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ABSTRACT

Background: Changes in grey matter volume have frequently been reported in patients with obsessive-compulsive
disorder (OCD). Most studies performed whole brain or region-of-interest based analyses whereas grey matter
volume based on structural covariance networks has barely been investigated up to now. Therefore, the present
study investigated grey matter volume within structural covariance networks in a sample of 228 participants (n
= 117 OCD patients, n = 111 healthy controls).

Methods: First, an independent component analysis (ICA) was performed on all subjects’ preprocessed T1 images
to derive covariance-dependent morphometric networks. Then, grey matter volume from each of the ICA-derived
morphometric networks was extracted and compared between the groups. In addition, we performed logistic
regressions and receiver operating characteristic (ROC) analyses to investigate whether network-related grey
matter volume could serve as a characteristic that allows to differentiate patients from healthy volunteers.
Moreover, we assessed grey matter pattern organization by correlating grey matter volume in all networks across
all participants. Finally, we explored a potential association between grey matter volume or whole-brain grey
matter pattern organization and clinical characteristics in terms of symptom severity and duration of illness.
Results: There were only subtle group differences in network-related grey matter volume. Network-related grey
matter volume had moreover a very poor discrimination performance. We found, however, significant group
differences with regard to grey matter pattern organization. When correlating grey matter volume in all networks
across all participants, patients showed a significantly higher homogeneity across all networks and a significantly
lower heterogeneity, as assessed by the coefficient of variation across all networks as well as in several single
networks. There was no association with clinical characteristics.

Conclusion: The findings of the present study suggest that the pathological mechanisms of OCD reduce interin-
dividual grey matter variability. We assume that common characteristics associated with the disorder may lead
to a more uniform, disorder-specific morphometry.

1. Introduction

thickness, surface area as well as its gyrification in specific regions
(Boedhoe et al., 2017; Reess et al., 2018a; Rotge et al., 2010; Rus et al.,

There is increasing evidence showing that obsessive-compulsive
disorder is associated with structural brain alterations in specific re-
gions or networks. These alterations manifest in both the white matter
and grey matter of the brain (Koch et al., 2014; Piras et al., 2013).
Specifically, alterations are observed in grey matter volume, its

2017a, 2017b). Association of these alterations with underlying patho-
genesis as well as clinical characteristics, such as symptom severity or
duration of ilness, are still a matter of debate since some of these studies
showed a close association with clinical characteristics while others did
not find any correlations (Nakamae et al., 2012; Piras et al., 2015; Reess

* Corresponding author at: Department of Neuroradiology, Ismaninger StraBe. 22, 81675 Miinchen, Germany.

E-mail address: kathrin.koch@tum.de (K. Koch).

https://doi.org/10.1016/j.nicl.2021.102727

Received 24 March 2021; Received in revised form 19 May 2021; Accepted 9 June 2021

Available online 13 June 2021
2213-1582/© 2021 The Author(s).

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

Published by Elsevier Inc.

This

is an open access article under the CC BY-NC-ND license


mailto:kathrin.koch@tum.de
www.sciencedirect.com/science/journal/22131582
https://www.elsevier.com/locate/ynicl
https://doi.org/10.1016/j.nicl.2021.102727
https://doi.org/10.1016/j.nicl.2021.102727
https://doi.org/10.1016/j.nicl.2021.102727
http://crossmark.crossref.org/dialog/?doi=10.1016/j.nicl.2021.102727&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/

K. Koch et al.

et al., 2018a; Rus et al., 2017a; Zhang et al., 2021).

These previous findings are mainly based on studies using whole-
brain or ROI-based methods, whereas structural alterations in
covariance-derived morphometric networks have been investigated in
OCD by only a few studies so far (Reess et al., 2018b; Subira et al., 2016;
Yun et al., 2020, 2015). The majority of these studies used graph theory
for the investigation of structural covariance such as a large meta-
analysis by Yun et al. (2020) which showed that patients with OCD
have reduced parameters of brain structural covariance networks of the
cortical surface area, cortical thickness, subcortical volume measures
compared to healthy controls. Another approach explores structural
covariance analysis based on the structural similarity between cortical
areas or networks. Thereby, an independent-component analysis (ICA)
on the grey matter maps of multiple individuals is performed, to identify
population-derived morphometric networks that share a common vari-
ance across subjects and are thus assumed to be related or connected to
each other. Instead of performing a whole-brain analysis or using a-
priori defined, atlas-based regions this approach is purely data-driven
and therefore especially useful as a basis for prediction or classifica-
tion. Hence, the method has the advantage that it is less dependent on
the specific choice of an anatomical atlas or a specific a-priori hypothesis
thus yielding less biased results than, for instance, classical ROI-based
methods. Networks derived using this approach have been found to be
altered in several neurodegenerative diseases (Coppen et al., 2016;
Hafkemeijer et al., 2016; Lee et al., 2018; Zhou et al., 2020) as well as in
patients with depression (Watanabe et al., 2020) and schizophrenia (Xu
et al., 2009).

This procedure complies with the underlying assumption that brain
regions which increase or decrease in volume at the same rate over the
course of years exhibit strong structural similarity and covariance across
individuals (Alexander-Bloch et al., 2013a, 2013b). This volumetric
increase or decrease over time might be the consequence of disease-
related processes or, more generally, the result of use-dependent neu-
roplasticity. Thus, use-dependent synchronous firing of several neurons
within a region or network can cause synaptogenesis between these
neurons leading to an increase in connectivity and grey matter volume
(Katz and Shatz, 1996). Our own findings of an increased grey matter
thickness in regions of the motor circuitry in OCD patients suffering
mainly from motor rituals (Wagner et al., 2019) can be assumed to
constitute the result of such use- or experience-dependent coordinated
growth. In this fashion, alterations in structural covariance in regions
and networks implicated in the disorder in general may also be strongly
linked to use- or experience-dependent coordinated growth (Subira
et al., 2016).

In sum, grey matter volume in OCD might be changed within specific
covariance networks as a result of disorder-related alterations in
regional growth. In the latter case, a close association with illness onset
or duration would likewise have to be expected considering that expe-
rience and development over the course of the years is assumed to play a
major role in this regard. Against this background, the aim of the current
study was to investigate grey matter volume and homogeneity of grey
matter patterns within structural covariance networks in a large sample
of OCD patients and healthy control participants. In addition, we aimed
to investigate the underlying mechanisms by examining a potential as-
sociation with illness duration as well as exploring whether these net-
works and their characteristics can serve as specific disorder attributes,
allowing for a clear differentiation between patients with OCD and
healthy people.

2. Material and methods
2.1. Participants
The study comprised a total of 228 participants (111 controls, 117

patients with OCD). 28 patients were recruited and scanned at the
University Hospital for Psychiatry and Psychotherapy, Jena, Germany.
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The remaining 89 patients were recruited from the Windach Institute
and Hospital of Neurobehavioral Research and Therapy (WINTR), an
institution specialized in the treatment of OCD, and scanned at the
Klinikum rechts der Isar, Technische Universitat Miinchen, Germany. All
patients were in-house patients diagnosed with OCD as their primary
diagnosis by an experienced psychiatrist according to DSM-5 criteria. At
the time of the study, n = 43 patients were drug-naive or medication free
for at least 3 weeks. The Yale-Brown Obsessive-Compulsive Scale (Y-
BOCS) was used to assess clinical severity of obsessive-compulsive
symptoms. 111 age and gender-matched healthy subjects, recruited by
advertisements, were scanned at the Klinikum rechts der Isar, TUM,
Germany. Exclusion criteria for all subjects were a history of clinically
important head injuries, seizures or neurological diseases. There were
no significant differences between healthy controls and OCD patients
regarding age (two-sample t-test, two-tailed; t(226) = 0.03, p = 0.97) or
gender (Chi-Square test; y2(1) = 3.29, p = 0.07). For demographical and
clinical sample characteristics, see Table 1.

The study was approved by the local Ethics Committee of the Kli-
nikum rechts der Isar, Miinchen and the Ethics Committee of the Uni-
versity Hospital Jena. The study protocol was in compliance with the
Declaration of Helsinki. Data have been made publicly available via the
Open Science Framework (https://osf.io/92rve).

2.2. Image acquisition

The T1-weighted MPRAGE sequence at the Munich site was con-
ducted on a 3 T Philips Ingenia (Philips Healthcare, Best, The
Netherlands) using a 12-channel (SENSE) head coil (170 slices, sagittal
orientation, 240x240 matrix, 1 mm isotropic resolution, TR = 9 ms, TE
= 4 ms, flip angle = 8°) and a 32-channel (SENSE) head coil (230 slices,
sagittal orientation, 368 x 340 matrix, 0.7 x 0.7 x 0.7 mm resolution,

Table 1
Demographic and clinical data.
Characteristic OCD (N = Controls (N = Group
117) 111) difference
Mean (SD) Mean (SD) p-value
Sex, male:female 43:74 54:57 b4 2-3.29, n.s.
Age 32.16 (10.73) 32.20 (10.17) t=0.03, n.s.
Medication, yes/no * 72/44 - -
SSRI: 53
SNRI: 9
neuroleptic: 3
TCA: 4

tetracyclic: 1
Amphetamine: 3
NDRI: 1
analgetic: 1
Duration of illness * 14.78 (10.75) - -
Age at onset * 17.46 (7.81) - -
Comorbidity, yes/no * 37/79
depression: 28
anxiety disorders: 10
personality disorder:
3
PTSD: 1
bulimia: 1
pain disorder: 1
ADHD: 1
Y-BOCS total
Obsessions
Compulsions

21.82 (5.49) - -
11.04 (3.05)
10.78 (3.61)

* Note: Missing data in one patient.

Multiple comorbid diagnosis as well as different medication types can be present
in a single patient.

Abbreviations: OCD, obsessive-compulsive disorder; Y-BOCS, Yale-Brown
Obsessive-Compulsive Scale, SSRI, selective serotonin reuptake inhibitor;
SNRI, selective serotonin-norepinephrine reuptake inhibitor; TCA, tricyclic an-
tidepressant; NDRI, norepinephrine-dopamine reuptake inhibitor; PTSD, post-
traumatic stress disorder; ADHD, attention deficit hyperactivity disorder.


https://osf.io/92rve

K. Koch et al.

TR =11 ms, TE = 5.1 ms, flip angle = 8°). Structural imaging at the Jena
site was conducted on a 3 T Siemens MAGNETOM (Siemens Medical
Solutions, Erlangen, Germany) using a 12-channel receive-only head
matrix coil. It consisted of a T1-weighted MPRAGE sequence with the
following parameters: 192 slices, sagittal orientation, 256x256 matrix,
1 mm isotropic resolution, TR = 2300 ms, TE = 3.03 ms, flip angle = 9°.

2.3. Image preprocessing

T1-weighted structural images were segmented into grey matter,
white matter, and CSF using Statistical Parametric Mapping (SPM12,
http://www.fil.ion.ucl.ac.uk/spm/software/spm12/),  running on
MATLAB version 2018b. Grey matter images went through Diffeomor-
phic Anatomical Registration through Exponentiated Lie Algebra
toolbox (DARTEL) (Ashburner, 2007) which creates a sample-specific
template representative of all subjects by iterative alignment of all im-
ages. Subsequently, the template underwent non-linear registration with
modulation for linear and non-linear deformations to the MNI-ICBM152
template. Each participant’s grey matter map was then registered to the
group template and smoothed with an 8 mm? isotropic Gaussian kernel.

2.4. Independent component analysis

ICA was performed on the grey matter maps of all individuals to
derive population-based networks of grey matter covariance. With this
aim, all individually modulated and smoothed grey matter maps were
concatenated to create a 4D file, which served as the basis for the ICA. To
ensure that only grey matter voxels were retained for the ICA, an ab-
solute grey matter threshold of 0.1 was applied to all images. ICA was
performed using the Multivariate Exploratory Linear Optimized
Decomposition into Independent Components (MELODIC) method
(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/MELODIC) as implemented in the
FSL analysis package (Jenkinson et al., 2012) version 6.0. To derive
common data-driven components based on patients and healthy control
subjects, the ICA was performed on all subjects (n = 228) thus identi-
fying common spatial components based on the covariation of grey
matter patterns across all participants. In line with previous work which
employed similar methods we chose 30 components (Pichet Binette
et al., 2020; Zeighami et al., 2015) which allows the investigation of a
relatively fine-grained organization and represents one of the most
frequent choices in resting state ICA analyses. For exploratory reasons
and to investigate the stability of the results, we additionally performed
all analyses with an ICA based on 20 components. Results are reported in
the Supplement S1. To eliminate spurious results each of the 30 com-
ponents or 30 morphometric networks was thresholded at z = 3.5 and
binarized (Beckmann et al., 2009; Pichet Binette et al., 2020). Finally,
for each participant grey matter volume was extracted from each of the
30 morphometric networks.

3. Statistical analyses
3.1. Grey matter volume

To investigate group differences in grey matter volume across brain
networks, we used repeated-measures ANCOVA with grey matter vol-
ume in the 30 networks as within-subjects factor and group as between-
subjects factor. Given a significant positive correlation between grey
matter volume and total intracranial volume (TIV) in both groups (pa-
tients: Pearson’s r = 0.79, p < 0.001; controls: Pearson’s r = 0.67, p <
0.001) and a significant negative correlation between grey matter vol-
ume and age (patients: Pearson’s r = —0.46, p < 0.001; controls: Pear-
son’sr = —0.44, p < 0.001), in addition to scanner site age and TIV were
entered as covariates in the repeated-measures ANCOVA. All follow-up
analyses were performed with the grey matter values corrected for the
influence of age, TIV and scanner site. To investigate the classification
performance of the morphometric networks, we performed binary
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logistic regression using the Matlab function fitglm. It classified OCD
patients versus healthy controls with the average grey matter volume in
each of the 30 networks as input. We then performed receiver operating
characteristic (ROC) analyses and assessed the area under the curve
(AUCQ) to evaluate the classification performance of each network.

3.2. Whole-brain grey matter pattern

To investigate potential differences in grey matter pattern organi-
zation between the groups, we assessed grey matter pattern similarity (i.
e., homogeneity) by correlating the grey matter volume in the 30
morphometric networks of each individual to the grey matter volume in
the 30 brain networks of every other subject.

Hence, this parameter indicates the similarity or correlation of the
whole-brain network profile from one subject with the whole-brain
network profile of all other subjects (i.e., it illustrates the homogenei-
ty of the group with regard to the whole-brain grey matter pattern).

This resulted in a 111 x 111 matrix of whole-brain grey matter
pattern between all healthy controls and a 117 x 117 matrix of whole-
brain grey matter pattern between all patients. To investigate whether
groups differed in the variability of these grey matter patterns, we used
the Levene’s Test for the comparison of variances.

3.3. Heterogeneity of grey matter volumes

Finally, we investigated potential differences in intra-network vari-
ability of grey matter volume between the groups by calculating the
coefficient of variation (i.e., standard deviation divided by mean of grey
matter volume) in each of the 30 networks. Thus, this parameter in-
dicates the similarity or variability of the grey matter volume from each
network between the subjects as well as across all 30 networks. We used
the modified signed-likelihood ratio (MSLR) test from the R software
package  cvequality  (https://cran.r-project.org/web/packages/cv
equality/index.html) version 0.1.3 (Marwick, 2019) with 1000 simula-
tions to test for significant differences in the coefficients of variation of
grey matter volume between groups.

3.4. Correlations with clinical scores

Finally, a potential association between clinically relevant informa-
tion (Y-BOCS, duration of illness) and grey matter volume as well of grey
matter pattern variability were assessed by Pearson correlations. The
correlation with duration of illness was performed both with and
without correcting for age and TIV. Results were considered significant
at p < 0.008 (i.e., p = 0.05 divided by 6 correlations).

4. Results

The 30 morphometric networks are shown in Fig. 1 and their
anatomical description as determined by the probability maps imple-
mented in the JuBrain Anatomy toolbox (Eickhoff et al., 2005) can be
found in Supplement S2. The majority of morphometric networks
showed clearly defined anatomical regions, such as the cerebellum,
basal ganglia, cingulate cortex or the thalamus. Most networks also
displayed bilateral distribution. The networks with lower component
numbers were more focused.

4.1. Grey matter volume differences between groups

Results of the repeated-measures ANCOVA, with grey matter volume
of the 30 networks as the within-subject factor, group as the between-
subject factor and age, TIV and scanner site as covariates, showed a
significant main effect of group (F(1, 223) = 4.71, p < 0.03) indicating a
significantly smaller grey matter volume in patients compared to con-
trols. Moreover, there was a significant main effect of network-related
grey matter volume (F(8,1725) = 5.93, p < 0.001) illustrating
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Fig. 1. ICA-derived morphometric networks (NW) with component numbers ascending from top left to bottom right and ROC curves with AUC values for each
network. The x- and y-axes of the ROC curves contain values ranging from O to 1 with the y-axis showing the true positive rate (i.e., sensitivity) and the x-axis

illustrating the false positive rate (i.e., 1-specificity).

significant differences in grey matter volume between the networks.
Moreover, there was a significant interaction between network-
related grey matter volume and sequence (F(8, 1725) = 7.99, p =
0.001) as well as a significant interaction between network-related grey
matter volume and group (F(8, 1725) = 2.04, p = 0.04). Post-hoc tests
indicated significant group differences for network 8, 20 and 27
comprising mainly the amygdala, hippocampus, planum temporale,

temporal pole and occipital regions.

With regard to the covariates, there was a significant interaction
between grey matter volume and age (F(8, 1725) = 17.61, p < 0.001) as
well as a significant interaction between grey matter volume and TIV (F
(8, 1725) = 7.63, p < 0.001). All between-subject effects were
Greenhouse-Geisser corrected due to a significant result in the Mauchly
sphericity test.
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The AUCs from the ROC analyses, representing the overall perfor-
mance of each population-derived morphometric network to classify
patients versus controls, showed poor classification performance. This
demonstrated that the network-related grey matter volume is not a
suitable parameter to differentiate the groups (i.e., all AUC’s ranged
inbetween 0.49 and 0.62, see ROC curves in Fig. 1).

4.2. Whole-brain grey matter pattern differences between groups

To investigate potential differences in whole-brain grey matter
pattern between groups we assessed grey matter pattern similarity (i.e.,
homogeneity) by correlating the grey matter volume in the 30
morphometric networks of each individual with the grey matter volume
in the 30 brain networks of every other subject. These correlations
indicate how similar one’s whole-brain organization is with every other
individual. Fig. 2 shows the grey matter pattern similarity matrix for
each group.

The results illustrate a visibly lower variability in the patient group.
Comparing the variances between the groups using Levene’s test
corroborated the visual impression and revealed a significant result
indicating a significantly higher homogeneity in the patient group (F
(1,226) = 16.56, p < 0.001).

4.3. Differences in heterogeneity of grey matter volumes between groups

The modified signed-likelihood ratio (MSLR) test to assess significant
differences in the coefficients of variation of grey matter volume (see
Fig. 3) showed a main effect of group on coefficient of variation across
all 30 networks (p = 0.02), as well as on network 2 (p = 0.038), network
9 (p =0.011), network 11 (p = 0.009), network 12 (p = 0.004), network
17 (p = 0.005), network 18 (p = 0.014), network 22 (p = 0.021) and
network 26 (p = 0.029) at an uncorrected level and on network 1 (p =
0.0004) at a corrected level (i.e., corrected for the 30 network yielding a
p-value of p = 0.002).

All differences were based on a decreased coefficient of variation (i.
e., heterogeneity) in patients relative to healthy controls. Thus, these
results revealed a significantly lower heterogeneity in patients both
across all networks as well as in several single networks, confirming the
results of the overall grey matter pattern analysis.

4.4. No association with clinical scores

The correlation between Y-BOCS total and grey matter volume across
all networks as well as grey matter pattern variability yielded no sig-
nificant results (r = —0.09, p = 0.33; r = —0.04, p = 0.71, respectively).
The correlation between duration of illness and grey matter volume

20 40 60 80 100

patients (n=117)
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across all networks (uncorrected for TIV and age) showed a highly sig-
nificant correlation (r = —0.37, p < 0.00005) which was no longer
significant after correcting for age and TIV (r = 0.06, p = 0.56). The
correlation with grey matter pattern variability showed a non-
significant result on the corrected level (r = 0.21, p = 0.03) and was
also not significant after correcting for age and TIV (r = 0.04, p = 0.68).

5. Discussion
5.1. Grey matter volume

The current study investigated grey matter volume within
population-derived structural covariance networks in a large sample of
OCD patients and healthy participants. We found a lower grey matter
volume in patients compared to healthy controls across all networks.
Although specific regions, such as the pallidum, have been found to
exhibit an increased grey matter volume in patients compared to control
participants (Boedhoe et al., 2018), most previous studies employing
voxel- or surface-based methods reported a reduced grey matter volume
of cortical regions (Boedhoe et al., 2018; Rotge et al., 2010). Present
findings of an overall decreased network-related grey matter volume in
patients are in line with previous studies, albeit it has to be kept in mind
that our results are based on population-based networks (i.e., networks
derived from the volume maps of both patients and healthy controls).
This most probably explains why the classification performance of the
single covariance networks turned out to be very poor and implies that
the volume differences (i.e., in terms of neuronal density and architec-
ture) between groups within these common networks are very subtle.
Thus, present results differ from previous findings in other patient
populations, such as Alzheimer’s disease (Pichet Binette et al., 2020)
where — not surprisingly - most structural covariance networks showed a
relatively high classification performance. Hence, present findings sug-
gest gross volumetric alterations are not present within covariance-
based morphometric networks in OCD.

5.2. Grey matter pattern

When analysing grey matter pattern similarity (i.e., homogeneity) in
the 30 morphometric networks we found a significantly lower vari-
ability in the patient group (Fig. 2). This finding was moreover sup-
ported by a significantly decreased heterogeneity in the patient group
across all networks (i.e., an overall decreased coefficient of variation) as
well as a significantly decreased heterogeneity within several specific
networks containing predominantly frontal and cerebellar regions.
Thus, the study’s findings give rise to the impression of OCD as an
“equalizing” process which, to some degree, seems to reduce “healthy”

20 40 60 80 100

controls (n=111)

Fig. 2. Correlation matrix for each group showing the correlation between grey matter volume in the 30 morphometric networks between all individuals. Colour-
coded Pearson’s r values indicate how one’s whole-brain organization is similar to every other individual.
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Fig. 3. Network-specific heterogeneity as assessed by the coefficient of variation for both groups. Group differences were investigated using the modified signed-
likelihood ratio (MSLR) test; * significant at p < 0.05 uncorrected, ** significant at p < 0.05 corrected for multiple comparisons (i.e., 30 networks).

or “normal” interindividual morphometric heterogeneity. As previously
mentioned, it is assumed that brain regions that increase or decrease in
volume at the same rate over the course of years demonstrate strong
structural covariance across individuals from the same “population”,
such as patients suffering from OCD (Alexander-Bloch et al., 2013a).
Moreover, it is well-known that the grey matter structure of the human
brain undergoes strong alterations during childhood and adolescence
(Raznahan et al., 2011; Shaw et al., 2008). Given that in many cases
OCD symptoms first manifest during adolescence or early adulthood
(Brakoulias et al., 2017), alterations in structural covariance due to
clinical symptoms during this sensitive neurodevelopmental period are
plausible and might to some degree explain the increased uniformity or
homogeneity in structural covariance in the patient group. Our own
recent work investigating structural covariance in OCD based on alter-
ations in gyrification likewise pointed to changes time-locked to a spe-
cific neurodevelopmental period (Reess et al., 2018b). However, the
ontogenetic development of cortical gyrification is only partially com-
parable to the developmental process of grey matter volume (Armstrong
et al., 1995).

Another relevant mechanism of structural covariance is use-
dependent neuroplasticity. Synchronous neuronal firing in combina-
tion with synaptogenesis between these neurons (Bi and Poo, 1999; Katz
and Shatz, 1996) is the basis of use-dependent coordinated growth and
explains findings on grey matter volume increases in association with
intensive learning, training or long-term experience (Koch et al., 2016;
Kiihn et al., 2014; Niemann et al., 2014; Wu et al., 2020). This mecha-
nism should also be taken into consideration when interpreting grey
matter volume changes in OCD such as those mentioned previously in
patients suffering from motor-related compulsion (Wagner et al., 2019).
Although other studies could not detect any direct association with
specific symptoms, we believe that common characteristics of OCD such
as increased fear responses, impaired inhibition or intolerance of un-
certainty could drive the increased homogeneity in structural covari-
ance. It should be taken into consideration, however, that without doubt
influencing factors not assessed in this study, such as life-time medica-
tion exposure, therapeutic treatment or other environmental aspects,
also had a significant impact on use-dependent neuroplasticity.

Moreover, our finding of a decreased inter-network heterogeneity (i.
e., increased homogeneity in structural covariance across several net-
works) within the patient group can most probably be traced back to this
mechanism, as well. Here, experience-dependent changes in grey matter
structure due to symptomatology and common disorder characteristics
mentioned before which, in its whole complexity, are known to involve a
variety of core regions independent from individual symptom profile or

symptom severity, may well explain an increased uniformity (or
decreased heterogeneity) of structural covariance in the patient group.
The lacking association with symptom severity corroborates this
assumption and indicates that the alterations in structural covariance
might represent a rather stable marker of the disorder that is indepen-
dent from the current clinical status. Future studies, however, should
investigate the influence of additional factors such as life-time medica-
tion or therapeutic treatment in more detail.

One final influencing factor should not go unnoticed when talking
about structural covariance. Several studies show that common genetic
predispositions explains a large percentage of the structural covariance
in healthy people (Schmitt et al., 2008, 2010). More specifically, it has
been demonstrated that 5-HTTLPR polymorphism, which is also being
discussed to influence the susceptibility to OCD (Sinopoli et al., 2017),
has an impact on structural covariance between the amygdala and the
anterior cingulate (Pezawas et al., 2005). In addition, the covariance
between homologous contralateral regions has been reported to have
predominantly strong genetic underpinnings (Alexander-Bloch et al.,
2013a; Schmitt et al., 2009). The fact that our finding of an increased
homogeneity of structural covariance is based on predominantly ho-
mologous, bilateral networks, might point to the assumption that com-
mon genetic underpinnings related to OCD and to the development of
structural covariance could have also played a role in the development
of a more uniform, disease-specific structural covariance. This calls for
classifying patients and controls according to their genetic profile when
assessing their structural covariance.

Due to a lack of genetic information and other data (such as, for
instance, anxiety, depression, IQ or socio-economic status) as well as the
cross-sectional design of the present study it is, however, difficult to
reliably determine which factors have significantly contributed to the
increased uniformity or homogeneity of structural covariance that we
encountered in our OCD patient sample.

To conclude, the present study investigating grey matter volume of
population-derived morphometric networks in patients with OCD
showed that — despite an overall difference in network-related grey
matter volume - there were only subtle group differences in grey matter
volume of population-derived networks. Nonetheless, there were dis-
tinctions with regard to the similarity of these networks. Our findings
suggest that these single covariance networks can not serve as disease-
related characteristics or predictors allowing for a morphometric dif-
ferentiation between patients with OCD and healthy individuals.
Moreover, we found significant differences in the heterogeneity across
networks as well as differences in network-specific heterogeneity. On a
speculative note, the pathological mechanisms of OCD might leave a
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morphometric imprint by reducing the healthy interindividual
morphometric variability.

Due to the cross-sectional design of the study as well as the lack of
additional data on potential influencing factors (such as, e.g., socio-
economic status) a significant impact of other parameters cannot be
ruled out. Thus, there could be influencing factors characterizing the
OCD group that do not constitute a consequence of the disorder and
might make the patient group more similar from the start.

Nevertheless, our results clearly speak against profound and
extended morphometric alterations in OCD but rather imply discreet
processes seemingly leading to a more pronounced morphometric sim-
ilarity within the patient population.
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