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Introduction - Identifying neurobiological differences between
patients suffering from Major Depressive Disorder (MDD) and
healthy individuals has been a mainstay of clinical neuroscience
for decades. However, recent meta- and mega-analyses have
raised concerns regarding the replicability and clinical rele-
vance of brain alterations in depression.
Methods - Here, we systematically investigate healthy controls
and MDD patients across a comprehensive range of modalities
including structural magnetic resonance imaging (MRI), dif-
fusion tensor imaging, functional task-based and resting-state
MRI under near-ideal conditions. To this end, we quantify
the upper bounds of univariate effect sizes, predictive utility,
and distributional dissimilarity in a fully harmonized cohort of
N=1,809 participants. We compare the results to an MDD poly-
genic risk score (PRS) and environmental variables.
Results - The upper bound of the effect sizes range from par-
tial η2 = 0.004 to 0.017, distributions overlap between 89% and
95%, with classification accuracies ranging between 54% and
55% across neuroimaging modalities. This pattern remains vir-
tually unchanged when considering only acutely or chronically
depressed patients. Differences are comparable to those found
for PRS, but substantially smaller than for environmental vari-
ables.
Discussion - We provide a large-scale, multimodal analysis of
univariate biological differences between MDD patients and
controls and show that even under near-ideal conditions and
for maximum biological differences, deviations are remarkably
small, and similarity dominates. We sketch an agenda for a
new focus of future research in biological psychiatry facilitating
quantitative, theory-driven research, an emphasis on multivari-
ate machine learning approaches, as well as the utilization of
ecologically valid phenotyping.
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Introduction

Major depressive disorder (MDD) is the single largest con-
tributor to non-fatal health loss worldwide, annually affect-
ing as many as 300 million people.(1) Globally, it resulted
in a total estimate of over 50 million Years Lived with Dis-
ability (YLD), with MDD being one of the leading causes of
YLD among all diseases.1 The incremental economic burden
of adults is estimated to be over $US320 billion in the US
alone, including direct, suicide-related, and workplace costs;
a notable increase by 37.9% between 2010 and 2018.(2)
Driven by the discovery of efficient psychopharmacological
medication and the insight that many mental disorders have
a strong genetic component, the second half of the twenti-
eth century was dominated by biological psychiatry.(3) With
the emergence of cognitive neuroscience, neuroimaging, and
neurogenetics, this paradigm evolved into a methodologi-
cally diverse systems medicine approach over the last two
decades which views mental disorders as “relatively stable
prototypical, dysfunctional patterns of experience and behav-
ior that can be explained by dysfunctional neural systems
at various levels”.(4) Correspondingly, identifying the neu-
ral and genetic basis of MDD to inform the improvement
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of treatments has been a mainstay of research in psychiatry
for decades with over 1,500 neuroimaging studies listed on
PubMed that investigate differences between healthy and de-
pressed individuals (see Supplementary Methods for search
strategy). While large-scale projects and consortia accumu-
lating neuroimaging data from tens of thousands of patients
aim to consolidate and extend our understanding of men-
tal disorders, there is growing concern regarding the repli-
cability and prognostic utility of biomarkers derived from
standard univariate analysis frameworks in psychiatry.(5–7)
Specifically investigating the neurobiological underpinnings
of MDD, Müller et al. conducted a meta-analysis of 99
functional neuroimaging studies and found no spatial con-
vergence of MDD effects vs. healthy subjects in paradigm-
based fMRI studies.8 In the same vein, the meta-analysis by
Gray et al. – based on 92 publications representing 2,928 pa-
tients with MDD – found no convergent neural alteration in
depression compared to healthy individuals based on struc-
tural and functional MRI data.(5) Investigating subcortical
brain structures, a meta-analysis by the ENIGMA consor-
tium showed a significant difference between 1,728 MDD
patients and 7,199 controls from 15 samples worldwide.(7)
This effect, however, was restricted to hippocampus vol-
ume and corresponds to a classification accuracy of merely
52.6%; prompting Fried and Kievit to conclude that the re-
sult “leaves little hope to robustly distinguish between MDD
and healthy participants based on univariate analyses of re-
gional volumes”.(8) Furthermore, Malhi et al. comment that
the “reiteration of non-specific volumetric changes does little
to advance our knowledge of the illness”.(9) In a later meta-
analysis of cortical changes in depression, Schmaal et al. did
find a larger number of regions that differ in cortical thickness
between healthy and depressed individuals.(10) However, al-
though these differences seem to be more widespread across
the cortex and more regions reach significance, the associated
effect sizes remain small and comparable to the magnitude of
hippocampal changes. This general notion was equally ap-
parent in white matter disturbances in MDD.(11) This lack of
consistent findings and surprisingly small effects have been
attributed to, first, methodological heterogeneity including
varying experimental designs, varying inclusion and exclu-
sion criteria, or meta-analytic approaches and, second, to the
heterogeneity of the clinical population and its assessment
including different severity, disease duration, or number of
previous episodes.(5, 6, 12)
Against this backdrop, the present study quantifies the mag-
nitude and biomarker potential of univariate biological dif-
ferences between depressive and healthy subjects across neu-
roimaging modalities in a fully harmonized study minimizing
methodological and clinical heterogeneity. To this end, we
draw on data of N=861 life-time or acute MDD patients and
N=948 healthy controls (HC) from the bicentric Marburg-
Münster Affective Cohort Study (MACS) comprising ma-
jor neuroimaging modalities including cortical surface, cor-
tical thickness and volume of brain regions based on struc-
tural MRI, task-based functional MRI, atlas-based connectiv-
ity and graph network parameters derived from resting-state

functional MRI, fractional anisotropy (FA), mean diffusiv-
ity (MD) and graph network parameters based on Diffusion-
Tensor-Imaging (DTI). For comparison, we also investigate
an MDD PRS and environmental variables including self-
reported childhood maltreatment and social support.(13, 14)
Importantly, data from the MACS were fully harmonized,
i.e., the same inclusion and exclusion criteria were applied,
patients stemmed from the same country, thus sharing the
same medical and socio-economic system, and the same psy-
chometric assessments and interviews were conducted. Also,
the same neuroimaging protocols – including a harmoniza-
tion of scanner sequences – as well as quality control proce-
dures were applied (for details, see (14)).
In our analyses, we first assess statistical significance and
corresponding effect sizes using established analysis stan-
dards for each modality (see Figure 1). For all modalities,
we reported results of the single variable (i.e., score, voxel,
graph metric, connectivity) displaying the largest difference
between healthy and depressed individuals. Secondly, to
gauge potential value as a biomarker of these variables show-
ing the largest univariate difference, we quantified their pre-
dictive utility (i.e., accuracy, sensitivity, specificity) in every
modality. Third, we illustrated the similarity between depres-
sive and healthy participants with respect to the variable dis-
playing the largest difference in every modality by calculat-
ing the overlapping coefficient (OVL), an intuitive measure
of overlap between two populations.(15) While focusing on
the single largest variable is prone to overestimating the true
difference, the approach provides a solid upper bound for the
true deviation between healthy controls and MDD patients in
the respective modality.(16) Explicitly investigating the sub-
stantial clinical heterogeneity often observed in MDD, we
also conducted subgroup analyses including symptom sever-
ity, course of disease, gender, and scanner site. Finally, in or-
der to benchmark the neuroimaging results, we compared all
effects to the same set of metrics for genetic data (i.e., MDD
PRS) as well as environmental factors in the same sample.

Methods
Participants. At the time of data analysis, 2036 healthy
and depressed subjects participated in the cross-sectional
Marburg-Münster Affective Cohort Study (MACS).(13) Data
were collected at two different sites (Marburg and Mün-
ster). After excluding subjects with any history of neuro-
logical (e.g., concussion, stroke, tumor, neuro-inflammatory
diseases) and medical (e.g., cancer, chronic inflammatory or
autoimmune diseases, heart diseases, diabetes mellitus, in-
fections) conditions as well as non-Caucasian subjects, a final
sample of 948 healthy and 861 depressed subjects (N=1809)
were available for analysis. For the analysis of each individ-
ual data modality, all subjects for which data of the specific
modality was available and passed quality checks were used.
This resulted in a varying number of samples that could be
used for the different modalities (see below). Patients with
severe, moderate, mild or (partially) remitted MDD episodes
were included irrespective of current treatment. A structured
clinical interview for DSM-IV (SCID-I) was conducted with
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Fig. 1. Schematic representation of the research design and analytical procedure. For all modalities, standard univariate models are calculated to find the single variable
showing the largest difference between depressive and healthy individuals, representing an upper bound for univariate group differences. Then, effect size, distributional
overlap and predictive utility is estimated for these peak variables of the different modalities. η2= effect size of the statistical model. MACS = Marburg-Münster Affective
Cohort Study. MRI = Magnetic Resonance Imaging.

each participant in order to assess current and lifetime psy-
chopathological diagnoses.(17) Patients either fulfilled the
DSM-IV criteria for an acute major depressive episode or had
a lifetime history of a major depressive episode. For the sec-
ondary analyses including only acutely depressed patients,
we removed fully remitted patients from the MDD sample
(see Supplementary Methods for a definition of remission
status). For the secondary analyses including only chroni-
cally depressed patients, we only used MDD subjects that had
a history of at least two inpatient stays due to their depressive
disorder.

Statistical analyses. An Analysis of Variance (ANOVA)
model predicting a single variable of interest was calculated
for all variables of the different modalities with age, gen-
der, and scanning site as a minimum set of covariates and a
HC versus MDD factor. As the MRI body-coil was changed
mid recruitment in Marburg, scanning site was dummy coded
to represent three categories (pre and post body-coil change
Marburg and Münster) and used in the Hariri task analysis.
For PRS analyses, the first three Multi-Dimensional Scaling
(MDS) components of the genetic relationship matrix were
added as covariates to correct for population stratification
(for details, see (18)). General linear models were calcu-
lated in Python using the statsmodels package.(19) Voxel-
wise whole brain analyses were done using SPM12.(20) For
all analyses except the ones based on voxel-wise data (Hariri
task fMRI), we controlled for multiple comparisons by cal-
culating the false discovery rate with a false positive rate of
0.05 using the Benjamini-Yekutieli procedure.(21) For voxel-
based data, significance thresholds for multiple testing were
obtained at the voxel-level using non-parametric t tests as
implemented in the SPM Threshold-Free Cluster Enhance-
ment (TFCE) toolbox.(22) An FWE-corrected threshold of
0.05 was used to calculate corrected p-values. We decided

against a cluster correction as implemented in the TFCE tool-
box since the peak voxel of a significant cluster must not
necessarily show the strongest effect among all voxels in the
brain. This is, of course, usually a desirable characteristic of
the TFCE correction. However, as we intended to find the
upper bound, i.e., the largest difference between healthy and
depressive subjects, we used a correction method on a voxel-
level. For each modality, the variable showing the strongest
effect (largest F-value and thus lowest p-value) was selected
and η2

partial was calculated as measure of effect size for the
group factor (HC versus MDD). Bootstrap confidence inter-
vals were calculated using the Bias-corrected and accelerated
(BCa) bootstrap method including group stratification.(23)
To quantify the predictive potential of the variables showing
the largest group effect, a logistic regression was fitted on the
deconfounded residuals of the linear models. In other words,
the covariates used in the respective modality analyses were
regressed out of the data using the same linear models as de-
scribed earlier, only removing the group factor (diagnosis)
from the model first. The predictions of the logistic regres-
sion were then used to compute balanced accuracy, sensitivity
and specificity. Additionally, the probabilities which can be
obtained from the logistic regression model were used to plot
a Receiver Operating Characteristic Curve (ROC). All code
implementing the statistical analyses and figures is publicly
available under https://github.com/wwu-mmll/
more-alike-than-different-paper2021.

Assessment of childhood maltreatment and social
support. The well-established childhood trauma question-
naire (CTQ) was used to assess childhood maltreatment in
patients and controls.(24) For all analyses including child-
hood maltreatment, we used a sum score that can be com-
puted across the five maltreatment subscales. For 12 subjects
no CTQ sum score was available, resulting in a sample of
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1797 subjects that could be used for the CTQ analysis. Per-
ceived social support was measured using the Social Support
Questionnaire (F-SozU), an established German self-report
instrument.(25) The questionnaire consists of three subscales
measuring the subject’s perceived emotional support, instru-
mental support, and social integration. A sum score aggregat-
ing all three scales was used in all analyses. For 10 subjects
no social support sum score was available, resulting in a sam-
ple of 1799 subjects that could be used for the social support
analysis.

Polygenic risk score for depression. Genotyping was
conducted using the PsychArray BeadChip, followed by
quality control and imputation, as described previously.(26,
27) In brief, QC and population substructure analyses were
performed in PLINK v1.9.(28) Imputed genetic data were
available for n=1689 individuals. Related subjects were iden-
tified using PLINK and one individual of each related pair
was excluded on the analysis level. This procedure was done
separately for every analysis to guarantee that only a minimal
number of related samples were excluded for every MDD,
gender, and site subgroup analysis. A final sample of 1621
was available for the HC versus MDD analysis. Sample sizes
for all other analyses are listed in Table ??. For the calcu-
lation of the PRS, single nucleotide polymorphism weights
were estimated using the PRS-CS method with default pa-
rameters (for details, see Supplementary Methods).(29, 30)

A PRS-CS for Major Depression was calculated using sum-
mary statistics from a recent GWAS.(31) The global shrink-
age parameter φ was automatically determined (PRS-CS-
auto; φ = 1.30 ∗ 10−4). To control for population substruc-
ture, three MDS components were added as covariates to all
linear models containing genetic data.

Magnetic Resonance Imaging. Magnet resonance imag-
ing (MRI) data for all brain-based modalities were acquired
using two 3T whole body MRI scanner (Marburg: Tim Trio,
Siemens, Erlangen, Germany; Münster: Prisma, Siemens,
Erlangen, Germany). Due to a change of the scanner body-
coil in Marburg during recruitment, three different scanner
conditions were used as covariate in all MRI-based analy-
ses (Marburg pre body-coil change, Marburg post body-coil
change and Münster). Imaging protocols were harmonized
across scanner sites to the extent permitted by each platform.
Pulse sequence parameters as well as quality assurance proto-
cols have been described in detail previously.(14) Additional
information on MRI scanning parameters is provided in the
Supplementary Methods.

Cortical and subcortical segmentation of T1-weighted
MRI. Automated segmentation was conducted using the cor-
tical and subcortical parcellation stream of Freesurfer (Ver-
sion 5.3) based on the Desikan-Killiany atlas.(32) In total,
measures for 68 cortical regions (34 on each hemisphere),
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14 subcortical regions (7 on each hemisphere), 4 ventricles
(2 on each hemisphere), as well as total intracranial vol-
ume (ICV) were extracted for each participant. Additionally,
global measures of cortical and subcortical surface, thick-
ness and volume were calculated per and across hemisphere
(for a full list of used Freesurfer parameters, see Supple-
mentary Methods). This resulted in a total number of 166
parameters that were used in the statistical analyses. De-
fault parameters were used for the segmentation (https:
//surfer.nmr.mgh.harvard.edu/) and segmenta-
tion quality was reviewed visually as well as based on sta-
tistical outlier analysis following standardized protocols by
the ENIGMA consortium.(33) After excluding subjects with
poor segmentation quality, a final sample of 1741 subjects
were available for the Freesurfer analysis.

Resting-state fMRI. Two-hundred-thirty-seven interleaved
and ascending measurements were acquired for resting-state
fMRI. Participants were asked to keep their eyes closed until
the end of the resting state session. Resting-state preprocess-
ing was done using the CONN (v18b) MATLAB toolbox and
the default volume-based MNI preprocessing pipeline.(34)
First, a series of preprocessing steps was applied to the func-
tional and structural images that included a functional re-
alignment and unwarp, a slice-timing correction, an ART-
based outlier identification, a direct segmentation and nor-
malization of the functional and structural images, as well
as a final functional smoothing with an 8mm FWHM kernel.
Second, CONN’s denoising step with default parameters was
applied to regress out potential noise artefacts in the func-
tional data based on an anatomical component-based noise
correction procedure (aCompCor). Controlling for noise
artefacts is done by regressing out noise components from
cerebral white matter and cerebrospinal areas (5 PCA compo-
nents), estimated subject-motion parameters (12 parameters
including 6 motion parameters and their associated first-order
derivatives), as well as identified outlier scans or scrubbing.
Finally, temporal band-pass filtering was applied to remove
low frequencies under 0.008 Hz and high frequencies above
0.09 Hz. Connectivity matrices for each subject were cre-
ated by computing the bivariate Pearson’s correlation coeffi-
cient between the time-series of every region of the 17 net-
works Schaefer atlas with 100 parcels(35) Resting-state and
T1 data was available for 1374 subjects. 12 subjects were
excluded because of an acute medication with tranquilizers
such as benzodiazepine or Z-drugs which are known to influ-
ence functional MRI data. 17 subjects were excluded due to
strong motion artifacts that resulted in less than 5 minutes of
valid resting-state image time points after scrubbing. Data of
a final sample of 1345 subjects was available for resting-state
analyses.

Task-based fMRI. Functional MRI data from a well-
established emotional face matching paradigm was used.(36)
The experimental setup and preprocessing have been de-
scribed previously.(37) In short, subjects viewed images of
fearful or angry faces in the experimental and geometric
shapes in the control condition. In each trial, a target image

was presented at the top while two further images were pre-
sented at the bottom left and right, whereby one of these im-
ages was identical to the target image. The subjects were in-
structed to indicate whether the left or right image was iden-
tical to the top image by pressing a corresponding button.
Image acquisition details corresponded to the previously de-
scribed resting-state scanning parameters. To avoid motion
artifacts, subjects were excluded from the final sample if their
overall movement exceeded 2mm. Additionally, a visual
quality check has been conducted to exclude subjects with vi-
sually detectable artifacts. As described above, subjects un-
der acute medication with tranquilizers have been excluded
from the analyses. At the individual subject level, fMRI re-
sponses for both conditions (faces, shapes) were modeled in
a block design using the canonical hemodynamic response
function implemented in SPM8 convolved with a vector of
onset times for the different stimulus blocks. High-pass fil-
tering was applied with a cut-off frequency of 1/128 Hz to
attenuate low-frequency components. Contrast images were
created by contrasting beta images of the ‘faces’ against the
‘shapes’ condition. A sample of 1241 subjects were available
for task-based fMRI analyses.

Diffusion Tensor Imaging. Data were acquired using a
GRAPPA acceleration factor of 2. Fifty-six axial slices
with no gap were measured with an isotropic voxel size of
2.5×2.5×2.5mm³ (TE=90ms, TR=7300ms). Five non-DW
images (b = 0s/mm2) and 2×30 DW images with a b-value
of 1000s/mm2 were acquired. For additional image acquisi-
tion and preprocessing details, see Supplementary Methods.
DTI image preprocessing was done as described in (38). For
every subject, the network information was stored in a struc-
tural connectivity matrix, with rows and columns reflecting
114 cortical brain regions of the Lausanne parcellation, a sub-
division of the FreeSurfer’s Desikan-Killiany atlas.(39, 40)
Matrix entries represent the weights of the graph edges. Net-
work edges were weighted according to fractional anisotropy
(FA), mean diffusivity (MD), and number of streamlines
(NOS). For all FA- and MD-based connectivity analyses,
only edges with non-zero values for at least 95% of subjects
were analyzed. This resulted in a varying number of subjects
that were included in the statistical modeling of group differ-
ences in edge values. Data of 1508 subjects were available
for all DTI-based analyses.

Graph network parameters. For the DTI connectivity ma-
trix, a binary adjacency matrix was calculated on the basis of
number of streamlines. All edges with less than three num-
ber of streamlines were set to 0, all other edges were set to
1. For the resting-state fMRI connectivity matrix, a binary
adjacency matrix was calculated by setting the top 15 per-
cent of connections (highest correlation coefficient) to 1, all
other edges were set to 0. The adjacency matrices were then
used to calculate a number of representative graph parame-
ters using PHOTONAI Graph (https://github.com/
wwu-mmll/photonai_graph), which itself calls func-
tion from the Python package networkx.(41) Used graph met-
rics were defined as follows (for an introduction of graph
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Fig. 2. Left: η2
partial effect size of single variables displaying the overall largest effect in each modality. Error bars indicate upper and lower bound for bootstrapped

confidence intervals for η2
partial. Right: Balanced classification accuracy for all modalities based on Logistic Regression of single variables displaying the largest effect.

Kernel density estimation plots of deconfounded values including distributional overlap for healthy and depressive participants are plotted on the right side of the figure. HC =
healthy controls, MDD = Major Depressive Disorder, DTI = Diffusion Tensor Imaging, FA = Fractional Anisotropy, MD = Mean Diffusivity, RS = Resting State functional MRI.

metrics for brain connectivity, see (42)): Global efficiency
was defined as the average inverse shortest path length be-
tween all node pairs. Local efficiency was defined as the
global efficiency on node neighborhoods. Clustering coeffi-
cient was computed as the average likelihood that the neigh-
bors of a node are also mutually connected. Degree centrality
was defined as the number of nodes connected to the node of
interest. Betweenness centrality was defined as the fraction
of shortest paths of the network that pass through the node
of interest. Degree assortativity was defined as the similar-
ity of connections in the graph with respect to the node de-
gree. Clustering coefficient, degree centrality, and between-
ness centrality were calculated per node and additionally av-
eraged across nodes, resulting in a total of 348 network pa-
rameters.

Results

Effect sizes, distributional overlap and classification
performance for HC versus MDD. For the single variables
displaying the largest difference between HC and MDD,
ANOVA effect sizes were small in all neuroimaging modali-
ties. They ranged from η2

partial = 0.004 for the largest ef-
fect in DTI data to η2

partial = 0.017 for the largest effect
in resting-state connectivity (see Figure 2). For structural
MRI, the greatest difference between healthy and depressed
subjects could be observed in the total cortical volume of
the right hemisphere (Freesurfer, puncorr = 1.16 ∗ 10−4,
pcorr = 0.063, F(1,1735) = 14.92, η2

partial = 0.009, see Sup-
plementary Figure S1). For task-based functional MRI, the
greatest difference in brain activation during a face matching
task between healthy and depressed subjects were observed
in a voxel within the left superior frontal region (puncorr =

1.67 ∗ 10−4, pcorr = 0.398, F(1,1235) = 14.3, η2
partial =

0.011, see Supplementary Figure S2). For DTI, the great-
est difference between healthy and depressed subjects was
found for FA between the right pars triangularis and right
rostral middle frontal region (puncorr = 0.010, pcorr = 1,
F(1,1496) = 6.71, η2

partial = 0.004, see Supplementary Fig-
ure S3), MD (puncorr = 0.001, pcorr = 1, F(1,1494) = 11.20,
η2
partial = 0.007, see Supplementary Figure S4) and the av-

erage degree centrality network parameter (puncorr = 0.003,
pcorr = 1, F(1,1502) = 8.93, η2

partial = 0.006, see Supple-
mentary Figure S5). For resting-state functional MRI, the
greatest difference between healthy and depressed subjects
was measured for the connectivity between a region of the
right peripheral visual network and a region of the somato-
motor network A (puncorr = 2.24 ∗ 10−6, pcorr = 0.051,
F(1,1339) = 22.57, η2

partial = 0.017, see Supplementary Fig-
ure S6) and the clustering coefficient of region 3 (central vi-
sual network) of the Schaefer 100 atlas (puncorr = 0.001,
pcorr = 1, F(1,1339) = 11.20, η2

partial = 0.007, see Supple-
mentary Figure S7).
In comparison to the neuroimaging data, healthy and de-
pressed subjects differed significantly in the PRS for major
depression (p = 2.92 ∗ 10−13, F(1,1613) = 20.56, η2

partial =
0.032) and in social support (p = 8.51 ∗ 10−95, F(1,1792) =
481.93, η2

partial = 0.211) and childhood maltreatment (p =
8.08 ∗ 10−85, F(1,1794) = 425.59, η2

partial = 0.192). Dis-
tributions of the variables displaying the largest difference
between HC and MDD overlap between 89.4% and 94.8%
across all neuroimaging modalities (see Figure 2). Even un-
der ideal statistical conditions, this corresponds to classifica-
tion accuracies between 53.5% and 55.4%. Lowest classi-
fication accuracy was found for the largest effect in DTI FA
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Fig. 3. Distributional overlap, effect size and classification performance for the single variable displaying the largest effect across all neuroimaging modalities. (a) shows
a histogram with Gaussian Kernel Density estimation as solid line and boxplot of the confound-corrected values of the resting-state ROI-to-ROI connectivity displaying the
largest effect. (b) η2

partial ANOVA effect size for the strongest resting-state connectivity. Light blue indicates upper bound of bootstrapped 95% confidence interval. (c)
shows Receiver-Operating-Characteristic (ROC) Curve for Logistic Regression classification based on the single variable displaying the largest effect. (d) shows distributional
overlap, balanced accuracy (BACC) as well as sensitivity and specificity of the Logistic Regression classification.

while the largest effect in resting-state connectivity displayed
the highest classification accuracy (see Figure 3). In compar-
ison, MDD PRS was found to have an overlap of 85.7%, cor-
responding to a classification accuracy of 58.3%. In contrast,
environmental variables showed an overlap of 55.6% and
56.8%, corresponding to a classification accuracy of 70.7%
and 70.8%.
To further analyze the effect of heterogeneity due to research
site or gender, we repeated all analyses for the two study sites
Marburg and Münster as well as males and females sepa-
rately. Although methodological and biological homogeneity
were expected to increase within the respective subsamples,
results did not fundamentally change (Supplementary Table
S1-2).

Analysis of acutely and chronically depressed sub-
groups. For the variables displaying the largest group dif-
ference in each modality, distributions of healthy and acutely
depressed individuals overlapped between 87.9% and 94.1%
for all neuroimaging modalities (see Table ??). Classification
accuracies ranged between 53.9% and 57.7% for those vari-
ables displaying the maximum effect. Largest effect size was
found within resting-state connectivity (η2

partial = 0.021). To
compare, overlap between healthy and acutely depressed in-
dividuals was 84.3% for PRS, corresponding to a classifica-
tion accuracy of 59.1% and an effect size of η2

partial = 0.037.
In contrast, overlap for social support and childhood mal-
treatment was 50.1% and 52.4%, which corresponds to a
classification accuracy of 72.3% and 72.1%. Effect sizes
were moderate to large with η2

partial = 0.288 for social sup-
port and η2

partial = 0.221 for childhood maltreatment. Com-
parably, distributions of maximum difference variables for
healthy and chronically depressed individuals overlapped be-
tween 85.0% and 92.0% for all neuroimaging modalities (see

Supplementary Table S1). Classification accuracies ranged
between 53.4% and 59.2% for those variables displaying
the maximum effect. Largest effect size was found within
resting-state connectivity (η2

partial = 0.027). To compare,
overlap between healthy and chronically depressed individ-
uals is 83.9% for PRS, corresponding to a classification ac-
curacy of 59.2%. In contrast, overlap for social support and
childhood maltreatment was 52.0% and 47.1%, which corre-
sponds to a classification accuracy of 68.5% and 74.6%. Ef-
fect sizes were large with η2

partial = 0.252 for social support
and η2

partial = 0.276 for childhood maltreatment.

Discussion
In this study, we show that healthy and depressed individuals
are strikingly similar with regard to univariate neurobiolog-
ical and genetic measures. Even when considering the up-
per bound of the deviation in each modality, none could be
considered informative from a personalized psychiatry per-
spective with both groups being nearly indistinguishable on
a single-subject level. This is true despite near-ideal har-
monization of study protocols, quality control, neuroimag-
ing data acquisition, and clinical assessment, employing stan-
dard processing and analysis pipelines frequently used in the
scientific community. Irrespective of their statistical signif-
icance – which was evident at least on uncorrected levels
– even the upper bound of the effect size was small for all
neuroimaging modalities. Overall, no modality explained
more than 2% of the variance between healthy and depres-
sive subjects. Our result for structural MRI data is in-line
with Schmaal et al. who reported an explained variance of
about 1% for their largest effect of hippocampal volume re-
duction (d= 0.21, η2 = 0.011, see (43), page 22 for a trans-
formation from d to η2). Importantly, however, we extend
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this finding to a comprehensive set of neuroimaging modal-
ities and show that results are similar also for task-based
functional MRI, atlas-based connectivity and graph network
parameters derived from resting-state functional MRI, frac-

tional anisotropy, mean diffusivity and graph network param-
eters based on DTI. Crucially, we show that the observed low
effect sizes cannot be explained by a lack of harmonization
of studies as previously suggested.(12) Likewise, extensive
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subgroup analyses reveal that clinical heterogeneity is also
not driving results (see below).
Connecting these results from neuroimaging and psychiatric
genetics, we show that MDD PRS only provided marginally
higher effect size, explaining up to 5% of the between-group
variance. These results are in stark contrast to self-reported
environmental factors such as childhood maltreatment or per-
ceived social support which explain 6 to 48 times more in-
terindividual variation compared to neuroimaging and ge-
netic data. Likewise, the distributional similarity between
healthy and depressive subjects even in the single variables
displaying the largest difference is substantial. Converting
these univariate differences to classification accuracy as a
metric of predictive potential in a personalized psychiatry
framework, they peak at about 59% and do not exceed 55%
for most modalities. As this does not include an independent
replication as required in predictive analyses, the prognos-
tic and clinical value of these small effects are overly opti-
mistic and - again – provide an upper bound of predictive
utility. Importantly, secondary analyses on more clinically
and methodologically homogeneous subgroups of acutely or
chronically depressed, female or male individuals or individ-
uals from only one scanning site did not change this pattern
of results. In contrast to previous reports, our study leaves
little room to attribute the lack of substantial differences be-
tween HC and MDD to small sample size or heterogeneity in
study protocols and assessments.
If the informational as well as the predictive value of cross-
sectional, univariate group differences - as we show in this
study - is negligible, we must first explain why we see such a
similarity between neurobiological measurements of depres-
sive and healthy subjects despite a substantial behavioral dif-
ference. Secondly, we need to derive ways of advancing the
development of a theory of depression, changing the clinical
practice and improving the well-being of patients.

How to explain the discrepancy between epidemiolog-
ical reality of patients and a lack of neurobiological
deviation?. Contrasting our empirical findings with the epi-
demiological reality of patients’ substantial suffering, we will
tackle the question of how to explain the lack of neurobiolog-
ical deviation from a methodological and phenotypical view.
In principle, it is possible that clinical neuroscience might
simply be measuring properties of the brain which are irrel-
evant to MDD. Given the consistently small effects across
all investigated modalities including brain structure, function
and genetics, our results would suggest to direct research
efforts towards brain measurements that are temporally and
spatially more finely grained and could thus provide more
clinically relevant information. More sophisticated neu-
roimaging techniques such as graph-theory-based connec-
tome analyses, improved fMRI data acquisition, or high-field
structural imaging might enhance the potential of neuroimag-
ing data for providing univariate disease biomarkers.(38) Re-
garding fMRI, increasing evidence points to low reliabil-
ity values particularly of task-based fMRI, and efforts have
been suggested to address these issues.(44) While struc-
tural MRI does not encounter such reliability issues, stan-

dard volumetric analysis pipelines such as Freesurfer might
not capture variance with direct relevance for disease-related
mechanisms.(7, 10) Due to their high level of standardiza-
tion, these structural data pipelines have, however, dominated
large consortia such as ENIGMA lately.(44) While more at-
tainable, EEG and MEG, e.g., studies must build platforms
and consortia to obtain similar sample-sizes as current large-
scale structural MRI studies.
Even if current neuroimaging data does contain clinically rel-
evant information, standard univariate analysis approaches
might not be able to adequately model the complexity of
the depressive phenotype and underlying biological causal-
ities. To reach a higher level of personalization in psychi-
atry, multivariate methods with their clear focus on predic-
tive and clinical utility but also their ability to model com-
plex relationships should become an even stronger part of
the neuroimaging tool kit. Another advantage of these meth-
ods lies in their ability to integrate multiple data modalities,
which could also increase the amount of relevant information
within our models of depression. Complementary to the pos-
sibility of inadequate neurobiological measurements is the
possibility that we might be considering ill-defined pheno-
types. This notion is supported by the fact that the classifi-
cation of disorders in psychiatry – be it in DSM or ICD –
is geared towards reliability of diagnoses, and not neurobi-
ological consistency.(45) While numerous attempts such as
the Research domain criteria (RDoC) have been suggested
to assess phenotype characteristics in a manner as to make
them more accessible to neuroscientific investigation, none
have yielded substantial progress so far.(46) The discussions
around biomarkers preceding the publication of the DSM 5
strongly highlight this point.(47) Along the same lines, many
have argued that depression is not a consistent syndrome
with a fixed set of symptoms identical for all patients. In
an investigation of patient’s symptoms in the STAR*D study,
Fried and Nesse identified over 1000 unique symptoms in
about 3,700 depressed patients, irrespective of depression
severity.(48) With these symptoms potentially differing from
each other with respect to their underlying biology, severity,
or impact on functioning, the common notion of aggregating
across these diverse symptom profiles and focusing on MDD
as homogeneous phenomenon has likely hampered the devel-
opment of clinically useful biomarkers of depression.(49) In
short, trying to associate a single biological variable with a
complex disease category such as MDD, one can only find
the variance that is shared across MDD patients. As only
about 2% of the patients in the STAR*D study belong to
the most common symptom profile, this shared variance and
subsequently the explained variance in a statistical model is
likely to be small, which corresponds to and might explain
the small effects we find.(48) Still, depressive core symp-
toms shared across patients clearly point to the existence of
at least some common dysfunctions that also need to have
a neurobiological basis we should be able to find. Thus,
investigating the neurobiological basis of individual symp-
toms or dysfunctions is a promising research direction that
receives increased attention.(49, 50) Within this reasoning,
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the Network Theory of Psychopathology (NTP) has recently
been proposed and posits that mental disorders can be un-
derstood as systems of interdependent symptoms – so-called
symptom-networks.(51) From NTP, it follows that we should
not aim to differentiate patients and controls per se, but focus
on monitoring the neurobiological changes associated with
1) the risk to develop pathological symptom network dynam-
ics and 2) symptom dynamics over longer periods of time.
While promising, NTP has not been formalized and the pre-
dictive power of the approach remains in question.(51, 52) To
this end, especially outcome-based, longitudinal research de-
signs are key to advancing our understanding of causal mech-
anisms with direct impact on the clinical practice.(53, 54)
More ecologically valid and easy to administer symptom
measurements, e.g., via smartphone applications might aid
this endeavor.(55)
From these considerations, we derive three recommendations
for future research: First, we urge all researchers to clearly
communicate the relevance of their finding by reporting ef-
fect sizes, predictive utility and distributional overlap in ad-
dition to p-values. This will not only enable a more complete
assessment of the impact of the results but raise awareness
that even highly significant effects can arise in the presence of
large distributional overlap and with minimal predictive util-
ity – especially in large-scale studies. Thus, it will help other
researchers to judge claims regarding depressive biomarker
potential and possible clinical impact of the findings.(56)
If biomarker potential cannot be demonstrated, researchers
should precisely state in what way a significant effect ad-
vances the development of a quantitative neurobiological the-
ory of depression. This way, even seemingly small effects
might be able to explain a specific mechanism or causal rela-
tionship within a theoretical framework. Yet, given the lack
of quantitative theory in psychiatry and clinical neuroscience,
both cases have been deplorably rare in our field.(57, 58)
Second, the community should prioritize more comprehen-
sive phenotyping. This includes deep phenotyping of exist-
ing cohorts, the systematic assessment of novel digital phe-
notypes, as well as longitudinal assessments of symptom dy-
namics and life events. Ecological validity and minimal in-
terference with patients are two key challenges in this regard.
Specifically, large consortia should not only collect larger
case-control samples but rather focus on harmonized, clini-
cally relevant outcome variables that allow the testing of in-
formative hypotheses.
Third, while we have focused exclusively on univariate mea-
sures in this study, advanced statistical models should be used
to address the major issue of poor predictive performance.
Within this methodological direction, machine learning ap-
proaches are increasingly used to investigate multivariate pat-
terns of deviations and map high-dimensional biological in-
formation to complex phenotypes.(59, 60) They allow for a
seamless integration of multiple modalities – such that over-
lap of distributions is reduced. Although these methods can
also be useful in the context of advancing or falsifying the-
ories, this clear shift from explanation to prediction is more
likely to have a direct impact on clinical practice in the short

term.(61, 62)

Conclusion. In this study, we show that even in a large,
fully harmonized study, healthy and depressive participants
are remarkably similar on the group level and virtually in-
distinguishable on the single-subject level across a compre-
hensive set of neuroimaging modalities. Distributional over-
lap between healthy controls and patients is dominant, ques-
tioning the added informational value these univariate dif-
ferences provide with regard to theoretical advances or pre-
dictive utility. Likewise, increasing phenotypical, biological
and methodological homogeneity by running separate anal-
yses for depressive subgroups, individual research sites or
gender did not change the overall result. We thus conclude
that the small effects of case-control neuroimaging studies
of depression published recently are most likely not due to
small sample size or heterogeneous study protocols but can
be attributed to the striking univariate neurobiological simi-
larity of controls and depressive patients in all neuroimaging
modalities commonly used today. Conceptually, we conclude
that the phenomenological, descriptive case-control studies
which have dominated the last two decades in psychiatric
neuroimaging and genetics failed to identify substantial, clin-
ically relevant biological differences between MDD patients
and healthy controls. Thus, we urge researchers and fund-
ing agencies to go beyond univariate analyses and foster 1)
the development of quantitative, theory-driven research as
done, e.g., in computational psychiatry, 2) predictive mul-
tivariate methods with a clear focus on maximum predictive
power and replicability, 3) research into novel measurement
approaches, and 4) in-depth phenotyping including longitu-
dinal assessment and digital phenotyping. Future studies will
have to investigate whether this can improve clinical utility
and theoretical relevance of neurobiological data in mental
health.
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Supplementary Methods 

Supplementary Methods 1. PubMed search terms 

 To get a rough estimate of the number of studies specifically investigating case-

control differences between healthy and depressive subjects in neuroimaging 

modalities, we conducted a PubMed (https://pubmed.ncbi.nlm.nih.gov/advanced/) 

search on the 28th of September 2021 using the following search term which includes 

depression, a healthy control group and neuroimaging as key search components, 

resulting in a total of 1,585 publications: 

(((major depressive disorder[Title]) OR (depression[Title]) OR (major depression[Title])) 

AND ((neuroimaging[Title/Abstract]) OR (magnetic resonance imaging[Title/Abstract]) 

OR (MRI[Title/Abstract])) AND ((healthy[Title/Abstract]) OR (control 

group[Title/Abstract]) OR (case control[Title/Abstract]))) 

   

Supplementary Methods 2. Remission status 

MDD diagnosis was based on the criteria defined in DSM-IV which requires the 

presence of five of nine cardinal symptoms for two weeks or longer within the last 4 

weeks, are present for most of the day nearly every day and need to cause significant 

distress or impairment. To fulfill the diagnostic criteria, a depressed mood or markedly 

diminished interest or pleasure have to be present (at least one or both). Other 

symptoms are clinically significant weight gain/loss or appetite disturbance, insomnia 

or hypersomnia, psychomotor agitation or retardation, fatigue or loss of energy, feelings 

of worthlessness or excessive guilt, diminished ability to concentrate or think clearly, 

and recurrent thoughts of death or suicide. 

Partial remission was defined either by (1) a presence of some major depressive 

symptoms but full criteria are no longer met or (2) no major depressive symptoms but 

the period of remission has been less than two months. Complete remission was 

defined as the disappearance of the diagnostic criteria of depression for at least two 

consecutive months. 

 

Supplementary Methods 3. Polygenic Risk Scores 

Genotyping was conducted using the PsychArray BeadChip, followed by quality 

control and imputation, as described previously.1,2  QC and population substructure 



analyses were performed using PLINK v1.90.3 The data were imputed to the 1000 

Genomes phase 3 reference panel using SHAPEIT and IMPUTE2.4,5 When calculating 

polygenic risk scores (PRS), SNP weights were estimated using the PRS-CS method with 

default parameters.6,7 This method employs Bayesian regression to infer PRS weights 

while modeling the local linkage disequilibrium patterns of all SNPs using the EUR 

super-population of the 1000 Genomes reference panel. Using these weights, the PRS 

were calculated in PLINK v1.90 on imputed dosage data. 

A Polygenic Risk Score (PRS) for Major Depression (MDD) was used in the 

genetic analyses.8 The global shrinkage parameter φ was automatically determined 

(PRS-CS-auto; φ=1.30×10-4). For the calculation of ancestry components, the pairwise 

identity-by-state matrix of all individuals was calculated on strictly quality-controlled 

pre-imputation genotype data. Multidimensional scaling (MDS) analysis was performed 

on this matrix using the eigendecomposition-based algorithm in PLINK v1.90. Prior to 

the calculation of MDS components, related subjects were identified and excluded 

from the sample, keeping only one of the siblings in the sample. This procedure was 

repeated whenever the analyzed sample changed, e.g., when comparing only acutely 

depressed patients with healthy subjects.  

 

Supplementary Methods 4. Functional MRI image acquisition 

For the two functional MRI paradigms (face matching, resting-state), a T2*-

weighted echo-planar imaging (EPI) sequence sensitive to blood oxygen level-

dependent (BOLD) contrast was used with the following parameters: TE = 30 ms 

(Marburg), TE = 29ms (Münster), TR = 2,000 ms, FoV = 210 mm, matrix = 64 × 64, 

slice thickness = 3.8 mm, distance factor = 10%, phase encoding direction anterior >> 

posterior, flip angle = 90°, no parallel imaging, bandwidth 2,232 Hz/Px, ascending 

acquisition, axial acquisition, 33 slices, slice alignment parallel to AC-PC line tilted 20° 

in the dorsal direction. 

For resting-state fMRI, two-hundred-thirty-seven interleaved and ascending 

measurements (8 minutes) tilted with -20° against the anterior and posterior 

commission alignment (AC-PC alignment) were acquired (Base resolution: 64, 

Bandwith: 2232 Hz/Px, Echo spacing: 0.51ms EPI factor: 64, BOLD threshold: 4, TR: 



2s). Participants were asked to keep their eyes closed until the end of the resting state 

session. 

 

Supplementary Methods 5. DTI image acquisition and preprocessing 
 

Preprocessing 

First, FSL’s eddy was used to realign the Diffusion-weighted images (DWI) and correct 

those for eddy currents and susceptibility distortions.9–12  Second, the CATO toolbox 

was used to reconstruct the anatomical connectome of the diffusion tensor imaging 

data (DTI) which models the measured signal of a single voxel by a tensor describing 

the preferred diffusion direction per voxel. It makes use of the RESTORE algorithm 

which estimates the diffusion tensor while simultaneously identifying and removing 

outliers, thereby reducing the impact of physiological noise artifacts.10,11  Third, the 

resulting diffusion profiles were used to reconstruct white matter paths using 

deterministic tractography. To this end, eight seeds were started per voxel, and for each 

seed, a tractography streamline was constructed by following the main diffusion 

direction from voxel to voxel. Stop criteria included reaching a voxel with a fractional 

anisotropy < 0.1, making a sharp turn of >45°, reaching a gray matter voxel, or exiting 

the brain mask [16].  Given the poorer DWI signal-to-noise ratio in subcortical regions 

and the dominant effect of subcortical regions on network properties, we decided to 

use a subdivision of FreeSurfer’s Desikan Killiany Atlas containing only cortical regions, 

as we have done in previous work.13–16  

 

Quality control 

Four metrics were included in the detection of outliers: the average number of 

streamlines, the average fractional anisotropy, the average prevalence of each subject’s 

connections (low value if the subject has “odd” connections), and the average 

prevalence of each subjects connected brain regions (high value, if the subject misses 

commonly found connections). Then, quartiles (Q1, Q2, Q3) and the interquartile 

range (IQR=Q3-Q1) was computed for every metric across the group. A datapoint was 

declared an outlier if its value was below Q1-1.5*IQR or above Q3+1.5*IQR on any of 

the four metrics.  

 



 

Supplementary Methods 6. Freesurfer measures 

L_bankssts_thickavg 
L_caudalanteriorcingulate_thickavg 
L_caudalmiddlefrontal_thickavg 
L_cuneus_thickavg 
L_entorhinal_thickavg 
L_fusiform_thickavg 
L_inferiorparietal_thickavg 
L_inferiortemporal_thickavg 
L_isthmuscingulate_thickavg 
L_lateraloccipital_thickavg 
L_lateralorbitofrontal_thickavg 
L_lingual_thickavg 
L_medialorbitofrontal_thickavg 
L_middletemporal_thickavg 
L_parahippocampal_thickavg 
L_paracentral_thickavg 
L_parsopercularis_thickavg 
L_parsorbitalis_thickavg 
L_parstriangularis_thickavg 
L_pericalcarine_thickavg 
L_postcentral_thickavg 
L_posteriorcingulate_thickavg 
L_precentral_thickavg 
L_precuneus_thickavg 
L_rostralanteriorcingulate_thickavg 
L_rostralmiddlefrontal_thickavg 
L_superiorfrontal_thickavg 
L_superiorparietal_thickavg 
L_superiortemporal_thickavg 
L_supramarginal_thickavg 
L_frontalpole_thickavg 
L_temporalpole_thickavg 
L_transversetemporal_thickavg 
L_insula_thickavg 
R_bankssts_thickavg 
R_caudalanteriorcingulate_thickavg 
R_caudalmiddlefrontal_thickavg 
R_cuneus_thickavg 
R_entorhinal_thickavg 
R_fusiform_thickavg 
R_inferiorparietal_thickavg 
R_inferiortemporal_thickavg 
R_isthmuscingulate_thickavg 
R_lateraloccipital_thickavg 
R_lateralorbitofrontal_thickavg 



R_lingual_thickavg 
R_medialorbitofrontal_thickavg 
R_middletemporal_thickavg 
R_parahippocampal_thickavg 
R_paracentral_thickavg 
R_parsopercularis_thickavg 
R_parsorbitalis_thickavg 
R_parstriangularis_thickavg 
R_pericalcarine_thickavg 
R_postcentral_thickavg 
R_posteriorcingulate_thickavg 
R_precentral_thickavg 
R_precuneus_thickavg 
R_rostralanteriorcingulate_thickavg 
R_rostralmiddlefrontal_thickavg 
R_superiorfrontal_thickavg 
R_superiorparietal_thickavg 
R_superiortemporal_thickavg 
R_supramarginal_thickavg 
R_frontalpole_thickavg 
R_temporalpole_thickavg 
R_transversetemporal_thickavg 
R_insula_thickavg 
LThickness 
RThickness 
LSurfArea 
RSurfArea 
L_bankssts_surfavg 
L_caudalanteriorcingulate_surfavg 
L_caudalmiddlefrontal_surfavg 
L_cuneus_surfavg 
L_entorhinal_surfavg 
L_fusiform_surfavg 
L_inferiorparietal_surfavg 
L_inferiortemporal_surfavg 
L_isthmuscingulate_surfavg 
L_lateraloccipital_surfavg 
L_lateralorbitofrontal_surfavg 
L_lingual_surfavg 
L_medialorbitofrontal_surfavg 
L_middletemporal_surfavg 
L_parahippocampal_surfavg 
L_paracentral_surfavg 
L_parsopercularis_surfavg 
L_parsorbitalis_surfavg 
L_parstriangularis_surfavg 
L_pericalcarine_surfavg 
L_postcentral_surfavg 
L_posteriorcingulate_surfavg 



L_precentral_surfavg 
L_precuneus_surfavg 
L_rostralanteriorcingulate_surfavg 
L_rostralmiddlefrontal_surfavg 
L_superiorfrontal_surfavg 
L_superiorparietal_surfavg 
L_superiortemporal_surfavg 
L_supramarginal_surfavg 
L_frontalpole_surfavg 
L_temporalpole_surfavg 
L_transversetemporal_surfavg 
L_insula_surfavg 
R_bankssts_surfavg 
R_caudalanteriorcingulate_surfavg 
R_caudalmiddlefrontal_surfavg 
R_cuneus_surfavg 
R_entorhinal_surfavg 
R_fusiform_surfavg 
R_inferiorparietal_surfavg 
R_inferiortemporal_surfavg 
R_isthmuscingulate_surfavg 
R_lateraloccipital_surfavg 
R_lateralorbitofrontal_surfavg 
R_lingual_surfavg 
R_medialorbitofrontal_surfavg 
R_middletemporal_surfavg 
R_parahippocampal_surfavg 
R_paracentral_surfavg 
R_parsopercularis_surfavg 
R_parsorbitalis_surfavg 
R_parstriangularis_surfavg 
R_pericalcarine_surfavg 
R_postcentral_surfavg 
R_posteriorcingulate_surfavg 
R_precentral_surfavg 
R_precuneus_surfavg 
R_rostralanteriorcingulate_surfavg 
R_rostralmiddlefrontal_surfavg 
R_superiorfrontal_surfavg 
R_superiorparietal_surfavg 
R_superiortemporal_surfavg 
R_supramarginal_surfavg 
R_frontalpole_surfavg 
R_temporalpole_surfavg 
R_transversetemporal_surfavg 
R_insula_surfavg 
ICV 
LLatVent 
RLatVent 
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CortexVol 
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Supplementary Results 
 
Supplementary Table S1. Results for males and females 

 
 



Supplementary Table S2. Results for Marburg and Münster 

 
 



 
Supplementary Figure S1. Predictive utility – Freesurfer- healthy versus depressive 
subjects 

 

Figure S 1. Distributional overlap, effect size and classification performance for Freesurfer data. (a) shows a histogram 
with Gaussian Kernel Density estimation as solid line and boxplot of the confound-corrected values of the Freesurfer 
region displaying the largest effect. (b) partial h2 ANOVA effect size. Light blue indicates upper bound of 
bootstrapped 95% confidence interval. (c) shows Receiver-Operating-Characteristic (ROC) Curve for Logistic 
Regression classification. (d) shows distributional overlap, balanced accuracy (BACC) as well as sensitivity and 
specificity of the Logistic Regression classification.    

Supplementary Figure S2. Predictive utility – task fMRI - healthy versus depressive 
subjects 

 

Figure S 2. Distributional overlap, effect size and classification performance for task-based fMRI data. (a) shows a 
histogram with Gaussian Kernel Density estimation as solid line and boxplot of the confound-corrected values of the 
voxel displaying the largest effect. (b) partial h2 ANOVA effect size. Light blue indicates upper bound of 
bootstrapped 95% confidence interval. (c) shows Receiver-Operating-Characteristic (ROC) Curve for Logistic 
Regression classification. (d) shows distributional overlap, balanced accuracy (BACC) as well as sensitivity and 
specificity of the Logistic Regression classification.    



Supplementary Figure S3. Predictive utility – DTI FA - healthy versus depressive 
subjects 

 

Figure S 3. Distributional overlap, effect size and classification performance for DTI FA. (a) shows a histogram with 
Gaussian Kernel Density estimation as solid line and boxplot of the confound-corrected values of the connection 
displaying the largest effect. (b) partial h2 ANOVA effect size. Light blue indicates upper bound of bootstrapped 95% 
confidence interval. (c) shows Receiver-Operating-Characteristic (ROC) Curve for Logistic Regression classification. 
(d) shows distributional overlap, balanced accuracy (BACC) as well as sensitivity and specificity of the Logistic 
Regression classification.    

 

Supplementary Figure S4. Predictive utility – DTI MD - healthy versus depressive 

subjects  

Figure S 4. Distributional overlap, effect size and classification performance for DTI MD. (a) shows a histogram with 
Gaussian Kernel Density estimation as solid line and boxplot of the confound-corrected values of the connection 
displaying the largest effect. (b) partial h2 ANOVA effect size. Light blue indicates upper bound of bootstrapped 95% 
confidence interval. (c) shows Receiver-Operating-Characteristic (ROC) Curve for Logistic Regression classification. 



(d) shows distributional overlap, balanced accuracy (BACC) as well as sensitivity and specificity of the Logistic 
Regression classification.    

Supplementary Figure S5. Predictive utility – DTI graph - healthy versus depressive 
subjects 

 

Figure S 5. Distributional overlap, effect size and classification performance for DTI graph metrics. (a) shows a 
histogram with Gaussian Kernel Density estimation as solid line and boxplot of the confound-corrected values of the 
network graph parameter displaying the largest effect. (b) partial h2 ANOVA effect size. Light blue indicates upper 
bound of bootstrapped 95% confidence interval. (c) shows Receiver-Operating-Characteristic (ROC) Curve for 
Logistic Regression classification. (d) shows distributional overlap, balanced accuracy (BACC) as well as sensitivity 
and specificity of the Logistic Regression classification.    

 



Supplementary Figure S6. Predictive utility – RS connectivity - healthy versus 
depressive subjects 

 

Figure S 6. Distributional overlap, effect size and classification performance for resting state (RS) fMRI connectivity 
data. (a) shows a histogram with Gaussian Kernel Density estimation as solid line and boxplot of the confound-
corrected values of the connection displaying the largest effect. (b) partial h2 ANOVA effect size. Light blue indicates 
upper bound of bootstrapped 95% confidence interval. (c) shows Receiver-Operating-Characteristic (ROC) Curve 
for Logistic Regression classification. (d) shows distributional overlap, balanced accuracy (BACC) as well as 
sensitivity and specificity of the Logistic Regression classification.    

 

Supplementary Figure S7. Predictive utility – RS graph - healthy versus depressive 
subjects 

 

Figure S 7. Distributional overlap, effect size and classification performance for resting state (RS) fMRI network graph 
metrics. (a) shows a histogram with Gaussian Kernel Density estimation as solid line and boxplot of the confound-
corrected values of the network graph parameter displaying the largest effect. (b) partial h2 ANOVA effect size. Light 
blue indicates upper bound of bootstrapped 95% confidence interval. (c) shows Receiver-Operating-Characteristic 



(ROC) Curve for Logistic Regression classification. (d) shows distributional overlap, balanced accuracy (BACC) as 
well as sensitivity and specificity of the Logistic Regression classification.    

Supplementary Figure S8. Effect size and classification accuracy - healthy versus 
acutely depressed subjects 

 

Figure S 8. Partial η2 effect size of variables with highest F-value for all modalities. Error bars indicate upper bound for 
bootstrapped confidence intervals for partial η2. Balanced classification accuracy for all modalities based on Logistic 
Regression of variables with lowest p-value. Kernel density estimation plots of deconfounded values including 
distributional overlap for healthy and depressive participants are plotted on the right side of the figure. HC = healthy 
controls, MDD = Major Depressive Disorder, DTI = Diffusion Tensor Imaging, FA = Fractional Anisotropy, MD = 
Mean Diffusivity, RS = Resting State functional MRI.   

Supplementary Figure S9. Effect size and classification accuracy - healthy versus 
chronically depressed subjects 

 

Figure S 9. Partial η2 effect size of variables with highest F-value for all modalities. Error bars indicate upper bound for 
bootstrapped confidence intervals for partial η2. Balanced classification accuracy for all modalities based on Logistic 
Regression of variables with lowest p-value. Kernel density estimation plots of deconfounded values including 
distributional overlap for healthy and depressive participants are plotted on the right side of the figure. HC = healthy 
controls, MDD = Major Depressive Disorder, DTI = Diffusion Tensor Imaging, FA = Fractional Anisotropy, MD = 
Mean Diffusivity, RS = Resting State functional MRI.   
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