL-6) measurements. Finally, sociodemographic and
lifestyle factors such as education years286, age20,63, partner status20,30, social
support286, smoking status53, nicotine dependency221, current financial prob-
lems221, employment status286, and income286 were associated with anxiety
disorder disease course. In spite of these many variables that predict disease
course at the group level, it is not known whether this translates to accurate
predictions for individual patients. Currently, no encompassing model exists
with sufficient sensitivity and specificity in disease course prediction to be
feasible for use at the level of the individual patient.
A possible explanation for the lack of accuracy in course prediction in anxiety
disorders is the complex, multicausal aetiology of anxiety disorders. Univari-
able and multivariable analyses of predictors of disease course showed low
levels of explained variance44. Furthermore, the inference is typically done on
the group-level which does not allow for generalizable statements for the single
individual. Multivariable machine learning (ML) methods provide a possible
solution for this problem, as they are well-suited for solving problems with
high numbers of predictors in complex, multicausal disorders154. The use of
ML in the field of psychiatry may have great potential for its application in the
prediction of disease course trajectories136. Prediction of the disease course
can be regarded as a ‘classification’ problem, which can be solved using super-
vised algorithms87. In these, algorithms are trained on patients with known
predictor and outcome variables to derive a function that can be applied to
unseen patients to predict their outcome based on the values of their predic-
tor variables. In anxiety disorders, supervised algorithms were applied a few
times cross-sectionally, to relate predictors from various domains to current
disease status324 or to predict short-term treatment effects195. To our best
knowledge, however, no studies applied supervised ML algorithms to predict
the disease course in anxiety disorders.
The aim of this study was to predict long-term anxiety disorder course, us-
ing an ML approach applied to clinical, psychological, biological, sociodemo-
graphic and lifestyle baseline data. Specifically, we investigated the utility of a
random forest classifier (RFC)49 to predict clinical course in patients with any
baseline anxiety disorder. Our main outcome was recovery from anxiety dis-
orders at 2-year follow-up. As secondary outcome recovery from all common
mental disorders (CMDs) at 2-year follow-up was used. CMDs include anxiety
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disorders, but also depressive disorders and substance use disorders as these
disorders often co-occur, show diagnostic instability over time151,182,265,301,
and recovery from one but not the other does not index a major improvement
in health. Finally, we assessed which predictor domains contributed most to
disease course predictions. We hypothesized that RFCs using a wide array
of baseline data from different domains would yield adequate 2-year recov-
ery predictions for both outcomes. Furthermore, we hypothesized that the
combination of the five domains would yield the best predictions.

2.2 Methods

2.2.1 Study sample

The participants in this study were selected from the multi-site Netherlands
Study of Depression and Anxiety (NESDA), an ongoing naturalistic cohort
study into the course of depression and anxiety. The baseline sample con-
sists of 2981 participants who were recruited from the community, primary
care and specialized mental health care centres. All participants had a life-
time or current depressive disorder or anxiety disorder diagnosis (n = 2329,
78.1%) or were healthy controls (n = 652, 21.9%). NESDA allowed for the
presence of comorbid psychiatric disorders, with the exception of psychotic
disorders, obsessive-compulsive disorder, post-traumatic stress disorder, bipo-
lar disorders, or severe substance use disorders. Exclusion criterion consisted
of insufficient proficiency of the Dutch language. Baseline data collection was
performed in 2004–2007 and was followed by 1-year, 2-year, 4-year, 6-year,
and 9-year follow-up measurements. Full descriptions of the design of NESDA
were published previously233. The study protocol was approved by the Ethical
Review Board of all participating institutes and written informed consent was
obtained from all participants.
For the purpose of this study, patients with current (6-month) panic disor-
der (PD, with or without agoraphobia), generalized anxiety disorder (GAD)
or social anxiety disorder (SAD) diagnoses at baseline were selected (n =
1206). In our sample, psychiatric comorbidity was allowed. The diagnosis
was established according to DSM-IV criteria with the Composite Interna-
tional Diagnostic Interview (CIDI, version 2.1)12,319,327. From these patients,
212 were excluded due to missing diagnostic information at 2-years follow-up.
A further 107 patients were removed due to having more than 20% missing
variables across predictor variables at baseline. This yielded a final sample
of 887 anxiety disorder patients with sufficient data available. Excluded pa-
tients showed comparable symptom severity at baseline – mean anxiety sever-
ity (Beck’s Anxiety Inventory; BAI): 20.35 ± 11.74 v. 18.30 ± 10.48, t = 1.81,
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p = 0.07; mean depression severity (Inventory of Depressive Symptomatology-
Self Report; IDS-SR): 30.71 ± 12.65 v. 29.39 ± 12.65, t = 0.97, p = 0.33.
Excluded patients were younger (mean age: 38.25 ± 12.05 v. 41.92 ± 12.20
years, t = 4.62, p < 0.001), and had a lower mean number of education years:
11.03 ± 3.15 v. 11.88 ± 3.35, t = 3.97, p < 0.001, consistent with differences
across the whole NESDA sample (Lamers et al., 2012). Gender did not differ
between excluded and included patients (% female in excluded sample 68.2%,
in included sample 66.8%, χ2 = 0.22, p = 0.64).

2.2.2 Investigated classifications

Two distinct classification tasks predicting outcomes at 2-year follow-up were
performed. Both were binary classification tasks predicting (1) recovery from
anxiety disorders or (2) recovery from all CMDs. Anxiety disorders were de-
fined as either PD, agoraphobia, GAD, or SAD. Recovery from anxiety disor-
ders was deemed present if no anxiety disorder diagnoses persisted at follow-up.
These diagnoses referred to all follow-up anxiety disorders, not only the index
disorder(s). Anxiety disorders, dysthymia, major depressive disorder (MDD)
and alcohol dependency are sometimes collectively referred to as CMDs226,309.
For the purpose of this study, we defined recovery from all CMDs if at follow-up
no anxiety disorders, MDD, dysthymia or alcohol dependency diagnoses were
present. Assessment of CMDs is relevant as it is evident from population-
based studies that depressive disorders and alcohol dependency are the most
commonly occurring comorbidities in anxiety disorders7,161,320, rates of di-
agnostic instability across anxiety disorders, depressive disorders and alcohol
dependency are high133,151,265 and recovery from one but not the other does
not imply a major improvement in health. We assessed recovery from anxiety
disorders as a primary outcome measure and recovery from all CMDs as a
secondary outcome measure. These two outcome measures describe recovery
in a narrow and a broad perspective301.

2.2.3 Baseline predictor variables

At baseline, a wide array of putative predictors from five domains (clinical,
psychological, sociodemographic, biological and lifestyle) were selected, yield-
ing a total of 651 variables. In our analyses, only information at the individual
item level was used. Total summary scores for questionnaires were not calcu-
lated, as these would be correlated to the individual items. The exception was
the NEO Five-Factor Inventory (NEO-FFI), as its domains (e.g. neuroticism)
are of specific clinical relevance. Items were excluded if more than 20% of
patients were missing the corresponding item. This resulted in the inclusion
of 569 predictors at baseline (see Table 2.1). If a variable did not apply for
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a patient, it was re-coded as a new category for ordinal or nominal variables
or as 0 for continuous variables (all continuous variables were positive). Such
an encoding allowed to maintain the variable for classification and encoded
it with a not naturally occurring value implying that this variable did not
apply for this patient. All additional missing variables were imputed using
median/mode imputation calculated on the training set (see below) to obtain
a full data set. No variable had more than 10% missing values before impu-
tation was applied. Additional information about measurement instruments,
variable scoring and collection can be found in the Supplementary Methods
2.5. We investigated the predictive capability of all domains individually and
the combination of all five domains.

Table 2.1: Included baseline predictor variables across the five predictor domains

Domain Timespan Constructs (no of
items)

Measurement
instruments

Clinical domain
(311 variables)

Current Common mental
disorder diagnoses
(25), pathological
worrying (11), phobic
concerns (15),
disability (35), all
psychotropic
medication, by classes
(13)

WHO-Composite
International
Diagnostic Interview
(CIDI), Penn State
Worry Questionnaire
(PSWQ), Fear
Questionnaire (FQ),
WHO-Disability
Assessment Schedule
II (WHO-DAS),
according to
Anatomical
Therapeutic Chemical
(ATC) codes

Past week Depressive symptoms
(28), general distress
and somatization (32),
mood and anxiety
symptoms (30),
suicidal ideation (5)

Inventory of
Depressive
Symptomatology-SR
(IDS-SR),
Four-Dimensional
Symptom
Questionnaire (4DSQ),
Mood and Anxiety
Scoring Questionnaire
(MASQ), Suicidal
Ideation Scale (SSI)

Past four weeks Anxiety symptoms
(21), sleep quality (6)

Beck Anxiety
Inventory (BAI),
Insomnia Rating Scale
(ISR)

Past six months Perceived need for care
(14)

Perceived Need for
Care Questionnaire
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Past three years Previous psychotropic
medication, by classes
(6)

According to ATC
codes

Past four years Anxiety duration,
months (1)

Life Chart Interview
(LCI)

Lifetime Anxiety and depressive
disorders diagnoses
(14), bipolar
symptoms (13),
number of negative
life-events (1),
childhood trauma (3),
convictions about the
importance of care and
past experiences with
care (36)

CIDI, Mood Disorder
Questionnaire (MDQ),
Brugha questionnaire,
NEMESIS
questionnaire, QUality
Of care Through the
Eyes of the patient
(QUOTE):
Anxiety/Depression
version

Psychological domain
(131 variables)

Current Anxiety sensitivity
(16), cognitive
reactivity to sadness
(34), mastery (5),
personality structure
according to the Five
Factor (76)

Anxiety Sensitivity
Index, Leiden Index of
Depression Sensitivity,
Pearlin Mastery, NEO
Five-Factor Inventory

Sociodemographic
domain (71 variables)

Current Demographic
characteristics (6),
employment status
(5), marital status (2),
sexual preference (1),
housing status (5),
family and household
decomposition (6),
income (11), religion
(1), leisure activities
(20), loneliness (11),
social support (3)

Self-report
questionnaires, de
Jong-Gierveld
loneliness scale, Close
Person Inventory

Biological domain
(49 variables)

Current Number of chronic
diseases (2), chronic
pain (1), menstrual
cycle status (4), Body
Mass Index (1),
hip/waist
circumference ratio
(2), blood pressure
(7), handedness (1),
hand-grip strength (2),
current fever or cold
(2), autonomic nervous
system function (6),
blood plasma
measures, including
CRP, TNF-α, BDNF,
and IL-6 (21)

Chronic graded pain
scale, OMRON M4
IntelliSense digital
blood pressure
monitor, Jamar
dynamometer, Vrije
Universiteit
Ambulatory Measuring
System
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Lifestyle domain
(7 variables)

Current Smoking status (1),
psychoactive
substances use (1),
amount of alcohol
consumption (1), levels
of physical exercise (4)

Fagerström Test for
Nicotine Dependence,
Alcohol Use Disorders
Identification Test,
International physical
activity questionnaire

2.2.4 Machine learning algorithm

RFCs49 were used in all analyses. RFCs have been shown to perform well on
many different machine learning problems110, specifically in biomedical sci-
ences224. An RFC is built as an ensemble of many decision trees50 which
themselves are trained by considering random subsamples of variables and pa-
tients for each tree. Such a procedure leads to improved and robust prediction
performance in comparison to individual trees49. Details on hyperparame-
ters used in the analysis can be found in the Supplementary Methods 2.5.6.
All analyses were implemented using the scikit-learn (version 0.20.2)232 and
imbalanced-learn toolboxes (version 0.4.3)186 in the Python programming lan-
guage (version 3.7.2).

2.2.5 Evaluation

To evaluate the performance of our classifiers 10-times-repeated-10-fold-cross-
validation was applied. In this procedure, the data set is repeatedly (n = 100)
divided into disjoint training (90% of data) and test (10% of data) sets and
the RFC is only fit on the training data and evaluated on the independent test
data. The final performance is obtained as an average across all test set eval-
uations. We measured performance as area-under-the-receiver-operator-curve
(AUC). In addition, we calculated sensitivity, specificity, balanced accuracy –
average between sensitivity and specificity – and positive/negative predictive
values. To further validate our classification performance label-permutation
tests (n = 1000) of average AUC values were performed223. The obtained p

values were Bonferroni-corrected across five individual and one combination
of all domains and alpha was set to 0.05.
To systematically compare the performance of different predictor domains pa-
tients were distributed in exactly the same way for each of the classifications,
i.e. the train and test set of any cross-validation iteration included the same
patients for each predictor domain. This allowed the calculation of normal-
ized average differences in AUC scores across cross-validation iterations for
each pair of predictor domains (including the combination of all domains).
Non-parametric sign-flipping tests (n = 10000) were then employed to derive
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p values which were Bonferroni-corrected for 30 comparisons with alpha set to
0.05.

2.2.6 Variable importance

In addition to its strong classification performance RFCs allow to quantify the
importance of each variable towards the classification task49. However, the
standard calculation of variable importance has been shown to be biased279

and a permutation-based variable importance scheme has been suggested in-
stead10,137,279. Following this approach, we calculated p values for each vari-
able by permuting (n = 1000) every variable separately. The computed p

values were then corrected according to the false discovery rate (FDR)37 and
significance was set to 0.05. Given that variable importance was calculated
every cross-validation iteration, important variables were defined as variables
which were consistently significant under FDR for at least 50% of all cross-
validation iterations. This very stringent procedure for identifying important
variables was employed to calculate valid variable importance information spe-
cific to the classification task. Variable importance were only investigated for
the classifications using the data from the combination of all domains. In addi-
tion, we investigated differences in the average rankings of important variables
between the two classification tasks. A detailed description of this approach
can be found in the Supplementary Methods 2.5.8.

Table 2.2: Baseline characteristics of anxiety disorder sample, group comparisons between pa-
tients who had no anxiety disorder (n = 484) at 2-year follow-up and patients who did (n =
403)

Baseline
characteristics

Recovered at
2-year follow-up

(n = 484)

Persistent
disorders at

2-year follow-up
(n = 403)

Statistic p

Clinical domain

PD diagnosis 176 (36.4%) 192 (47.6%) χ2 = 11.52 <0.001*

Agoraphobia
diagnosis 141 (29.1%) 176 (43.7%) χ2 = 20.24 <0.001*

SAD diagnosis 196 (40.5%) 212 (53.6%) χ2 = 12.98 <0.001*

GAD diagnosis 141 (29.1%) 136 (33.7%) χ2 = 2.18 0.14

MDD diagnosis 174 (36.0%) 188 (46.7%) χ2 = 10.42 0.001*

Dysthymia
diagnosis 58 (12.0%) 88 (21.8%) χ2 = 15.53 <0.001*
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Use of
psychotropic
medication,
current

345 (71.3%) 294 (73.0%) χ2 = 0.31 0.58

Avoidance
behaviour
severity, mean
FQ, current

31.76 ± 18.21 40.90 ± 20.07 t = −6.98 <0.001*

Pathological
worrying severity,
mean PSWQ,
current

35.95 ± 9.91 39.56 ± 9.39 t = −5.52 <0.001*

Suicidal thoughts,
SSI, past week 72 (14.9%) 111 (27.5%) χ2 = 21.55 <0.001*

Level of distress,
mean 4DSQ, past
week

16.03 ± 8.94 19.85 ± 8.75 t = −6.39 <0.001*

Depressive
symptoms
severity, mean
IDS-SR, past
week

26.58 ± 12.00 32.78 ± 12.59 t = −7.48 <0.001*

Sleep
disturbances,
mean ISR, past
four weeks

9.39 ± 5.15 10.19 ± 5.24 t = −2.28 0.02*

Anxiety
symptoms
severity, mean
BAI, past month

15.97 ± 9.36 21.10 ± 11.05 t = −7.49 <0.001*

Percentage of
time spent with
anxiety
symptoms, LCI,
past 4 years

43.81% ± 33.20 54.04% ± 34.20 t = −4.37 <0.001*

History of
childhood life
eventsa

89 (18.4%) 74 (18.4%) χ2 = 0.00 0.99

History of
childhood traumab 258 (53.3%) 247 (61.4%) χ2 = 5.93 0.02*

History of serious
suicide attempts 66 (13.7%) 87 (21.6%) χ2 = 9.57 0.002*

Psychological domain

Neuroticism,
mean NEO-FF
subscale

40.46 ± 6.89 43.66 ± 6.73 t = −6.95 <0.001*
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Extraversion,
mean NEO-FFI
subscale

34.70 ± 6.51 32.43 ± 6.82 t = 5.06 <0.001*

Conscientiousness,
mean NEO-FFI
subscale

40.88 ± 6.45 39.23 ± 6.36 t = 3.82 <0.001*

Agreeableness,
mean NEO-FFI
subscale

43.38 ± 5.37 42.59 ± 5.27 t = 2.20 0.03*

Openness, mean
NEO-FFI
subscale

38.25 ± 6.03 38.04 ± 6.32 t = 0.51 0.61

Cognitive
reactivity to
sadness, mean
LEIDS

40.80 ± 17.98 46.76 ± 17.98 t = −4.91 <0.001*

Anxiety
sensitivity, mean
ASI

33.63 ± 9.47 36.58 ± 10.43 t = −4.35 <0.001*

Mastery, mean
Mastery scale 15.77 ± 4.02 13.89 ± 4.06 t = 6.90 <0.001*

Sociodemographic domain

Age in years 41.88 ± 12.09 41.97 ± 12.34 t = −0.11 0.91

Education years 12.02 ± 3.29 11.70 ± 3.41 t = 1.43 0.15

Female gender 329 (68.0%) 276 (68.5%) χ2 = 0.03 0.87

Currently
employed 280 (57.9%) 206 (51.1%) χ2 = 4.03 0.04*

Has children 268 (55.4%) 212 (52.6%) χ2 = 0.68 0.41

Current severe
loneliness 47 (9.7%) 58 (14.4%) χ2 = 4.57 0.03*

Biological domain

Number of
chronic somatic
diseases

0.67 ± 0.89 0.72 ± 0.95 t = −0.82 0.41

Chronic pain with
high disability 100 (20.7%) 121 (30.0%) χ2 = 10.31 0.001*

BMI 25.46 ± 4.72 25.71 ± 5.52 t = −0.74 0.46

Mean heart rate
(bpm) 71.70 ± 9.59 72.05 ± 10.12 t = −0.52 0.60

Systolic blood
pressure (mmHg) 136.3 ± 20.63 135.9 ± 17.97 t = 0.31 0.76
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CRP (mg/L, n =
876) 2.67 ± 4.05 3.12 ± 6.29 t = −1.26 0.21

IL-6 (pg/ml, n =
876) 1.28 ± 3.00 1.43 ± 3.15 t = −0.69 0.49

TNF-α (pg/ml, n
= 871) 1.07 ± 1.28 1.04 ± 1.12 t = 0.41 0.69

BDNF(ng/ml, n
= 865) 9.18 ± 3.64 9.20 ± 3.46 t = −0.08 0.94

Lifestyle domain

Former smoker 153 (31.6%) 119 (29.5%) χ2 = 2.86 0.24

Current smoker 174 (36.0%) 167 (41.4%)

Low physical
activity, past
week

103 (22.7%) 98 (25.3%) χ2 = 1.84 0.40

High physical
activity, past
week

156 (34.4%) 117 (30.2%)

Any substance
use, past week 33 (6.8%) 33 (8.2%) χ2 = 0.60 0.44

Hazardous
drinking or
alcohol
dependencyc, past
year

109 (22.6%) 87 (21.6%) χ2 = 0.13 0.71

PD: panic disorder; SAD: social anxiety disorder; GAD: generalized anxiety disorder; MDD:
major depressive disorder; FQ: Fear Questionnaire; PSWQ: Penn State Worry Questionnaire;
SSI: Suicidal Ideation Scale; 4DSQ: Four-Dimensional Symptom Questionnaire; IDS-SR: In-
ventory of Depressive Symptomatology-SR; ISR: Insomnia Rating Scale; BAI: Beck’s Anxiety
Inventory; LCI: life chart interview; NEO-FFI: NEO Five-Factor Inventory; LEIDS: Leiden In-
dex of Depression Sensitivity; ASI: Anxiety Sensitivity Index; BMI: Body Mass Index; CRP: C-
reactive protein; IL-6: interleukin-6; TNF-α: tumour necrosis factor-α; BDNF: Brain-Derived
Neurotrophic Factor.
a Childhood life events (<16 years of age) were parental divorce, being placed in a juvenile prison,
raised in a foster family, placed in a child home, death of a parent.
b Childhood trauma included emotional neglect, psychological abuse, physical abuse, and sexual
abuse.
c As measured with the AUDIT. Scores above 8 are reflective of hazardous drinking, scores at 13
or higher (females) and 15 or higher (males) are indicative of probable alcohol dependency.
* p < 0.05

2.3 Results

At 2-year follow-up, 484 patients (54.6%) recovered from anxiety disorders, and
362 patients (40.8%) did not have any CMD. Baseline clinical, psychological,
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sociodemographic, biological and lifestyle variables are provided for patients
with and without anxiety disorders at follow-up (Table 2.2) and for patients
with and without CMD at follow-up (Supplementary Table 2.5). Various clini-
cal and psychological variables showed differences between the two groups. By
contrast, biological and lifestyle status did not differ between the two groups.

2.3.1 Recovery from anxiety disorders

Classification performance

Results of our evaluation of the RFC when predicting recovery from anxiety
disorders are reported in Table 2.3 and Fig. 2.1A. AUC values for the predictor
domains ranged from 0.49 to 0.67 with significant (pBonferroni < 0.05) AUC
values obtained for the clinical (0.67), and psychological (0.65) domains, as
well as for the combination of all domains (0.67). Classification accuracies
were small to moderate with the highest accuracy achieved by the combination
of all domains (62.4%) with a sensitivity of 62.0% and specificity of 62.8%. In
addition, we investigated the performance of the RFC for subgroups of patients
who had any comorbidity (MDD, dysthymia, or alcohol dependency, n = 252
recovered, n = 248 persistent) at baseline and for patients who did not (n = 232
recovered, n = 155 persistent). For that, the RFC trained on all data domains
and all patients of the training set was evaluated within the two subgroups
on the test set separately. The RFC obtained an average AUC of 0.64 within
the no-comorbidity group and an AUC of 0.68 within the comorbidity group
showing slightly increased performance for predictions within the comorbidity
group.
Domain comparisons

When comparing different domains according to their AUC a clear order-
ing was observed: The clinical domain outperformed every other domain ex-
cept for the combination of all domains (pBonferroni < 0.05), the psycholog-
ical domain outperformed the sociodemographic, biological, and lifestyle do-
mains (pBonferroni < 0.05), the sociodemographic domain outperformed the
biological and lifestyle domains (pBonferroni < 0.05), and the biological do-
main outperformed the lifestyle domain (pBonferroni < 0.05). The combination
of all domains was better than any domain except for the clinical domain
(pBonferroni < 0.05).

Variable importance

Consistently selected significant variables (n = 17) identified through a per-
mutation-based variable importance calculation of the RFC are reported in
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Table 2.3: Evaluation of the 2-year recovery from anxiety disorders classification [mean (S.D.)]

Domains AUC Accuracy Sensitivity Specificity PPV NPV

Clinical 0.67 (0.05)* 61.7 (4.4) 61.5 (6.3) 61.9 (7.6) 0.66 (0.05) 0.57 (0.04)

Psychological 0.65 (0.05)* 61.0 (4.5) 60.0 (6.4) 61.9 (7.5) 0.66 (0.05) 0.56 (0.05)

Socio-
demographic 0.56 (0.06) 53.1 (5.1) 49.7 (7.4) 56.5 (7.5) 0.58 (0.06) 0.48 (0.05)

Biological 0.53 (0.06) 52.7 (4.9) 50.3 (6.8) 55.0 (7.6) 0.57 (0.05) 0.48 (0.05)

Lifestyle 0.49 (0.05) 50.2 (4.3) 46.6 (5.5) 53.7 (7.6) 0.55 (0.05) 0.46 (0.04)

Combination 0.67 (0.05)* 62.4 (4.6) 62.0 (6.1) 62.8 (7.5) 0.67 (0.05) 0.58 (0.05)

AUC: area-under-receiver-operator-curve; PPV: positive predictive value; NPV: negative pre-
dictive value.
* pBonferroni < 0.05

Supplementary Table 2.6. Only variables from the clinical and psychological
domain were selected. These variables were derived from different measure-
ment instruments (BAI, IDS-SR, Fear Questionnaire (FQ), NEO-FFI, WHO-
Disability Assessment (WHO-DAS), Four-Dimensional Symptom Question-
naire (4DSQ), Mastery scale) but all referred to characteristic anxiety symp-
toms, with an emphasis on anxious arousal items.

2.3.2 Recovery from all common mental disorders

Classification performance

Results of the second classification procedure predicting recovery from CMDs
are reported in Table 2.4 and Fig. 2.1B. AUC values ranged from 0.53 to
0.70 with significant (pBonferroni < 0.05) AUC values obtained for the clinical
(0.70), psychological (0.67), and sociodemographic domain (0.65) as well as
the combination of all domains (0.70). The highest accuracy was achieved
by the combination of all domains (63.4%) with a sensitivity of 64.6% and
a specificity of 62.3%. As in the case of the prediction of the recovery from
anxiety disorders, we investigated the performance of the RFC for subgroups
of patients who had (n = 164 recovered, n = 336 persistent) or did not (n = 198
recovered, n = 189 persistent) have any comorbidities at baseline. For that,
the RFC trained on the combintation of all domains and all patients of the
training set was evaluated within the two subgroups on the test set separately.
The RFC obtained an AUC of 0.62 within the no-comorbidity group and an
AUC of 0.73 within the comorbidity group. As in the case of the prediction of
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Figure 2.1: Classification performance of random forest classifiers. Performance is quantified
by area-under-the-receiver-operator-curve (AUC) values calculated for each test set of all cross-
validation iterations and is shown in box-and-whisker plots for all data domains. A Performance of
the recovery from anxiety disorders prediction. B Performance of the recovery from all common
mental disorders prediction. Asterisks mark a significant classification performance according
to label-permutation tests (n = 1000) and Bonferroni-correction for six tests. The dashed line
indicates chance-level performance.

recovery from anxiety disorders the RFC was showing better performance for
patients with comorbidities at baseline.

Domain comparisons

The best performing domains for this classification were the same as in the re-
covery from anxiety disorders classification. The clinical domain and the com-
bination of all domains did not differ in their performance but outperformed
any other domain during the classification. The order for the performance of
the other domains was the same as with the recovery from anxiety disorders
classification.

Variable importance

48 variables were identified as being consistently selected significant variables
contributing to the classification (Supplementary Table 2.7). In this classi-
fication, selected variables included a larger set of measures related to mood
disorders and not only anxiety symptomatology. With one exception (sociode-
mographic) all variables were again selected from the clinical or psychological
domain.

2.3.3 Difference in important variables between prediction analyses

Variables which were more (or less) important in the prediction of recovery
from anxiety disorders than the prediction of all CMDs are reported in Supple-
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mentary Table 2.8. These results confirmed the importance of anxiety-related
variables for the prediction of recovery from anxiety, and the importance of
depression-related variables for the prediction of recovery from all CMDs.

Table 2.4: Evaluation of the 2-year recovery from all common mental disorders classification
[mean (S.D.)]

Domains AUC Accuracy Sensitivity Specificity PPV NPV

Clinical 0.70 (0.05)* 62.2 (4.6) 65.0 (7.1) 59.3 (5.6) 0.52 (0.05) 0.71 (0.05)

Psychological 0.67 (0.05)* 62.2 (4.8) 61.8 (8.4) 62.6 (6.4) 0.53 (0.05) 0.71 (0.05)

Socio-
demographic 0.65 (0.05)* 60.8 (5.2) 65.2 (7.5) 56.5 (6.5) 0.51 (0.05) 0.70 (0.05)

Biological 0.57 (0.05) 56.0 (4.8) 57.5 (8.2) 54.6 (6.7) 0.47 (0.05) 0.65 (0.05)

Lifestyle 0.53 (0.05) 51.8 (4.7) 62.3 (7.9) 41.2 (6.5) 0.42 (0.04) 0.61 (0.06)

Combination 0.70 (0.05)* 63.4 (4.8) 64.6 (7.3) 62.3 (6.1) 0.54 (0.05) 0.72 (0.05)

AUC: area-under-receiver-operator-curve; PPV: positive predictive value; NPV: negative pre-
dictive value.
* pBonferroni < 0.05

2.3.4 Transfer analysis

We replicated the classification of recovery from anxiety disorders at 2-year
follow-up in a transfer learning setting: in such an approach we utilized the
labels indicating recovery of CMDs during the training of the RFC classifier
(training set) but subsequently evaluated its performance on the test set using
the recovery from anxiety disorder labels. The result of this analysis can be
seen in Supplementary Table 2.9. Utilizing the transfer learning approach led
to improved performance in predicting anxiety disorder recovery (AUC = 0.71
v. AUC = 0.67 for both training and testing on anxiety disorder recovery labels
using either only the clinical or the combination of all domains). The increased
performance was observed due to an increase in sensitivity of the classification
for correctly identifying recovered anxiety patients. For all individual domains
and the combination of them, sensitivity increased by 7.6 ± 1.9 when training
on the CMDs labels first. Specificity only decreased slightly (mean decrease:
2.7 ± 0.8) which led to the improved overall performance.

2.4 Discussion

One of the most important goals in personalized medicine is providing indi-
vidual disease course predictions. Our results show that individual prediction
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of 2-year course in anxiety disorders is possible using various predictors but it
is only moderately successful. The main outcome measure was recovery from
anxiety disorders and our predictions reached a balanced accuracy of 62.4%
with an AUC of 0.67. The current performance by itself does not warrant
implementation of our models in routine psychiatric care as it would yield
too many false positives/negatives. However, predictive properties of clinician
opinion in predicting disease course in anxiety disorders are not available and
therefore it remains unclear which predictive performance threshold is needed
for a statistical model to surpass clinician opinion and become an improvement
over current routine care.
Our study yielded two models with comparable accuracy for predicting 2-year
anxiety disorder course: one consisting of predictors from all five domains
and one consisting of predictors only from the clinical domain. Biological,
lifestyle, and sociodemographic predictors did not contribute significantly to
course prediction. This is surprising as these domains were previously shown to
be related to anxiety disorder aetiology. Our results thereby suggest that the
underlying aetiology is of less importance to course prediction after the devel-
opment of threshold disorders and that after anxiety disorders have developed,
phenotypical characteristics have more impact on subsequent disease course.
This is evident from the individual features that contributed most to the clas-
sification. All of these features reflected symptoms, psychological states or
traits associated with the emotions of fear and anxiety, such as the presence
of ‘phobic symptoms’, difficulty ‘walking alone in a busy street’ or ‘dealing
with people you don’t know’, ‘feeling tense’, ‘not liking to be where the action
is’, and ‘feeling faint or lightheaded’. A previous NESDA study that aimed to
predict the naturalistic course in depression showed similar performance to the
current study when 2-year follow-up MDD diagnosis was correctly classified
with an AUC of 0.66 and balanced accuracy of 62%91. In this study, clinical
features were most important as well, though the nature of those items was
related to depression.
As anxiety disorders and other psychiatric disorders frequently co-occur and
show diagnostic instability over time, a secondary outcome was assessed. This
broad perspective model was trained on recovery from all CMDs and showed
marginally higher accuracy (63.4%) and AUC (0.70) in comparison with the
main narrow perspective outcome. Like in the narrow perspective, omitting
all domains except the clinical domain did not lead to a significant loss of
predictive power (accuracy = 62.2% and AUC = 0.70). The individual fea-
tures that were most consistently chosen during the classification again were
almost exclusively from the clinical and psychological domains. Symptoms,
psychological traits, and psychological states associated with depression and
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worrying contributed most to the classification. For instance: ‘feeling down’,
‘feeling sad’, having ‘a desire to die’, ‘suffering from worry’, ‘feeling tense’,
and ‘having little control about the things that happen’. This suggests that
predictions for recovery from all CMDs were largely driven by co-occurring
depressive symptoms. Our decision to investigate the CMDs classification was
also supported by the results of the additional transfer analysis which showed
improved performance (accuracy = 63.3% and AUC = 0.71 for the combina-
tion of all domains data) when using the recovery from all CMDs labelling
during training and the recovery from anxiety labels during model evaluation.
This analysis showed that patients suffering from any mental disorder at 2-
year follow-up – anxiety or not – constituted a more homogenous group while
patients who fully recovered were more easily identified than patients only
recovering from anxiety disorders (but having an additional CMD instead).
This suggests that applying a broad perspective in future attempts in clinical
prediction is more feasible for anxiety disorders.
Previous ML studies in anxiety disorders were invariably small in sample size
and most focused on predicting immediate treatment response using neu-
roimaging data28,92,135,229,316. Some studies used clinical, biological and/or
neuroimaging data to distinguish between different types of anxiety disorders
and healthy controls60,121,146,229. To the best of our knowledge, this is the
first study into individual long-term course prediction in anxiety disorders.
A strength of this study is the use of a large dataset with a high number of
variables from a variety of predictor domains, most of which were previously
related to disease course at the group level. In addition, using RFCs allowed
for combining large numbers of predictors into an overall model and allowed
the identification of the most contributing predictors, providing insight into
the possible processes involved with recovery in anxiety disorders.
In spite of the wide array of predictors, the current study showed only mod-
erate accuracy. This has a number of explanations. First, NESDA is a nat-
uralistic cohort study in which the exposure to environmental stressors and
treatment regimens varied across patients during the 2-year follow-up period.
These different exposures will have impacted the 2-year outcomes. Further-
more, different data types might improve predictive accuracy. For instance,
previous ML studies showed the strong potential of neuroimaging data to pre-
dict treatment response in anxiety disorders28,92,135,229,316, sometimes exceed-
ing predictions made using clinical data28,92. Our study did not encompass
neuroimaging data, as these were only available in a subset of NESDA par-
ticipants158. Other examples include gait analysis337, actigraphy210, or social
media data247. Additionally, more frequent data collection might improve
predictive accuracy178, which has now been implemented in the most recent
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wave of NESDA90. However, it is worth noting that our analyses showed
that using a large set of variables from various domains (either combined or
independently) did not outperform the clinical domain alone. Finally, future
studies could explore differences in predictive performance across different pa-
tient subgroups, by analyzing separate patient groups consisting of different
anxiety disorders, or groups with different comorbidity patterns separately.
Clinical care for anxiety disorders would benefit greatly from improved course
prediction as it would pave the way for targeted treatments. The current study
showed moderate accuracy in predicting recovery from anxiety disorders over a
2-year follow-up for individual patients. Items from the clinical and psycholog-
ical domain were the most contributing predictors, while biological, lifestyle,
and sociodemographic predictors were contributing less. The limited perfor-
mance while using a wide array of predictors does not justify application in
routine clinical care. The results from our study can, however, be used as
a benchmark for future studies, with future studies likely resulting in further
enhancements of the predictive properties. It has long been argued that statis-
tical modelling will exceed clinician opinion in prediction problems24,207, with
clinician interpretation of statistical models likely yielding the best predictive
power179. As a result, statistical models will increasingly become an addition
to clinician opinion. Eventually, targeted treatment regimens and secondary
prevention strategies will become more feasible if predictive models further
evolve. This study provides an important first step towards valid long-term
ML-based predictions in anxiety disorders.
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2.5 Supplementary information

2.5.1 Full descriptions of clinical domain measurement instruments

Lifetime history for Anxiety and Depressive Disorders and presence of DSM-IV
Panic Disorder, Panic Disorder with Agoraphobia, Agoraphobia, Generalized
Anxiety Disorder, Social Anxiety Disorder, MDD, Dysthymia and Alcohol De-
pendency (one month, six-month, one year recency) at baseline were assessed
using the WHO-Composite International Diagnostic Interview (CIDI, version
2.1). The CIDI is a structured interview with good reliability and validity327.
Sleep quality during the past four weeks was assessed with the Women’s Health
Initiative Insomnia Rating Scale (IRS)187. This questionnaire consists of six
items and a summary score.
Mood and anxiety symptoms during the past week were assessed with the
Mood and Anxiety Scoring Questionnaire314. The MASQ consists of 30 in-
dividual items and three summary scores: positive affect, negative affect and
levels of somatization.
Presence of lifetime bipolar symptoms were assessed with the Mood Disorder
Questionnaire (MDQ)147. This questionnaire consists of 13 individual items
and a summary score.
Levels of general distress and somatization during the past week were mea-
sured with the Four-Dimensional Symptom Questionnaire (4DSQ)281. These
two dimensions were measured in 32 items and two summary scores.
Levels of pathological worrying tendencies were assessed using the 11-item self-
report version of the Penn State Worry Questionnaire (PSWQ)94.
Depressive symptoms during the past week were assessed with the Inventory
of Depressive Symptomatology-SR (IDS-SR)255,256. The IDS-SR consists of
30 individual items and a summary score.
Symptoms of anxiety during the past month were assessed with the Beck Anx-
iety Inventory (BAI), a 21-item self-report questionnaire31.
Presence of avoidance behaviors was assessed with the Fear Questionnaire
(FQ), a 15-item self-report questionnaire199.
Presence of childhood trauma was assessed with a 3-item adaptation from the
NEMESIS questionnaire317.
Symptoms of suicidality during the past week were assessed with the 5 items
from the Suicidal Ideation Scale (SSI) that refer to the current state32.
The total number of negative life-events during the past year was assessed with
the Brugha questionnaire54.
Duration of anxiety symptoms during the last four years prior to baseline were
assessed with the Life Chart Interview (LCI), a structured retrospective in-
terview using a calendar approach196. The LCI has adequate reliability and
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validity313. Due to large proportions of missingness, time spent with depres-
sive and avoidance symptoms were not included in analyses.
Subjects’ convictions about the importance of care and their past experi-
ences with care in relation to mental health problems were assessed with the
36-item QUality Of care Through the Eyes of the patient (QUOTE): Anxi-
ety/Depression version272.
Subjects’ perceived need for care at various domains during the past six
months was assessed with the 20-item Perceived Need for Care Questionnaire
(PNCQ)206. After missing data handling, 14 items were included in analyses.
Levels of disability were measured with the WHO-Disability Assessment Sched-
ule (WHO-DAS II), a 36-item self-report questionnaire measuring levels of
disability67. Four work-related items were omitted from further analyses due
to large proportions of missing values.
All baseline pharmacotherapeutic use was assessed using inspection of med-
ication containers and coded according to Anatomical Therapeutic Chemi-
cal (ATC) codes at baseline (WHO Collaborating Centre for Drug Statistics
Methodology). Historic use of psychopharmacotherapeutics during the three-
year period prior to baseline was reported retrospectively.

Table 2.5: Baseline characteristics of anxiety disorder sample, group comparisons between pa-
tients who had no common mental disorders (n = 362) at two-year follow-up and patients who
did have any common mental disorder at follow-up (n = 525)

Baseline
characteristics

Recovered at
2-year follow-up

(n = 362)

Persistent
disorders at

2-year follow-up
(n = 525)

Statistic p

Clinical domain

PD diagnosis 135 (37.3%) 233 (44.4%) χ2 = 4.34 0.035*

Agoraphobia
diagnosis 111 (30.7%) 206 (39.2%) χ2 = 6.86 0.009*

SAD diagnosis 147 (40.6%) 261 (49.7%) χ2 = 7.15 0.007*

GAD diagnosis 92 (25.4%) 185 (35.2%) χ2 = 9.63 0.002*

MDD diagnosis 103 (28.5%) 259 (49.3%) χ2 = 38.7 <0.001*

Dysthymia
diagnosis 26 (7.2%) 120 (22.9%) χ2 = 38.3 <0.001*

Use of
psychotropic
medication,
current

252 (69.6%) 387 (73.7%) χ2 = 1.79 0.181
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Avoidance
behaviour
severity, mean
FQ, current

30.96 ± 18.64 39.33 ± 20.06 t = −6.37 <0.001*

Pathological
worrying severity,
mean PSWQ,
current

35.05 ± 9.81 39.35 ± 9.47 t = −6.49 <0.001*

Suicidal thoughts,
SSI, past week 38 (10.5%) 145 (27.6%) χ2 = 38.6 <0.001*

Level of distress,
mean 4DSQ, past
week

14.78 ± 8.79 19.83 ± 8.66 t = 8.47 <0.001*

Depressive
symptoms
severity, mean
IDS-SR, past
week

24.96 ± 11.82 32.47 ± 12.92 t = −9.14 <0.001*

Sleep
disturbances,
mean ISR, past
four weeks

9.05 ± 4.94 10.23 ± 5.33 t = −3.38 0.001*

Anxiety
symptoms
severity, mean
BAI, past month

15.57 ± 9.40 20.19 ± 10.79 t = −6.77 <0.001*

Percentage of
time spent with
anxiety
symptoms, LCI,
past four years

42.4% ± 32.9 52.% ± 34.2 t = −4.36 <0.001*

History of
childhood life
eventsa

68 (18.8%) 95 (18.1%) χ2 = 0.07 0.79

History of
childhood traumab 182 (50.3%) 323 (61.6%) χ2 = 11.3 0.001*

History of serious
suicide attempts 43 (11.9%) 110 (21.0%) χ2 = 12.1 <0.001*

Psychological domain

Neuroticism,
mean NEO-FF
subscale

39.77 ± 6.88 43.39 ± 6.69 t = −7.78 <0.001*

Extraversion,
mean NEO-FFI
subscale

35.40 ± 6.44 32.40 ± 6.67 t = 6.93 <0.001*
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Conscientiousness,
mean NEO-FFI
subscale

41.54 ± 6.19 39.16 ± 6.46 t = 5.52 <0.001*

Agreeableness,
mean NEO-FFI
subscale

43.84 ± 5.13 42.46 ± 5.41 t = 3.87 <0.001*

Openness, mean
NEO-FFI
subscale

38.13 ± 5.99 38.18 ± 6.28 t = −0.13 0.90

Cognitive
reactivity to
sadness, mean
LEIDS

38.77 ± 17.91 46.77 ± 17.71 t = −6.55 <0.001*

Anxiety
sensitivity, mean
ASI

33.45 ± 9.63 36.02 ± 10.16 t = −3.77 <0.001*

Mastery, mean
Mastery scale 16.49 ± 3.83 13.82 ± 4.00 t = 9.97 <0.001*

Sociodemographic domain

Age in years 40.94 ± 12.25 42.59 ± 12.13 t = −1.97 0.047*

Education years 12.16 ± 3.29 11.68 ± 3.37 t = 2.12 0.034*

Female gender 252 (69.6%) 353 (67.2%) χ2 = 0.56 0.45

Currently
employed 218 (60.2%) 268 (51.0%) χ2 = 7.28 0.007*

Has children 168 (46.4%) 239 (45.5%) χ2 = 0.07 0.80

Current severe
loneliness 29 (8.0%) 76 (14.5%) χ2 = 8.50 0.004*

Biological domain

Number of
chronic somatic
diseases

0.61 ± 0.84 0.75 ± 0.96 t = −2.25 0.025*

Chronic pain with
high disability 67 (18.5%) 154 (29.3%) χ2 = 13.4 <0.001*

BMI 25.28 ± 4.64 25.77 ± 5.38 t = −1.47 0.14

Mean heart rate
(bpm) 72.03 ± 9.76 71.75 ± 9.89 t = 0.40 0.69

Systolic blood
pressure (mmHg) 135.7 ± 20.91 136.5 ± 18.4 t = −0.62 0.53

CRP (mg/L,
n=876) 2.70 ± 4.10 2.99 ± 5.83 t = −0.88 0.38
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IL-6 (pg/ml,
n=876) 1.23 ± 3.05 1.43 ± 3.08 t = −0.94 0.35

TNF-α (pg/ml,
n=871) 1.09 ± 1.36 1.04 ± 1.09 t = 0.55 0.58

BDNF(ng/ml,
n=865) 9.26 ± 3.57 9.14 ± 3.54 t = 0.48 0.63

Lifestyle domain

Former smoker 119 (32.9%) 153 (29.1%) χ2 = 3.99 0.14

Current smoker 125 (34.5%) 216 (41.1%)

Low physical
activity, past
week

64 (18.9%) 137 (27.3%) χ2 = 11.5 0.003*

High physical
activity, past
week

129 (38.1%) 144 (28.7%)

Any substance
use, past week 22 (6.1%) 44 (8.4%) χ2 = 1.65 0.20

Hazardous
drinking or
alcohol
dependencyc, past
year

76 (21.1%) 120 (22.9%) χ2 = 0.38 0.54

PD: panic disorder; SAD: social anxiety disorder; GAD: generalized anxiety disorder; MDD:
major depressive disorder; FQ: Fear Questionnaire; PSWQ: Penn State Worry Questionnaire;
SSI: Suicidal Ideation Scale; 4DSQ: Four-Dimensional Symptom Questionnaire; IDS-SR: In-
ventory of Depressive Symptomatology-SR; ISR: Insomnia Rating Scale; BAI: Beck’s Anxiety
Inventory; LCI: life chart interview; NEO-FFI: NEO Five-Factor Inventory; LEIDS: Leiden In-
dex of Depression Sensitivity; ASI: Anxiety Sensitivity Index; BMI: Body Mass Index; CRP: C-
reactive protein; IL-6: interleukin-6; TNF-α: tumour necrosis factor-α; BDNF: Brain-Derived
Neurotrophic Factor.
a Childhood life events (<16 years of age) were parental divorce, being placed in a juvenile prison,
raised in a foster family, placed in a child home, death of a parent.
b Childhood trauma included emotional neglect, psychological abuse, physical abuse, and sexual
abuse.
c As measured with the AUDIT. Scores above 8 are reflective of hazardous drinking, scores at 13
or higher (females) and 15 or higher (males) are indicative of probable alcohol dependency.
* p < 0.05

2.5.2 Full descriptions of psychological domain measurement instruments

Anxiety sensitivity was measured with the 16-item Anxiety Sensitivity Index
(ASI)249.
Cognitive reactivity to sadness was measured with the 34-item Leiden Index
of Depression Sensitivity (LEIDS)288.
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Levels of mastery were assessed with an adapted version of the Pearlin Mas-
tery Scale, consisting of 5 items153,231.
Personality structure was assessed with the NEO Five-Factor Inventory, a
shortened version of the Revised NEO Personality Inventory202. In our anal-
yses, all 60 individual items, as well as domain scores from the five domains
were used.
In order to be able to assess relative levels of these psychological traits, sum-
mary scores were standardized at the level of the whole NESDA sample.

2.5.3 Full descriptions of sociodemographic domain measurement instru-
ments

Information on sociodemographic information from subject was gathered in a
structured manner by face-to-face interviews with trained research assistants.
Information gained referred to demographic characteristics (6 items), employ-
ment status (6 items), marital status (2 items, of which one was omitted due
to high number of missing values), sexual preference (2 items, of which one
was omitted due to high number of missing values), housing status (5 items),
sources and level of income (11 items), religion status (3 items of which two
were omitted due to high number of missing values), family and household de-
composition (23 items, of which seventeen were omitted due to high number
of missing values), and participation in various leisure activities (23 items, of
which three were omitted due missing data). Employment status was analyzed
categorically, but presented in the descriptive statistics table dichotomously.
Categories that we presented as ‘currently employed’ included ‘now employed’,
‘self employed’ and ‘on pregnancy or maternity leave’. The remaining cate-
gories were ‘occupationally disabled’, ‘on sickness benefit’, ‘early retirement’,
‘unemployed’ and ‘other’.
Current levels of loneliness were assessed with the de Jong-Gierveld loneliness
scale, an 11 item self-report questionnaire82. Severe loneliness was defined as
a maximum score of 11.
Levels of current social support were assessed with the 38-item Close Person
Inventory (CPI)276. However, due to large proportions of missing data, only
3 items were included in our analyses.

2.5.4 Full descriptions of biological domain measurement instruments

The number of chronic diseases with or without treatment were assessed us-
ing a 21-item face-to-face interview233. Subjects were asked for presence of
30 common chronic somatic diseases and were able to report any additional
diseases they may have. This yielded 2 items that were both included.
Levels of chronic pain during the past 6 months were assessed with the chronic
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graded pain scale in which levels of chronic pain are summarized in a single
ordinal item consisting of 5 grades of pain310.
The current menstrual cycle status was assessed in five self-reported items, of
which 4 were used in analyses.
Body Mass Index (BMI) and hip/waist circumference ratio were measured by
a trained research assistant, in accordance to international standards326.
Autonomic nervous system function was reflected by measurements of mean
heart rate, heart rate variability, inter-beat-interval, pre-ejection period, ag-
gregated respiratory sinus arrhythmia, and aggregated respiration rate. These
were measured during the baseline data collection interview with the Vrije
Universiteit Ambulatory Measuring System (VU-AMS)81.
Systolic and diastolic blood pressure was measured with the OMRON M4
IntelliSense digital blood pressure monitor (HEM-752A, Omron Healthcare,
Inc., Bannockburn, Illinois, USA). In NESDA, the average of two measure-
ments was used.
Handedness was assessed by self-report. Hand-grip strength, a proxy for over-
all muscle strength, was assessed twice with the Jamar dynamometer19,36.
Whether subjects had a fever or a cold during the last week was assessed by
self-report.
Fasting blood samples of NESDA participants were obtained in the morning
around 8 am and kept frozen at -80°C. Various laboratory tests were performed
on these samples.
Brain-Derived Neurotropic Factor (BDNF), Triglycerides, High Density Choles-
terol (HDL), glucose, tryptophan, kynurenine, 3-Hydroxykynurenine, Cystatin
C, Urea, Uric acid, Creatinin, Cotinine, Parathyroid hormone (PTH), 25-
hydroxy vitamin D, Dehydroepiandrosterone, Dehydroepiandrosterone sulfate
(DHEA-S), sex hormone-binding globulin (SHBG), Estradiol (E2), and Testos-
terone (nmol/l) were assayed at the Clinical Chemistry department of the
VU University Medical Center using standard laboratory procedures. Dehy-
droepiandrosterone measurements were omitted due to missings.
High-sensitivity plasma levels of C-reactive protein (CRP) were measured in
duplicate by an in-house ELISA based on purified protein and polyclonal
anti‑CRP antibodies (Dako, Glostrup, Denmark). The CRP assay was stan-
dardized against the CRM 470 reference agent. The lower detection limit of
CRP was 0.1 mg/l and the sensitivity was 0.05 mg/l.
Plasma Interleukine-6 (IL-6) levels were measured in duplicate by a high sen-
sitivity enzyme-linked immunosorbent assay (PeliKine CompactTM ELISA,
Sanquin, Amsterdam, The Netherlands). The IL-6 assay was standardized
against a recombinant human IL-6 standard. The lower detection limit of IL-6
was 0.35 pg/ml and the sensitivity 0.10 pg/ml.
Plasma Tumour necrosis factor-alpha (TNF-α) levels were assayed in duplicate
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at Good Biomarker Science, Leiden, The Netherlands, using a high-sensitivity
solid phase ELISA (Quantikine® HS Human TNF-α Immunoassay, R&D sys-
tems Inc, Minneapolis, MN, USA). The TNF-α assay was calibrated against
a highly purified E. coli-expressed recombinant human TNF-α. The lower
detection limit of TNF-α was 0.10 pg/ml and the sensitivity 0.11 pg/ml.

2.5.5 Full descriptions of lifestyle domain measurement instruments

Smoking status was assessed with three items from the Fagerström Test for
Nicotine Dependence141. Subjects were divided into current smokers, former
smokers and subjects who never smoked. Two items were omitted due to miss-
ings.
Number of different psychoactive banned substances used by subjects was as-
sessed by self-report.
The amount of alcohol consumption during the past year was assessed with the
Alcohol Use Disorders Identification Test (AUDIT)259. The levels of physical
exercise, expressed in metabolic equivalent of task (MET)-minutes/week dur-
ing the past week were assessed with the 4-item International physical activity
questionnaire4.

Table 2.6: Consistently selected significant variables in the recovery from anxiety disorders
classification

Variable Name Description Selection Frequency [%]

NEO-FFI item 31 I rarely feel fearful or anxious 98

IDS-SR item 27 Panic/Phobic symptoms 98

WHO DAS item 38

How much embarrassment did
you experience because of your
health problems during the
past 30 days?

97

FQ item 05 Walking alone in a busy street 95

CIDI PDA 1m Panic with agoraphobia - past
month 94

Life chart item 01 Percent of time with anxiety
symptoms 87

WHO DAS item 16 Dealing with people you do
not know? 83

NEO-FFI, neuroticism
Anxiety alternative rationally
derived decomposition of
neuroticism domain

78

CIDI PDA 12m Panic with agoraphobia - past
year 77
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IDS-SR item 07 Feeling Anxious or Tense 74

4DSQ item 05 During the past week did you
feel: tense? 70

NEO-FFI, item 22 I like to be where the action is 69

MASTERY item 04 I often feel helpless dealing
with the problems of life 66

CIDI SAD l Social Anxiety Disorder - in
lifetime 63

CIDI PDA 6m Panic with agorafobia - past 6
months 61

BAI item 19 Faint, lightheaded 59

4DSQ item 02 During the past week did you
suffer from: worry? 54

2.5.6 Extended description random forest classifier

Each Random Forest classifier (RFC) was build using 1000 classification trees49

and the number of randomly selected variables per node was set at the square
root of the number of variables (default value). Subsample aggregating (sub-
agging) was used instead of bootstrap aggregating (bagging) to create new
random subsets of data points per tree. Subagging allowed for balancing the
data set65 by sampling the same number of subjects for each class, and im-
proving the validity of variable importance calculations279. The balancing of
the classes can improve classification performance in data sets with imbalanced
distribution of classes where a classifier might focus on only correctly predict-
ing the majority class by assigning all data to this class. 63.2% of all subjects
was used as the subsampling factor. This corresponds to the number of unique
subjects in a bootstrap sample when using bagging and is recommended as a
default45.

Table 2.7: Consistently selected significant variables in the recovery from common mental dis-
orders classification

Variable Name Description Selection Frequency [%]

MASQ item 03 Felt successful 100

4DSQ item 01
During the past week did you
suffer from: feeling down or
depressed?

100
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CIDI dysthymia 1m Dysthymia - past month 100

IDS-SR item 05 Feeling Sad 100

4DSQ item 11
During the past week did you
feel: that you can’t enjoy
anything anymore?

100

CIDI dysthymia 6m Dysthymia - past 6 months 100

4DSQ item 09
During the past week did you
feel: that you can’t cope
anymore?

100

4DSQ item 08

During the past week did you
feel: that you can no longer
take interest in the people and
things around you?

100

4DSQ item 02 During the past week did you
suffer from: worry? 100

4DSQ item 10
During the past week did you
feel: that you can’t face it
anymore?

100

Mastery item 02 Some of my problems I cannot
seem to solve at all 100

NEO-FFI, neuroticism Selfreproach 100

Mastery item 04 I often feel helpless dealing
with the problems of life 98

Mastery item 05 Sometimes I feel like a play
ball of life 98

4DSQ item 05 During the past week did you
feel: tense? 97

CIDI MDD 12m Major Depression - past year 97

CIDI dysthymia 12m Dysthymia - past year 96

SSI item 02 Desire to die 95

IDS-SR item 08 Response of Your Mood to
Good or Desired Events 95

Mastery item 01 I have little control about the
things that happen to me 95

IDS-SR item 07 Feeling Anxious or Tense 93

CIDI MDD 1m Major Depression - past month 93

MASQ item 25 Had trouble making decisions 91

IDS-SR item 21 Capacity for Pleasure or
Enjoyment (excluding sex) 90

46



2

MASQ item 22 Felt really ”up” or lively 88

Life chart anxiety Percent of time with anxiety
symptoms 87

BAI item 19 Faint, lightheaded 83

MASQ item 06 Felt really happy 82

MASQ item 13 Felt dissatisfied with
everything 79

MASQ item 11 Felt like I was having a lot of
fun 79

SSI item 01 Desire to live 76

Loneliness item 03 I experience a general sense of
emptiness 73

IDS-SR item 12 Quality of Your Mood 72

BAI item 08 Unsteady 70

NEO-FFI, neuroticism Depression 69

IDS-SR item 15 Concentration/Decision
Making 68

MASQ item 23 Felt inferior to others 66

MASTERY item 03
There is not much that I can
do to change important things
in my life

64

MASQ item 29 Felt really good about myself 62

MASQ item 28 Worried a lot about things 62

QUOTE item 10 Started feeling in control over
my problems 60

PSWQ item 02 Many situations make me
worry 59

NEO-FFI, conscientiousness Orderliness 59

QUOTE item 16
The professional taught me
how to deal with future
symptoms

54

QUOTE item 05
The general practicioner
explained the pros and cons of
different medications

53

MASQ item 21 Was short of breath 53

IDS-SR item 30 Leaden Paralysis/Physical
Energy 52
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NEO-FFI, neuroticism Negative affect 51

2.5.7 Variable importance calculation

The standard calculation of variable importance for RFC has been shown to
be biased towards continuous variables and categorical variables with many
categories279. To ensure the validity of variable importance calculations it
was suggested to use subagging and permutation-based variable importance
calculations10,137,279. To implement permutation-based variable importance
calculations we permuted each variable separately a 1000 times and assessed
its variable importance under permutation223. The computed null-distribution
was then used to calculate a p-value of the actually observed variable impor-
tance for each variable.

Table 2.8: Variables which were more (or less) important in the broad perspective (recovery from
anxiety and affective disorders) in comparison to the narrow perspective (recovery from anxiety
disorders)

Variable Name Description

More important for narrow perspective

WHO DAS item 16 Dealing with people you do not know

BAI item 21 Hot, cold sweats

FQ item 04 Travelling alone by train or bus

IDS-SR item 26 Other bodily symptoms

BAI item 05 Fear of worst happening

CIDI SAD l Social Anxiety Disorder - in lifetime

Blood plasma item 02 Kynurenine (µmol/l)

WHO DAS item 38
How much embarrassment did you experience
because of your health problems during the
past 30 days?

CIDI SAD 12m Social Anxiety Disorder - past year

More important for broad perspective

Loneliness item 03 I experience a general sense of emptiness

QUOTE item 16 The professional taught me how to deal with
future symptoms
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4DSQ item 07 During the past week did you feel: that you
just can’t do anything anymore?

CIDI MDD 1m Major Depression - past month

MASQ item 26 Felt like I had a lot of energy

CIDI MDD 6m Major Depression - past 6 months

MASQ item 10 Felt hopeless

QUOTE item 10 Started feeling in control over my problems

SSI item 03 Reasons for living or dying

CIDI dysthymia m12 Dysthymia - past year

MASQ item 13 Felt dissatisfied with everything

CIDI MDD 12m Major Depression - past year

QUOTE item 17 The professional reduced my symptoms

4DSQ item 14 During the past week: tingling in the fingers

4DSQ item 06 During the past week did you feel: easily
irritated

IDS-SR item 02 Sleep During the Night

4DSQ item 04 During the past week did you suffer from:
listlessness?

2.5.8 Difference in selected variables

To compare whether variable importance differed between the two classifica-
tion tasks the following analysis was conducted: 1. based on the p-values
calculated from permutation-based variable importance we computed a rank
from most important (smallest p-value) to least important variable per cross-
validation iteration, 2. we averaged this ranking across the cross-validation
runs to obtain an average rank for each variable, 3. we calculated the absolute
difference of ranks between the two classification tasks, 4. we explored each
rank difference which was higher (lower) than the mean rank difference +(-)
twice the standard deviation. In this way we could determine which variables
average rank changed strongly between the two different classification tasks.
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Table 2.9: Evaluation of the two-year recovery from anxiety disorders classification using a
transfer learning approach [mean (S.D.)]

Domains AUC Accuracy Sensitivity Specificity PPV NPV

Clinical 0.71 (0.05) 62.5 (5.3) 65.4 (8.7) 59.7 (7.3) 0.53 (0.06) 0.72 (0.06)

Psychological 0.67 (0.05) 62.0 (5.0) 61.6 (8.6) 62.4 (6.6) 0.53 (0.05) 0.70 (0.05)

Socio-
demographic 0.65 (0.06) 60.6 (5.7) 64.4 (8.7) 56.7 (7.3) 0.51 (0.06) 0.70 (0.06)

Biological 0.57 (0.05) 55.4 (4.7) 57.3 (7.8) 53.6 (6.4) 0.46 (0.04) 0.65 (0.05)

Lifestyle 0.53 (0.06) 51.7 (4.5) 62.0 (7.2) 41.5 (6.9) 0.42 (0.04) 0.61 (0.06)

Combination 0.71 (0.05) 63.3 (4.8) 65.0 (8.5) 61.7 (6.0) 0.54 (0.05) 0.72 (0.05)

AUC: area-under-receiver-operator-curve; PPV: positive predictive value; NPV: negative pre-
dictive value.
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Abstract
Background: Patients with behavioral variant of frontotemporal dementia
(bvFTD) initially may only show behavioral and/or cognitive symptoms that
overlap with other neurological and psychiatric disorders. The diagnostic ac-
curacy is dependent on progressive symptoms worsening and frontotemporal
abnormalities on neuroimaging findings. Predictive biomarkers could facilitate
the early detection of bvFTD.
Objective: To determine the prognostic accuracy of clinical and structural
MRI data using a support vector machine (SVM) classification to predict the
2-year clinical follow-up diagnosis in a group of patients presenting late-onset
behavioral changes.
Methods: Data from 73 patients were included and divided into proba-
ble/definite bvFTD (n = 18), neurological (n = 28), and psychiatric (n =
27) groups based on 2-year follow-up diagnosis. Grey-matter volumes were
extracted from baseline structural MRI scans. SVM classifiers were used to
perform three binary classifications: bvFTD versus neurological and psychi-
atric, bvFTD versus neurological, and bvFTD versus psychiatric group(s), and
one multi-class classification. Classification performance was determined for
clinical and neuroimaging data separately and their combination using 5-fold
cross-validation.
Results: Accuracy of the binary classification tasks ranged from 72–82% (p <

0.001) with adequate sensitivity (67–79%), specificity (77–88%), and area-
under-the-receiver-operator-curve (0.80–0.9). Multi-class accuracy ranged be-
tween 55–59% (p < 0.001). The combination of clinical and voxel-wise whole
brain data showed the best performance overall.
Conclusion: These results show the potential for automated early confirma-
tion of diagnosis for bvFTD using machine learning analysis of clinical and
neuroimaging data in a diverse and clinically relevant sample of patients.
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3.1 Introduction

The behavioral variant of frontotemporal dementia (bvFTD) is the second
most common early-onset dementia and is characterized by the deterioration
of personality, social cognition, and executive functions244. The progressive
behavioral changes seen in bvFTD are typically accompanied by apathy and
social disinhibition leading to isolation and the expression of a wide range
of inappropriate behavior potentially causing a great amount of distress for
family members and caretakers212,236.
In 2011, a set of revised diagnostic criteria was developed by the International
Behavioral Variant FTD Criteria Consortium (FTDC) in order to improve
the diagnostic sensitivity of bvFTD237,244. Although the sensitivity of FTDC
diagnostic criteria has increased, the diagnostic process is challenging and sev-
eral clinical predicaments remain. The behavioral and cognitive symptoms as
described in FTDC’s possible bvFTD have a considerable overlap with several
psychiatric disorders (e.g., depression, schizophrenia, and others) and other
types of dementia176,230,240,305 affecting the accuracy of the diagnostic crite-
ria. To increase the level of diagnostic certainty for bvFTD, patients must
show imaging abnormalities suggestive of frontotemporal degeneration along
with clinical decline (probable bvFTD). Especially in early disease stages or in
some specific pathogenic mutations, it is challenging for physicians to deter-
mine whether patients have bvFTD as significant functional decline might not
be detectable, or imaging results are not conclusive for bvFTD176,236,244,307.
Therefore, there is a crucial unmet clinical need for better tools to differentiate
between bvFTD and clinically and radiologically overlapping disorders.
We have previously shown that the conversio to bvFTD can be predicted well
by visual ratings using magnetic resonance imaging (MRI) and fludeoxyglucose
(18F) positron emission tomography ([18F]FDG-PET) findings307. However,
[18F]FDG-PET is costly, requires the injection of a radioactive tracer, is not
available in the majority of hospitals and has a high false-positive rate166,307

as psychiatric disorders may show frontotemporal hypometabolism as well175.
In addition, the image analysis requires a highly specialized neuroradiologist
and involves manual evaluation of the scans. Therefore, the focus of this study
is on MRI imaging only and its automatic evaluation without the need of an
expert neuroradiologist.
Previous studies have shown that machine learning based pattern recognition
techniques could be useful to automatically classify structural MRI scans and
aid clinical diagnosis, as these methods can be used to classify patients at
the single subject level. This is a fundamentally different approach from typ-
ical neuroimaging studies that test differences between patients and controls
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at the group level14. It has been demonstrated that machine learning tech-
niques can successfully distinguish FTD from Alzheimer’s disease (AD) and
healthy controls (HC)79,98,107,169,170,211,218, but little is known about its use
in a more diverse sample. We chose to focus on grey-matter data since it is
a standard way to analyze structural MRI data, its atrophy is used in the
diagnosis of (probable) bvFTD and it has shown consistent group differences
between bvFTD patients and HC228,244. In addition to neuroimaging data,
we have previously shown that clinical data can also be informative for dis-
tinguishing between bvFTD and psychiatric disorders306. Predictive accuracy
may therefore be improved by combining MRI data with clinical data.
Here, we aimed to predict the conversion to bvFTD in patients with early-stage
behavioral complaints in a clinically representative sample. We used machine
learning algorithms to predict 2-year follow-up diagnosis based on baseline
clinical and structural MRI data from patients that were included based on a
set of behavioral complaints only. This approach is expected to resemble clin-
ical practice, in which a wide range of patients are presented with symptoms
fitting a differential diagnosis, ranging from various psychiatric, neurological to
neurodegenerative disorders including bvFTD. We also investigated whether
limiting the classification to a set of a priori selected regions-of-interests (ROI)
associated with bvFTD atrophy could further improve predictive accuracy or
whether a global brain pattern would be better suited for the task.

3.2 Materials and methods

3.2.1 Study sample

73 patients were selected from the Late Onset Frontal Syndrome (LOF) study,
an observational, cross-sectional, and prospective follow-up study conducted
at multiple medical center177. Data from these patients were selected because
of the availability of a high-resolution 3-dimensional(D) T1-weighted MRI scan
at baseline and a two-year follow-up diagnosis. Recruitment occurred between
April 2011 and June 2013 through the memory clinic of the Alzheimer Center
at the VU University Medical Center (VUmc) and the department of Old Age
psychiatry of the GGZinGeest in Amsterdam the Netherlands. From the initial
cohort of 137 participants, 54 did not have a good quality whole brain 3D T1-
weighted MRI scan or a baseline MRI scan that had been performed elsewhere
and 10 had subjective complaints which did not allow for a clinical diagnosis.
The age of the included patients ranged from 48 to 75 years, and 78% were
male. The average age (p = 0.961) and gender (p = 0.331) at baseline did not
differ between the included and excluded patients in the current study.
The inclusion and exclusion criteria for the LOF study have been described in
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Krudop et al. 177 . In short, the inclusion criteria consisted of a presentation
of symptoms without underlying clinical diagnosis quantified by 1) behavioral
changes consisting of apathy, disinhibition, and/or compulsive/stereotypical
behavior arising in the middle or late adulthood observed by clinician or reli-
able informant, and 2) a Frontal Behavior Inventory (FBI)167 score of ≥11 or a
score of ≥10 on the Stereotypy Rating Inventory (SRI)269. Exclusion criteria
were 1) a confirmed diagnosis of dementia or psychiatric disorder with overlap-
ping clinical symptoms, 2) a Mini-Mental State Examination (MMSE)117 score
≤3) medical history including traumatic brain injury, mental retardation, drug
or alcohol abuse, 4) absence of a reliable informant, 5) insufficient communica-
tion skills, 6) acute onset of behavioral problems, 7) clinical apparent aphasia
or semantic dementia, and 8) contraindications for MRI. After inclusion, all
patients underwent a standardized clinical assessment at baseline and at 2-year
follow-up. The final consensus diagnosis between the neurologist and the psy-
chiatrist was made based upon the relevant clinical information and additional
investigations, including results of cerebrospinal fluid biomarkers, MRI and
[18F]FDG-PET at baseline ([18F]FDG-PET-scan was only performed in case
of normal MRI findings or doubt on the interpretation of the abnormalities be-
ing explanatory for the behavioral changes). All patients with a positive family
history for early-onset dementia were referred for clinical genetic counseling.
If deemed appropriate, genetic screening included the MAPT, GRN, PSEN1,
and APP genes. In all subjects of whom DNA was available (n = 137) C9orf72
repeat expansion was tested. After two years of follow-up, neuropsychiatric ex-
amination, neuropsychological examination and the brain MRI were repeated.
Diagnosis was based upon the National Institute on Aging-Alzheimer’s As-
sociation guidelines for AD, the National Institute of Neurological Disorders
and Stroke-Association Internationale pour la Recherche et l’Enseignement en
Neurosciences criteria for vascular dementia (VaD), the international consen-
sus diagnostic criteria for dementia with Lewy bodies (DLB), the DSM-IV for
psychiatric disorders and the FTDC for bvFTD204,205,244,252. Included pa-
tients were grouped based on their 2-year follow-up diagnosis as either bvFTD
(including only probable and definite bvFTD as defined by the FTDC), pri-
mary psychiatric disorders (e.g., major depression disorder, bipolar disorder,
obsessive compulsive disorder, schizophrenia, further abbreviated to ‘psychi-
atric’) or other neurological diseases (e.g., AD, VaD, DLB, further only sum-
marized as ‘neurological’). Thus, behavioral symptoms at baseline eventually
led to widely different diagnosis at 2-year follow-up. The study was approved
by the Medical Research Ethics Committee of the VUmc.
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3.2.2 Clinical data

To establish a baseline for the classification analysis we extracted demographic
and clinical variables available at baseline. Those variables included: age at
baseline, gender, education according to the Verhage scale302, MMSE, total
FBI and SRI score. This allowed us to compare the added value of MRI data
for the automatic classification of bvFTD.

3.2.3 MR image acquisition

Baseline structural MRI data was acquired in the Alzheimer Center of the
VU University Medical Center on two 3T whole-body MR systems (Signa
HDxt, GE Medical Systems Milwaukee, WI, USA; Ingenuity TF PET/MR,
Philips Healthcare, Cleveland, OH, USA) following a standard MRI protocol
for dementia289. This protocol included either a sagittal 3D T1-weighted fast
spoiled gradient-echo (FSPGR) sequence with oblique coronal reformats with
the following parameters: time to repetition (TR) = 7.8 ms, time to echo (TE)
= 3 ms, flip angle (FA) = 12°, sagittal sections = 180 and voxel size = 0.98
× 0.98 × 1 mm on the GE Signa HDxt, or a turbo field echo (TFE) sequence
with the following parameters: TR = 7 ms, TE = 3 ms, FA = 12°,sagittal
sections = 180, voxel size = 1 × 1 × 1 mm on the Philips Ingenuity TF.

3.2.4 MR image processing

The T1-weighted images of all 73 patients were preprocessed using the CAT12
toolboxa. Preprocessing consisted of tissue-segmentations into grey matter
(GM), white matter, and cerebrospinal fluid followed by normalization to the
Montreal Neurological Institute (MNI) space using DARTEL15 registration
based on a template derived from 555 HC subjects of the IXI-databaseb pro-
vided by the CAT12 toolbox. The normalized images were modulated by the
Jacobian determinant to preserve local tissue volume and spatially smoothed
by an 8 mm isotropic Gaussian kernel. A GM mask was created by thresh-
olding the individual GM images at 0.2 and ensuring that a voxel was only
included if at least 51% of patients included the same voxel in their individual
mask.
Following the preprocessing MRI data was either extracted as a whole brain
voxel-wise map or confined to ROIs based on the literature183,244. A set of
bilateral ROIs associated with bvFTD were selected and all voxels within these
ROIs were used for the classification. The ROIs were selected from the prob-
abilistic cortical Harvard-Oxford atlas88,120,129,197 from FSL160 and included

ahttp://www.neuro.uni-jena.de/cat
bhttp://www.brain-development.org
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the orbitofrontal cortex, bilateral temporal pole, insular and prefrontal cortex.

3.2.5 Clinical and MRI data

In addition, we combined the voxel-wise and ROI GM volume data (separately)
with the clinical data by concatenating the individual feature matrices. This
provided a simple way to incorporate information from different data sources
for the classification. Therefore, in total five different data views were con-
sidered: 1) clinical, 2) voxel-wise whole brain, 3) ROI localized, 4) clinical +
ROI, and 5) clinical + voxel-wise.

Table 3.1: Demographic and clinical variables at baseline

bvFTD
(n = 18)

Neurological
(n = 28)

Psychiatric
(n = 27) p

Age, mean (SD),
[years] 61.8 (6.4) 64.3 (6.1) 59.5 (6.9) 0.03a*

Men, n (%) 13 (72.2%) 22 (78.6%) 22 (81.5%) 0.76b

Educationc,
median (IQR) 5 (2) 5 (1.5) 4.5 (2.25) 0.43d

MMSE, mean
(SD) 26.0 (3.1) 26.3 (2.7) 26.0 (2.9) 0.90a

Scanner type
(GE/Philips) 15/3 24/4 20/7 0.52b

FBI, mean (SD) 26.9 (9.0) 21.8 (8.7) 26.0 (8.2) 0.06d

SRI, mean (SD) 17.9 (11.6) 3.4 (4.7) 6.5 (9.1) <0.01d*

TIV, mean (SD) 1542.7 (148.7) 1565.9 (92.8) 1566.7 (137.0) 0.79a

IQR, interquartile range; MMSE, Mini-Mental State Examination; FBI, Frontal Behavioral In-
ventory, SRI, Stereotype Rating Inventory, TIV, total intracranial volume.
a one-way ANOVA.
b χ2 test.
c Education in Verhage scale302.
d Kruskal–Wallis H test.
* p < 0.05

3.2.6 Support vector machine classification

Four different classification tasks were performed: 1) bvFTD versus psychiatric
+ neurological; 2) bvFTD versus psychiatric; 3) bvFTD versus neurological;
and 4) bvFTD versus psychiatric versus neurological. In contrast to the other
three, the last classification is not a binary but a multi-class classification. For
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this the ‘one-against-one’ approach was used171. In this framework three clas-
sifiers, one for each pair of classes, are created and a prediction is performed by
taking a vote across the three classifiers whereby the majority prediction wins.
We used a linear support vector machine (SVM) classifier268 to perform the
classification tasks with the C parameter set to 1 following general recommen-
dations for the neuroimaging field300. To create the linear kernel, we removed
the voxel-wise mean across subjects of the training set (see below), normalized
the resulting feature vectors by their Euclidean norm and calculated the linear
kernel.
Since the sample sizes across our classes were imbalanced, we used randomized
undersampling of the majority class(es) to create a balanced set for classifi-
cation. This was done to prevent the classifier focusing only on the majority
class during the classification and to learn an overall distinguishing classifi-
cation boundary. To this end, 18 patients were randomly selected (matching
the sample size of the smallest class) from the other class(es) without replace-
ment. To prevent the final result from being dependent on the specific 18
patients which were picked from the majority class all classifications were re-
peated 500 times. For each iteration of the randomized undersampling 5-fold
cross-validation stratified for the individual classes was conducted. During
cross-validation 4-folds of the data are used for training the classifier while the
5th-fold is used for testing. Accuracy, sensitivity, specificity, and area under
the receiver-operator curve (AUC) were computed and averaged across the five
test folds as an approximation of the out-of-sample performance of the classi-
fier. In the multi-class case sensitivity was defined as the accuracy of correctly
classifying bvFTD and specificity was calculated for each of the other classes
(neurological and psychiatric) independently. No AUC calculation was made
in this case. To be able to directly compare the performance of the different
data approaches for the same classification problem, it was ensured that the
same patients were selected by the random undersampling procedure and that
they were distributed across the five folds of the cross-validation procedure in
the exact same manner making the classification performance directly com-
parable in terms of the four data views used and not the partitioning of the
participants.
Label permutation tests223 were used to assess whether the observed accuracy
and AUC were significantly different from chance level with multiple com-
parisons correction for the four different data views. To that end, the whole
procedure, including the 500 random undersamplings, was repeated 1000 times
while randomly permuting the labels of the classes. All machine learning anal-
yses were implemented using the scikit-learn toolbox (version 0.19.1)232 for
Python (version 2.7.15). Random undersampling was performed through the
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imbalanced-learn toolbox (version 0.3.3)186.

3.2.7 Statistical analysis

Statistical analyses of demographic and clinical data were performed in SPSS.
Differences in characteristics between diagnostic groups of patients were as-
sessed using one-way analyses of variance (ANOVA), χ2, and Kruskal-Wallis
H tests where appropriate.
To assess the difference between the five data usage approaches – clinical data,
voxel-wise whole brain, ROI approach, combination of ROI and clinical data,
and combination of voxel-wise and clinical data – for a specific classification
task a sign flipping test was implemented using accuracy as metric to be com-
pared. Comparing two data views at a time the average difference in accu-
racy calculated across each test fold and each undersampling iteration was
computed. To determine an empirical null-distribution the differences were
randomly sign-flipped 5000 times and an average sign-flipped difference was
computed. The observed average difference was compared to the calculated
null-distribution and a p-value was estimated. The significance level was set to
α = 5% Bonferroni corrected for 20 one-sided tests. This procedure allowed to
investigate an overall average advantage of using a data usage approach over
another.

3.2.8 Anatomical localization

To investigate which regions contributed most to the SVM classification for the
voxel-wise whole brain approach on a group level, a novel approach to estimate
p-values for the weights of the SVM was employed125. In this approach a statis-
tic is computed which is a combination between the weight component value
and the size of the margin. This provides a better metric than looking into the
value of the weights alone. To obtain a p-value an analytical approximation to
the null-distribution obtained through permutation tests was used125. It has
been shown that this analytical approximation shows good correlation with
the null-distribution obtained from empirical permutation tests.

3.3 Results

3.3.1 Demographic and clinical characteristics

Based on the diagnosis at the two-year follow-up, patients were assigned to
three different groups: 1) bvFTD (n = 18), 2) other neurological diseases (n
= 28), or 3) psychiatric disorders (n = 27). Within the bvFTD group, two
(11.1%) patients were diagnosed with definite bvFTD and 16 (88.9%) with
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probable bvFTD. Within the other neurological diseases group, five (17.9%)
patients were diagnosed with AD, three (10.7%) with DLB, three (10.7%) with
VaD, three (10.7%) with vascular mild cognitive impairment, eight (28.6%)
with other dementias, and six (21.4%) patients had other neurological dis-
orders. Within the psychiatric group, eight (29.6%) patients were diagnosed
with major depressive disorder, three (11.1%) with minor depressive disor-
der, three (11.1%) with autism spectrum disorder, three (11.1%) with bipolar
disorder, two (7.4%) with a personality disorder, one (3.7%) with obsessive
compulsive disorder, one (3.7%) with schizophrenia, and six (22.2%) patients
were diagnosed with other psychiatric disorders.
Demographic characteristics, clinical variables and corresponding statistics of
differences between diagnostic groups are summarized in Table 3.1. A sig-
nificant difference between groups was observed in the age of the patients
(p = 0.03). Post hoc Tukey tests revealed that this difference was only signif-
icant between the neurological and psychiatric group (mean age difference
of 4.84 years, p = 0.02), which was not part of our binary comparisons.
In line with our previous reports, a significant difference was observed be-
tween the SRI test scores as estimated by a one-way Kruskal-Wallis ANOVA
(p < 0.0001). Post hoc tests revealed a significant difference between bvFTD
and psychiatric (mean difference of 11.3, p < 0.0001) and bvFTD and neuro-
logical (mean difference of 14.5, p < 0.0001) groups93,306.

3.3.2 Support vector machine classification

The accuracy of all binary classification tasks ranged between 72–82% (Table
3.2 and Fig. 3.1) with the highest accuracy per classification always achieved
using a combination of clinical and MRI data. The top accuracies per classifica-
tion task were: 79% (p < 0.001) for bvFTD versus neurological + psychiatric,
81% (p < 0.001) for bvFTD versus neurological and 82% (p < 0.001) in the
bvFTD versus psychiatric classification. In general, sensitivity (67–79%) was
slightly lower than specificity (77–89%) implying a better performance of iden-
tifying non-bvFTD patients than bvFTD patients. AUC values of 0.75–0.90
indicated a generally high performance of the classifiers.
In the multi-class case, bvFTD versus neurological versus psychiatric, accuracy
between 54–59% could be observed (chance-level at 33.33%). The highest accu-
racy was again obtained for the combined voxel-wise and clinical data (59%,
p < 0.001). While sensitivity for correctly identifying bvFTD was similar
across all data views (65–71%), accuracies in correctly predicting the psychi-
atric or neurological group differed across approaches: clinical data did not
provide a very high accuracy in identifying the psychiatric group (42%) while
the purely MRI based methods failed at identifying patients with neurologi-
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cal conditions accurately (33–35%). Only the combined data lead to reason-
ably balanced performances (accuracy for neurological group: 46%, psychiatric
group: 60%).
To investigate which patients were consistently correctly (or incorrectly) clas-
sified, we quantified how often our classifiers correctly predicted their labels
across the 500 random undersampling iterations (Supplementary Figure 3.3).
This showed that accuracies were mainly driven by consistent misclassification
of the same few subjects.
Given the strong difference in SRI score between groups we also investigated
the usage of the SRI score alone without the addition of other clinical or
demographic variables. The obtained classification accuracy was comparable
to the results reported for the clinical data (data not shown) which indicates
that classification based on clinical data is driven by the difference in SRI
score.
To investigate whether our choice of default value of the SVM hyperparameter
C = 1 is reasonable we conducted a grid-search on the training set for different
values of C (0.01, 0.1, 1, 10, 100). With optimized values of C, the performance
of our classifiers remained qualitatively similar (Supplementary Table 3.3),
even though C values were often different from 1 (Supplementary Table 3.4).
This can be explained by the fact that the C hyperparameter in the case of
the standard SVM does not have a strong influence on classification accuracy
in the case of high-dimensional neuroimaging data300.
Furthermore, we investigated how performance of the different classifiers var-
ied if a different method for cross-validation was used, comparing the 5-fold
cross-validation approach to a leave-one-patient-per-group out approach (Sup-
plementary Table 3.5). Again, no qualitative difference in average performance
was observed.
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Table 3.2: Cross-validated average accuracy, sensitivity, specificity and AUC of the four classification problems for the four data usage approaches across
500 random undersampling iterations

Classification Clinical Voxel-Wise ROI Clinical + ROI Clinical + Voxel-wise

Accuracy[%],
mean (SD)

bvFTD versus
Neurological +
Psychiatric

75.0 (4.4)* 77.1 (5.2)* 76.2 (4.8)* 78.2 (6.0)* 78.9 (5.7)*

bvFTD versus
Neurological 76.2 (4.4)* 71.9 (5.6)* 77.1 (4.4)* 81.0 (4.7)* 79.1 (4.9)*

bvFTD versus
Psychiatric 71.9 (4.0)* 82.1 (3.5)* 78.3 (3.7)* 77.3 (4.3)* 82.4 (3.6)*

bvFTD versus
Neurological versus
Psychiatrica

55.1 (5.2)* 55.2 (5.4)* 53.8 (5.4)* 57.7 (6.0)* 58.8 (5.7)*

Sensitivity[%], mean
(SD)

bvFTD versus
Neurological +
Psychiatric

66.5 (3.2) 72.8 (6.8) 73.2 (6.1) 73.2 (6.1) 75.2 (6.7)

bvFTD versus
Neurological 68.2 (5.0) 66.8 (8.6) 71.7 (6.7) 73.1 (6.9) 71.3 (7.3)

bvFTD versus
Psychiatric 66.9 (3.0) 76.7 (3.9) 75.9 (3.6) 76.8 (3.7) 78.9 (3.8)

bvFTD versus
Neurological versus
Psychiatricb

65.3 (3.6) 65.9 (8.5) 69.1 (7.5) 69.3 (6.5) 70.7 (6.7)

Specificity[%], mean
(SD)

bvFTD versus
Neurological +
Psychiatric

83.4 (7.7) 81.3 (6.8) 79.2 (6.7) 83.2 (7.7) 82.6 (7.5)

bvFTD versus
Neurological 84.2 (6.7) 77.0 (6.2) 82.5 (5.7) 88.9 (5.1) 86.9 (6.9)

bvFTD versus
Psychiatric 76.8 (7.7) 87.5 (6.1) 80.8 (6.1) 77.7 (7.0) 85.8 (5.4)

bvFTD versus
Neurological versus
Psychiatricc

58.4 (8.8)
41.6 (12.1)

35.3 (9.9)
64.4 (9.7)

33.1 (11.1)
59.0 (13.5)

55.7 (10.0)
48.0 (12.2)

45.8 (11.4)
59.8 (10.2)

AUC, mean (SD)
bvFTD versus
Neurological +
Psychiatric

0.79 (0.07)* 0.84 (0.05)* 0.83 (0.05)* 0.86 (0.05)* 0.86 (0.05)*

bvFTD versus
Neurological 0.86 (0.04)* 0.81 (0.06)* 0.83 (0.04)* 0.90 (0.03)* 0.88 (0.04)*

bvFTD versus
Psychiatric 0.75 (0.07)* 0.88 (0.03)* 0.86 (0.04)* 0.85 (0.05)* 0.89 (0.03)*

p-value was calculated using a label permutation test (1000 iterations). SD: standard deviation, AUC: area-under-the-receiver-operator-curve.
aMulti-class classification with 3 classes: chance-level is at 33.33%.
b Accuracy of correctly classifying bvFTD.
c Accuracy of correctly classifying neurlogical (first line) and psychiatric (second line) groups.
* pBonferroni < 0.05.
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Figure 3.1: Boxplots of various performance metrics of classifiers across three binary (bvFTD
versus Neurological + Psychiatric, bvFTD versus Neurological and bvFTD versus Psychiatric),
and one multi-class (bvFTD versus Neurologic versus Psychiatric, ‘one-against- one’ approach)
classifications. Boxplots summarize the average cross-validated performance of the metric across
the 500 random undersampling iterations. Grey line indicates chance level (50% (0.5) for binary
and 33.33% for multi-class). Colors indicate the different data usage approaches. Black dots
show outliers which are values larger (smaller) than the 3rd (1st) quartile by at least 1.5 times
the interquartile range. A) Overall accuracy of the binary classifiers defined as average across
sensitivity and specificity. B) Area under receiver-operator curve (AUC). C) Sensitivity and (D)
Specificity of binary classification tasks. E) Metrics of the multi-class task: overall accuracy and
class-specific (bvFTD, Neurological or Psychiatric) accuracy.

3.3.3 Method comparisons

The results of comparisons of classifications based on different data approaches
are shown in Supplementary Table 3.6. The average difference in accuracy for
each test set fold was computed and through a sign flipping test an empirical
null distribution was obtained to derive a p-value. In all but one of the classi-
fication tasks, the combination between clinical and MRI (voxel-wise or ROI)
data showed a small but consistent improvement in performance. The only
case where the improvement was not consistent enough is in the case of the
bvFTD versus psychiatric classification where clinical + voxel-wise MRI data
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performed as well as the voxel-wise MRI data alone. Generally, a combination
of clinical + whole-brain voxel-wise MRI data yielded higher accuracies than
the combination of clinical and ROI data except for the bvFTD versus neu-
rological classification where also the ROI localized MRI data outperformed
data from the whole-brain. For all other classifications, voxel-wise MRI data
performed better than ROI data. MRI data outperformed clinical data in
the bvFTD versus neurological + psychiatric and bvFTD versus psychiatric
classification. However, in the bvFTD versus neurological and the multi-class
classification clinical data alone performed equally well or better than MRI
data.

3.3.4 Anatomical localization

Regions located in the anterior temporal, frontal, and cerebellar lobe of the
brain exhibit high contribution to the classification tasks of the SVM classifier
(Supplementary Table 3.7 and Fig. 3.2). These regions show mostly negative
weights which would imply a high chance for non-bvFTD classification given
low amount of atrophy in these regions. These results show that regions impor-
tant for the classification also reside outside of the purely frontal and temporal
regions which indicates the need for a whole brain approach for classification.

3.4 Discussion

In this study we showed that multivariate analysis of regional GM volume
estimates from baseline structural T1-weighted MRI recordings and baseline
clinical data enable the individual prediction of probable and definite bvFTD
diagnosis at two-year follow-up in a clinically representative sample of patients
presenting late onset behavioral changes. The approach yielded reasonably
high accuracy and high AUC values. Among the four classification tasks the
one with the highest relevance for the clinical setting had the goal to iden-
tify bvFTD patients across the combination of heterogeneous psychiatric and
neurological disorders. This classification task yielded an average accuracy of
79%, with a sensitivity of 75% and specificity of 83%, using the combination of
clinical and voxel-wise MRI data. The highest average accuracy of 82%, with a
sensitivity of 79% and a specificity of 86%, was obtained for the bvFTD versus
psychiatric disorders classification task when using the same data combina-
tion. This is encouraging since the differentiation of bvFTD versus psychiatric
disorders is very challenging in clinical practice97,183. The bvFTD versus neu-
rological classification achieved an accuracy of 81% with sensitivity of 73% and
specificity of 89%, using the combination of clinical and ROI data. To investi-
gate whether we can distinguish all three classes at once we also performed a
multi-class classification. While the best performing approach (combined data
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Figure 3.2: Untresholded -log10(p)-value maps characterizing the regions important for the
binary classification of the support vector machine classifier (SVM) in the voxel-wise whole
brain data usage case obtained by the approach described in Gaonkar et al.125. Hot colors
indicate positive weights and cold colors indicate negative weights of the SVM. The maps are
shown for the bvFTD versus Neurological + Psychiatric (A), bvFTD versus Neurological (B),
and bvFTD versus Psychiatric (C) classification task. Left side of the brain is shown on the
left and the corresponding coordinates in Montreal Neurological Institute (MNI) space are z =
–60, –50, –38, –26, –14, 0, 14, 26, 38, 50, 60. The figure was made with the nilearn packagec.
Region names of Bonferroni corrected surviving areas can be found in Supplementary Table
3.7.

with 59% accuracy) allowed for a classification which was better than chance
(chance-level 33.33%, p < 0.001) this is not a performance which can be con-
sidered potentially useful in a clinical setting due to its low base accuracy. We
found that the overall specificity for bvFTD classification was slightly higher
than the sensitivity for all binary classifiers. This reflects the difficulty seen in
clinical practice concerning the diagnosis of bvFTD in its early stages and cor-
responds with previous literature on the accuracy of neuroimaging techniques
used to detect bvFTD208,298,307. The higher specificity suggests that our
methods may be particularly suitable to exclude bvFTD from clinically rele-

chttps://nilearn.github.io
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vant differential diagnoses in patients reporting behavioral symptoms, thereby
initiating further diagnostics for other conditions at baseline. The combina-
tion of MRI and clinical data leads to a small but consistent improvement over
using only MRI data in almost all of the classification tasks. This can be also
seen in the literature where combination of different data sources leads to an
improvement of classification performance46,51,107. Accuracy was higher when
using MRI data alone (ROI or voxel-wise) compared with using clinical data
alone in two out of our four classification tasks: bvFTD versus neurological
and psychiatric and bvFTD versus psychiatric. In the other two classification
tasks there was no significant difference between MRI data alone or clinical
data alone. This is also reflected in the literature where neuropsychological
tests can be seen as a strong baseline311. Most of the current machine learning
studies predicting bvFTD use an establish diagnosis for bvFTD. These stud-
ies can be seen as an upper bound of the performance which can be achieved
by these methods and therefore provide a reasonable comparison. Accuracies
vary between 75–93% when classifying FTD against HC51,52,98,169,211,218 and
between 68–94% when classifying FTD against AD46,51,79,98,150,169,170,218,311.
However, in most of these studies, the FTD group was not limited to patients
with bvFTD but also included the language variant of FTD51,52,79,150,169,170

which makes them less directly comparable to the current study. Many stud-
ies also included imaging modalities such as [18F]FDG-PET, single-photon
emission computed tomography (SPECT), or arterial spin labelling perfusion
MRI52,98,150, which are not readily available in many hospitals. Moreover,
the machine learning classifiers in the before-mentioned studies were trained
on data that was obtained from patients whose diagnosis could be already
confirmed clinically at the time of inclusion, i.e., typical structural abnormal-
ities must have been already apparent in order to meet the diagnostic criteria
for probable bvFTD. The classifiers that were trained in our study were as-
signed a more difficult classification task and were able to predict bvFTD
using structural MR images acquired two years before diagnosis in a cohort
that resembles the population that is seen in clinical practice more closely. An
exception to this practice is the study by Feis et al.107 which attempted the
prospective prediction of pre-symptomatic FTD mutation carriers using an al-
ready established bvFTD classification model46. In a classification versus HC,
the established model only achieved a moderate AUC of 0.57. Training a new
model for their data, however, improved the performance towards an AUC of
0.68. In addition to using patients with already established diagnosis all stud-
ies so far have only assessed the classification performances for distinguishing
AD (or HC) from (bv)FTD and did not take a relevant psychiatric popula-
tion into account. The classification performances achieved in our study are
comparable in accuracy of visual ratings of structural MRI images to predict
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bvFTD diagnosis. Mendez et al.208, found 67% accuracy with 63.5% sensitiv-
ity and 70.4% specificity for clinicians using visual ratings of frontotemporal
atrophy to distinguish FTD from psychiatric diagnosis and other neurological
disorders two years prior to final diagnosis. The most relevant comparison of
our classification performance can be made with respect to the diagnostic accu-
racy reported by Vijverberg et al.307, who investigated the same LOF dataset
that was used in this study, and found 81.5% accuracy for the diagnosis of
bvFTD with 70% sensitivity and 93% specificity for frontotemporal atrophy
using visual ratings of global cortical atrophy, medial temporal lobe atrophy
and white matter intensities, scored by an experienced academic neuroradiol-
ogist. If combined with [18F]FDG-PET-scans, the performance rose to 84.5%
accuracy with 96% sensitivity and 73% specificity. The reported performance
in the current study is therefore comparable with what can be achieved by
visual ratings of an expert neuroradiologist specialized in neurodegeneration
when using MRI data alone, and slightly lower than what can be achieved
when it is combined with PET data. However, our current approach provides
an automatic, less time-consuming and less expensive method which can also
be applied in hospitals without PET scanner and a specialized neuroradiol-
ogist. It should be noted that the usage of a machine learning algorithm in
clinical practice is not without additional costs as well. Specifically, there is
a considerable overhead in bringing an algorithm to a point which makes it
suitable for usage in the clinic by constant validation and confirmation of its
performance324. But after the confirmation of the algorithms generalization
capability and replication among multiple samples, a trained machine learning
model can be run using any recent personal computer with the capability of
reading in MRI images.
From the two MRI data usage approaches, the whole brain voxel-wise ap-
proached generally outperformed the ROI localized classification. With the ex-
ception of the classification of bvFTD against neurological disorders where the
important information seems to be localized in our chosen ROIs (orbitofrontal
cortex, bilateral temporal pole, insular, and prefrontal cortex), whole brain
data was always significantly outperforming the localized ROI approach. A
potential explanation is provided by the post hoc examination of the weight-
maps of the SVM classifier (Supplementary Table 3.7 and Fig. 3.2) which
clearly shows regions outside of the prefrontal and temporal gyri to be ben-
eficial for solving the classification tasks. The reason for this may be that
brain regions that are important for the classification task but beyond the
ROIs might not only be directly related to the disorder in question but can
be used for denoising purposes in the classification process139. The expense
of this additional benefit is that whole brain data does not allow for easy re-
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gional interpretations of the classification anymore. It should be noted that
an image of p-values of the weight maps (as provided in Fig. 3.2) does not
correspond to a univariate voxel-wise group comparison as obtained through
voxel-based morphometry but represents the multivariate pattern used by the
SVM classifier. There are several limitations to this study. We investigated
a rather low number of subjects per group. The small number of bvFTD pa-
tients used for training limits the ability of the SVM to learn the complex
multivariate pattern that separates it from other classes. Additionally, having
more data would allow for a bigger test set in each iteration of the cross-
validation procedure which would allow for less variance in the estimation of
the generalization performance of the classifier300. A further limitation is the
age difference, which was found between the different patient groups. Such a
difference could in an extreme case lead to a high classification performance
without the classifier learning anything about the underlying disorders. How-
ever, post hoc tests revealed that the difference is only present between the
psychiatric and neurological groups. Therefore, it does not limit the primary
analysis performed in this study – bvFTD versus combination of both psy-
chiatric and other neurological disorders – since the binary classification task
never involved the classification between the psychiatric and the neurological
group. An additional consideration is the use of a single neuroimaging modal-
ity to detect brain abnormalities. Even though combining the strengths of
different imaging modalities could improve diagnostic accuracy, imaging tech-
niques such as SPECT or [18F]FDG-PET are not available in most hospitals
and require the infusion of nuclear tracers. This procedure is expensive and
exposes patients to radiation, which may not be necessary. However, com-
bination of additional neuroimaging modalities has been shown to perform
strongly in distinguishing (bv)FTD from AD and HC and should therefore be
also investigated in future studies of prospective diagnosis prediction46,51,107.
Future studies should also consider the added value of using cognitive tests as
an additional data domain useful for classification, and investigate whether the
addition of multiple parameters are of added value for the diagnostic process.
In summary, we demonstrated the potential feasibility of machine learning
techniques to automatically predict the accurate diagnosis of bvFTD at the
single subject level. We were able to predict probable and definite bvFTD
diagnosis that was confirmed after 2 years of multidisciplinary follow-up using
whole brain structural and clinical data in a cohort that more closely resembles
the population seen in clinical practice, with classification performances that
are comparable to the diagnostic accuracy of expert neuroradiologists visually
assessing MR images. Our results show how machine learning classifiers could
be of value for the clinic and used to provide diagnostic certainty for bvFTD.
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Studies aimed to improve the diagnostic accuracy of bvFTD in its early stages
are critical for research on new interventions and treatments, as well as the
timely development of management strategies for patients and their families.
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3.5 Supplementary information
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Figure 3.3: Figure showing the percentage of correct classifications for each patient across the
500 undersampling runs for the four classification tasks and the five data sources made by the
linear SVM classifier.

Table 3.3: Comparison between accuracy of C hyperparameter fixed at 1 versus a grid-search for
C for a linear SVM

Classification

Original accuracy (mean):
Clinical/Voxel-

Wise/ROI/Clinical +
ROI/Clinical + Voxel-Wise

Accuracy with
Grid-Search(mean):

Clinical/Voxel-
Wise/ROI/Clinical +

ROI/Clinical + Voxel-Wise

bvFTD versus Neurological +
Psychiatric 75.0/77.1/76.2/78.2/78.9 74.3/77.0/75.5/78.3/78.9

bvFTD versus Neurological 76.2/71.9/77.1/81.0/79.1 74.9/72.5/74.3/80.2/78.5

bvFTD versus Psychiatric 71.9/82.1/78.3/77.3/82.4 71.8/80.9/77.6/77.2/81.2

bvFTD versus Neurological
versus Psychiatric 55.1/55.2/53.8/57.7/58.8 54.2/54.6/53.2/57.4/58.0
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Table 3.4: Percentage of chosen C hyperparameters for SVM for each data approach across all random undersampling runs using grid-search

Classification Clinical
0.01/0.1/1/10/100

Voxel-Wise
0.01/0.1/1/10/100

ROI
0.01/0.1/1/10/100

Clinical + ROI
0.01/0.1/1/10/100

Clinical +
Voxel-Wise

0.01/0.1/1/10/100

bvFTD versus
Neurological +
Psychiatric

66.7/0.8/14.0/13.0/5.5 59.7/0/25.2/15.1/0 65.0/0.1/20.4/14.6/0 67.1/0/16.3/16.2/0.4 64.3/0/22.8/12.9/0

bvFTD versus
Neurological 48.5/1.2/16.0/23.5/10.8 55.2/0/19.5/25.4/0 42.2/0/36.6/21.2/0 55.8/0.2/15.5/28.4/0 53.2/0/19.3/27.5/0

bvFTD versus
Psychiatric 73.9/0.6/13.0/9.4/3.1 47.8/0/33.2/19.0/0 62.1/0.2/15.0/22.7/0 60.4/0.12/14.2/24.8/0.4 58.8/0/29.7/11.5/0

bvFTD versus
Neurological versus
Psychiatric

43.8/0.7/28.0/16.4/11.0 38.2/0/36.7/25.1/0 42.0/0/22.7/35.0/0.3 36.3/0/23.2/26.8/3.6 43.5/0/31.6/24.9/0
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Table 3.5: Comparison between 5-fold cross-validation and leave-one-subject-per-group (LOSG)
out validation

Classification

Original accuracy (mean):
Clinical/Voxel-

Wise/ROI/Clinical +
ROI/Clinical + Voxel-Wise

Accuracy with
LOSG(mean):
Clinical/Voxel-

Wise/ROI/Clinical +
ROI/Clinical + Voxel-Wise

bvFTD versus Neurological +
Psychiatric 75.0/77.1/76.2/78.2/78.9 75.1/77.9/76.7/78.8/79.4

bvFTD versus Neurological 76.2/71.9/77.1/81.0/79.1 76.2/72.5/79.0/81.6/79.8

bvFTD versus Psychiatric 71.9/82.1/78.3/77.3/82.4 71.9/82.8/79.0/77.4/82.5

bvFTD versus Neurological
versus Psychiatric 55.1/55.2/53.8/57.7/58.8 55.3/56.1/54.9/58.9/59.5

Table 3.6: Comparison of data usage approaches for each individual classification task with
accuracy as metric

Clinical Voxel-Wise ROI Clinical +
ROI

Clinical +
Voxel-Wise

bvFTD
versus
Neurological
+
Psychiatric

Clinical - - - -

Voxel-Wise * * - -

ROI * - - -

Clinical +
ROI * * * -

Clinical +
Voxel-Wise * * * *

bvFTD
versus
Neurological

Clinical * - - -

Voxel-Wise - - - -

ROI - * - -

Clinical +
ROI * * * *

Clinical +
Voxel-Wise * * * -
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bvFTD
versus
Psychiatric

Clinical - - - -

Voxel-Wise * * * -

ROI * - * -

Clinical +
ROI * - - -

Clinical +
Voxel-Wise * - * *

bvFTD
versus
Neurological
versus
Psychiatric

Clinical - * - -

Voxel-Wise - * - -

ROI - - - -

Clinical +
ROI * * * -

Clinical +
Voxel-Wise * * * *

p-values obtained from sign permutation tests (5000 permutations) comparing cross-validated per-
formance of each data type for the same classification and the same distribution of patients across
folds and undersampling iterations. Data type in the table row indicates a directed (i.e. larger
than) comparison against the data type mentioned in the column.
* pBonferroni < 0.05
- pBonferroni ≥ 0.05

Table 3.7: Regions contributing to classification based on margin-aware SVM weight statistic

Weight
Sign

Number of
Voxels

− log10(pFWE)
(maximum)

Coordinates
in

MNI-space
(x, y, z)
[mm]

Area Name
(Hemi-
sphere)

bvFTD versus
Neurological +
Psychiatric

+ 94 13.2 -54, -49.5, 1.5
Middle
Temporal
Gyrus (Left)

+ 67 11.0 30, -72, 45 Angular Gyrus
(Right)

+ 60 8.93 -27, -69, -61.5
Lobule VIIB
of Cerebellum
(Left)
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+ 53 9.67 18, -69, -61.5
Lobule VIIB
of Cerebellum
(Right)

+ 53 10.2 28.5, -49.5,
-13.5

Fusiform
Gyrus (Right)

+ 28 10.1 61.5, -27, 24
Superior
Temporal
Gyrus (Right)

- 1591 15.7 45, 1.5, -40.5

Middle/Superior
Temporal
Pole/Inferior
Temporal
Gyrus (Right)

- 904 15.7 37.5, -19.5, -18 Hippocampus
(Right)

- 364 10.3 -33, -21, -12 Hippocampus
(Left)

- 317 10.1 -3, 42, 36 Medial Frontal
Gyrus (Left)

- 243 11.3 -34.5, 7.5, -39

Middle
Temporal
Pole/Inferior
Temporal
Gyrus (Left)

- 197 10.8 39, 6, 1.5 Insula (Right)

- 135 10.0 -37.5, 21, 1.5 Insula (Left)

- 108 8.8 10.5, -18, 15 Thalamus
(Right)

- 78 9.1 13.5, 58.5, -9
Superior
Orbitofrontal
Gyrus, (Right)

- 76 9.0 -10.5, 25.5, -21 Gyrus Rectus
(Left)

- 62 7.8 15, -40.5, -16.5
Crus II of
Cerebellum
(Right)

- 53 10.6 -13.5, 54, -7.5
Superior
Orbitofrontal
Gyrus, (Left)

- 43 9.0 9, 43.5, -19.5 Gyrus Rectus
(Right)

- 37 8.2 -51, 9, -31.5
Middle
Temporal Pole
(Left)

74



3

- 33 9.8 -64.5, -12, -7.5
Middle
Temporal
Gyrus (Left)

- 22 7.9 21, -31.5, -22.5 Parahippocampal
Gyrus (Right)

- 17 7.3 10.5, -30, 6 Thalamus
(Right)

- 14 8.0 -24, 37.5, 42 Middle Frontal
Gyrus (Left)

- 11 7.6 -7.5, 40.5,
-22.5

Gyrus Rectus
(Left)

bvFTD versus
Neurological + 129 14.4 -52.5, -48, 0

Middle
Temporal
Gyrus (Left)

+ 98 9.3 31.5, -75, 37.5
Middle
Occipital
Gyrus (Right)

+ 25 8.5 15, -60, 61.5
Superior
Parietal Gyrus
(Right)

+ 23 8.2 30, -49.5, -12 Fusiform
Gyrus (Right)

+ 23 8.2 37.5, -57, 54
Inferior/Superior
Parietal Gyrus
(Right)

+ 14 7.4 -25.5, -70.5,
-60

Lobule VIIB
of Cerebellum
(Left)

- 2677 15.7 34.5, 13.5,
-46.5

Middle/Superior
Temporal
Pole/Inferior
Temporal
Gyrus (Right)

- 808 11.7 16.5, 16.5, -18

Gyrus Rec-
tus/Superior
Orbitofrontal
Gyrus (Right)

- 625 10.9 16.5, -40.5,
-16.5

Lobule
III/Crus II of
Cerebellum
(Right)

- 547 11.3 -7.5, 42, -22.5

Gyrus Rec-
tus/Superior
Orbitofrontal
Gyrus (Left)
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- 504 9.4 12, -30, 12 Thalamus
(Right)

- 358 14.0 -37.5, 6, -46.5

Middle
Temporal
Pole/Inferior
Temporal
Gyrus (Left)

- 300 11.0 39, 15, -16.5 Insula (Right)

- 225 11.9 64.5, -18, -24

Middle
Temporal
Gyrus/Inferior
Temporal
Gyrus (Right)

- 126 11.6 54, 6, -25.5
Middle
Temporal Pole
(Right)

- 42 8.7 -15, -42, -10.5 Lingual Gyrus
(Left)

- 39 8.0 -51, 9, -31.5
Middle
Temporal Pole
(Left)

- 33 8.0 3, 43.5, 16.5
Anterior
Cingulate
Gyrus (Right)

- 30 8.4 -3, 40.5, 34.5 Medial Frontal
Gyrus (Left)

- 18 8.0 -13.5, 54, -7.5
Superior
Orbitofrontal
Gyrus (Left)

- 13 8.9 -66, -12, -6
Middle
Temporal
Gyrus (Left)

bvFTD versus
Psychiatric + 43 10.5 45, -73.5, -42

Crus I of
Cerebellum
(Right)

+ 41 8.7 18, -69, -61.5
Lobule VIIB
of Cerebellum
(Right)

+ 41 9.2 31.5, -73.5,
46.5

Angular Gyrus
(Right)

+ 26 9.4 19.5, -34.5,
-46.5

Lobule IX of
Cerebellum
(Right)

+ 21 7.8 10.5, -19.5, 75 Paracentral
Lobule‘(Right)
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+ 20 7.7 -16.5, -87, 22.5
Superior
Occipital
Gyrus (Left)

+ 18 8.0 -28.5, -69,
-61.5

Lobule VIIB
of Cerebellum
(Left)

+ 12 8.1 -31.5, -88.5, 9
Middle
Occipital
Gyrus (Left)

- 4159 15.7 45, 1.5, -40.5

Inferior/Middle
Temporal
Gyrus/Middle/
Superior
Temporal Pole
(Right)

- 2043 15.7 -24, 0, -31.5

Hippocampus/
Parahip-
pocampal
Gyrus (Left)

- 1665 14.5 -7.5, 43.5, 1.5 Medial Frontal
Gyrus (Left)

- 476 9.7 -33, 0, 7.5 Insula (Left)

- 347 14 -64.5, -12, -7.5
Middle
Temporal
Gyrus (Left)

- 343 10.8 10.5, -31.5, 4.5 Thalamus
(Right)

- 288 11.5 39, 10.5, 0 Insula (Right)

- 88 9.1 -31.5, 46.5, 6 Middle Frontal
Gyrus (Left)

- 67 9.7 12, 27, 36 Midcingulate
Area (Right)

- 40 10.0 10.5, 42, -19.5 Gyrus Rectus
(Right)

- 19 8.9 -49.5, 0, -30
Middle
Temporal
Gyrus (Left)

- 18 8.5 6, -3, 48
Supplementary
Motor Area
(Right)

- 15 7.8 -36, -7.5, -36 Fusiform
Gyrus (Left)
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- 12 7.6 24, 34.5, 40.5 Middle Frontal
Gyrus (Right)

p-values were obtained using the analytical approximation of the null-distribution of a permuta-
tion test computed from margin-aware weight statistic described in125. p-values were corrected
using Bonferroni correction on the voxel level. Area names were extracted from the automated
anatomical labeling (AAL) atlas285. Only clusters with more than 10 voxels are shown.
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Abstract
Background: Deep brain stimulation (DBS) is a new treatment option for
patients with therapy-resistant obsessive–compulsive disorder (OCD). Approx-
imately 60% of patients benefit from DBS, which might be improved if a
biomarker could identify patients who are likely to respond. Therefore, we eval-
uated the use of preoperative structural magnetic resonance imaging (MRI) in
predicting treatment outcome for OCD patients on the group- and individual-
level.
Methods: In this retrospective study, we analyzed preoperative MRI data of
a large cohort of patients who received DBS for OCD (n = 57). We used voxel-
based morphometry to investigate whether grey matter (GM) or white matter
(WM) volume surrounding the DBS electrode (nucleus accumbens (NAc), an-
terior thalamic radiation), and whole-brain GM/WM volume were associated
with OCD severity and response status at 12-month follow-up. In addition,
we performed machine learning analyses to predict treatment outcome at an
individual-level and evaluated its performance using cross-validation.
Results: Larger preoperative left NAc volume was associated with lower OCD
severity at 12-month follow-up (pFWE < 0.05). None of the individual-level
regression/classification analyses exceeded chance-level performance.
Conclusions: These results provide evidence that patients with larger NAc
volumes show a better response to DBS, indicating that DBS success is partly
determined by individual differences in brain anatomy. However, the results
also indicate that structural MRI data alone does not provide sufficient infor-
mation to guide clinical decision making at an individual level yet.
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4.1 Introduction

Deep brain stimulation (DBS) is a new treatment option for approximately
10% of patients with obsessive–compulsive disorder (OCD) who do not benefit
from conventional pharmacological and psychological therapies85. On aver-
age, around 60% of these treatment-resistant patients respond to DBS8. Clin-
ical predictors for DBS outcomes in OCD are scarce, with, e.g., an older age
at onset of OCD being associated with better response on the group-level8.
However, these predictors cannot yet be used to determine which individual
patients may or may not be suitable for DBS. While recent studies showed that
treatment response might improve with diffusion magnetic resonance imaging
(MRI) guided DBS targeting26,71,191, it is unlikely that all patients will be-
come responders in the future. Since OCD has been associated with various
structural brain43,124,138, differences in (individual) brain structure might be
used to predict treatment response. Multiple studies used structural MRI
data to predict treatment outcome in OCD (e.g., Hashimoto et al. 138 , Yun
et al. 330), but few studies examined neural biomarkers for treatment-resistant
OCD99,291. Nevertheless, the potential benefits of a reliable biomarker for
DBS response are substantial. First, DBS is a long-term invasive treatment
which carries several risks8,83 and presents a possible burden to the patient,
which could be avoided if potential non-responders are identified early. Sec-
ond, DBS is a costly treatment with limited availability. Selecting only those
patients who are likely to benefit would increase DBS’s cost-effectiveness,
since the likelihood of DBS being cost-effective is only 57% over the first two
years225. This could increase the availability of DBS, speeding up patients’
and referring clinicians’ decision to start treatment. In addition, an effective
biomarker could provide valuable information regarding the pathophysiology
of (treatment-resistant) OCD.
The nucleus accumbens (NAc) and the neighboring ventral capsule have been
the most popular DBS targets for OCD8. These targets, which were adapted
from white matter lesioning sites283, form a central hub within the cortico-
striatal-thalamic-cortical (CSTC) loop325. Previous findings suggest that DBS
reduces OCD symptoms by disrupting patho logical hyperconnectivity within
the CSTC circuitry112,261, preventing neurons in frontostriatal networks to
synchronize25,274. The NAc is assumed to play an important role in integrat-
ing inputs within the CSTC circuitry, receiving dopaminergic and glutamater-
gic inputs from the ventral tegmental area and cortico-limbic regions, respec-
tively325. Successful DBS renormalizes abnormal striatal dopamine levels in
OCD patients111, which is in agreement with the assumed working mecha-
nism of the same DBS target for depression72. Recent tractography studies
further support the idea that connections to distal brain regions are impor-
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tant in DBS treatment response, even suggesting that white matter tracts
running through the ventral capsule may be the optimal targets. Specifically,
these studies have pointed towards the supero-lateral medial forebrain bundle
(slMFB)70,191, possibly in combination with frontothalamic fibers (likely part
of the anterior thalamic radiation (ATR))26. Complementary to their impor-
tance as targets, the NAc, slMFB and ATR might contain crucial information
regarding treatment response.
In this retrospective study, we perform group- and individual-level analyses
on preoperative structural MRI data to infer a potential relationship between
voxel-wise grey- and white-matter volume (GM/WM) and DBS treatment re-
sponse using one of the largest cohorts of OCD patients who received DBS
to date. We hypothesized that grey matter (NAc) and white matter (ATR
and slMFB) volume surrounding the DBS electrodes would be suitable for
predicting improvement in OCD symptoms following DBS treatment. More
exploratory, we also investigated DBS treatment effects on the whole-brain
level.

4.2 Materials and methods

4.2.1 Patients

We retrospectively retrieved and analyzed all available anonymized data of
patients who received DBS for treatment-refractory OCD at the Amsterdam
UMC (location AMC) in Amsterdam, The Netherlands, between 2005 and
2017. The first 16 patients participated in a clinical trial86, while all consecu-
tive patients received DBS as part of routine healthcare85. We automatically
retrieved preoperative MRI data of 63 patients. Data of six patients were ex-
cluded during preprocessing due to suboptimal segmentation or image artifacts
(details in the Imaging section), so that datasets from 57 patients were used
for the final analyses.
Patients aged 18-65 were eligible for treatment if they had a primarydiagnosis
of severe treatment-resistant OCD according to the DSM-IV12 for over 5 years,
with a minimum symptom score of 28 on the Yale-Brown obsessive compul-
sive scale (Y-BOCS). Patients were eligible for DBS if they did not previously
respond to two 12-week trials with a selective serotonin reuptake inhibitors
(SSRI) at maximum dosage, including augmentation with an atypical antipsy-
chotic for 8 weeks, one 12-week trial of the maximum dosage clomipramine and
cognitive behavioral therapy (CBT) at a center specialized in OCD85. Con-
traindications for DBS were presence of psychotic disorders, recent substance
abuse, and unstable neurological or coagulation disorders. Severe comorbid
DSM diagnoses such as bipolar disorder or autism spectrum disorder were rel-
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ative contraindications, outside of the first 16 patients included in our trial
for whom these were always exclusion criteria. An independent psychiatrist
monitored the inclusion process. More details about the included patients and
inclusion and exclusion criteria can be found in Denys et al. 85 .
Since this is a retrospective study with anonymized datasets that does not
burden the patient, according to the Dutch Medical Research Involving Human
Subjects Act (WMO) this study did not require approval from a medical-
ethical committee. The institutional review board of Amsterdam UMC waived
the obligation to obtain informed consent.

Table 4.1: Demographic and clinical variables (mean (SD) [range])

All
(n = 57)

Responder
(n = 31)

Non-Responder
(n = 26)

Age [years] 42.65 (11.17)
[23-69]

43.48 (11.10)
[30-69]

41.65 (11.40)
[23-65]

t(55)=0.612,
p = 0.543a

Sex (F/M) 41/16 21/10 20/6 χ2(1) = 0.590,
p = 0.442b

Age at onset of
OCD [years]

16.23 (9.13)
[4-52]

17.45 (8.89)
[6-52]

14.77 (9.38)
[4-40]

t(55)=1.107,
p = 0.273a

Duration of
illness [years]

26.82 (10.69)
[7-51]

26.61 (9.65)
[12-51]

27.08 (12.00)
[7-50]

t(55)=-0.162,
p = 0.872a

MRI sequencec 6/24/5/15/7 3/14/2/7/5 3/10/3/8/2 χ2(4) = 1.794,
p = 0.774b

TIV [ml] 1359.82 (156.65)
[1102.17-1795.69]

1358.00 (159.13)
[1129.47-1795.69]

1361.99 (156.76)
[1102.17-1637.40]

t(55)=-0.095,
p = 0.925a

Baseline symptom severity:

Y-BOCS 33.85 (3.22)
[28-40]

33.94 (3.25)
[28-40]

33.77 (3.24)
[28-40]

t(55)=0.193,
p = 0.848a

HAM-A 26.65 (7.96)
[11-45]

26.68 (8.22)
[11-42]

26.62 (7.80)
[12-45]

t(55)=0.029,
p = 0.977a

HAM-D 21.38 (5.89)
[8-35]

21.30 (6.18)
[11-31]

21.46 (5.67)
[8-35]

t(54)=-0.101,
p = 0.920a

Baseline medication: χ2(5) = 8.954,
p = 0.111b

None 7 4 3

SSRI 13 5 8

SSRI +
antipsychotic 14 11 3
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Clomipramine 6 1 5

Clomipramine +
antipsychotic 16 9 7

Other 1 1 0

Baseline comorbidities:

Mood disorders 30 17 13 χ2(1) = 0.133,
p = 0.716b

Anxiety disorders 6 2 4 χ2(1) = 1.198,
p = 0.274b

Addiction 3 2 1 χ2(1) = 0.193,
p = 0.661b

Eating disorders 4 3 1 χ2(1) = 0.795,
p = 0.373b

Personality
disorders 11 6 5 χ2(1) < 0.001,

p = 0.991b

Other 3 1 2 χ2(1) = 0.566,
p = 0.452b

Stimulation settings:d

# Active contacts
(1/2/3/4)

1/39/6/4
3 unknown

1/23/1/1
3 unknown 0/16/5/3 χ2(3) = 4.000,

p = 0.260b

Voltage [V] 4.32 (0.90)
[2.80-6.30]

4.28 (0.87)
[3.00-6.30]

4.35 (0.95)
[2.80-6.00]

t(51)=0.285,
p = 0.770a

Pulse width
(60/90/120/150/180)

[µs]

3/37/4/4/2
3 unknown

3/19/2/2/2
1 unknown

0/18/2/2/0
2 unknown

χ2(4) = 6.667,
p = 0.150b

Frequency
(130/180/185)

[Hz]

37/2/11
3 unknown

22/1/5
1 unknown

15/1/6
2 unknown

χ2(3) = 6.000,
p = 0.200b

Post-treatment symptom severity:

Y-BOCS 19.35 (9.40)
[0-35]

12.61 (6.94)
[0-24]

27.38 (4.06)
[22-35]

t(49.571)=-9.986,
p < 0.001d, *

F: Female; M: Male; MRI: Magnetic Resonance Imaging; TIV: Total Intracranial Volume;
Y-BOCS: Yale-Brown Obsessive Compulsive Scale; HAM-A: Hamilton Anxiety Rating Scale;
HAM-D: Hamilton Depression Rating Scale; SSRI: Selective Serotonin Reuptake Inhibitor.
a independent samples t-test - equal variances assumed.
b χ2 test.
c MRI sequence correspond to the five different MRI scanners/sequences described in the supple-
mentary materials (Table 4.4).
d Stimulation settings for n = 53 patients, data of 4 patients (2 responders) were not automati-
cally retrievable.
e independent samples t-test - equal variances not assumed.
* p < 0.05
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4.2.2 Treatment

DBS lead implantation

Patients were bilaterally implanted under general anesthesia, according to
standard stereotactic procedures. Surgical planning was performed based on
anatomical landmarks in SurgiPlan (Elekta AB, Stockholm, Sweden), such
that the active DBS contacts (model 3389, Medtronic, Minneapolis, US; 4x
1.5 mm contacts with 0.5 mm interspace) were placed in the ventral ante-
rior limb of the internal capsule (ALIC)287. The electrodes were coronally
angled to follow the ALIC trajectory with an approximate anterior angle of
75◦. Correct lead placement was ensured with co-registration of postoperative
computed tomography (CT) to preoperative structural MRI.

DBS optimization and CBT

The DBS device was switched on two weeks after surgery, marking the start
of the optimization phase. In this phase, stimulation voltage, pulse duration
and active contacts were subsequently updated in absence of clinical response.
The clinical effect and tolerability of (side) effects of each new parameter com-
bination was evaluated every two weeks, according to published protocols297.
The aim of DBS optimization was to find a clinically effective and tolerable
parameter combination. Once achieved, these parameters were kept stable.
The length of the optimization phase was not uniform, since the time to find
the optimal stimulation parameters varied between patients. At the end of the
optimization phase, patients received CBT during which they had to challenge
their symptomatic behavior to augment the clinical effect of DBS198.

Treatment outcome

Symptom severity was regularly assessed using the Y-BOCS, with a ≥35%
symptom reduction with respect to the preoperative baseline determining
treatment response. We computed DBS treatment response from baseline and
12-month follow-up Y-BOCS scores, which – outside of the first 16 patients
– were obtained as part of routine clinical practice. In our analyses we first
focused on the treatment response criterion as it has been used as a typical cri-
terion of treatment success in DBS stimulation8. In addition, we also predicted
the Y-BOCS score at 12-month follow-up directly as this approach should al-
low for better statistical modeling than prediction of (binarized) percentage
change9.
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4.2.3 Imaging

Data acquisition

The T1-weighted MRI data used in this study were all acquired for surgical
planning according to clinical protocol. Given the large time frame in which
patients received DBS, different combinations of scanners/parameters were
used in this study (Table 4.4).

Table 4.2: Classification performance for different MRI data representations. Estimated using
10-times repeated 5-fold cross-validation (mean (SD) [range])

AUC Accuracy [%] Sensitivity [%] Specificity [%]

GM 0.468 (0.124)
[0.167-0.694]

48.21 (10.25)
[26.67-72.86]

56.76 (19.96)
[16.67-100]

39.67 (19.57)
[0-80]

WM 0.422 (0.173)
[0-0.80]

44.90 (14.52)
[16.67-72.86]

57.52 (23.27)
[0-100]

32.27 (21.58)
[0-60]

GM + WM 0.433 (0.171)
[0-0.833]

48.10 (15.56)
[0-80.00]

60.67 (22.71)
[0-100]

35.53 (19.40)
[0-66.67]

NAc 0.543 (0.213)
[0.067-0.933]

57.30 (13.23)
[16.67-83.33]

62.19 (19.62)
[16.67-100]

52.40 (20.00)
[0-100]

ATR 0.509 (0.201)
[0.10-0.933]

42.86 (14.86)
[16.67-73.33]

47.19 (19.16)
[0-85.71]

38.53 (24.02)
[0-100]

NAc + ATR 0.481 (0.162)
[0.133-0.767]

48.57 (14.57)
[16.67-75.71]

54.14 (17.65)
[16.67-85.71]

43.00 (22.41)
[0-80]

Scalar Momentum 0.546 (0.136)
[0.233-0.857]

51.52 (10.24)
[33.33-75.71]

56.38 (17.21)
[16.67-85.71]

46.67 (18.52)
[0-100]

AUC: Area-under-receiver-operator-curve; GM: Grey-matter volume; WM: White-matter vol-
ume; NAc: Grey-matter volume of Nucleus Accumbens; ATR: White-matter volume of Anterior
Thalamic Radiation.

MRI preprocessing

Preoperative MRI data was preprocessed using the standardized pipeline of the
CAT12 toolboxa (r1450) for SPM12b (v7487) in the MATLAB programming
language (R2018b, The Mathworks, Natick, MA). Preprocessing included inho-
mogeneity correction, partial volume based segmentation and spatial normal-
ization to MNI space via Geodesic Shooting normalization17 utilizing a tem-
plate derived from 555 subjects of the IXI-databasec provided by the CAT12

ahttp://www.neuro.uni-jena.de/cat
bhttps://www.fil.ion.ucl.ac.uk/spm/software/spm12
chttps://brain-development.org/
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toolbox. The final GM/WM segmentations were modulated by the Jacobian
determinant accounting for volume changes during the normalization process.
The quality of the segmentations was investigated through the quality control
options provided by the CAT12 toolbox and visual inspection. This led to the
exclusion of five patients due to suboptimal segmentation quality and one pa-
tient due to an artifact in the original MRI scan. Finally, data were spatially
smoothed with an 8mm full-width-at-half-maximum kernel.
For the analyses whole-brain GM and WM masks were created by thresh-
olding individual GM/WM images at 0.15 and only including voxels which
survived thresholding across all patients. Bilateral ROI-specific masks for the
NAc and the ATR were extracted from the subcortical Harvard-Oxford atlas
(25% threshold of the maximum probability maps) and the JHU white-matter
tractography atlas (25% threshold of the maximum probability maps), respec-
tively, which are both included in the FSL library160. It is important to note
that a large part of the slMFB is included in the atlas definition of the ATR.
We also calculated scalar momenta18 as an additional and more advanced form
of MRI data representation since a recent benchmarking study showed them
to provide increased performance in pattern recognition tasks216. Details on
their computation can be found in the Supplementary Methods 4.5.1.

4.2.4 Statistical analyses

Clinical and demographic data

We summarized clinical and demographic data of the entire sample. To investi-
gate whether responders and non-responders differed on demographic variables
at baseline and follow-up (symptom severity) we used t-tests and χ2-tests as
appropriate. Tests were performed using the SPSS software (version 26).

MRI Group-level analyses

All analyses were performed on ROI- (bilaterally) and whole-brain level. Group-
differences between responders (n = 31) and non-responders (n = 26) were
computed using the preprocessed and masked volume maps. Demeaned base-
line Y-BOCS scores, age at base line, sex, total intracranial volume (TIV), and
scanner IDs (dummy-coded) were included as covariates in the analysis. The
significance level was set at p < 0.05 family-wise error (FWE) corrected and
estimated using the threshold-free cluster enhancement (TFCE) statistic with
10,000 permutations273. FWE corrections were performed using synchronized
permutations and included corrections for all voxels within a mask/ROI, and
two-sided tests5,318. Additional multiple comparison corrections across two
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Table 4.3: Regression performance for different MRI data representations. Estimated using
10-times repeated 5-fold cross-validation (mean (SD) [range])

MAE MSE RMSE Pearson
correlation R2

GM 9.23 (2.03)
[5.37-13.85]

129.44 (47.16)
[50.35-247.44]

11.19 (2.05)
[2.05-15.73]

-0.036 (0.012)
[-0.496-0.156]

-0.684 (0.572)
[-2.556-0.156]

WM 9.07 (1.64)
[5.91-13.04]

123.87 (44.80)
[51.24-278.98]

10.97 (1.90)
[7.16-16.70]

0.012 (0.246)
[-0.487-0.549]

-0.628 (0.568)
[-3.009-0.253]

GM + WM 8.80 (1.73)
[5.35-13.00]

119.17 (40.90)
[50.91-238.46]

10.77 (1.82)
[7.14-15.44]

0.055 (0.247)
[-0.519-0.446]

-0.592 (0.655)
[-2.812-0.157]

NAc 7.84 (1.46)
[4.89-11.81]

92.87 (32.02)
[38.43-178.91]

9.50 (1.61)
[6.20-13.38]

0.365 (0.272)
[-0.208-0.738]

-0.253 (0.514)
[-1.477-0.430]

ATR 9.02 (1.93)
[5.44-16.01]

128.17 (53.35)
[54.08-329.40]

11.11 (2.20)
[7.35-18.15]

0.133 (0.279)
[-0.662-0.583]

-0.694 (0.686)
[-2.910-0.305]

NAc + ATR 9.17 (1.72)
[4.43-13.57]

126.27 (43.82)
[33.90-237.21]

11.07 (1.98)
[5.82-15.40]

0.253 (0.340)
[-0.552-0.772]

-0.698 (0.672)
[-2.443-0.471]

Scalar
Momentum

8.96 (1.99)
[5.59-17.74]

119.07 (58.20)
[55.35-437.43]

10.69 (2.20)
[7.44-20.91]

0.161 (0.293)
[-0.585-0.719]

-0.586 (0.829)
[-5.286-0.305]

MAE: Mean absolute error; MSE: Mean squared error; RMSE: Root mean squared error; R2:
Coefficient of determination; GM: Grey-matter volume; WM: White-matter volume; NAc: Grey-
matter volume of Nucleus Accumbens; ATR: White-matter volume of Anterior Thalamic Radia-
tion.

masks (NAc-ROI/ATR-ROI or GM/WM) were performed using Bonferroni-
correction. All tests were performed using the PALM toolboxd (a117).
Complementary to this analysis of group-differences, we performed group-
level regression analyses between ROI/whole-brain segmentations and post-
treatment Y-BOCS scores. We utilized the same covariates and statistical
procedures as described above.

MRI Individual-level analyses

In addition to group-level analyses, we also investigated the suitability of
structural MRI for making individual-level predictions with machine learn-
ing procedures. For that we utilized linear-kernel support vector machine
classification/regression (SVC/SVR)76,95 and investigated its performance us-
ing 10-times-repeated-5-fold cross-validation (10x5 CV). In this procedure, the
available data is randomly divided into 5 (approximately) equally sized folds,
from which 4 folds are used as training data and the remaining 5th fold is used

dhttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM
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to estimate the performance of the SVC/SVR. This process is repeated five
times, always using a different fold as the test set. The random assignment
of data to folds is repeated ten times and performance across all 50 evalua-
tions is averaged. This allows for an unbiased way to estimate generalization
performance of machine learning models. Performance was measured as area-
under-the-receiver-operator-curve (AUC), balanced accuracy, sensitivity and
specificity in the classification case and as mean absolute error (MAE), mean
squared error (MSE), root mean squared error (RMSE), Pearson correlation
(r) and coefficient-of-determination (R2) for the regression case. We also ap-
plied label permutation tests (n = 1000)223 to statistically determine whether
the obtained performances (AUC for classification and MAE for regression)
differed from chance-level at α = 0.05 Bonferroni-corrected for three tests cor-
responding to the different volumes per data scale (whole-brain or ROI). We
corrected for three tests here because the individual-level analyses also con-
sidered the combination of each of our data representations (e.g., GM alone,
WM alone and a combination of both GM + WM), contrary to the approach
on the group-level.
We removed nuisance effects associated with age, sex, TIV, and scanner IDs
via linear regression from the MRI data. Importantly, the estimation of the
linear regression coefficients was always limited to the training set. In addition,
baseline Y-BOCS score was added as a feature in both analyses. Given the high
number of voxels in our dataset we implemented a feature selection approach.
This corresponded to calculating Fisher scores189 in the classification case
and Pearson correlations between each voxel and the Y-BOCS follow-up score
across patients in the regression case. These calculations were again only
performed on the training set. To determine the optimal percentage of features
to select, a nested cross-validation procedure (with 5-fold CV as the inner
CV) was implemented. All analyses were run for whole-brain GM/WM and
NAc/ATR ROIs and the combination of GM/WM and NAc/ATR data. The
combination corresponded to just concatenating the different feature maps. In
addition, we also repeated the analysis for scalar momenta as a more advanced
form of data representation. All analyses were implemented in the Python
programming language (3.7.6) utilizing the scikit-learn toolbox (0.22.1,232).

4.3 Results

4.3.1 Clinical and demographic data

A summary of the clinical and demographic data and statistical tests between
responders and non-responders are reported in Table 4.1. Responders and
non-responders did not statistically differ at baseline; only Y-BOCS scores
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at 12-month follow-up differed significantly between these groups (t(49.571) =
-9.986, p < 0.001, see Figure 4.3 for trajectories of Y-BOCS scores per patient).
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Figure 4.1: Negative group-level association between the post-treatment Y-BOCS score and
pre-treatment grey-matter volume of voxels within the nucleus accumbens ROI (in cyan). Results
are overlaid over the average T1 image calculated from 555 subjects of the IXI database provided
by the CAT12 toolbox. Coordinates are given in MNI space. Significant associations are shown
in hot colors thresholded at pFWE < 0.025 (− log10(0.025) = 1.602).

4.3.2 MRI group-level analyses

The results of the group-level analyses are summarized in Fig. 4.1 and Fig. 4.2.
We found a significant association between Y-BOCS scores at 12-month follow-
up and left NAc grey-matter volume (31 voxels, maximum: − 7.5, 15, − 7.5
[mm], TFCE-value: 85.91) (Fig. 4.1). Lower follow-up Y-BOCS scores were
associated with larger preoperative grey-matter volume (Fig. 4.2). This result
remained significant when an additional covariate encoding time since first
DBS operation (mean-centered) performed in the patient sample was added to
the model. We did not find significant associations between clinical outcomes
and volumes of the right NAc, or ATR. However, right NAc grey-matter vol-
ume did show a comparable association at the uncorrected level, implying a
potential lack of power to detect an effect. When comparing groups, larger
NAc grey-matter volume in the same voxels was trend-level significant for re-
sponders over non-responders. There were no significant associations in the
exploratory whole-brain analyses.
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4.3.3 MRI individual-level analyses

Results of individual-level regression and classification analyses are reported
in Tables 4.2 and 4.3. None of the MRI data representations exceeded chance-
level performance neither for the regression nor the classification analysis, nei-
ther when using whole-brain or ROI data.
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Figure 4.2: Negative group-level association between post-treatment Y-BOCS and the average
grey-matter volume of all significant voxels within the left nucleus accumbens ROI.

4.4 Discussion

The aim of this study was to investigate the relationship between voxel-
wise brain volumetry and DBS treatment response in OCD. We related the
12-month follow-up Y-BOCS score to volumetric differences on the group-
level, and tested whether brain volumes were predictive of outcomes on an
individual-level with SVC/SVR. In our sample we found that larger preop-
erative volumes of the left NAc were significantly associated with lower Y-
BOCS scores at 12-month follow-up on the group-level. However, our machine
learning analyses did not generate models that could predict individual-level
outcome above chance-level.
The NAc is involved in the pathophysiology of OCD and is centrally located in
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the CSTC circuitry. For this reason the NAc was our original DBS target86, al-
though the clinically effective contacts were located in the ventral ALIC white
matter just above the NAc287. Given the suspected disruptive effect of DBS
on connectivity25,274, it may be remarkable that larger NAc volumes are asso-
ciated with better outcomes. Potentially, the beneficial effect of stimulation is
larger in patients with an increased NAc volume, meaning that patients with
smaller NAc volumes could be even more treatment-resistant. Previous studies
suggest that treatment outcome depends on proximity of stimulation to white
matter bundles in the vALIC26,191. It is possible that larger NAc volumes led
to electrode positioning such that stimulation was closer to the relevant white
matter structures. In this case, larger NAc volumes would rather reflect better
odds of achieving optimal electrode positioning than directly predict response.
Given the respective scales of the white matter variability in the vALIC191

and NAc volumetric differences, the chance that these relatively small vol-
umetric differences were responsible for a difference in electrode positioning
large enough to affect treatment outcome appears small. Conversely, the sur-
gical methods are unlikely to have played a role in the observed asymmetry.
Although the left-sided electrode was usually implanted first, followed by the
right-sided electrode since the infra-clavicular stimulator is usually implanted
on the right side, the time between the two electrode insertions is short. Mea-
sures like glue in the burr-holes prevent the leakage of cerebrospinal fluid and
intraoperative brain shift hardly occurs any longer so there is no asymmetry
to be expected in the potential targeting inaccuracy.
Research into the role of the NAc in the context of predicting treatment out-
come has been scarce, but earlier studies have linked the NAc to pharma-
cotherapy and psychotherapy resistance. Treatment-resistant OCD patients
showed hypo-responsivity of the NAc during the anticipation of rewards113,
as well as micro-structural alterations of the NAc as measured with diffusion
tensor fractional anisotropy190. More recently, a study investigating patients
who received treatment with CBT and SSRIs for anxiety disorders found that
larger baseline NAc volumes were associated with a larger reduction of anxiety
symptoms58. The authors suggested that treatments targeting anxiety-related
avoidance behavior were more effective in patients with larger pretreatment
deficits in the systems responsible for the avoidance behavior, which was sup-
ported by studies showing a relationship between larger baseline NAc volume
and more severe anxiety symptoms134,180 as well as between NAc structural
alterations and avoidance behaviors in patients with anxiety symptoms181. In
our experience, the treatment effect in DBS for OCD is achieved by an ini-
tial anxiolytic effect that is further augmented by exposure-based CBT86,198.
Taken together, the larger reduction of OCD symptoms in patients with larger
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NAc volumes may result from a larger effect of DBS on avoidance behaviors,
which needs to be tested in future research. Patients with smaller NAc vol-
umes might benefit less from treatment because the NAc’s ability to integrate
dopaminergic inputs during reward processing may be impaired, which could
interfere with resumption of normal functioning within the CSTC circuitry.
While an association between the left NAc volume and follow-up Y-BOCS
was found on the group-level, both the SVC/SVR approaches did not yield
predictive values significantly above chance-level. One possible explanation
is that multivariate analyses typically require larger samples than univariate
analyses59. Our sample, while sizable for psychiatric DBS studies, may not
have been large enough to detect the complex patterns needed for individual-
level prediction. Given the group-level association between NAc volume and Y-
BOCS follow-up score, it is possible that future studies with larger sample sizes
may be able to find a structural MRI biomarker. However, another possibility
is that NAc volume differences may be obscured by variation in OCD subtypes,
or that subcortical alterations in OCD may depend on gender334. Development
of models that account for these subgroups requires a further increase in sample
size.
Given that structural alterations in OCD patients are small, often finding
limited effect sizes in large multicenter group studies55, inclusion of additional
imaging modalities, such as (resting-state) functional and diffusion MRI, could
strengthen the predictive value of our models296,338. The availability of func-
tional and diffusion MRI scans for our cohort was limited, since most patients
were routinely treated and not enrolled into a neuroimaging study. Conversely,
structural MRI scans were readily available due to their necessity in surgical
planning. Increased use of tractography in surgical planning for DBS for OCD
will improve future availability of diffusion MRI scans26,71,191.

4.4.1 Limitations

The most notable limitation to this study is its sample size. Despite being
among the largest studies on patients with DBS for psychiatric conditions,
our sample was still modest for state-of-the-art machine learning applications.
This could have caused our individual-level prediction to be underpowered.
In addition, at these sample sizes it is impossible to stratify for differences
in disease history, medication use, and OCD subtypes. Given the long time-
frame during which this dataset was acquired, the only possibility of rapidly
increasing the number of patients would be pooling data from different sites.
However, pooling data across centers comes with its own set of challenges,
like variation in diagnosis and inclusion criteria per institute, non-uniformity
of stimulation targets and parameters across sites, and restrictions on data
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sharing due to privacy laws. These challenges might explain the lack of large
retrospective multicenter studies in DBS for OCD.
Another limitation lies in the naturalistic follow-up for all patients after the
first 16 patients. After the initial trial86 DBS was approved for routine care
for treatment-refractory OCD. Combined with the long inclusion period, this
caused the treatment follow-up and imaging parameters to vary over time. To
address this issue, we corrected for scanner/parameter combinations in our
analyses. More importantly, after analysis of our clinical trial cohort showed
that active contacts were always located in the vALIC287, the targeting was
altered so that the 3 topmost contacts were always placed in the vALIC white
matter for new patients. This heterogeneity in targeting strategies potentially
confounded our results, although given the large degree of overlap in anatom-
ical positioning of the active contacts in our previous study on a subsample of
this dataset191 we expect no systematic differences between (non–)responders.
The more important relationship between positioning of the electrodes and in-
dividual white matter connections is impossible to ascertain without additional
diffusion MRI data. Comparisons over such a long timeframe could have been
improved by using a fixed protocol. However, it is debatable whether this
would have been beneficial for the patients. Patients should be able to benefit
from new insights gained with experience. We attempted to address this lim-
itation by including a covariate indicating the time since first operation into
our model which showed that the association remained significant. However,
it is important to note that changes in targeting cannot be assumed to vary
linearly across patients and such an adjustment cannot circumvent the need
for a fixed protocol.
The current study focused on response to DBS within a 12-month follow-up.
This time period enables the identification of most responders, though a small
minority only starts responding between one to two years after the application
of DBS297. Therefore, future studies could investigate whether the observed
associations also applies to patients with a delayed response.

4.4.2 Conclusions

We performed the – to our knowledge – largest neuroimaging study on patients
who received DBS for treatment-refractory OCD. Our results showed that in-
creased left-side NAc volume was associated with a lower 12-month follow-up
Y-BOCS score. Caveated by non-significant predictions at the individual-level,
group-level associations between NAc volume and DBS treatment outcomes
suggest that patients with a larger NAc are better able to benefit from CBT
and regain their functioning after receiving DBS. Although individual-level
predictions with SVC/SVR were not predictive, the results could provide a
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stepping stone for future biomarker studies for DBS for OCD. It is our hope
that these studies will contribute to improved informing and supporting of pa-
tients and clinicians in their decision-making process, which can help optimize
the response rate, reduce potential harm or burden to patients, and improve
the allocation of resources.

4.5 Supplementary information

4.5.1 Calculation of Scalar Momenta

In addition to the calculation of the grey- and white-matter volumes (GM/WM)
as presented in the main manuscript we also investigated scalar momenta18

as an additional structural MRI representation for our individual-level classi-
fication/regression analyses. The reason for this was a recent benchmarking
study which showed that scalar momenta outperformed many of the other
VBM types of data representations for multiple datasets and various different
clinical and non-clinical tasks216.

Table 4.4: Scanning parameters for the different scans. The order of the labels (A/B/C/D/E)
correspond to the labels used in the main text and Table 4.1

Sequence
Label

Vendor &
Scanner
name

Field
Strength

[T]

Acquisition
Matrix

Acquisition
resolu-
tion
[mm]

Repetition
time [ms]

Echo
time [ms]

Flip
angle (°)

A Philips
Intera 3 256x256 1x1x1 9 4 8

B Philips
Ingenia 3 284x284 0.9x0.9x0.9 9 4 8

C Siemens
Avanto 1.5 256x256 1x1x1 1900 3 15

D Genesis
Signa 1.5 256x256 1x1x1 13 6 20

E Philips
Intera 3 256x256 0.88x0.88x1.2 10 5 8

The calculation of the scalar momenta followed the corresponding description
provided in the benchmarking paper and included: 1. Use of SPM12’s unified
segmentation16 approach to obtain GM, WM and cerebrospinal fluid tissue
types for each individual MRI scan. The segmentation was set up according
to the VBM tutoriale by John Ashburner, 2. Normalization of the GM and

ehttps://www.fil.ion.ucl.ac.uk/~john/misc/VBMclass10.pdf
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Figure 4.3: Trajectories of baseline to 12-month follow-up progression of the Yale-Brown ob-
sessive compulsive scale (Y-BOCS) total score for each individual patient included in this study.
Each dot represents a patient, color coded for whether the baseline Y-BOCS score decreased by
at least 35% from baseline to 12-month follow-up (Responder) or not (Non-Responder). Lines
connect data of the same patient.

WM segmentations to MNI space by using the Geodesic Shooting Toolbox for
SPM1217, utilizing the same group template derived from 555 subjects of the
IXI-databasef as provided by the CAT12 toolbox which was also considered for
the main analyses, 3. Calculation of scalar momenta using the Geodesic Shoot-
ing Toolbox, 4. Spatial smoothing with a 12 mm3 full-width at half-maximum
kernel as it was shown to provide the best performance in the benchmarking
study. Scalar momenta are computed by scaling the difference between the
template GM/WM segmentations and their corresponding warped individual
segmentations with the Jacobian-determinant. They can therefore be seen as
Jacobian-scaled residual-errors of the normalization of the individual segmen-
tations. In accordance, with216 we considered the scalar momenta for GM and
WM together in our analyses.

fhttps://brain-development.org/
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Abstract
Trauma-focused psychotherapy is the first-line treatment for posttraumatic
stress disorder (PTSD) but 30-50% of patients do not benefit sufficiently. We
investigated whether structural and resting-state functional magnetic reso-
nance imaging (MRI/rs-fMRI) data could distinguish between treatment re-
sponders and non-responders on the group and individual level. Forty-four
male veterans with PTSD underwent baseline scanning followed by trauma-
focused psychotherapy. Voxel-wise gray matter volumes were extracted from
the structural MRI data and resting-state networks (RSNs) were calculated
from rs-fMRI data using independent component analysis. Data were used
to detect differences between responders and non-responders on the group
level using permutation testing, and the single-subject level using Gaussian
process classification with cross-validation. A RSN centered on the bilateral
superior frontal gyrus differed between responders and non-responder groups
(PFWE < 0.05) while a RSN centered on the pre-supplementary motor area
distinguished between responders and non-responders on an individual-level
with 81.4% accuracy (P < 0.001, 84.8% sensitivity, 78% specificity and AUC
of 0.93). No significant single-subject classification or group differences were
observed for gray matter volume. This proof-of-concept study demonstrates
the feasibility of using rs-fMRI to develop neuroimaging biomarkers for treat-
ment response, which could enable personalized treatment of patients with
PTSD.
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5.1 Introduction

Posttraumatic stress disorder (PTSD) is a psychiatric disorder that can de-
velop after experiencing a traumatic event. It is characterized by states of
re-experiencing of the traumatic event, avoidance of trauma-reminders, emo-
tional numbing, and hyperarousal11. PTSD lifetime prevalence rates in the
general population are estimated to be below 10% (varying between 1.3 to 8.8%
depending on the country)21,168 but can vary heavily in veterans (between 1.4
to 31%)250,280. Treatment of PTSD typically involves trauma-focused psy-
chotherapy with or without the administration of medication such as selec-
tive serotonin reuptake inhibitors (SSRIs). Trauma-focused therapies, such as
trauma-focused cognitive behavior therapy (TF-CBT) or eye movement de-
sensitization and reprocessing (EMDR) have been suggested as first-line treat-
ments for treating PTSD77,264. However, 30-50% of patients do not benefit
sufficiently47. To improve treatment response rates it is important to better
understand differences between responders and non-responders, and identify
reliable predictors for treatment outcome.
PTSD is characterized as a brain disorder showing alterations in activity
and connectivity of cortical and subcortical brain regions. The neurocir-
cuitry model of PTSD suggests that PTSD pathology is characterized by
hyperactivity and increased connectivity of the amygdala, the anterior in-
sula and the anterior cingulate cortex, decreased activity of the ventromedial
prefrontal cortex (vmPFC) and hypoconnectivity between vmPFC, hippocam-
pus and amygdala108,173,246,270. Functional connectivity of these regions can
be recorded using neuroimaging techniques such as resting-state functional
magnetic resonance imaging (rs-fMRI). Therefore, it is important to inves-
tigate if those alterations in rs-fMRI connectivity could be used to predict
treatment-outcome and reveal biomarkers to increase the treatment-response
rate. Indeed, pre-treatment group differences in fMRI activity and connectiv-
ity were observed between responders and non-responders in PTSD in several
studies22,56,106,118,292. However, these group-level univariate analyses focus on
average differences between responders and non-responders. This does not
allow inference at the individual patient level, which can be achieved using
multivariate supervised machine learning analyses14,59. Most importantly,
performance is evaluated on new data to estimate the generalizability of the
trained models, and thereby enabling the prediction of treatment outcome for
new patients. Machine-learning analyses have been performed in the context
of PTSD using different modalities of MRI data to distinguish between pa-
tients and controls130,190,194,335. However, only two studies to date have used
machine learning analyses to predict future outcome at an individual level.
One study aimed to predict clinical status two years after treatment with 12
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weeks of paroxetine in a sample of 20 civilian PTSD patients329. This study
used pre- and post-treatment rs-fMRI derived measures, namely amplitude of
low-frequency fluctuations and whole-brain degree centrality maps, and the
results showed that pre- but not post-treatment measures were able to predict
remission status after two years with an accuracy of 72.5%. But as all but
one patient had been in remission shortly after treatment, these results reflect
relapse rather than treatment outcome. In addition, one recent study used
a combination of resting-state connectivity within the ventral attention net-
work and delayed recall performance in a verbal memory task to predict the
response to prolonged exposure therapy in 1̃9 civilian patients with PTSD105.
Although the proportion of treatment non-responders was low, the classifier
still managed to distinguish the groups with ≥80% sensitivity and specificity.
To determine whether neuroimaging data could also predict treatment outcome
in a larger sample of combat veterans with PTSD, we analyzed pre-treatment
structural MRI and rs-fMRI data of 44 patients who received treatment-as-
usual. This consisted of trauma-focused psychotherapy such as TF-CBT and
EMDR, and clinical outcome was determined 6-8 month following the baseline
fMRI scan. We previously reported pre-treatment group differences in struc-
tural294, white-matter164 and task-based (f)MRI292,295 between responders
and non-responders, as well as rs-fMRI differences between patients and con-
trols163. In another study, we explored time-by-group interactions between
remitted and persistent PTSD patients based on network measures derived
from rs-fMRI165. In the current study, we focus on pretreatment MRI mea-
sures exclusively within a machine learning paradigm. We extracted func-
tional connectivity (FC) within resting-state networks (RSNs) using indepen-
dent component analysis (ICA). ICA was chosen as the method for analyzing
rs-fMRI because it provides a multivariate and data-driven way to identify
multiple RSN’s present in the data. It does not require the definition of seed
regions and is more robust to noise222. To ensure independence between RSN
identification and estimation of RSN expression for each individual patient, the
ICA was performed on rs-fMRI data of sex and age matched combat controls
(n = 28). In addition, we derived maps of regional gray matter volume using
voxel-based morphometry (VBM). Abnormalities in structural MRI data have
been repeatedly linked to treatment-response in PTSD57,143,220,254,294, and we
therefore used it as a standardized and easy to acquire imaging baseline. For
both the rs-fMRI and VBM data, we performed univariate inference on the
group level as well as multivariate prediction on the single-subject level using
Gaussian process classification (GPC) with 10 × 10 cross-validation. The cur-
rent study is exploratory and investigated the general feasibility of structural
and rs-fMRI data to predict treatment-outcome in PTSD on the single-subject
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level. Because of its exploratory nature, there were no a priori hypotheses for-
mulated.

5.2 Materials and methods

5.2.1 Participants

In total 57 veterans with PTSD and 29 combat controls (CC) were included
in the study. Patients were recruited from one of four outpatient clinics of
the Military Mental Healthcare Organization in Utrecht, The Netherlands.
PTSD diagnosis was established by a licensed psychologist or psychiatrist. The
Clinician Administered PTSD scale (CAPS)41 for DSM-IV11 was administered
by trained research staff to quantify the total symptom severity and had to be
≥45. Combat controls had to have no current psychiatric disorders and a total
CAPS score <15. Further inclusion criteria for all subjects were deployment to
a warzone and 18-60 years of age. Comorbid disorders were examined using the
structured clinical interview for DSM-IV (SCID-I)116. Subjects with a history
of neurological disorders, current substance dependence and contraindications
for MRI scanning were excluded. From the initial 57 PTSD patients, seven
were lost to follow-up, three were excluded based on excessive motion during
scanning (see Supplementary information (5.5.2)), one due to an artifact in
the MRI scan, and one due to refusal of scanning. One additional participant
was excluded as she was the only female in the sample. This lead to the final
sample of 44 PTSD patients. From the CC only one subject had to be excluded
based on excessive motion (n = 28).
After a period of six to eight months in which patients underwent treatment-
as-usual consisting of trauma-focused therapy (e.g., TF-CBT, EMDR) a sec-
ond CAPS assessment was performed. Treatment response was defined as a
≥30% decrease of total CAPS score at follow-up with respect to the baseline
assessment48,80. According to this criterion 24 PTSD veterans were defined
as responder and 20 as non-responder. All participants gave written informed
consent. The study was approved by the University Medical Center Utrecht
ethics committee, in accordance with the declaration of Helsinki328.

5.2.2 Clinical data analysis

To estimate whether the CC, responders and non-responders differed across
any demographic or clinical variables at baseline or follow-up ANOVA, Kruskal-
Wallis, χ2, or t-tests were applied as appropriate. All tests were performed
using the R software (version 3.5.1).
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5.2.3 Data acquisition

All scans were obtained on a 3T MRI scanner (Philips Medical System, Best,
the Netherlands). The T1-weighted high resolution MRI scan was acquired
before the rs-fMRI scan with the following parameters: repetition time (TR)
= 10 ms, echo time (TE) = 4.6 ms, flip angle = 8°, 200 sagittal slices, field
of view (FOV) = 240 × 240 × 160, matrix size = 304 × 299 and voxel size
= 0.8 × 0.8 × 0.8 mm. The rs-fMRI scan consisted of 320 T2*-weighted echo
planar interleaved slices with TR = 1600 ms, TE = 23 ms, flip angle = 72.5°,
FOV = 256 × 208 × 120, 30 transverse slices, matrix size = 64 × 51, total
scan time 8 min and 44.8 s, 0.4 mm gap, acquired voxel size = 4 × 4 × 3.60
mm). Participants were asked to focus on a fixation cross, while letting their
mind wander and relax.

5.2.4 MRI data preprocessing

To estimate whether structural images carry information to distinguish be-
tween responders or non-responders a VBM analysis was performed. Gray
matter (GM) voxel-wise volume maps were computed using the SPM12 tool-
box (v7219a).
Resting-state fMRI images were preprocessed using the advanced normaliza-
tion tools (ANTsb, 2.1.0) and FMRIB Software Library (FSLc, 5.0.10). To
control for the influence of motion on the rs-fMRI data ICA-AROMA was
applied242. Details on the preprocessing pipelines can be found in the Supple-
mentary information (5.5.1, 5.5.2).

5.2.5 Resting-state network identification

Preprocessed rs-fMRI data were analyzed to determine group-level resting-
state networks (RSNs). Group components with a fixed number of 70 compo-
nents were estimated using a meta-ICA approach utilizing FSL’s MELODIC
software34 applied to the rs-fMRI data of the CC. The identification of RSNs
only on the data of the CC was done to reduce the potential of overfitting dur-
ing the machine learning analysis since the training and test data sets would
have to be taken together when defining the RSNs if data of the PTSD patients
would be included. However, a potential drawback is that the identified RSNs
might not optimally represent the rs-fMRI of the PTSD patients. The number
of components was fixed to 70 because it was shown to provide good insight
into clinical differences of patient groups2. However, it should be noted that

ahttps://www.fil.ion.ucl.ac.uk/spm/software/spm12/
bhttps://stnava.github.io/ANTs/
chttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
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such a higher-order ICA can split up canonical networks into multiple sub-
networks which might reduce the information present in each sub-network.
The meta-ICA approach allows for the identification of reproducible and re-
liable group components40. After meta-ICA, 48 RSN’s were identified using
a semi-automatic approach. Thereafter, FSL’s dual regression approach was
used to estimate single-subject spatial representations of the corresponding
group networks for all patients. Details on the implementation and rationale
of the procedure can be found in the Supplementary information (5.5.3), and
signal and noise components are illustrated in Figs. 5.4 and 5.5.

5.2.6 Univariate analysis

The preprocessed GM volume maps from the VBM analysis and the identified
RSNs were used to investigate group differences between responders and non-
responders. Age and total intracranial volume were entered as covariates for
the VBM data, while only age was used as covariate for the RSN data. The sig-
nificance level was set to P < 0.05 family-wise error (FWE) corrected and esti-
mated using the threshold-free-cluster-enhancement statistic (TFCE)273 with
permutation testing (10000 permutations) using the TFCE toolbox (r167d)
for the VBM data. For the resting-state data, the PALM toolbox (a112e)
was used since it allowed for permutation-based FWE correction across the
whole-brain and all 48 RSNs at the same time. Both analyses accounted for
two-tailed tests.

5.2.7 Multivariate analysis

For the multivariate single-subject classification of responders and non-responders,
we used the GM volume maps from the VBM analysis and each RSN sepa-
rately. The classification was performed using a Gaussian process classifier
(GPC)245. Briefly, GPCs are multivariate Bayesian classifiers which allow to
obtain valid probabilistic predictions by estimating the posterior distribution,
given a pre-defined prior distribution. GPCs are a standard classifier used in
machine learning for neuroimaging and has been shown to perform comparable
to support vector machines200. We utilized the ability of the GPC’s to provide
valid probabilistic predictions to investigate posthoc the performance of the
classifier when a ‘reject’ option is implemented (see below). Univariate feature
selection was performed on the training set to reduce the initial data dimension
using nested 5-fold cross-validation (see Supplementary information (5.5.4)).
The performance was estimated by calculating sensitivity, specificity, balanced
accuracy, area under the receiver-operator curve (AUC) and positive/negative

dhttp://dbm.neuro.uni-jena.de/tfce/
ehttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM
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predictive value (PPV/NPV) using ten times repeated 10-fold cross-validation
to avoid overfitting bias. To estimate whether our classifier performed better
than chance, label permutation tests with 1000 iterations were performed. The
final P -values were Bonferroni corrected for 49 tests.
We also investigated the performance of the GPC when an uncertainty option
was allowed: utilizing the probabilistic output of the classifier, we established
regions of uncertainty for which the classifier would not make a prediction. For
example, with an uncertainty region of 10% any probabilistic GPC output for
a new patient which lies within 45-55%, would not be assigned a classification
label (because the classification into responders and non-responders would
be uncertain). Only patients with a higher (or lower) probability would be
assigned to a class and considered for calculation of balanced accuracy. This
allowed us to investigate how well our GPC would perform if classification
has only to be made if a specific level of certainty is reached and how many
patients would need to be excluded to reach that level.
The code used in the analysis of the data can be made available upon request.

5.3 Results

5.3.1 Clinical data

Demographic information, clinical variables and outcomes of statistical tests
can be found in Table 5.1. There was no difference in demographics between
the CC, responders or non-responders, nor any clinical difference between re-
sponders and non-responders at baseline. At follow-up non-responders showed
a higher total CAPS score (t(42) = 7.89, P < 0.001) and higher use of sero-
tonin reuptake inhibitors (χ2(1) = 5.77, P = 0.02).

Table 5.1: Demographics and clinical data.

Combat
Controls
(n = 28)

Responders
(n = 24)

Non-
Responders

(n = 20)

Test-value(df),
P-value

Age (mean, SD
[years]) 37.00 (10.13) 33.25 (7.76) 38.65 (9.34) F(2, 69) = 2.057,

P = 0.136a

Gender (m/f) 28/0 24/0 20/0

Handedness
(left/ambidexter/right) 2/3/23 2/2/20 2/2/16 χ2(4) = 0.207,

P = 0.995b

Education (median, IQR [ISCED])

Own 6 [4.75, 7] 6 [5.75, 6] 5.5 [3, 6] χ2(2) = 4.005,
P = 0.135c
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Mother 3.5 [2, 6] 3 [2, 4] 3 [2, 6] χ2(2) = 1.325,
P = 0.516c

Father 5 [2, 6.5] 3.5 [2.25, 7] 5 [2, 7] χ2(2) = 0.044,
P = 0.978c

Time since last
deployment
(mean, SD

[years])

5.89 (6.56) 6.71 (7.83) 8.05 (9.51) χ2(2) = 0.218,
P = 0.897c

Number of times
deployed

(1/2/3/ > 3)
(10/8/4/6) (9/5/3/7) (8/3/6/2) χ2(2) = 0.416,

P = 0.812b

FD (mean, SD) 0.10 (0.04) 0.09 (0.05) 0.12 (0.07) χ2(2) = 3.278,
P = 0.194c

TIV (mean, SD) 1550.02 (121.15) 1528.06 (166.44) t(42) = −0.506,
P = 0.616d

Clinical scores at baseline

CAPS (mean,
SD) 71.92 (15.06) 69.85 (11.45) t(42) = 0.504,

P = 0.617d

Pre-treatment comorbid disorder baseline (SCID)

Mood disorder 13 10 χ2(1) = 0.076,
P = 0.783b

Anxiety disorder 5 9 χ2(1) = 2.937,
P = 0.087b

Somatoform
disorder 1 1 χ2(1) = 0.017,

P = 0.895b

Pre-treatment medication

SRI 5 7 χ2(1) = 1.104,
P = 0.293b

Benzodiazepines 7 3 χ2(1) = 1.247,
P = 0.264b

Antipsychotics 2 0 χ2(1) = 1.746,
P = 0.186b

Total number of
treatment sessions

(mean, SD)
9.86 (6.29) 10.05 (4.22) t(38) = −0.114,

P = 0.910d

Received therapy

TF-CBT (yes/no) 6/18 10/10 χ2(1) = 2.946,
P = 0.086b

EMDR (yes/no) 20/4 16/4 χ2(1) = 0.081,
P = 0.775b
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Clinical scores at post-treatment

CAPS (mean,
SD) 29.75 (16.53) 68.55 (15.89) t(42) = 7.889,

P < 0.001d*

Post-treatment comorbid disorder post-treatment
(SCID)

Mood disorder 3 3 χ2(1) = 0.096,
P = 0.757b

Anxiety disorder 2 5 χ2(1) = 2.516,
P = 0.113b

Somatoform
disorder 0 1 χ2(1) = 1.293,

P = 0.104b

Alcohol
dependency 0 2 χ2(1) = 2.650,

P = 0.104b

Post-treatment medication

SRI 5 11 χ2(1) = 5.768,
P = 0.016b*

Benzodiazepines 5 1 χ2(1) = 2.307,
P = 0.129b

Antipsychotics 2 2 χ2(1) = 0.040,
P = 0.841b

SD: standard deviation, IQR: interquartile range, ISCED: international scale for education, FD:
framewise displacement, TIV: total intracranial volume, CAPS: clinician administered PTSD
scale, SCID: structured clinical interview for DSM-IV Axis II disorders, SRI: serotonin reuptake
inhibitor, TF-CBT: trauma-focused cognitive behavioral therapy, EMDR: eye movement desen-
sitization and reprocessing
a ANOVA
b χ2

c Kruskal–Wallis ANOVA
d Two-sample t-test
* P < 0.05

5.3.2 Univariate analysis

After correction for multiple comparisons across all RSNs, the rs-fMRI analysis
showed one network with significantly increased connectivity in non-responders
as compared to responders (Fig. 5.1). The network was centered on the bi-
lateral lateral frontal polar area and the difference was observed in the right
superior frontal gyrus (PFWE = 0.04). In Fig. 5.7, we show all univariate
group-differences when no FWE-correction across networks was applied, per-
formed for illustrative purposes only. No significant group differences in GM
were observed.
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Figure 5.1: Results of the group-level univariate RSN analysis. Higher resting-state connectivity
was observed in non-responders than responders in the frontopolar network. Two-tailed P-value
was corrected for whole-brain comparisons and 48 networks.

5.3.3 Multivariate analysis

GPC’s trained on a network centered around the pre-supplementary motor
area (pre-SMA) could classify non-responders and responders with an aver-
age cross-validated balanced accuracy of 81.4% (SD: 17.2, PBonferroni < 0.05)
(Fig. 5.2A). The network showed excellent AUC (0.929, SD: 0.149) with high
sensitivity (84.8%, SD: 25.1), moderately high specificity (78% SD: 28.6), and
high PPV/NPV (0.840/ 0.835, SD: 0.214/0.262). No other network showed
significant classification performance after Bonferroni correction was applied,
including the network that showed a significant difference on the group-level
in the univariate analysis. However, if no Bonferroni correction is applied this
network becomes significant, as well as three additional networks. Uncorrected
networks and consistently selected features are shown for illustrative purposes
in Fig. 5.8.
To investigate which regions of the pre-SMA network were most important for
the classification process we examined consistently selected voxels during the
feature selection process. We tracked the selection frequency of voxels across
cross-validation runs, looking at voxels which were selected in >50% of the
runs (Table 5.2 and Fig. 5.3). Regions in both hemispheres located outside
the group-network were contributing to the classification performance. The
largest clusters were located in the left inferior temporal gyrus (nvoxel = 14),
left superior frontal gyrus (nvoxel = 10), and right precentral gyrus (nvoxel = 9).
For illustrative purposes we also computed mean correlations for responder and
non-responder groups separately between average time-courses of the largest
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Figure 5.2: Results of the single-subject multivariate prediction analysis of treatment outcome.
A The classification metrics of the pre-SMA network shown as box-and-whisker plots. Outliers
plotted as circles were determined as values which lay outside 1.5 times the interquartile range.
Please note that the box for the AUC metric collapsed because the first quartile and the median
were the same value. B Posthoc evaluation of accuracy of the GPC classifier for various cut-
off levels of probabilistic certainty. Calculations were performed for and averaged across the
ten repetitions of the 10-fold cross-validation with SD plotted as error bars. For example, once
12 patients (27%) with low prediction certainty of 0.41-0.59 – where 0.5 is equal probability of
prediction – would be excluded, accuracy would increase to over 90%.

clusters (nvoxel > 5, Table 5.2) and the subject-specific time-courses of the pre-
SMA network identified by dual regression (Fig. 5.6). Patterns of positive,
negative and no significant connectivity with the network can be observed.
Note that null-connectivity voxels might still contribute to the classification
by removing common noise sources from the overall pattern139.

Table 5.2: Most frequently selected features during the nested-cross-validation procedure of the
pre-SMA network.

Number of voxels Max frequency
within cluster (%)

MNI coordinates
of max value (mm) Region name

14 99 −52, 8, −34 Left inferior temporal
gyrus

10 100 −24, 60, 22 Left superior frontal
gyrus

9 100 64, 4, 14 Right precentral gyrus

7 100 −44, 8, −14 Left insula, left
superior temporal pole

6 93 28, −80, 50 Right superior parietal
lobule

6 100 0, −4, −2 Hypothalamus

4 98 0, 36, 58 Left medial frontal
gyrus
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4 89 32, 64, 6 Right middle frontal
gyrus

4 96 48, −76, 18 Right middle occipital
gyrus

2 92 0, −80, 46 Left precuneus

2 76 40, −84, 26 Right middle occipital
gyrus

2 67 −44, 56, 2 Left middle frontal
gyrus

2 75 48, 52, −6 Right middle
orbitofrontal gyrus

2 63 36, 44, −18 Right inferior
orbitofrontal gyrus

1 84 40, 56, −6 Right middle
orbitofrontal gyrus

1 100 32, 64, 14 Right superior frontal
gyrus

1 67 −4, 68, −10 Left medial
orbitofrontal gyrus

1 57 4, −88, 34 Left cuneus

1 69 28, 8, 66 Right superior frontal
gyrus

Additionally, we provided a posthoc evaluation of what would happen if pre-
diction would only be made for patients for which a high degree of certainty of
the classifier is established. As illustrated in Fig. 5.2B, this ability to ‘reject’
patients from the classification with increasing classification certainty leads to
increasing accuracy while at the same time reducing the number of patients for
which the GPC can make a classification. For example, once 12 patients (27%)
with low prediction certainty of 0.41-0.59 – where 0.5 is equal probability of
prediction – would be excluded, accuracy would increase to over 90%.

5.4 Discussion

The present study investigated the possibility of using pre-treatment structural
MRI and rs-fMRI data to predict the response to trauma-focused psychother-
apy in male combat veterans with PTSD. The results showed that rs-fMRI data
successfully distinguished between responders and non-responders in univari-
ate and multivariate analyses. The univariate analysis detected group differ-
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ences in a network centered on the frontal pole, and the multivariate analysis
predicted treatment response on an individual level using pre-SMA connec-
tivity with an accuracy of 81.4%. Whereas previous studies have focused
on MRI-based treatment outcome predictors at the group level, our results
suggest that single-subject prediction is also feasible. This result provides a
proof-of-concept for the feasibility of developing predictive biomarkers, which
could enable personalized treatment for patients with PTSD.
Our multivariate analysis revealed the predictive importance of the pre-SMA.
This brain area is closely linked to the SMA, and is involved in motor prepa-
ration, response inhibition, and imagination103,253,293. Intriguingly, resting-
state connectivity within this network is also predictive for the response to
electroconvulsive therapy in depression296. The main difference in results is
that the network in the current study is more confined to the pre-SMA due
to the use of ICA with 70 components instead of 32 components, which was
associated with a larger network that consisted of a large part of the dorsome-
dial prefrontal cortex. Together, this suggests that pre-SMA connectivity may
determine responsiveness to treatment, regardless of intervention and disorder.
The discovered network is different from the ventral attention network (VAN,
consisting of the insula, dorsal anterior cingulate, anterior middle frontal gyrus,
and supramarginal gyrus) that was recently reported. The VAN in combina-
tion with delayed recall performance in a verbal memory task could predict
prolonged exposure therapy outcome in a sample of 1̃9 civilians with PTSD
with sensitivity and specificity ≥80%105. But even though both studies used
rs-fMRI, the underlying biomarkers cannot readily be compared. First, the
variables tested in Etkin et al. 105 were discovered by performing compar-
isons between healthy controls and PTSD patients, whereas we discovered the
pre-SMA network from comparisons between responders and non-responders
directly. Second, the authors did not investigate any other networks beyond
the VAN for treatment outcome prediction. And third, the brain regions that
are part of the VAN were part of distinct RSNs in our ICA analysis, whereas
the VAN was considered one network in the previous study. Therefore, it re-
mains to be tested whether VAN or pre-SMA connectivity is also predictive
in other samples. Regardless, both studies demonstrate that rs-fMRI contains
information that is informative for predicting psychotherapy outcome on an
individual level.
The univariate group analysis showed increased connectivity in non-responders
in the frontal pole. The frontal pole region (BA 10) has been implicated
in a multitude of cognitive tasks, including attention, perception, language,
and memory tasks42,127. Specifically, the lateral parts of the frontal pole are
more associated with working memory and episodic memory retrieval while
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medial parts of the frontal pole were mostly involved in mentalizing, which
is the reflection of your own emotions and mental states42,127. This division
of the frontal pole was recently confirmed by a cytoarchitectonic parcellation
indicating two distinct areas: a more lateral frontal pole area 1 (FP 1) and a
more medial frontal pole area 2 (FP 2). Our frontal polar network was mostly
located in FP 1 and may, therefore, be primarily associated with memory-
related processes.
The difference between the identified networks in the univariate and multi-
variate analyses might seem counterintuitive at first but can be explained by
the differences in objective and methodology of both analyses. This discrep-
ancy is in line with the observation that significant group-level differences do
not necessarily translate to high classification accuracies because of strongly
overlapping distributions and different goals of the analysis14,59. A significant
P -value in a group-level analysis does not have to correspond to the ability
of distinguishing between individual patients because the statistically signif-
icant difference in average values might show low effect sizes. In these case
classification performance will be low. In addition, the goal of statistical infer-
ence is the identification of localized differences between groups while the goal
of classification is to find the best multivariate combination of data, which
would allow to generalize the effect to new subjects. These are two inherently
different goals which therefore can lead to different outcomes.
In contrast to our results, previous studies that have used univariate analysis
of structural MRI and task-based fMRI data have primarily pointed to pre-
treatment differences in the anterior cingulate cortex, amygdala, hippocampus,
and insula22,56,57,106,118,143,220,254,292. However, direct comparison with our
study is difficult since there are numerous differences between our study and
those previous studies. For example, most studies that investigated structural
MRI data used a predefined region of interest approach57,143,254,294 instead of
a whole-brain approach. Most fMRI studies have investigated task-induced
changes instead of investigating resting-state fMRI recordings22,56,106,118,292.
And finally, different types of psychotherapies (such as prolonged exposure
therapy), different PTSD populations and experienced trauma, and different
treatment-criteria make a direct comparison challenging74.
This can be exemplified with the absence of results for the structural MRI anal-
ysis which is in contrast to our previous finding of differences in hippocampal
volume between patients with remitted vs. persistent PTSD294. This differ-
ence could be due to the calculation of the volumes: in the present study, a
VBM analysis was employed to provide a highly multivariate data set that
could be optimally used during the classification procedure, whereas we pre-
viously estimated hippocampal volume using segmentation in Freesurfer. In
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Figure 5.3: Best performing network in the multivariate classification (pre-SMA) in hot colors
and the most often selected voxels during the classification in cold colors.

addition, in this study we chose to focus on treatment response while pre-
viously we investigated the more stringent criterion of treatment remission
to focus on PTSD persistence. Finally, the previous study was employing a
repeated-measures design combining pre- and post-treatment data while the
current study only focused on the pre-treatment data.
The current study has several limitations. The sample size in the current
study is small for a machine learning application. This could result in high
variance of the estimated accuracy and the results, therefore, require further
validation and replication in independent samples299. Another limitation of
this study is the use of an all-male veteran sample. This limits the general-
ization of the results to other patients with PTSD. Therefore, a replication
of the proposed approach in a more diverse sample would be desirable. Fi-
nally, the treatments received by the patients represent a heterogeneous mix
of different trauma-focused psychotherapies. While they are considered as
first-line treatments and the fact that in realistic settings multiple treatments
might be employed by therapists, the results are not specific to one particular
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treatment. Therefore, the current approach might obscure specific individual
patient-by-treatment interactions. Future studies should aim to determine the
most optimal treatment for each patient.
In conclusion, the current study shows that treatment response to trauma-
focused psychotherapy can be predicted for individual patients with PTSD
using machine learning analysis of rs-fMRI data. This proof-of-concept study
demonstrates the feasibility to develop neuroimaging biomarkers for treat-
ment response, which will enhance the personalized treatment of patients with
PTSD.
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5.5 Supplementary information

5.5.1 MRI processing

The voxel-based morphometry (VBM) analysis was performed using the SPM12
toolbox (v7219f). Briefly, we obtained gray matter (GM) segmentations apply-
ing the unified segmentation approach16. The GM maps were then normalized
to MNI space (1.5mm3) based on DARTEL registration15 using a template
derived from 555 healthy controls of the IXI-databaseg in MNI space provided
by the CAT12 toolboxh. The normalized GM images were modulated by the
Jacobian determinant to preserve local tissue volume and spatially smoothed
with a kernel of 8mm at FWHM.

5.5.2 fMRI processing

Preprocessing of fMRI images was performed using the advanced normaliza-
tion tools (ANTsi, 2.1.0)23 and FMRIB Software Library (FSL, 5.0.10)160. For
the purpose of registration to MNI space and extraction of white matter (WM)
and cerebral spinal fluid (CSF) signal from fMRI scans, T1 images were bias-
field corrected using the N4 algorithm284 and brain-extracted using scripts
from the ANTs toolbox and the Oasis templatej. Images were then segmented
into GM, WM and CSF partial volume estimates using FSL’s FAST336. The
skull-stripped images were normalized to MNI space using the ANTs sym-
metric normalization procedure23. One PTSD patient was excluded based of
an artifact in his MRI scan. fMRI image preprocessing consisted of realign-
ment, co-registration to the T1 image using boundary-based registration131

and spatial smoothing with a 8mm FWHM kernel. Motion has a strong effect
on resting-state fMRI measures68 and therefore has to be addressed further
during the preprocessing of rs-fMRI data. Therefore, we calculated framewise
displacement (FD)159 of the raw data and excluded subjects based on the fol-
lowing criteria: (1) any rotation/translation parameter >4mm/◦, (2) average
FD >0.45, (3) more than 150 volumes with an individual FD of 0.25, leading
to less than 4 minutes of motion free rs-fMRI data290. Applying these criteria
led to the exclusion of three PTSD patients and one combat control. The
remaining patients did not differ in their motion levels (see Table 1). Fur-
thermore, motion was additionally addressed by applying ICA-AROMA242 to
automatically identify single-subject ICA components associated with motion.

fhttps://www.fil.ion.ucl.ac.uk/spm/
ghttp://www.brain-development.org
hhttp://www.neuro.uni-jena.de/cat/
ihttps://stnava.github.io/ANTs/
jhttps://www.oasis-brains.org/
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These components were then regressed out from the data. Further structured
noise was removed by performing nuisance regression with average WM and
CSF signals. For that the calculated WM/CSF segmentations of the T1 image
were transformed to EPI space and thresholded conservatively at 0.95. The
denoised fMRI images were transformed to MNI space at 4mm and high-pass
filtered at 0.01Hz.

Figure 5.4: 48 out of 70 networks calculated via a meta-ICA approach which were identified as
carrying signal-related information.

5.5.3 Meta-ICA

For the meta-ICA we repeatedly (25 times) extracted 20 participants out of
the 28 combat controls at random and performed a temporally-concatenated
group-ICA with the number of components fixed to 70. The obtained spatial
maps (25 * 70 = 1750) were merged and entered into an additional (meta-)ICA
with 70 components. The number of components was determined because it
was shown to provide good insight into clinical differences of patient groups2.
Following the meta-ICA, group spatial components were investigated visu-
ally and using an automatic approach verifying their reproducibility across
individual ICA runs and the proportion of the components located in the
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Figure 5.5: 22 out of 70 meta-ICA networks which were related to noise sources.

gray matter64. 48 components were identified as carrying non-noise related
resting-state activity (Supplementary Figure 5.4 and Supplementary Figure
5.5). Following the identification of the components dual regression was per-
formed to identify subject specific spatial maps corresponding to the group
components33. Dual regression was applied using the group maps computed
through meta-ICA on the combat controls and the rs-fMRI data of the PTSD
patients.
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Figure 5.6: Mean correlation across patient groups between average time-courses extracted from
the largest clusters (>5 voxels) of consistently selected features (see Table 2) with the pre-SMA
time-courses of each participant (extracted via dual regression). Errorbars show standard error
of the mean.
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Figure 5.7: Results of the univariate group analyses showing differences between responders
and non-responders when no further correction for the investigated networks is performed. This
visualization is purely exploratory and inflated Type-I error rates have to be assumed. Right
side of the brain is plotted on the left. The RSNs (hot colors) were thresholded at z 3-14. The
significant group-differences are plotted in green.
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Figure 5.8: Results of the multivariate analysis if the final P -value is not adjusted accord-
ing to Bonferroni correction for the number of RSNs tested. These results are therefore purely
exploratory and might show inflated Type-I error. RSNs are plotted in hot colors and were
thresholded at z 3-14. The consistently selected features (>50% selected across cross-validation
iterations) during the classification are plotted in blue to green colors.
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5.5.4 Multivariate Analysis

Classification was performed using a Gaussian process classifier (GPC). We
chose a zero mean and a normalized linear kernel function for the prior dis-
tribution following recommendations in the field200. To infer the parameters
of the posterior distribution we used a Probit likelihood function with the
expectation maximization algorithm for inference213. To reduce the initial
dimensionality of the classification problem univariate feature selection was
performed. For that we computed the average univariate difference between
connectivity values in every voxel using only participants of the training set.
The difference was then z-scaled and thresholded. To determine the optimal
threshold we investigated z-values from 2.5 until 4.0 in steps of 0.1 using nested
5-fold cross-validation on the training set. The optimal value was chosen as the
one which generated the highest average balanced accuracy (average between
sensitivity and specificity) across the five folds. The GPC was implemented
using the Python (version 2.7.15) interface of the Shogun machine learning
toolbox (version 6.1.3k).

khttps://shogun-toolbox.org/
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Abstract
Randomized controlled trials have shown efficacy of trauma-focused psychother-
apies in youth with posttraumatic stress disorder (PTSD). However, response
varies considerably among individuals. Currently, no biomarkers are available
to assist clinicians in identifying youth who are most likely to benefit from
treatment. In this study, we investigated whether resting-state functional
magnetic resonance imaging (rs-fMRI) could distinguish between responders
and non-responders on the group- and individual patient level. Pre-treatment
rs-fMRI was recorded in 40 youth (ages 8-17 years) with (partial) PTSD be-
fore trauma-focused psychotherapy. Change in symptom severity from pre-
to post-treatment was assessed using the Clinician-Administered PTSD scale
for Children and Adolescents to divide participants into responders (�30%
symptom reduction) and non-responders. Functional networks were identified
using meta-independent component analysis. Group-differences within- and
between-network connectivity between responders and non-responders were
tested using permutation testing. Individual predictions were made using
multivariate, cross-validated support vector machine classification. A network
centered on the bilateral superior temporal gyrus predicted treatment response
for individual patients with 76.17% accuracy (pFWE = 0.018, 87.14% sensitiv-
ity, 65.20% specificity, area-under-receiver-operator-curve of 0.82). Functional
connectivity between the frontoparietal and sensorimotor network was signif-
icantly stronger in non-responders (t = 5.35, pFWE = 0.012) on the group-
level. Within-network connectivity was not significantly different between
groups. This study provides proof-of-concept evidence for the feasibility to
predict trauma-focused psychotherapy response in youth with PTSD at an
individual-level. Future studies are required to test if larger cohorts could
increase accuracy and to test further generalizability of the prediction models.
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6.1 Introduction

Posttraumatic stress disorder (PTSD) is a common mental health disorder
that develops in approximately 16% of youth exposed to traumatic events6.
Youth with PTSD are troubled by frequent re-experiencing of the traumatic
event, persistent avoidance, hyperarousal and negative alterations in cognition
and mood13. These symptoms can interfere with social functioning and school
performance, have a negative effect on the quality of life61 and are a crucial
factor in shaping the vulnerability to depression and suicidality later in life215.
Randomized controlled trials (RCTs) have demonstrated the efficacy of trauma-
focused psychotherapies in youth with PTSD217, but response varies consider-
ably among individuals, with 30-50% of youth not benefiting sufficiently89,217.
Different pre-treatment clinical and demographic factors have been associated
with trauma-focused psychotherapy outcome, but none have shown to reliably
predict treatment response128. This underlines the need for the identification
of reliable (bio)markers of treatment response which could assist clinicians to
optimize treatment allocation and improve clinical outcome.
Previous studies have shown that adult PTSD is characterized by functional al-
terations in brain regions which are key nodes in multiple large-scale brain net-
works, including the insula and medial prefrontal cortex312. The insula is part
of the salience network that is responsible for detecting and orienting to salient
stimuli209, and the medial prefrontal cortex is part of the default mode network
that is associated with internally focused thought as well as autobiographical
memory209. Results from studies examining large-scale network connectiv-
ity in youth with PTSD have not always corresponded with results obtained
in adults315. However, few studies have investigated the relationship between
large-scale brain network connectivity and treatment-response. In adults, neu-
roimaging studies have observed pre-treatment differences between responders
and non-responders to trauma-focused psychotherapy100,118,174,331,338. And
a study in adolescent girls reported greater pre-treatment bilateral amygdala
activation during emotion processing in treatment responders and differences
in large-scale brain network connectivity69. These studies provide initial ev-
idence for group-differences in pre-treatment brain activity and connectivity
between treatment responders and non-responders.
The studies reported above used univariate analysis to detect group differences.
However, this does not provide information for individual patients and may
not generalize to new data14, which is necessary to allow clinicians to inform
patients and to assist in clinical decision making. Predictions for individual
patients can be made using multivariate supervised machine learning (ML)
analysis, and several studies have utilized ML methods and resting-state func-
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tional magnetic resonance imaging (rs-fMRI) to predict treatment-response in
adults with PTSD, with accuracies ranging between 71-90%105,174,338. How-
ever, no studies are available that have investigated the utility of ML and
rs-fMRI to predict treatment-response in youth with PTSD. Therefore, we
collected pre-treatment rs-fMRI data of 40 youth with PTSD/partial-PTSD
(age 8-17) to predict treatment response on the group- and individual-level.

6.2 Methods and materials

6.2.1 Participants

Our initial sample consisted of 61 participants (39 female) diagnosed with
PTSD or partial PTSD. Participants entered trauma-focused psychotherapy
as part of a RCT comparing trauma-focused cognitive behavioral therapy (TF-
CBT) and eye movement desensitization and reprocessing (EMDR)89. Of
these, 50 completed treatment as well as pre- and post-treatment assessment
(see flow diagram in Figure 6.4). After data quality control 40 participants
(26 female) were included in the final analysis. All participants were Dutch
speaking, and 8-17 years old. Participants were recruited between June 2011
and September 2018 at the outpatient child psycho-trauma center of the de-
partment of child and adolescent psychiatry, de Bascule in Amsterdam, The
Netherlands. Youth were referred by child welfare services, physicians or gen-
eral practitioners. Diagnoses for PTSD or partial PTSD were established
clinically by an experienced child and adolescent psychiatrist or psychologists
according to the DSM-IV-TR criteria using joint child and caregiver reports on
individual symptoms on the Clinician-Administered PTSD Scale for Children
and Adolescents (CAPS-CA) semi-structured interview219 and the caregiver
reports from the PTSD scale of the Anxiety Disorders Interview Schedule –
Parent Version (ADIS-P)303. A symptom was established as present, if either
child or caregiver reported its presence. Partial PTSD was defined as either ful-
filling two of the three PTSD symptom clusters or having one symptom present
in each of the three symptom clusters277. Furthermore, participants were re-
quired to have a CAPS-CA total score indicating at least mild PTSD symp-
tom severity (>20 points). Exclusion criteria were: acute suicidality, IQ<70,
pregnancy, neurological disorders or serious medical illnesses or meeting the
criteria of the following diagnosis: psychotic disorders, substance-use disorder
or pervasive developmental disorder. If participants were taking psychotropic
or central nervous-active medication, medication was required to be stable for
at least three weeks before and during trauma-focused psychotherapy. In our
sample one participant was taking sertraline and two methylphenidate. In ac-
cordance with procedures approved by the Institutional Review Board of the
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Amsterdam University Medical Center and the declaration of Helsinki, written
informed consent was obtained from all parents or legal guardians. Written in-
formed consent from youth aged 12 years and older and assent from youth aged
11 and younger, was also obtained from the youth themselves. All participants
received a monetary incentive for participation (€5 for each assessments).

6.2.2 Trauma-focused psychotherapy

Participants were randomly assigned to eight weekly protocolized sessions of
either TF-CBT or EMDR. The data reported here were obtained as part of a
larger study on the long-term efficacy of TF-CBT and EMDR. Treatment was
delivered by experienced trauma therapists who were trained in TF-CBT and
EMDR before study initiation. Supervision by TF-CBT and EMDR experts
was provided throughout the study. Treatment protocols, training and super-
vision of therapists, as well as treatment fidelity have been described in detail
previously332.
Trained psychologists administered the CAPS-CA and the PTSD scale of the
ADIS-P to measure PTSD symptoms before and after treatment. Caregiver re-
ports on the ADIS-P were used to complement child reports and clinical obser-
vation. The Dutch Revised Child Anxiety and Depression Scale (RCADS(-P))
questionnaires was administered to assess depressive and anxiety symptoms66.
Symptom change was calculated by subtracting the pre-treatment from the
post-treatment CAPS-CA total score. We used �30% reduction of CAPS-CA
total score as response criterion for clinically meaningful improvement333.
The distribution of baseline clinical, trauma and demographic characteristics
across responders and non-responders was examined using χ2-tests, indepen-
dent sample t-tests or Mann-Whitney tests as appropriate. Paired sample
t-test were used to examine pre- to post-treatment symptom change. Statis-
tical analyses were performed using SPSS version 26 (SPSS Inc., Chicago IL,
USA).

6.2.3 Data acquisition

All scans were obtained on a 3T MRI scanner (Philips Medical System, Best,
the Netherlands). The T1-weighted high resolution MRI scan was acquired
before the rs-fMRI scan with the following parameters: repetition time (TR)
= 10 ms, echo time (TE) = 4.6 ms, flip angle = 8°, 200 sagittal slices, field
of view (FOV) = 240 × 240 × 160, matrix size = 304 × 299 and voxel size
= 0.8 × 0.8 × 0.8 mm. The rs-fMRI scan consisted of 320 T2*-weighted echo
planar interleaved slices with TR = 1600 ms, TE = 23 ms, flip angle = 72.5°,
FOV = 256 × 208 × 120, 30 transverse slices, matrix size = 64 × 51, total
scan time 8 min and 44.8 s, 0.4 mm gap, acquired voxel size = 4 × 4 × 3.60
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mm). Participants were asked to focus on a fixation cross, while letting their
mind wander and relax.

6.2.4 Imaging data preprocessing

All (f)MRI preprocessing was performed utilizing a singularity image container
running fMRIPrep (v1.5.3a).

Structural data preprocessing

Structural MR images were corrected for intensity non-uniformity and brain-
extracted using the ANTs toolbox (v2.2.0b). Brain tissue segmentation of cere-
brospinal fluid (CSF), white-matter (WM), and gray-matter (GM) was per-
formed on the brain-extracted T1w images using FSL FAST (v5.0.9). Volume-
based spatial normalization to MNI space (MNI152NLin6Asym) was performed
through nonlinear symmetric normalization with ANTs.

Functional data preprocessing

Preprocessing of rs-fMRI data followed the standard procedure implemented
in fMRIPrep involving generation of a reference volume, co-registration to the
T1w scan, motion correction (before any spatiotemporal filtering) and nor-
malization to MNI space in one step using a combination of all spatial trans-
formations (see 6.5.2 for details). Normalizations and co-registrations were
assessed visually and four PTSD patients were excluded due to poor normal-
ization quality. We excluded five additional participants with high spikes of
motion identified from visual inspection of plots of the realignment parame-
ters (volume-to-volume changes >2mm). The remaining participants did not
differ in overall motion levels according to their framewise displacement241

(see Table 6.1). Data were spatially smoothed with an isotropic, Gaussian
kernel of 6mm full-width-at-half-maximum. To further address motion con-
tamination, we applied ICA-AROMA242 (in MNI space) to remove additional
motion sources from the data. Data was then resampled to 4mm3 to speed-up
additional procedures. We addressed further structured noise present in the
data by regressing out average WM and CSF signals using masks calculated
in T1w space, transformed to rs-fMRI space. We combined this regression
step with highpass filtering by a discrete cosine set with 128s cut-off. To avoid
reintroducing already removed nuisance signal into the data by applying a se-
quential pipeline, both WM/CSF and cosine regressors were denoised with the

ahttps://fmriprep.org/en/1.5.3/
bhttps://stnava.github.io/ANTs
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previously identified ICA-AROMA regressors193. As a final step the rs-fMRI
data were grand-mean scaled with a factor of 10000.

Identification of intrinsic connectivity networks

To identify a set of robust intrinsic connectivity networks (ICNs) we employed
a meta independent component analysis (ICA)40 utilizing FSL MELODIC
(v3.15)34. To ensure that the identification of ICNs was independent from
their use in the analysis, which may introduce a positive bias239, we included
rs-fMRI data of 17 trauma-exposed controls (TEC) who did not differ in age,
gender, or motion from the included patients (see 6.5.1 for further details).
The number of components was fixed to 70 as it has been successful in the
identification of treatment-related PTSD biomarkers for veterans in our pre-
vious study338. To identify ICNs, we employed a semi-automatic approach64

which led to the inclusion of 48 ICNs (see 6.5.3). Both ICNs and excluded
components are shown in Figure 6.5 and 6.6, respectively.
To reconstruct individual-level representations of the group-level ICNs and
their time-courses we applied group-information guided ICA (GIG-ICA) to
the preprocessed data of the PTSD patients96. GIG-ICA computes a spatially
constrained individual-level ICA which estimates individual ICNs which are
maximally spatially correlated with a group-map. This procedure is repeated
for each group ICN and each participant, generating a set of individual-level
ICN representations and their corresponding time-courses. GIG-ICA has been
shown to outperform conventional reconstruction methods like dual regres-
sion in identifying reliable biomarkers for psychiatric disorders and to pro-
duce spatially independent components96,258. GIG-ICA was applied utilizing
MATLAB code (R2018b, The Mathworks, Natick, MA) distributed with the
GroupICA toolbox (v4.0bc).
To investigate between-ICN connectivity we applied the FSLnets toolbox
(v0.6.3d) to the individual-level ICN time-courses estimated via GIG-ICA. We
estimated full- and partial-correlation matrices between all identified ICNs and
converted all correlation coefficients to z-scores for further analyses.

6.2.5 Group-level analyses

We tested for group-differences across ICNs (within-ICN connectivity) be-
tween responders and non-responders using permutation testing implemented
in PALM (a117e). We included demeaned age, gender and pre-treatment

chttps://trendscenter.org/software/gift
dhttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets
ehttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/PALM
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CAPS-CA total scores as covariates-of-no-interest into a general linear model
(GLM). Familywise error (FWE) correction of p-values across the whole-brain,
48 ICNs and two-sided tests of the threshold-free-cluster-enhancement (TFCE)
statistic273 was performed using synchronized permutations (n = 10000) of the
maximum statistic.
The same procedure, involving permutation testing (n = 10000), and the
same covariates-of-no- interest was utilized to investigate group-difference in
between-ICN connectivity across responders and non-responders. The FWE-
correction of p-values of the t-statistic was performed across all connections,
two-sided contrasts and the full- and partial correlation matrices utilizing the
maximum statistic. α was set to 0.05 in both analyses.

6.2.6 Individual-level analyses

To investigate whether within- or between-ICN connectivity could predict
treatment-response for the individual patient, we applied multivariate, cross-
validated linear-kernel support vector classifiers (SVM)76 to our data. For
that we considered every ICN and their connectivity profiles (full- and partial-
correlation matrices) separately, and divided our data into 5-folds (each fold
containing 20% of the data) ensuring (approximate) balance of responders and
non-responders per fold. Data of 4-folds was used as training set for rescal-
ing all features to -1 to 1 range and fitting the SVM. The fifth fold served as
the test set and we calculated balanced accuracy (average between sensitivity
and specificity), area-under-the-receiver-operator-curve (AUC), sensitivity (of
identifying responders), specificity (of identifying non-responders) and neg-
ative/positive predictive value (NPV/PPV) as performance measures of the
trained SVM classifier. We repeated the procedure five times, each time re-
training the classifier and utilizing a different fold as the test set. Finally, we
repeated the random division of the data across the five folds 50 times and re-
peated the entire analysis, yielding a 50-times-repeated-5-fold cross-validation
procedure. In the end, we averaged the performance measures across the 250
test set evaluations, providing a set of measures estimating the generalizability
of our classifier to new data.
To assess statistically whether the estimated average accuracies provided better-
than-chance performance and to correct for the number of classifications per-
formed, we used synchronized permutation tests (n = 2000, see 6.5.4). α was
set to 0.05.
We also assessed which features were important for the classification by cal-
culating p-values for each weight of the SVM using a novel permutation-based
procedure125 (see 6.5.4). The p-values were computed after the classifier was
applied to the entire data set and are intended for visualization purposes only.
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All individual-level analyses were implemented in the Python programming
language (v3.8.2) utilizing the scikit-learn ML toolbox (v0.22.1).

6.3 Results

6.3.1 Demographic and clinical characteristics

A summary of participant characteristics is shown in Table 6.1. Treatment
responders and non- responders did not differ in demographic, trauma and
clinical characteristics at baseline apart from separation anxiety symptoms
which were (marginally significantly) higher in responders (p = 0.048). Based
on joint child (CAPS-CA) and caregiver (ADIS-P) reports 82.5% of all par-
ticipants met the full DSM-IV diagnostic criteria for PTSD at baseline, the
remaining 17.5% met criteria for partial PTSD. The average baseline CAPS-
CA score was 56.13 (SD = 23.25), which is indicative of moderately severe
PTSD. The most common index trauma was sexual abuse, followed by com-
munity violence, accidents and domestic violence. 57.5% of participants were
exposed to multiple-event trauma. Average age at trauma exposure was M =
9.95 years, SD = 3.89 (range 2-16) and average time since trauma was M =
2.82 years, SD = 2.52 (range 0-10).

Table 6.1: Subject characteristics.

Responders
(n = 21)

≥30%
CAPS-CA

Non-
Responders

(n = 19)
<30%

CAPS-CA

p-valuea

Sociodemographic characteristics

Female (%) 57.1 73.7 0.273

Age (years; mean, SD) 12.5 (2.64) 12.7 (3.25) 0.820

West European Ethnicity (%) 52.4 42.1 0.413

Current educational level (%) 0.557

Elementary school 52.4 42.1

Middle/High school lower level 9.5 5.3

Middle/High school middle level 28.6 26.3

Middle/High school higher level 9.5 15.8

Vocational school 0 10.5

Household Income (€; %) 0.622
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<25000 28.6 26.3

25000-35000 19.0 5.3

>35000 23.8 15.8

Weight (kg; mean, SD) 51.3 (12.67) 50.7 (8.46) 0.875

Current psychotropic medication
(%) 9.5 5.3 0.609

Smoking (%) 9.5 5.3 0.702

Alcohol >1 consumption/day (%) 0 0

Imaging Data

Framewise displacement (mean, SD) 0.21 (0.11) 0.20 (0.12) 0.820

Trauma characteristics

Index trauma (%) 0.971

Sexual abuse 28.6 36.8

Domestic violence 14.3 10.5

Community violence 23.8 26.3

Accidents / Medical 14.3 10.5

Other 19.0 15.8

Repeated trauma exposure (%) 61.9 52.6 0.554

Age at index trauma (years; mean,
SD) 10.0 (3.43) 9.9 (4.42) 0.824

Time since index trauma (years;
mean, SD) 2.7 (2.00) 2.9 (3.03) 0.773

Clinical characteristics

CAPS-CA study entry (mean, SD)b

Total 55.5 (23.95) 56.8 (23.09) 0.856

Re-experiencing 16.7 (10.04) 18.9 (10.92) 0.532

Avoidance 22.8 (9.62) 20.1 (10.54) 0.422

Hyperarousal 16.8 (9.49) 18.8 (8.48) 0.515

Full PTSD diagnosis (%) 85.7 78.9 0.574

RCADS study entry (mean, SD)b

MDD 11.7 (6.11) 12.5 (6.29) 0.729

GAD 8.4 (4.56) 5.6 (3.48) 0.089
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OCD 7.3 (3.84) 6.2 (2.59) 0.407

PD 9.2 (6.65) 7.4 (5.81) 0.469

SAD 7.4 (3.91) 4.3 (4.12) 0.048

SP 13.3 (7.28) 10.8 (6.00) 0.339

CAPS-CA: Clinician-Administered PTSD Scale for Children and Adolescents, RCADS: Revised
Child Anxiety and Depression Scale, MDD: major depressive disorder, GAD: general anxiety
disorder, OCD: obsessive compulsive disorder, PD: panic disorder, SAD: separation anxiety dis-
order, SP: social phobia
a p-values <0.05 shown in bold. Independent samples t-test for continuous and χ2 tests for cate-
gorical variables
b Ranges: CAPS-CA total, 0-139; RCADS MDD, 0-30; RCADS GAD, 0-18; RCADS OCD, 0-18;
RCADS PD, 0-27; RCADS SAD, 0-21; RCADS SP, 0-27

6.3.2 Changes in psychopathology

Treatment completers and non-completers did not differ in baseline sociode-
mographic, trauma or clinical characteristics. Across the completer sample, we
found significant reductions in CAPS-CA total score (t(39) = 5.65, p < 0.001,
Cohen’s effect size (d) = 0.89), re-experiencing (t(39) = 4.39, p < 0.001, d =
0.71), avoidance (t(39) = 4.10, p < 0.001, d = 0.68) and hyperarousal clus-
ters (t(39) = 2.935, p = 0.006, d = 0.55). Twenty-one fulfilled the criterion
for treatment response (�30% PTSD symptom reduction on CAPS-CA), and
nineteen were non-responders.

6.3.3 Resting-state fMRI

Group-level analyses

Within-network analyses There were no group-differences surviving FWE-
correction between responders and non-responders for any of the 48 ICNs.
Because the number of investigated components was large, requiring stringent
correction for multiple comparisons, we also provide the results of the analyses
when FWE-correction was only applied for each network separately (see Figure
6.7). Within-network connectivity of two ICNs (left FPN and a visual ICN)
was increased in responders over non-responders in this exploratory analysis.

Between-network analyses Between-network analyses showed a signifi-
cantly larger Pearson correlation between the (predominantly) left FPN and
a sensorimotor network in non-responders over responders (t = 5.35, pFWE =
0.012, Figure 6.1).
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Figure 6.1: Stronger Fisher r-to-z transformed Pearson correlation between a sensorimotor net-
work and the (predominately) left frontoparietal network was observed for non-responders over
responders. Boxplots shows median and interquartile range of the distribution of responders/non-
responders. The dots show the individual z-transformed correlation values of the individual pa-
tients.

Individual-level analyses

SVMs trained on data from an ICN centered on the bilateral superior temporal
gyrus (STG) provided an average cross-validated accuracy of 76.17% (SD =
12.58%, pFWE = 0.018, Figure 6.2(A) and Figure 6.3). The network achieved
an AUC of 0.82 (SD = 0.16), with a sensitivity of 87.14% (SD = 16.56%) and
a specificity of 65.20% (SD = 21.44%). The PPV/NPV was 0.75/0.85 (SD
= 0.14/0.19). No other network showed classification accuracies exceeding
chance-level when FWE-correction was applied. However, if no correction for
the number of tests was performed, three more networks showed better-than-
chance performance in the classification (Figure 6.8).
p-values corresponding to the voxel-weights of the SVM classifier when trained
on data of all patients of the STG ICN can be seen in Figure 6.2(B), showing a
diffuse whole-brain pattern required to successfully perform the classification.

6.4 Discussion

In this study we investigated the possibility of using pre-treatment rs-fMRI
data as a biomarker to predict trauma-focused psychotherapy response in
youth with (partial) PTSD. We examined prediction both on the group- and
individual-level. In our study, a network centered on the bilateral STG could
distinguish between responders and non-responders on the individual-level,
with an accuracy of 76.2%. We further found increased connectivity between
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Figure 6.2: A. A network centered on the bilateral superior temporal gyrus which provided
the best performance during the multivariate classification of responders and non-responders. B.
p-values of the individual voxel weights of the SVM estimated using the margin-aware statistic
and analytical approximation of the null-distribution125. p-values are shown unthresholded as the
analysis is multivariate and therefore all voxels – and not only the most significant ones – always
contribute to the classification task.
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Figure 6.3: Cross-validated performance estimates of the best performing network during clas-
sification (Figure 6.2). Boxplots show the mean and interquartile range (IQR) of the individual
performance distributions. The mean instead of the median is shown because it was also used and
reported as final performance of the network. Red dotted line indicates approximate chance-level.
However, statistically, deviation from chance-level and FWE-correction were estimated through
synchronized permutations.

the left FPN and a sensorimotor network in non-responders on the group-
level. To our knowledge this is the first study to examine the prediction of
treatment-response using rs-fMRI data in youth with PTSD. Together our re-
sults provide a first proof-of-concept for the utility of rs-fMRI as a biomarker
for treatment-response in youth with PTSD.
Our findings indicate increased pre-treatment connectivity between the left
FPN and sensorimotor network in trauma-focused psychotherapy non-responders.
The FPN is highly integrated with other brain networks and has a compre-
hensive role in attention, working memory and decision making by flexibly in-
teracting with other brain networks209. Abnormal recruitment of other brain
networks into the FPN is linked with deficits in these cognitive processes and
has been associated with multiple psychiatric disorders209. More specifically,
increased connectivity between the FPN and a sensorimotor network has been
found in youth with autism (ASD) and attention-deficit/hyperactivity disor-
der (ADHD)64. While speculative at this point, abnormal recruitment of the
sensorimotor network into the FPN in non-responders might be related to
deficient cognitive processes resulting in suboptimal engagement in trauma-
focused psychotherapy and poor treatment response. To test this hypothesis,
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future research could address functional connectivity patterns of the FPN to-
gether with neurocognitive tests before and after treatment and use repeated
transcranial magnetic stimulation to directly influence FPN connectivity105.
Such an approach could eventually delineate clinical relevance and might iden-
tify promising targets for non-invasive stimulation-based interventions119.
The ICN yielding significant classification performance was centered on the
STG. A growing number of studies have shown structural and functional ab-
normalities in the STG in PTSD patients104,119,185,192. Based on electrical
stimulation of the area, Engdahl and colleagues have suggested that STG ab-
normalities may be associated with re-experiencing symptoms104. Others have
suggested a relationship between STG abnormalities and dissociative symp-
toms in PTSD patients185. Interestingly, we have previously shown a pos-
itive correlation between STG activation and trauma-focused psychotherapy
response in adults with PTSD192.
Previous studies utilizing ML methods, however, did not identify network con-
nectivity of the STG as an accurate predictor of treatment response. In adults
treated with prolonged exposure, Etkin and colleagues, found a classification
accuracy of >85%, using a combination of pre-treatment rs-fMRI connectivity
within the ventral attention network and delayed recall performance in a ver-
bal memory task105. In another study, pre-treatment functional connectivity
within- and between- the default mode, dorsal attention, cingulo-opercular,
salience, and central executive network during task-free fMRI predicted re-
sponse to TF-CBT with an accuracy of 71.4%174. Finally, we have previously
shown the feasibility of the same approach as outlined here to predict response
to trauma-focused therapy in veterans with PTSD with 81.4% accuracy338,
with an ICN centered on the pre-supplementary motor area providing the
best predictive accuracy.
At present, it remains unclear why our findings on classification accuracy differ
from findings in adult PTSD. Studies in adults have reported different net-
works/functional connectivity estimates than identified here and have found
classification accuracies which mostly exceeded accuracy found in the current
study. One possibility is that, with inclusion of both PTSD and partial PTSD
patients, clinical heterogeneity increased, resulting in lower classification ac-
curacy. Another possibility is that neurodevelopmental trajectories add to
heterogeneity and might reduce classification accuracy, as previous studies in
youth with PTSD using rs-fMRI have shown neurodevelopmental effects on
network connectivity and we included youth with a relatively wide age range.
These hypotheses require further investigation, including longitudinal stud-
ies of youth with PTSD which develop into adulthood. While the current
individual-level classification findings differ from adults, it is reassuring that
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the application of the same approach to treatment-response classification as
reported here has been associated with significant classification accuracies in
adults multiple times, even for a different disorder296,338.
There is a difference between the findings observed on the group- and on the
individual-level. While there was no difference in within-network connectivity
for any ICN between responders and non-responders on the group-level, there
was a network significantly predictive on the individual-level. The opposite
was true for the between-network connectivity. These discrepancies can be
explained by the fact that a significant p-value in group-comparisons does not
have to imply the ability to distinguish between patients on the individual-
level because of low effect sizes of the difference14. In addition, both analyses
have different goals and therefore can identify different ICNs: group-level anal-
yses focus on determining localized average differences between groups while
individual-level analyses utilize all multivariate data to determine a model
which provides the highest prediction59. This clearly marks the importance
of performing individual-level prediction studies as these may improve clini-
cal decision making in the future and may lead to independent results from
group-level studies.
Although classification accuracy exceeded chance-level performance, it still
falls below the APA proposed threshold for clinical applicability of biomark-
ers115. The suggested combination of >80% sensitivity, specificity, and PPV
is useful as guidance for research, but clinical utility should preferably be
based on cost-benefit analyses234. As the current clinical standard is to offer
trauma-focused psychotherapy to all youth with PTSD, a biomarker which re-
liably identifies non-responders could aid clinical decision making. This would
correspond to a classifier with high specificity, but also reasonably high sensi-
tivity to prevent classifying all patients as non-responders. If a-priory chances
of treatment non-response are high, clinicians together with patients and their
caregivers, could decide to abstain from initiating trauma-focused psychother-
apy and search for alternative treatments with higher chances of success. This
may help to prevent the unnecessary burden of failed treatment trials.
Several limitations of this study should be noted. First, the sample size in
the current study is low. This has an impact on the certainty of the esti-
mated performance of the individual-level analysis. Cross-validation can lead
to high variance in performance estimates if applied to studies with low sample
sizes299. To increase the confidence in the presented results, we followed best-
practices for the field239 and utilized a permutation test corrected for multiple
comparisons which can provide a valid statistical control for the performance
measures299. However, only with larger sample sizes can these problems be
fully addressed and therefore the current study can only be regarded as a first
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step for further individual-level prediction studies in youth with PTSD. Larger
sample sizes at the same time may increase clinical heterogeneity and limit
classification performance as well14. Second, although the majority (82.5%) of
included youth had a full PTSD diagnosis, the remaining 17.5% had a partial
PTSD diagnosis. Including youth with partial PTSD increased clinical hetero-
geneity. Increased clinical heterogeneity might have lowered overall treatment
response due to a floor effect and might have lowered prediction accuracy.
However, by including youth with partial PTSD, our sample better reflects the
real-life clinical setting, which adds to the ecological validity of our findings.
Third, youth were randomized to receive either TF-CBT or EMDR, and both
treatment conditions were collapsed for the current analysis. Due to limited
power it was not feasible to examine differences between treatment responders
and non-responders separately for both treatments or examine specific predic-
tors for each treatment separately. Importantly, efficacy of both treatments
has been shown to be comparable in an RCT with considerable sample overlap
with the current study89. Finally, our study had substantial drop-out, as 18%
of randomized patients were lost to follow-up. Although such dropout rates
reflect routine clinical practice and treatment completers and non-completers
did not differ on baseline characteristics, there is a possibility that drop-out
could have influenced our findings through attrition bias.

6.4.1 Conclusion

The present study demonstrates that increased resting-state connectivity be-
tween the FPN and a sensorimotor network can distinguish trauma-focused
psychotherapy responders from non-responders on the group-level. Future
studies could examine if these network patterns are potential targets for (non-
invasive) neuromodulation interventions to reduce PTSD symptoms in afflicted
youth. We further show that resting-state connectivity patterns in a net-
work centered on the bilateral STG are capable of predicting trauma-focused
psychotherapy response in youth with PTSD. These proof-of-concept findings
emphasize the feasibility of combining ML analysis and rs-fMRI to identify
predictive biomarkers for treatment response. However, before translation to
clinical practice can commence, future research should aim to test the robust-
ness and generalizability of these findings in larger independent cohorts.
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6.5 Supplementary information

6.5.1 Trauma-exposed controls

To prevent overfitting in the main analyses, we utilized an independent sam-
ple of trauma-exposed controls (TEC) to identify our intrinsic connectivity
network (ICN) templates239. TEC were aged between 8 and 18 years and
were able to understand the Dutch language. TEC were recruited between
June 2011 and September 2018 through local elementary- and high schools by
researcher JBZ, RodK and JBME. Exposure to traumatic events were vali-
dated according to A1 and A2 criteria of DSM-IV-TR12 using the life-events
checklist of the Clinician-Administered PTSD Scale for Children and Adoles-
cents (CAPS-CA) semi-structured interview219. TEC were excluded if they
met PTSD or partial PTSD diagnosis using both the CAPS-CA and caregiver
reports from the PTSD scale of the Anxiety Disorders Interview Schedule –
Parent Version (ADIS-P)303 or had a CAPS-CA total score of >20 points.
Additional exclusion criteria were: acute suicidality, IQ<70, pregnancy, neu-
rological disorders or serious medical illnesses or meeting the criteria of one of
the following diagnosis: psychotic disorders, substance-use disorder or perva-
sive developmental disorder. 21 TEC were scanned on the same scanner using
the same parameters and protocol as the (partial)-PTSD patients described in
the main manuscript.
The resting-state functional magnetic resonance imaging (rs-fMRI) data of the
TEC was preprocessed according to the exact same procedures as described in
the main manuscript. Application of the same quality control procedures led
to the exclusion of two TEC due to registration failures and two TEC due to
excess motion, leading to a final included sample of 17 TEC as reported in the
main manuscript. The included TEC did not differ from the included PTSD
patients in age (M = 14, SD = 3.57, t(55) = 1.53, p = 0.133), gender (64.7%
female, χ2(1) = 0.0005, p = 0.983), age at trauma (M = 12.13, SD = 3.52, t(52)
= 1.87, p = 0.063), time since trauma (M = 2.07, SD = 1.98, t(52) = 1.039,
p = 0.304), and motion as estimated via mean framewise displacement241 (M
= 0.15, SD = 0.04, t(55) = -1.77, p = 0.08) but did differ in type of trauma
exposure χ2(4) = 15.998, p = 0.003 with relatively more accidents and other
trauma and less sexual abuse and domestic/community violence in the TEC
group.

6.5.2 Functional data preprocessing

For each participant, a reference rs-fMRI volume and its skull-stripped ver-
sion were generated using custom methodology of fMRIPrep. This reference
image was then co-registered to the corresponding MRI scan using boundary-
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Figure 6.4: Flow diagram of included patients. Response is defined as �30% reduction in CAPS-
CA total score from pre- to post-treatment.

based registration131. Head-motion correction with respect to the reference
was estimated before any spatiotemporal filtering using MCFLIRT159. The
rs-fMRI scans were normalized to MNI space combining all spatial transfor-
mations (head-motion correction, co-registration and normalization) into one
single step using Lanczos interpolation184.

6.5.3 Identification of intrinsic connectivity networks

The meta-ICA procedure was implemented as follows: we repeatedly (n = 25)
and randomly selected 15 out of our 17 TEC and computed a temporally-
concatenated ICA to identify spatially independent components (70 compo-
nents each, i.e. 25 * 70 = 1750 spatial components in total). Then, we concate-
nated all spatial components across all individual ICA runs and calculated a
final meta-ICA (70 components) leading to a set of robust spatial components
to consider for identification of ICNs.
To identify valid ICNs, we employed a semi-automatic approach64. In a first
stage, we assessed all spatial components visually, focusing on overlap with
GM and overlap with previously identified ICNs. This led to the exclusion of
20 components. In a second stage, we computed the average spatial correlation
between each of the meta-ICA components and the maximally correlated spa-
tial components of each individual ICA run64. Such a measure represents the
reproducibility of the meta-ICA components across all individual ICA runs.
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We excluded all components with a correlation <0.6, leading to the exclusion
of 2 additional components.
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Figure 6.5: All 48 included intrinsic connectivity networks (ICNs) estimated through the ap-
plication of meta-independent component analyses (ICA) with 70 (group-)components. ICNs
were identified utilizing a semi-automatic approach consisting of visual assessment and calcula-
tion of average spatial correlation coefficients between each of the meta-ICA spatial components
and their corresponding maximally correlated individual-ICA components. Components with an
average correlation <0.6 were removed. The right hemisphere is plotted on the left.
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Figure 6.6: All 22 excluded components. Either excluded because of their overlap with white
matter/cerebrospinal fluid or because of their low average spatial correlation (<0.6) between the
meta-ICA group-component and its maximally correlated individual-ICA components. The right
hemisphere is plotted on the left.
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Figure 6.7: Exploratory group-level analyses comparing responders to non-responders for within-
ICN connectivity without correction for multiple-comparisons for the number of investigated com-
ponents. A. increased within-ICN connectivity in the left frontoparietal ICN (same as in) Figure
6.1 of the main manuscript) for responders over non-responders. B. increased within-ICN con-
nectivity in the visual (occipital) ICN for responders over non-responders.
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Figure 6.8: Exploratory classification analyses without additional correction for the number of
investigated components. Shows performance of three additional networks which show better-
than-chance performance in this exploratory investigation.
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6.5.4 Individual-level analyses

To assess statistically whether the averaged, cross-validated balanced accura-
cies allowed for better-than-chance performance and to correct for the number
of classifications performed, we utilized synchronized permutation tests of the
maximum statistic. To this end we randomly permuted the classification labels
associated with our data (same permutations for each ICN and the between-
ICN connectivity, n = 2000)223, estimated the maximum performance for each
of the permutations across all the included ICNs/between-ICN connectivity
measures and used this estimated null-distribution of the maximum statistic
to correct for familywise-error of the p-values of the individual performances
of each of our classifications.
We also assessed which features (voxel values of individual ICNs or individ-
ual between-ICN connectivity) were important for the SVM classification by
calculating p-values for each weight of the classifier. The p-values were esti-
mated using an analytical approximation of a permutation procedure from a
combination of the weights and the size of the margin of the SVM125. The p-
values were computed after the classifier was applied to the entire data set (no
cross-validation) and are intended for post-hoc visualization purposes only.
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Chapter 7

Summary of main findings
Treatment of patients with psychiatric disorders relies on subjective measures
of symptoms to establish diagnoses and lacks an objective way to determine
which treatments might work best for an individual patient. The field therefore
has to evolve by using approaches from the framework of precision medicine to
improve the current state-of-the-art and to be able to help a growing number
of patients with mental health disorders more efficiently. One way to achieve
this improvement is to develop biomarkers that are predictive of treatment
outcome. A more recent methodological approach to analyzing data can pro-
vide another piece to solving the precision psychiatry puzzle: machine learn-
ing methods efficiently combine large quantities of multivariate data to create
models which provide the best predictive capabilities. These models provide
predictions for individual patients instead of making statements about group
averages and are evaluated in new patients in order to estimate their general-
ization capability when used outside the current sample. This thesis employed
this approach. The overall goal of this thesis was to empirically investigate the
ability of machine learning methods to be predictive of treatment response or
provide prognosis in different mental health disorders. The data utilized were
mostly composed of neuroimaging scans.

In Chapter 2, we investigated whether a wide array of predictors (n = 569)
from five data domains (clinical, psychological, sociodemographic, biological,
and lifestyle) would be capable to correctly predict the disease course in a
sample of 887 patients with anxiety disorders (panic disorder, generalized anx-
iety disorder, agoraphobia, or social phobia). Patients with anxiety disorders
can exhibit highly diverse disease trajectories and approximately 60% remain
chronically ill. Therefore, the ability to correctly predict the disease course in
individual patients would enable personalized management of these patients.
To investigate this problem, we trained a random forest classifier to predict
which patients would only recover from having an anxiety disorder or who
would recover from all common mental disorders (anxiety disorders, major
depressive disorder, dysthymia, or alcohol dependency) at 2-year follow-up.
We found that the AUC for predicting recovery from anxiety disorders was
0.67 (pFWE < 0.05, sensitivity: 64.6%, specificity 62.8%) when using the com-
bination of predictors from all domains. Classification of recovery from all
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common mental disorders yielded an AUC of 0.70 (pFWE < 0.05, sensitivity:
64.6%, specificity: 62.3%) when using all domains. In both cases, the clinical
domain alone provided comparable performances. Analyses of most impor-
tant features contributing to the classification of the individual classification
tasks revealed that the prediction of recovery from anxiety disorders was pri-
marily driven by anxiety features from the clinical and psychological domains,
whereas recovery from all common mental disorders included variables relating
to mood disorders and not only anxiety features, again largely from the clinical
or psychological domains. While this study showed only moderate classifica-
tion performance, we do not know whether this is better or worse compared
to current clinical practice as no formal evaluations of clinician predictions are
available. In addition, we showed that it is difficult to obtain better predictions
than achieved with the clinical domain alone by including biological variables
into the classification.

In Chapter 3, we investigated whether MRI data could help in the early
detection of bvFTD. Patients with bvFTD initially may only show behavioral
and/or cognitive symptoms that overlap with other neurological and psychi-
atric disorders making such a prognostic biomarker for early detection very im-
portant for the diagnostic process. Therefore, we investigated the prognostic
accuracy of clinical and MRI data using a SVM classifier, predicting the 2-year
clinical follow-up diagnosis in a group of patients presenting late-onset behav-
ioral changes. Patients (n = 73) were divided into probable/definite bvFTD (n
= 18), neurological (n = 28), and psychiatric (n = 27) disorder groups based
on their 2-year follow-up diagnosis. We extracted grey-matter (GM) volumes
from the baseline MRI scans and performed three binary classifications, clas-
sifying between bvFTD and neurological + psychiatric patients, bvFTD and
neurological patients, and bvFTD and psychiatric patients separately. We
also performed multi-class classification analyses classifying between all three
groups of patients at once. Classification was performed for clinical, region-of-
interest (ROI) parcellated MRI data, voxel-wise whole-brain MRI data, and a
combination of the clinical and each of the MRI data domains. Accuracy of the
binary classification tasks ranged from 72-82% (p < 0.001) with adequate sensi-
tivity (67-79%), specificity (77-88%), and AUC (0.8-0.9). Multi-class accuracy
ranged between 55-59% (p < 0.001, chance-level: 33%). The combination of
clinical and voxel-wise whole brain data showed the best performance overall.
These results show the potential for automated early confirmation of diagnosis
for bvFTD using machine learning analysis of clinical and neuroimaging data
in a diverse and clinically relevant sample of patients.

148



7

Summary of main findings

In Chapter 4, we investigated whether preoperative structural MRI scans
of patients with therapy-resistant OCD would be predictive of DBS treat-
ment outcome at 1-year follow-up. DBS is an invasive operative procedure
and therefore knowing who will not respond to such a treatment would be
of high clinical value preventing unnecessary operations. We analyzed pre-
operative MRI data from a large cohort of patients who received DBS for
OCD (n = 57). We used voxel-based morphometry to investigate whether
GM or white-matter (WM) volume surrounding the DBS electrodes (nucleus
accumbens (NAc), supero-lateral medial forebrain bundle, part of the anterior
thalamic radiation), and whole-brain GM/WM volume were associated with
OCD severity and response status at 12-month follow-up. In addition, we per-
formed machine learning analyses using SVM to predict treatment outcome at
an individual-level and evaluated its performance using cross-validation. We
found larger preoperative left NAc volume to be associated with lower OCD
severity at 12-month follow-up (pFWE < 0.05). None of the individual-level
analyses exceeded chance-level performance. These results provide evidence
that patients with larger NAc volumes show a better response to DBS on
average, indicating that DBS success is partly determined by individual dif-
ferences in brain anatomy. However, the results also indicate that structural
MRI does not provide sufficient information to guide clinical decision making
at an individual-level yet.

Chapter 5 focused on investigating whether pre-treatment MRI or rs-fMRI
could predict trauma-focused psychotherapy (trauma-focused cognitive be-
havior therapy (TF-CBT) or eye movement desensitization and reprocessing
(EMDR)) response in a sample of 44 male veterans with PTSD. Trauma-
focused psychotherapy is the first-line treatment for PTSD but 30-50% of
patients do not benefit sufficiently. Therefore, discovering biomarkers which
could assist clinicians in identifying patients who are most likely to benefit from
treatment would be highly beneficial in clinical practice. Treatment response
was defined as a ≥30% decrease from pre- to post-treatment in the Clinician-
Administered PTSD scale (CAPS) total score. Voxel-wise GM volumes were
extracted from structural MRI data and resting-state networks (RSNs) were
identified from rs-fMRI data using independent component analysis. We in-
vestigated group differences between responders (n = 24) and non-responders
(n = 20) using permutation testing and utilized a Gaussian process classi-
fier to investigate cross-validated classification performance on the individual-
level. An RSN centered on the bilateral superior frontal gyrus differed be-
tween responder and non-responder groups (PFWE < 0.05) while an RSN cen-
tered on the pre-supplementary motor area distinguished between responders
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and non-responders on an individual-level with 81.4% accuracy (P < 0.001,
84.8% sensitivity, 78% specificity and AUC of 0.93). No significant individual-
level classification or group differences were observed for GM volume. This
study demonstrates the feasibility of using rs-fMRI to develop neuroimaging
biomarkers for treatment response for veterans with PTSD, which could en-
able personalized treatment of patients with PTSD.

Chapter 6 followed a similar approach as presented in Chapter 5: we investi-
gated the possibility of using rs-fMRI as a biomarker to predict trauma-focused
psychotherapy (TF-CBT or EMDR) response in 40 youth (age: 8-17 years)
with (partial) PTSD. Treatment response was defined as a ≥30% decrease from
pre- to post-treatment in the CAPS for Children and Adolescents. Functional
networks were identified using meta-independent component analysis. Group-
differences for within- and between-network connectivity between responders
(n = 21) and non-responders (n = 19) were tested using permutation testing.
Individual predictions were made using multivariate SVM classification. A
network centered on the bilateral superior temporal gyrus predicted treatment
response for individual patients with 76.17% accuracy (pFWE = 0.018, 87.14%
sensitivity, 65.20% specificity, AUC of 0.82). Functional connectivity between
the frontoparietal and sensorimotor network was significantly stronger in non-
responders (pFWE = 0.012) on the group-level. Within-network connectivity
was not significantly different between groups. This study provides another
piece of evidence for the feasibility to predict trauma-focused psychotherapy
response in patients with PTSD at the individual-level. Future studies are
required to test if larger cohorts could increase accuracy and to test further
generalizability of the prediction models to different patient populations with
PTSD.
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General discussion
The overall aim of this thesis was to investigate whether outcomes for patients
with neuropsychiatric disorders can be successfully predicted using machine
learning methods. In the previous chapters we empirically showed that this
is indeed the case, especially when using neuroimaging data. When using
MRI data we were able to predict the prognosis to bvFTD (Chapter 3), and
showed the capability of using rs-fMRI data to predict treatment response
for patients with PTSD (Chapter 5 and Chapter 6). This work followed a
different approach compared to the majority of previous (neuroimaging) stud-
ies which treated prediction of outcomes as an association between predictor
and outcome variables on the group level (e.g., in PTSD74). In contrast, the
studies described in this thesis directly validated their models in new patients
(via cross-validation) showing their potential applicability in clinical settings.
However, proper validation cannot stop here. While validating the obtained
models via cross-validation with data of the same sample is good practice, it
is only the first step which needs to be taken to reach true clinical applica-
bility. Further steps would entail validating trained models in newly recorded
samples from the same center or even from new centers, allowing statements
about the possibility of applying the discovered biomarkers/models in just one
clinical center or across multiple centers (external validation101,263,324). Af-
ter external validation of the discovered biomarkers the last step would be a
prospective application whereby models would be used in clinical practice.
What could the application of such models look in clinical practice? Possible
applications could relate to the prediction of treatment response (for a partic-
ular treatment) or treatment selection (selecting the best available treatment
for a patient). In the first case an MRI ‘screener’ would be performed for
every new patient with a psychiatric disorder entering a hospital directly in-
dicating in a probabilistic fashion whether a patient would likely respond to a
particular type of treatment or not. Based on this assessment and a clinical
intake interview the treating clinician could then make a decision on whether
a patient should skip the recommended treatment and be transferred to more
appropriate treatments directly. This approach could improve the current ef-
ficacy of treatments as identifying patients who are likely to benefit from a
particular treatment step from the start. Another approach would be to only
screen patients for which a first-line treatment has already failed. Compared
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to performing an initial screening scan in all patients, this would decrease the
number of scans that need to be performed, making it more cost-effective.
However, if MRI screening became a routine intake procedure it would be
beneficial to perform MRI-based treatment selection at this point to reduce
the time it takes until a successful treatment is found.
However, this would only be a very first step. In the more desirable second step
a machine learning model – following the initial MRI scan – could be used to
immediately suggest the appropriate treatment for the individual patient given
a set of potential treatments – in contrast to just predicting the likely response
to a particular (set of) treatment(s). This would replace the conventional
staged treatment procedure and guide the clinician in administering the most
beneficial treatment to the patient directly. The advantage would be a speed-
up of the entire treatment cycle which would not only help to provide more
appropriate treatments for patients in a more timely manner, but would also
reduce costs. Performing an MRI scan initially entails costs at around 300€ per
scana corresponding to only 3 hours of mental health care in the Netherlandsb.
However, a successful predictive system based on MRI scans could reduce
the overall costs for mental health care dramatically by reducing the number
of treatments that would need to be administered to an individual patient.
In addition, it may also provide a way to distribute patients better across
different treatment options, relieving clinicians working in overloaded first-line
treatments. If implemented successfully, the outcome of such a tool would
be faster treatment cycles with more successful treatment outcomes, reduced
disorder duration for patients, better distribution of patients, entailing less
overloaded clinicians, and reduced costs overall.
How could systems like these be deployed? One way would be to create custom
made applications per hospital or mental health institution. The advantage
would be that since a particular institution would deal with (mostly) similar
patients over time this could provide a higher chance to successfully develop a
machine learning tool which can generalize to newly admitted patients at that
particular institution. The disadvantage would be that it would require build-
ing new tools for each hospital/set of patients. Therefore, a tool which could
be used universally is more desirable but also much more difficult to create
(see further discussion of this issue below). One way to provide a more stable
approach in creating machine learning applications is to utilize the same kind
of pipeline in the development of these tools. This is what was done in Chapter
4 and Chapter 5 where we used a similar pipeline for rs-fMRI data preprocess-

ahttps://www.mricentrum.nl/sites/default/files/ckeditor/20210111_
passantentarieven_mri_2021.pdf

bhttps://dbcregels.nza.nl/2020/ggz/systematiek/tarieven/
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ing and analysis to predict treatment response in different groups of patients
with PTSD. The discovery of different biomarkers depending on the investi-
gated clinical population is a known issue since high predictive performance in
outcome studies can be observed for different imaging biomarkers73,158. This
might be another indication for an advantage of developing predictive tools
specific to a patient population/treatment center. In addition, any tool which
would be deployed would have to be checked periodically as to whether it
is still providing valid predictions. This loss of validity can occur due to a
phenomenon conventionally known as ‘distribution shift’ in which the types of
data being recorded – i.e., patients admitted to a hospital – changes over time.
This can occur when for example a more successful hospital which improves
treatment response in patients attracts more (and more severely ill) patient
groups. This requires the model to be constantly updated to remain relevant
in the clinical setting. However, regulatory bodies only provide approval for
a specific biomarker. For example, CE marking would require licensing of a
specific product, not allowing any changes to that product. In Europe a device
with a CE marking can be used as a ‘medical device’ and sold as such. CE
marking is a costly and lengthy procedure, thus this is only done once when
necessary. The product should therefore be generic, working in many settings
and not requiring any adjustment as it would have to undergo additional mark-
ing. Generic biomarker-based prediction products that work well most of the
time are preferable, but may be difficult to create. A different approach would
be a tool that would be only used locally within the hospital that developed
it. This does not require CE marking, as the tool is developed for own use
only and without legal responsibility for other parties. This would enable the
creation of specialized biomarker-based machine learning products, tailored to
the local setting – i.e. patients populations, diagnostic and treatment proce-
dures – which may enhance the accuracy of such products. It could also be
more easily continuously improved by incorporating data from new patients
over time. However, it would also require local development and maintenance
and continued quality control from the side of the hospital which provides a
large overhead in terms of costs and might make it impossible to be done in
all hospitals.
However, even a deployed and properly regulated biomarker-based tool needs
to be used and accepted by clinicians and patients. For clinicians this would
imply a change in how they perform their tasks, making them more similar to
other disciplines of medicine where ‘lab tests’ are performed before initiating
treatments. For patients it might require time and convincing before ‘trusting’
into a computerized decision-making procedure. However, the opportunity to
receive a treatment that has the highest likelihood of helping a patient may
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outweigh the hesitation of trusting in a computerized tool like this.
It is important to note that while the promises of applying machine learning
methods are high and can revolutionize clinical practice it does not always
work. This was shown in Chapter 2 and Chapter 4 where we showed that our
models did not yield strong predictive performances. Why is that?
First of all, machine learning is not magic. It is a set of algorithms designed
to perform well in a predictive context. However, there are a multitude of
different models available and no model will perform well for every problem
(the famous ‘no free lunch’ theorem322). We specifically chose models that
should perform well in the settings they were applied to but this does not
guarantee success. A natural question might then be why one would not
try more models and algorithms. This has a general appeal but can lead
to problems as well especially if the data set is small. In this case trying
many different algorithms can lead to overly optimistic performances300. This
means that when trying many different models, one might find one which
‘by chance’ performs relatively well on the particular data set (even when
validated via cross-validation), but does not generalize well to new data sets.
This can be due to the variance in observed performance which can be observed
when performing cross-validation in a small sample300. Therefore, it is better
practice – especially for small data sets – to preregister the analyses one would
like to perform and stick to them or to report all analyses performed to prevent
publication bias157. Investigation of many different models should be limited
to benchmarking studies which utilize data from many different data sets (e.g.
Abraham et al. 3 , Dadi et al. 78).
Second, machine learning will only do as well as the data it can work with.
There are two points which can be made regarding the data set:

1. What type of data is being used?

2. What is the patient group the data were recorded from?

The first point refers to the data modality (e.g. usage of clinical genetic, or
neuroimaging data), but can also refer to the specific (pre)processing of e.g.
rs-fMRI data and what kind of data representation will eventually be used
by the classifier. Choosing the right data modality for a problem is crucial
since not all pathological changes will be visible in each data modality at the
same time1. This might explain the null finding in Chapter 4: structural MRI
data may not be sensitive enough to predict DBS response in patients with
OCD. However, it is also important to consider practical reasons for choosing
an initial data modality to investigate: are the data which are used routinely
available in the clinic? Can it be recorded easily without (too many) additional
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burdens for the patient? An optimal decision could be made by either consid-
ering previous literature – with the caveat that it mostly consists of studies
investigating group-differences that have limited translation to individual-level
predictions14,59,123 – or from specific machine learning based benchmark stud-
ies. However, it is important to note that benchmarking studies can only
provide a general guideline as they focus only on one specific disorder which
might not generalize to other disorders (e.g. de Vos et al. 84 , Salman et al. 258)
or focus on multiple disorders where disorders with larger available data sets
might skew the final conclusions (e.g. Abraham et al. 3 , Dadi et al. 78 , Monté-
Rubio et al. 216). Again, it is important to note that investigating multiple
data modalities without properly reporting and accounting for this fact (‘re-
searcher degrees of freedom’271) may bias the results in any study. It is also
possible to base the classification of a model on multimodal data and indeed
this may lead to improved prediction performance158. However, any addition-
ally included modality (whether neuroimaging based or not) increases the time
that a patient will have to undergo data recording. This induces additional
costs and if one single (and routinely recorded) data modality can provide
similar predictive performance it should be preferred.
The second point regarding the data used for the machine learning predic-
tions refers to the actually included/excluded patients from whom data are
recorded. Many studies – focused on machine learning applications or not
– try to define very clear and stringent inclusion/exclusion criteria to obtain
groups of patients with a very clear pathological profile which is reasonable
given the difficulties to reliably establish a diagnosis for psychiatric disorders.
Such homogeneous samples of patients are very useful if the goal is to dis-
cover underlying brain alterations which are associated with a disorder on the
group level since they try to minimize confounding factors from additional
variables. Also, machine learning analysis may benefit in terms of predictive
performance since patients in the training and test set will be more similar
to each other. However, one should not forget the ultimate goal of building
predictive machine learning tools for clinical applications: the goal is to build
models that can reliably work in clinical practice. This goal requires data
that fully represent the clinical population to which the models are applied
to later. If the included patients in a study constituted only a fraction of
the patients that would normally be admitted to psychiatric treatment then
a model trained on data from this more homogeneous sample will perform far
worse in the more heterogeneous ‘real-life’ sample of patients101. An alter-
native approach could utilize highly homogeneous training data while testing
the fitted model in ‘real-life’ testing data combining the potential advantage
of using a cleanly defined patient population during training – which may pro-
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vide a more clearly learnable pattern for the prediction – while allowing to
still validate the model in a clinically relevant setting122. However, it might
also reduce the predictive performance of the obtained models as they did not
train on data which showed all the potential intricacies and interactions of the
final test set. The issue of sample heterogeneity may explain the (relatively)
low performance of the prediction presented in Chapter 2: the inclusion of
887 patients with anxiety disorders led to a strongly heterogeneous data set
with many patients with different comorbidities etc. This is indeed a common
observation in machine learning studies in neuroimaging where prediction ac-
curacy often decreases with the number of included patients14,300,321,324. This
is counterintuitive from a pure machine learning perspective where more data
should lead to better performance. But in the special case of psychiatry more
data means less stringent inclusion/exclusion criteria and therefore more het-
erogeneity in the included data262. However, there is no other solution than
building and validating any biomarker in larger samples as only those allow to
assess its usefulness in a clinically relevant setting.
What are the steps that need to be fulfilled to move to clinical applications of
the presented approaches? The first step would require to move from proof-of-
concept studies as presented in this thesis to more intensively validated, larger
scale studies. It is important to note that smaller scale studies validated with
cross-validation provide the foundational component for any further investiga-
tion, but by itself can only provide a first indication of what may be possible.
The big issue in this step is that acquiring a lot of data (with longitudinal
endpoints) is very challenging and requires a large amount of time, commit-
ment, and funding. However, it is a necessity to do so if the field wants to
move further towards real applications. Large scale data cohorts (e.g. UK
BioBank, ADNI, ABIDE) exist but are either focused on normal populations,
non-psychiatric disorders or provide only cross-sectional (diagnostic) informa-
tion.
The second important step for moving forward would require to try to for-
mulate and answer the right clinical questions. This means that studies pre-
dicting diagnostic labels – which as already mentioned in the introduction are
an unreliable quantity for psychiatric disorders – may need to focus on dif-
ferential diagnosis instead. This implies trying to identify the right potential
diagnosis of one patient among all possible (psychiatric) diagnoses, instead of
‘just’ one diagnosis, i.e. whether a particular person has a disorder or not.
The latter will not be very challenging for a clinician to do in a conventional
way while the former may provide added clinical value122. An alternative ap-
proach could utilize methods which in a data-driven way could identify new
‘diagnostic’ groupings in transdiagnostic data sets across many disorders or
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patients which have a more biological grounding instead of trying to repro-
duce the diagnostic labels of the DSM262. Yet another approach could focus
on ‘normative modelling’ in which potential patients would be identified based
on their distance from a ‘normative’ cohort of participants utilizing biological
data201. Regardless which approach is chosen it has to be ensured that it can
provide clinically relevant information which can be used by a psychiatrist or
psychologist routinely and which ultimately can also be reimbursed by health
insurance companies. In terms of studies predicting outcomes the more desired
question to answer would be which treatment would a particular patient ben-
efit most instead of whether a patient would respond to a group of treatments,
i.e. treatment selection. The challenge in this approach is that it requires
even more participants as it now would necessitate to have adequate numbers
of patients for each treatment arm during the model training procedure. This
is the reason why we decided to combine the patients receiving TF-CBT and
EMDR together in Chapter 5 and Chapter 6 as it otherwise would be impossi-
ble to attempt a prediction. A way to combine more data also across disorders
would be not to predict treatment outcome but more general well-being or
cognitive variables instead101. This is an appealing approach as it allows to
predict a meaningful improvement in the patient’s state (due to treatment)
but can provide a challenge since it assumes that the predictive pattern across
many disorders and treatments will be similar.
A third point relates to the communication of the findings of a machine learn-
ing model to clinicians and patients. This would require the trained model
to not only provide the (probabilistic or discrete) prediction itself, but also a
set of reasons explaining the factors the prediction is based on142. This is not
strictly necessary since a properly validated model which can reliably predict a
clinical quantity of interest can provide value by itself. Especially in the case of
psychiatric disorders where the underlying causal factors for why treatments
might work are unknown a model which provides explanations may not be
helpful as those explanations cannot be properly judged. However, explana-
tions of predictions might still be of value as they would provide indications
for future research on developing new treatments and may provide an easier
way to communicate decisions to a patient.
The final point which is to be considered is in how trained models and prepro-
cessing pipelines could be distributed and made available for other researchers
and clinicians to use. This would require the distribution of data preprocessing
pipelines with automatic quality control mechanisms in an easily usable way
(e.g. using containerized environments) including data preprocessing followed
by the automatic application of trained models to provide the predictions for
new patients. If such a procedure would be offered online it would need to
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conform with data privacy laws.
Overall, the field of precision psychiatry is on the way to achieve many of the
promises of the underlying approach. However, studies as presented in this
thesis can only be seen as a first step on the road to true clinical applications.
There is still a lot to be done.
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Nederlandse samenvatting
De behandeling van patiënten met psychiatrische stoornissen is afhankelijk
van subjectieve metingen om diagnoses vast te stellen en er is geen objectieve
manier om te bepalen welke behandelingen het beste werken voor een individu-
ele patiënt. Het veld moet zich daarom richten op de ontwikkeling van geper-
sonaliseerde behandelingen om de huidige state-of-the-art te verbeteren en om
een   groeiend aantal patiënten met psychische stoornissen efficiënter te kunnen
helpen. Één manier om deze verbetering te bereiken, is door biomarkers te
ontwikkelen die het resultaat van de behandeling voorspellen. Een recentere
methodologische benadering voor het analyseren van data kan een ander on-
derdeel zijn voor het oplossen van de precisie psychiatrische puzzel: methoden
voor machine learning combineren op efficiënte wijze grote hoeveelheden mul-
tivariate data om modellen te ontwikkelen met groot voorspellend vermogen.
Deze modellen bieden voorspellingen voor individuele patiënten in plaats van
uitspraken te doen over groepsgemiddelden, en worden bij nieuwe patiënten
geëvalueerd om het generalisatie vermogen te schatten wanneer de modellen
worden gebruikt buiten de huidige steekproef. Dit proefschrift paste precies
deze benadering toe. Het algemene doel van dit proefschrift was het empirisch
onderzoeken van het vermogen van machine learning-methoden om de respons
op de behandeling te voorspellen of om een   prognose te geven bij verschil-
lende psychische stoornissen. De gebruikte gegevens bestonden voornamelijk
uit neuroimaging-scans.

In Hoofdstuk 2 onderzochten we of een breed scala aan voorspellers (n =
569) uit vijf data domeinen (klinisch, psychologisch, sociodemografisch, bi-
ologisch en levensstijl) in staat zouden zijn om het ziekteverloop correct te
voorspellen in een steekproef van 887 patiënten met angststoornissen. (paniek-
stoornis, gegeneraliseerde angststoornis, agorafobie of sociale fobie). Patiënten
met angststoornissen kunnen zeer uiteenlopende ziektetrajecten vertonen en
ongeveer 60% blijft chronisch ziek. Daarom zou het vermogen om het ziektev-
erloop bij individuele patiënten correct te voorspellen een gepersonaliseerde
behandeling van deze patiënten mogelijk maken. Om deze probleem te on-
derzoeken, hebben we een random forest classifier getraind om te voorspellen
welke patiënten alleen zouden herstellen van een angststoornis of en wie zou
herstellen van alle veelvoorkomende psychische stoornissen (angststoornissen,
depressieve stoornis, dysthymie of alcoholverslaving) na 2 jaar opvolgen. We
vonden dat de AUC voor het voorspellen van herstel van angststoornissen 0,67
was (pFWE < 0, 05, sensitiviteit: 64,6%, specificiteit 62,8%) bij gebruik van de
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combinatie van voorspellers uit alle data domeinen. Classificatie van herstel
van alle voorkomende psychische stoornissen leverde een AUC op van 0,70
(pFWE < 0, 05, sensitiviteit: 64,6%, specificiteit: 62,3%) bij gebruik van alle
domeinen. In beide gevallen leverde het klinische domein allen vergelijkbare
prestaties op. Analyses van de belangrijkste kenmerken die bijdroegen aan de
classificatie van de individuele classificatie taken lieten zien dat de voorspelling
van herstel van angststoornissen voornamelijk werd gedreven door angst ken-
merken uit de klinische en psychologische domeinen, terwijl herstel van alle
gangbare psychische stoornissen variabelen omvatte die verband houden met
stemmingsstoornissen en niet alleen angst kenmerken, ook weer grotendeels uit
de klinische of psychologische domeinen. Hoewel deze studie slechts matige
classificatie prestaties liet zien, weten we niet of dit beter of slechter is in
vergelijking met de huidige klinische praktijk, aangezien er geen formele eval-
uaties van klinische voorspellingen beschikbaar zijn. Bovendien hebben we
laten zien dat het moeilijk is om betere voorspellingen te doen dan met alleen
het klinische domein door biologische variabelen in de classificatie op te nemen.

In Hoofdstuk 3 hebben we onderzocht of MRI-data kunnen helpen bij de
vroege detectie van bvFTD. Patiënten met bvFTD vertonen in eerste instantie
mogelijk alleen gedrags- en / of cognitieve symptomen die overlappen met
andere neurologische en psychiatrische stoornissen, waardoor een dergelijke
prognostische biomarker voor vroege detectie een grote bijdrage kan leveren
voor het diagnostische proces. Daarom onderzochten we de prognostische
nauwkeurigheid van klinische en MRI-gegevens met behulp van een SVM-
classificatiemodel, die de 2-jarige klinische follow-up diagnose voorspelde bij
een groep patiënten met laat optredende gedragsveranderingen. Patiënten (n
= 73) werden verdeeld in waarschijnlijke / definitieve bvFTD (n = 18), neurol-
ogische (n = 28) en psychiatrische (n = 27) stoornisgroepen op basis van hun
2-jarige follow-up diagnose. We haalden volumes van grijze stof uit de base-
line MRI-scans en voerden drie binaire classificaties uit, classificerend tussen
bvFTD en neurologische + psychiatrische patiënten, bvFTD en neurologische
patiënten, en bvFTD en psychiatrische patiënten afzonderlijk. We hebben ook
classificatie analyses met meerdere klassen uitgevoerd, waarbij we alle drie de
groepen patiënten tegelijk classificeerden. Classificatie werd uitgevoerd voor
klinische, region-of-interest (ROI) geparcelleerde MRI-gegevens, voxel gewijze
MRI-gegevens van de hele hersenen en de combinatie tussen de klinische en elk
van de MRI-gegevens domeinen. De nauwkeurigheid van de binaire classificatie
taken varieerde van 72-82% (p < 0, 001) met voldoende gevoeligheid (67-79%),
specificiteit (77-88%) en AUC (0,80-0,9). De nauwkeurigheid van meerdere
klassen varieerde tussen 55-59% (p < 0, 001, kansniveau: 33%). De combi-
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natie van klinische en voxel-gewijze gegevens over de hele hersenen liet over
het algemeen de beste prestatie zien. Deze resultaten tonen het potentieel aan
voor geautomatiseerde vroege bevestiging van de diagnose voor bvFTD met
behulp van machine learning-analyse van klinische en neuroimaging-gegevens
in een diverse en klinisch relevante steekproef van patiënten.

In Hoofdstuk 4 hebben we onderzocht of preoperatieve structurele MRI-scans
van patiënten met therapieresistente OCS voorspellend kunnen zijn voor de
uitkomst van DBS-behandeling na 1 jaar follow-up. DBS is een invasieve oper-
atieve procedure en daarom zou het van hoge klinische waarde zijn om te weten
wie niet op een dergelijke behandeling zal reageren, aangezien het onnodige op-
eraties zou voorkomen. We analyseerden preoperatieve MRI-gegevens van een
groot cohort van patiënten die DBS kregen voor OCS (n = 57). We gebruikten
op voxel-based morphometry om te onderzoeken of het volume van grijze stof
(engels, grey-matter (GM)) of witte stof (engels, white matter (WM)) rond de
DBS-elektroden (nucleus accumbens (NAc), supero-lateral medial forebrain
bundle, een deel van de anterior thalamic radiation), en GM / WM-volume
van de hele hersenen was geassocieerd met de ernst van OCS en de respons sta-
tus na 12 maanden follow-up. Daarnaast hebben we machine learning-analyses
uitgevoerd met SVM om het behandelresultaat op individueel niveau te voor-
spellen en de classificatie prestaties ervan geëvalueerd met behulp van kruisval-
idatie. We vonden dat een groter preoperatief linker NAc-volume geassocieerd
was met een lagere OCD-ernst na 12 maanden follow-up (pFWE < 0, 05). Geen
van de analyses op individueel niveau overtrof de prestaties op het niveau van
kansniveau. Deze resultaten leveren het bewijs dat patiënten met grotere NAc-
volumes gemiddeld een betere respons op DBS vertonen, wat aangeeft dat het
succes van DBS gedeeltelijk wordt bepaald door individuele verschillen in de
anatomie van de hersenen. De resultaten geven echter ook aan dat structurele
MRI nog niet voldoende informatie biedt om klinische besluitvorming op in-
dividueel niveau te sturen.

Hoofdstuk 5 richtte zich op het onderzoeken of MRI of rs-fMRI voorafgaand
aan de behandeling traumagerichte psychotherapie (traumagerichte cognitieve
gedragstherapie (TF-CBT) of oogbewegingen desensibilisatie en opwerking
(EMDR)) respons zou kunnen voorspellen in een steekproef van 44 mannelijke
veteranen met PTSS. Traumagerichte psychotherapie is de eerstelijnsbehan-
deling voor PTSS, maar 30-50% van de patiënten profiteert niet voldoende.
Daarom zou het ontdekken van biomarkers die clinici kunnen helpen bij het
identificeren van patiënten die het meest waarschijnlijk baat hebben bij de be-
handeling, zeer nuttig zijn in de klinische praktijk. Behandelingsrespons werd
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gedefinieerd als een afname van ≥30% van pre- naar post-behandeling in de
totale score van de Clinician-Administered PTSD scale (CAPS). Voxel-wise
grijze-stof volumes werden geëxtraheerd uit structurele MRI-gegevens en rest-
ing state networks (RSN’s) werden berekend op basis van rs-fMRI-gegevens
met behulp van independent component analysis. We onderzochten groepsver-
schillen tussen responders (n = 24) en non-responders (n = 20) met behulp
van permutatie testen en gebruikten een Gaussian process classifier om kruis-
gevalideerde classificatie prestaties op individueel niveau te onderzoeken. Een
RSN gecentreerd op de bilaterale superieure frontale gyrus verschilde signifi-
cant tussen responders en niet-reagerende groepen (PFWE < 0, 05), terwijl een
RSN gecentreerd op het presupplementaire motorgebied de responders en niet-
responders op individueel niveau onderscheidde met een nauwkeurigheid van
81,4% (P < 0, 001, 84,8% gevoeligheid, 78% specificiteit en AUC van 0,93).
Er werden geen significante classificatie op individueel niveau of groepsver-
schillen waargenomen voor het volume van de grijze stof. Deze studie toont de
haalbaarheid aan van het gebruik van rs-fMRI om neuroimaging biomarkers
te ontwikkelen voor respons op de behandeling van veteranen met PTSS, die
een gepersonaliseerde behandeling van patiënten met PTSS mogelijk zouden
kunnen maken.

Hoofdstuk 6 volgde een vergelijkbare benadering als gepresenteerd in Hoofd-
stuk 5: we onderzochten de mogelijkheid om rs-fMRI te gebruiken als een
biomarker om traumagerichte psychotherapie (TF-CBT of EMDR) respons te
voorspellen bij 40 jongeren (leeftijd: 8-17 jaar) met (gedeeltelijke) PTSS . Be-
handelingsrespons werd in de CAPS voor kinderen en adolescenten gedefinieerd
als een afname van ≥30% van voor tot na de behandeling. Functionele netwerken
werden geïdentificeerd met behulp van meta-onafhankelijke componentenanal-
yse. Groepsverschillen voor connectiviteit binnen en tussen netwerken tussen
responders (n = 21) en non-responders (n = 19) werden getest met behulp
van permutatie testen. Individuele voorspellingen werden gedaan met be-
hulp van multivariate SVM-classificatie. Een netwerk gericht op de bilaterale
superieure temporale gyrus voorspelde behandelingsrespons voor individuele
patiënten met een nauwkeurigheid van 76,17% (pFWE = 0, 018, 87,14% gevoe-
ligheid, 65,20% specificiteit, AUC van 0,82). Functionele connectiviteit tussen
het frontoparietale en sensorimotorische netwerk was significant sterker bij
non-responders (pFWE = 0, 012) op groepsniveau. Connectiviteit binnen het
netwerk was niet significant verschillend tussen groepen. Deze studie levert
een verder bewijs voor de haalbaarheid om traumagerichte psychotherapie re-
acties bij patiënten met PTSS op individueel niveau te voorspellen. Toekom-
stige studies zijn nodig om te testen of grotere cohorten de nauwkeurigheid
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zouden kunnen vergroten en om de verdere generaliseerbaarheid van de voor-
spellingsmodellen voor verschillende patiëntenpopulaties met PTSS te testen.
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