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Abstract

Major depressive disorder (MDD) is a complex psychiatric disorder that affects the lives of
hundreds of millions of individuals around the globe. Even today, researchers debate if
morphological alterations in the brain are linked to MDD, likely due to the heterogeneity of this
disorder. The application of deep learning tools to neuroimaging data, capable of capturing
complex non-linear patterns, has the potential to provide diagnostic and predictive biomarkers
for MDD. However, previous attempts to demarcate MDD patients and healthy controls (HC)
based on segmented cortical features via linear machine learning approaches have reported low
accuracies. In this study, we used globally representative data from the ENIGMA-MDD
working group containing 7,012 participants from 30 sites (N=2,772 MDD and N=4,240 HC),
which allows a comprehensive analysis with generalizable results. Based on the hypothesis that
integration of vertex-wise cortical features can improve classification performance, we
evaluated the classification of a DenseNet and a Support Vector Machine (SVM), with the
expectation that the former would outperform the latter. As we analyzed a multi-site sample,
we additionally applied the ComBat harmonization tool to remove potential nuisance effects of
site. We found that both classifiers exhibited close to chance performance (balanced accuracy
DenseNet: 51%; SVM: 53%), when estimated on unseen sites. Slightly higher classification
performance (balanced accuracy DenseNet: 58%; SVM: 55%) was found when the cross-
validation folds contained subjects from all sites, indicating site effect. In conclusion, the
integration of vertex-wise morphometric features and the use of the non-linear classifier did not
lead to the differentiability between MDD and HC. Our results support the notion that MDD
classification on this combination of features and classifiers is unfeasible. Future studies are
needed to determine whether more sophisticated integration of information from other MRI

modalities such as fMRI and DWI will lead to a higher performance in this diagnostic task.



Introduction

Major depressive disorder (MDD) is a clinically heterogeneous psychiatric disorder manifested
by low mood, anhedonia, impaired cognition, sleep disturbances, loss of energy, suicidal
thoughts and appetite loss or gain. MDD dramatically impacts the daily functioning of patients
and is currently the leading cause of disability worldwide (Friedrich, 2017). Therefore, early
diagnosis and optimal allocation of the proper treatment are critical. Unfortunately, the current
treatment strategies present a response rate and remission as low as of 36.8% after a first
treatment (Machado et al., 2006; Mendlewicz, 2008; Rush et al., 2006). Thus, as proposed in
the realms of systems medicine, we expect that by identifying brain patterns that classify
patients at the individual level, we may open new biomarker-based avenues for the development

of more personalized and effective treatments.

Neuroimaging techniques, such as magnetic resonance imaging (MRI), enable a non-invasive
macro-scale view of human brain structure at the millimeter level of resolution. Initial
neuroimaging studies used univariate approaches to reveal structural brain differences in MDD
compared to healthy controls (HC) (Coffey et al., 1993; Sheline et al., 2003; Zhang et al., 2012),
identifying reduced hippocampal and frontal lobe volume. However, these studies had limited
sample sizes and the more recent large sample studies have reported small effect sizes (Ho et
al., 2022; Schmaal et al., 2017, 2016; Winter et al., 2021), highlighting the absence of a single
neuro-anatomical biomarker associated with MDD. The search for more complex biomarkers,
which may include the interaction between different neuro-anatomical features, can be
conducted via machine learning (ML) algorithms - especially deep learning (DL) algorithms -
applied to the MDD vs HC classification task.

Like univariate approaches, ML and DL studies reported varying classification accuracies from
53% to 91% (Gao et al., 2018; Kambeitz et al., 2017). The high variability of classification
performances and the lack of consistent biomarkers can partly be explained by the small sample
sizes, as it was demonstrated by Flint and colleagues (Flint et al., 2021). Supplementing this, a
study based on cortical and subcortical morphological features, reported high accuracy of 75%
in the small sample, which was not replicated in an independent large UK Biobank dataset,

achieving only 54% (Stolicyn et al., 2020).

Another factor that may inflate classification accuracies are related to study-site effects. The

site-effect corresponds to site-specific characteristics other than diagnosis — such as scanner
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type, acquisition protocol, demographic differences, and inclusion and exclusion criteria —
which may bias classification accuracies. A study demonstrated how site effect may contribute
to both inflated and deflated classification accuracies (Solanes et al., 2021). Hence, numerous
ways to tackle site-effect and improve model generalizability exist, from linear and non-linear
ComBat harmonization tools (Pomponio et al., 2020; Radua et al., 2020) to embedding site
confounders directly to the model (Ma et al., 2018). However, to overcome the difficult point
of the heterogeneity of MDD and the lack of replicability and generalization of the models, the
investigation of very large samples of participants with global representation is fundamental.

Using a large-scale dataset from the ENIGMA-MDD consortium, we compared the
classification performance of commonly used ML models to predict diagnosis based on cortical
and subcortical parcellations of morphological features (surface areas, thicknesses, volumes)
(Belov et al., 2022). Overall, results showed a trend that may highlight the contribution of site-
effects to classification performance. Specifically, there was a clear difference in classification
performance dependent on the cross-validation splitting techniques used in training. Site-
splitting generally performed at close to chance level for all classifiers, while mixing sites
across splits achieved up to 62% balanced accuracy with an SVM. Of note, data harmonization
using ComBat removed the site effect and resulted in a balanced accuracy of 52% with SVM.
Based on these findings, we concluded that most commonly used ML classification algorithms
could not successfully discriminate MDD from HC individuals based on morphological features
organized in pre-defined Desikan-Killiany atlas parcellations. However, it remains unclear
whether more fine-grained information of morphometric features, displayed in a vertex-wise
organization, could outperform the classification based on parcellation atlas-distributed

information.

There are some directions in improving classification based on morphological information.
First, previous ML studies considered surface area, thickness, and volume characteristics only,
while the information on the cortical shape , such as gyral and sulcal shape patterns, was not
integrated into analyses. Cortical gyrification modalities are affected by genetic and non-genetic
factors (Kremen et al., 2010; White et al., 2002), alterations of which were associated with
MDD (Depping et al., 2018; Zhang et al., 2009). Multimodal morphological feature analysis,
including myelination, gray matter, and curvature, revealed a correlation between cortical
differences and MDD-associated genes (Li et al., 2021). Therefore, the addition of shape
modalities, such as cortical curvature and sulcal depth, to cortical thickness could enhance the

classification performance, as demonstrated for sex and autism classification (Gao et al., 2021).



Another direction to improve low classification performance is to deploy more advanced
classification algorithms. DL methods have gained popularity in the neuroimaging field as a
promising tool for cortical surface reconstruction (Cruz et al., 2021), image preprocessing
(Henschel et al., 2020), and cortical parcellation (Williams et al., 2021). Furthermore, DL is
widely evaluated as a predictive tool in psychiatry, showing higher or at least the same
classification performance compared to linear models (Gao et al., 2021; Pinaya et al., 2018; Qin
et al., 2022; Schulz et al., 2020; Wen et al., 2020; Yan et al., 2019). The analysis of cortical
morphometric features can be conducted via convolutional neural network (CNN) (Lecun et al.,
1998), designed to reveal complex patterns in 2D images. In order to apply such 2D CNN in
the classification, it requires 3D cortical features to be initially projected into 2D image space.
Nevertheless, this step may inevitably create distortion in spatial properties such as shape, area,
distance, and direction. Several approaches were implemented before, such as
latitude/longitude projection (Seong et al., 2018) and optimal mass transport (OMT) projection
(Gaoetal., 2021; Su et al., 2015), which preserves area. However, the impact of these projection

methods on classification performance were never directly compared in the neuroimaging field.

The main goal of this study was to distinguish MDD from HC individuals based on integrated
cortical morphological features, including sulcal depth, curvature, and thickness. These features
were analyzed via SVM with linear kernel and CNN architecture of pre-trained DenseNet
(Huang et al., 2017), which demonstrated its superiority over simpler models in autism vs HC
classification task (Gao et al., 2021). SVM was chosen as it is a robust shallow ML model,
frequently used in neuroimaging settings (Lu et al., 2016; Sacchet et al., 2015; Wottschel et al.,
2019). We compared classification performance of these methods to understand the role of
complex non-linear patterns in MDD manifestation. We used balanced accuracy, sensitivity,
specificity and AUC as the classification performance metrics. Higher classification
performance of the DenseNet model presume the presence of spatially complex patterns in brain
morphology, which are relevant for classification. Furthermore, we aimed to estimate the
relevance of integrating cortical thickness and shape characteristics (sulcal depth, curvature and
thickness) into the analysis by training the models with all features combined and by
considering them separately. Similar to our previous study (Belov et al., 2022), different cross-
validation (CV) approaches were evaluated: Splitting the data by balancing age and sex
distribution across all CV folds (Splitting by Age/Sex), and performing leave-sites-out CV in
order to estimate the performance on the unseen during the training sites (Splitting by Site).

This approach allowed us to estimate whether the model’s performance is influenced by



demographic or site-related factors. The difference between results in both splitting strategies
presumes the presence of the site effect we addressed by harmonizing the data in both splitting
strategies via ComBat. In summary, we hypothesized that: (1) Integration of cortical thickness
and shape characteristics would contribute positively to the classification performance, and (2)
DenseNet could differentiate MDD from HC based on the provided features. Additionally, we
compared two projection methods, latitude/longitude and OMT projections by performing
auxiliary single-site sex classification based on three of the largest cohorts to explore whether
classification performance may vary according to 2D projection method. We had no a priori

hypothesis for the projection results.

Material and methods

Study participants and study design

We analyzed a large-scale multi-site sample provided by ENIGMA-MDD working group,
comprising 2,772 MDD and 4,240 HC individuals, from 30 cohorts worldwide. Details on
inclusion/exclusion criteria and sample characteristics can be found in Supplementary Table
1. Subjects with missing information on demographic data or any of cortical surface mesh files
(I(r).sulc, I(r).curv, I(r).thickness) were excluded from the analysis (476 and 6 % excluded). The
study was approved by the Ethics Committee of the University Medical Center (UMG),
Germany. In accordance with the Declaration of Helsinki, all participating cohorts confirmed
approval from their corresponding institutional review boards and local ethics committees as
well as collected written consent of all participants. In case of participants under 18 years old,

the written consent was also given by a parent and/or legal guardian.
Image processing and analysis

Each site acquired structural T1-weighted MRI scans of participants and preprocessed them
according to ENIGMA Consortium protocol (http://enigma.ini.usc.edu/protocols/imaging-

protocols/). This pipeline includes the segmentation of T1-weighted MRI volumes, tessellation,
topology correction, and spherical inflation of the white matter surface. Detailed information
on the acquisition protocols and scanner model in each cohort can be found in Supplementary
Table 2. Cortical meshes were generated during FreeSurfer preprocessing in every site.
Cerebral cortex meshes were then extracted from the FreeSurfer unsmoothed fsaverage6
template, effectively removing intracranial volume (ICV) differences (Supplementary Figure
1) and yielding 37,747 and 37,766 vertices for the left and right hemispheres, respectively. We
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analyzed vertex-wise features, such as sulcal depth, curvature, and thickness, both as integrated

features and separately (Figure 1).

Considering the absence of well-established pre-trained on cortical meshes CNN models, we
projected 3D cortical surfaces into 2D images and applied DenseNet, which was pre-trained on
natural images. There are few studies applying different projection methods such as
latitude/longitude project and area-preserving maps (e.g., Seong et al., 2018; Gao et al., 2021).
Of note, the latitude/longitude method, in which cortical mesh is first re-sampled to the sphere
and consequently mapped to the 2D grid, creates strong area distortions in the edges and near
the medial wall close to subcortical regions (Seong et al., 2018). Both methods may
(differentially) influence subsequent classification performances, but to the best of our
knowledge, no studies to date have directly compared this in one study using the same samples.
Thus, we applied both 2D projection methods to the cortical meshes, resulting in 224x224
pixels images for each hemisphere. The images were normalized to present mean of 0 and

standard deviation of 1.
Data Splitting

To assess potential biases in the model’s decision-making, we performed 10-fold cross-
validation (CV) by splitting the data according to 1) demographic covariates, in which age and
sex distribution were balanced and subjects from each site are equally distributed across all CV
folds (Splitting by Age/Sex), and 2) site affiliation, where each site was contained only in one
CV fold (Splitting by Site). In both strategies, 9 CV folds were used for training, while one
remaining CV fold was used as a test set. This procedure was repeated iteratively until every
CV fold was used as a test set. In the Splitting by Age/Sex strategy, effect of demographic
factors on the classification performance is reduced, as the model is trained and tested on the
same demographics. Nevertheless, the site-related differences may bias the decision-making of
the classification models (Belov et al., 2022), which is directly addressed in Splitting by Site.
This strategy demonstrates how well the model trained on one set of sites can be applied to the
data from unseen sites. As the number of sites exceeds the number of folds, we distributed the
sites across the folds to balance the number of subjects in every fold as close as possible by
iteratively distributing the largest sites across all 10 folds. Smallest folds were added
subsequently to further even the number of subjects in every fold. Overall, the difference in the

classification results between these two splitting strategies may indicate the existence of the site
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effect. More detailed description of both splitting strategies can be found elsewhere (Belov et
al., 2022).

MDD vs HC classification

After the data-splitting step, the primary analysis was carried out. Firstly, we residualized all
features normatively, removing linear age and sex dependencies. To avoid data leakage, age
and sex regressors were estimated on the healthy subjects from the training set (9 CV folds) and
then applied to the training and test set (1 CV fold) for patients and HC. Next, the classification
algorithms were trained on the training folds, and classification performance was estimated on
the test fold. As demonstrated by Dinga and colleagues, accuracy alone should be avoided as it
does not account for class frequencies (Dinga et al., 2019). Thus, the algorithms were evaluated
according to categorical measures, including balanced accuracy, sensitivity, specificity, and
rank-based measure — AUC, allowing for a broad overview of performance. For model-level
assessment (Kohoutova et al., 2020), we performed the classification using all features
combined and then using features separately to assess the final classification performance. We
evaluated the classification performance of a robust shallow model - SVM with linear kernel,
and deep learning model - DenseNet pre-trained on natural images from ImageNet dataset
(Deng et al., 2009), which has been demonstrated as a robust convolutional neural network for
image classification both for natural images as well as in neuroimaging (Gao et al., 2021; Huang
et al., 2017). When DenseNet is trained on a single data domain, left and right hemisphere
images are propagated through corresponding left and right DenseNets, the fully connected
layers of which are concatenated. The resulting feature vectors are fed to the output layer. For
the whole-brain all-features analysis, we combined the features extracted from every feature
and hemisphere, concatenate them and feed them to the output layer. For SVM, all considered
images were flattened and then concatenated into a single array. The concept and
implementation of analysis is presented in Figure 1. To mitigate site-related differences, which
may potentially bias the classification results, we additionally performed the analysis with
harmonizing all of the features via ComBat. Variance explained by age and sex was preserved
during this harmonization step. Next, we residualized features normatively, as described above,
and train/test the models. Application of ComBat differed for both splitting strategies. In short,
ComBat parameters estimated on the training set were applied to the test set directly, in the
splitting by Age/Sex. In splitting by Site, ComBat is applied twice. Firstly, we use ComBat to
harmonize the training sites. Secondly, we apply ComBat to adjust test sites to the harmonized
training sites, i.e. using the training sites as the reference batch (Zhang et al., 2018). A more
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detailed description of ComBat application can be found in our previous work (Belov et al.,
2022).

Aucxiliary analysis in projection methods

To explore and evaluate the potential impact of 2D projection methods on the classification
performance, we compared both methods in their ability to classify healthy males from healthy
females in 3 of the largest cohorts separately. The single-site classification was estimated via
10-fold CV on 411, 723, and 397 subjects, respectively. As usual, 9 CV folds were used for
training, while one remaining CV fold was used as a test set. This procedure was repeated
iteratively until every CV fold is used as a test set. In order to obtain an initial view of pre-
trained DenseNet, we evidenced the balanced accuracies of two models: a SVM with linear
kernel and a pre-trained DenseNet (Huang et al., 2017). Furthermore, we used sex classification
task to find the optimal hyperparameters for both SVM and DenseNet (Supplementary Table
3). Finally, to examine the possible advantage of using SVM and the pre-trained DenseNet in

the sex classification task, we compared the classification performance of both models.
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Feature level

Single feature Combining features

OMT projection

Harmonization level

Harmonization ste
Before ComBat After ComBat P

—~ =0
~

Residualization step

CNN

Data splitting ste

Figure 1: Proposed conceptualization levels and implementation of classification
procedure. Left: Higher classification performance in MDD vs HC classification task can be
achieved by implementing deep ML models, such as DenseNet, in comparison to a shallow ML
model, for example, SVM. Furthermore, the analysis of integrated morphometric features can
provide a more detailed description of cortical organization than separated features, leading to
better differentiability of MDD from HC. The application of ComBat may improve the
generalizability of results as site-related differences are removed. Right: Cortical sulcal depth,
curvature, and thickness are first projected into the 2D grid and then transformed into 2D images
using OMT projection. We split the data into 10 CV folds according to age and sex (Splitting
by Age/Sex) and according to the site belonging (Splitting by Site). After the residualization
step, where the age and sex effect are regressed out linearly, we train and test SVM and

DenseNet on the diagnosis classification.
Results

Participants and Data Splitting
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We detected substantial differences in age (78% of pairwise comparisons between cohorts were

significant, t-test, p<0.05) and sex (47%, t-test, p<0.05) across cohorts. The full demographic

profile is presented in Table 1. As expected, Splitting by Age/Sex resulted in more balanced

CV folds with respect to number of subjects, age and sex distributions, while folds created by

Splitting by Site were more uneven on these characteristics (Table 2).

Table 1: Participating sites. The total number of subjects, number of MDD patients and

number of HCs, as well as their mean age (in years) and sex (number and % of females) is

presented.

Cohort

AFFDIS

Barcelona-StPau

CARDIFF

CSAN

Calgary

DCHS

FIDMAG

FOR2107Marburg

FOR2107Munster

Houston

Hiroshima

Jena

MODECT

Melbourne

Minnesota

MOODS

Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD
Total
HC
MDD

Number of subjects

79
46
33
94
32
62
40
0
40
109
49
60
107
52
55
79
61
18
69
34
35
738
411
327
395
221
174
290
186
104
319
169
150
107
77
30
42
0
42
245
102
143
110
40
70
96
32
64

Age Mean (SD)

39.75 (14.67)
39.87 (14.29)
39.58 (15.18)
46.66 (7.81)
46.03 (8.00)
46.98 (7.68)
46.55 (11.74)
nan
46.55 (11.74)
34.70 (12.88)
33.20 (12.07)
35.92 (13.38)
17.03 (4.12)
15.81 (5.03)
18.19 (2.51)
30.91 (6.71)
31.49 (6.82)
28.94 (5.89)
47.22 (12.29)
45.94 (11.49)
48.46 (12.90)
36.30(13.39)
34.76(12.76)
38.24(13.91)
31.66(12.09)
28.39(10.29)
35.87(12.84)
28.72 (16.30)
26.76 (15.91)
32.23 (16.39)
41.93(12.36)
39.87(12.36)
44.24(11.94)
46.76 (15.00)
47.75 (15.93)
44.20 (11.92)
72.71 (9.25)
nan
72.71 (9.25)
19.42 (2.88)
19.58 (2.97)
13.31 (2.80)
15.47 (1.89)
15.68 (1.98)
15.36 (1.83)
34.54(12.48)
38.87(12.36)
44.25(11.95)

36(46)
22(48)
14(42)
72(77)
23(72)
49(79)
27(68)
nan
27(68)
74(68)
34(69)
40(67)
60(56)
29(56)
31(56)
79(100)
61(100)
18(100)
44(64)
22(65)
22(63)
465 (63)
257(63)
208(63)
249 (63)
140 (63)
109(63)
169(58)
105(56)
64(62)
175(55)
104(62)
71(47)
52(49)
36(47)
16(53)
28(67)
nan
28(67)
130(53)
54(53)
76(53)
79(72)
26(65)
53(76)
65(68)
104(62)
71(47)

Number of Females (%)

14



Moraldilemma Total 70 18.81 (1.94) 70(100)
HC 46 18.50 (1.75) 46(100)
MDD 24 19.42 (2.14) 24(100)
NESDA Total 219 38.11 (10.32) 145(66)
HC 65 40.29 (9.67) 42(65)
MDD 154 37.19 (10.45) 103(67)
QTiM Total 386 22.08 (3.25) 267(69)
HC 284 22.11 (3.30) 190(67)
MDD 102 22.01(3.11) 77(75)
UCSF Total 163 15.46 (1.31) 91(56)
HC 88 15.32(1.28) 42(48)
MDD 75 15.63 (1.33) 49(65)
SHIP_START_2 Total 579 55.01 (12.57) 294(51)
HC 443 55.44 (12.80) 198(45)
MDD 136 53.59 (11.68) 96(71)
SHIP_TREND_O Total 1229 50.15 (13.69) 607(49)
HC 919 50.50 (14.18) 405(44)
MDD 310 49.12 (12.04) 202 (65)
SanRaffaele Total 45 49.07 (13.51) 32(71)
HC 0 nan nan
MDD 45 49.07 (13.51) 32(71)
Sexpect Total 40 36(9.69) 11 (27)
HC 20 33.75(7.02) 3(15)
MDD 20 38.25(11.34) 8(40)
Singapore Total 38 39.50 (6.43) 18(47)
HC 16 38.69 (4.59) 8(50)
MDD 22 40.09 (7.43) 10(45)
Socat_dep Total 179 37.85 (13.34) 161(90)
HC 100 36.42 (13.57) 90 (90)
MDD 79 39.66 (12.81) 71 (90)
StanfFAA Total 32 32.71(9.56) 32(100)
HC 18 30.44 (9.96) 18(100)
MDD 14 35.63 (8.14) 14(100)
StanfT1wAggr Total 115 37.18 (10.27) 69(60)
HC 59 37.24 (10.43) 36(61)
MDD 56 37.11 (10.09) 33(59)
TAD Total 39 16.03(1.14) 11(27)
HC 0 nan nan
MDD 39 16.03(1.14) ]
TIGER Total 60 15.63 (1.34) 38(63)
HC 11 15.18 (1.03) 5(45)
MDD 49 15.73 (1.38) 33(67)
All sites Total 7012 38.41(16.28) 4186(60)
HC 4240 39.98(14.46) 2383(59)
MDD 2772 39.57(15.28) 1803(61)

Table 2: Data splitting strategies. Differences manifested in age/sex distribution and number

of subjects between corresponding folds per splitting strategy.

Fold  Number of Mean Number of Females | Fold Number Mean age Number of Females
subjects age (SD) (%) of subjects (SD) (%)

0 708 38.34 434 (61) 0 1249 50.28 612 (49)
(16.41) (13.78)

1 685 38.41 395 (58) 1 1005 36.01 577 (57)
(16.51) (12.14)

2 692 38.59 441 (64) 2 738 36.30 465 (63)
(16.25) (13.39)

3 709 37.99 428 (60) 3 579 55.00 294 (51)
(16.07) (12.57)

4 704 38.74 417 (59) 4 563 33.06 374 (66)
(15.93) (15.73)
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5 708 38.90 415 (58) 5 596 26.42 370 (62)
(16.28) (11.25)

6 693 38.09 423 (61) 6 559 36.89 372 (67)
(16.27) (13.71)

7 716 383 431 (60) 7 589 35.71 356 (60)
(16.35) (16.52)

8 689 38.55 396 (57) 8 546 28.70 359 (66)
(16.12) (13.59)

9 708 38.14 406 (57) 9 588 33.99 407 (69)
(16.57) (16.12)

MDD vs HC classification

First, we compared the performance of SVM and DenseNet for different splitting strategies
(Figure 2). In Splitting by Age/Sex, SVM achieved 0.551+0.021 in balanced accuracy, while
DenseNet yielded 0.578 = 0.022. In Splitting by Site, both SVM and DenseNet models
performed worse, yielding 0.528 + 0.039 and 0.512 + 0.019, respectively. The minor difference
in classification performances for different splitting strategies indicated a potential site effect,
which we addressed by applying ComBat. In Splitting by Age/Sex, the balanced accuracy of
SVM with ComBat dropped to 0.478 £ 0.019, while the performance of DenseNet did not
change and yielded 0.561 + 0.015. In splitting by Site with ComBat, the performance of both
models was similar and close to random chance, balanced accuracy yielded 0.520 £+ 0.019 and
0.508 + 0.020 for SVM and DenseNet respectively. Thus, we did not observe an improvement
of models performances after data harmonization by ComBat. A full panel of results, including

all classification metrics, can be found in Supplementary Table 4.

Next, we explored if any of the considered feature modalities yields greater classification
performance (Figure 2). In Splitting by Age/Sex, all data modalities yielded similar range of
accuracies: thickness (SVM: 0.549 + 0.020; DenseNet: 0.576 + 0.019) compared to sulcal depth
(SVM: 0.543 + 0.022; DenseNet: 0.562 + 0.019), and curvature (SVM: 0.531 = 0.015;
DenseNet: 0.567+ 0.019), observed for both classification models. In Splitting by Site, sulcal
depth (SVM: 0.523 + 0.016; DenseNet: 0.515 + 0.020), curvature (SVM: 0.513 + 0.033;
DenseNet: 0.516 £ 0.025) and thickness (SVM: 0.522 + 0.038; DenseNet: 0.515 + 0.022) also
exhibited similar range of classification accuracies. Both models performed similarly for all
feature types. These results demonstrate that integration of shape modalities with cortical
thickness did not benefit the classification models. Results from explorative analyses for each
hemisphere and for each feature modality per hemisphere showed no improvements in
performance of the models (Supplementary Table 5, Supplementary Figure 3). In addition,
we applied the main demographic and clinical stratifications used in the ENIGMA-MDD
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working group to assess post-hoc whether groups that are more homogeneous would achieve

better classification metrics (Supplementary Table 6).
Auxiliary sex prediction task

As an initial step, we also conducted a sex classification to explore, which projection method
(latitude/longitude, OMT) vyields higher classification performance for both SVM and
DenseNet (Supplementary Figure 2). There was no clear difference between projection
methods; however, we observed a consistently higher classification performance of DenseNet
compared to SVM for all types of features and hemispheres. Considering previous success of
OMT projection as a projection method applied on cortical surface and its property to preserve
distances between vertices (Gao et al., 2021), we conducted our main analysis with OMT
projection.
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Figure 2: MDD vs HC classification performance of SVM and DenseNet applied to vertex-

wise cortical features. Balanced accuracy for both classification models when trained on all

features integrated with and without ComBat harmonization for both splitting strategies and

when trained on single features. Error bars represent standard deviation.
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Discussion

In this work, we evaluated the diagnostic classification performance of DenseNet and SVM
models, trained on cortical maps projected via OMT, including sulcal depth, curvature, and
thickness, from a multi-site global dataset. Our analysis included 7,012 participants from 30
sites worldwide, allowing for a comprehensive and realistic overview of classification
performances. Both models were evaluated in parallel using two different CV splitting
strategies. In Splitting by Age/Sex, we obtained CV folds with comparable demographics; thus,
the performance of the models should not be affected by these demographic variables. In
Splitting by Site, sites were distributed across folds. Therefore, models were trained and tested
on different sets of sites. This strategy is closer to application of diagnostic classification models
in clinical practice, and allowed for realistic estimation of classification performance on unseen
sites. Overall, the classification performances of both models were similar: In Splitting by
Age/Sex, DenseNet achieved 58% vs 55% for SVM; in Splitting by Site, the difference was
even more negligible, DenseNet achieved 51% vs 52% for SVM. Both models performed better
in Splitting by Age/Sex, implying the presence of a confounding site effect, most likely arising
from differences in scanner vendors or image acquisition parameters. In this sense, ComBat
approximated the classification results of the two splitting strategies, but did not improve the
accuracy of the models. Ultimately, the classification performances of both models for all
integrated morphometric features, both in Splitting by Age/Sex and in Splitting by Site,

revealed similar classification levels of single-features.
Cortical morphological maps as diagnostic biomarkers for MDD

To the best of our knowledge, this the first study to combine cortical thickness, sulcal depth,
and curvature features in order to classify MDD vs HC. Furthermore, previous ML studies with
large samples only incorporated low-resolution atlas-based thickness characteristics. In our
approach, we analyzed vertex-wise information, providing a richer and more detailed
description of brain characteristics than atlas-derived regional measures. Even so, the
integration of complementary cortical characteristics did not lead to higher classification
performances compared to the accuracies obtained from the single cortical features, regardless
of the data splitting strategy and the classification model. In Splitting by Site, no feature yielded
an accuracy substantially higher than random chance accuracy, indicating the failure of both
models to capture MDD-specific alterations. Furthermore, the analysis of finer-grained cortical

maps, even for thickness alone, did not result in higher classification performance, compared
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to ML performance levels observed in our previous study (Belov et al., 2022). Thus, the
assumption that higher resolution would lead to greater classification performance did not hold
in this study, as all results were close to the chance level, in line with previous attempts in
classifying MDD (Belov et al., 2022; Flint et al., 2021; Stolicyn et al., 2020). Furthermore,
stratification of the sample according to demographic (sex) and clinical characteristics (age of
onset, antidepressant use, and number of depressive episodes) did not yield better
differentiability between HC and MDD, in line with our previous study (Belov et al., 2022).
This new evidence suggests the absence of prominent gray matter alterations that alone may

serve as diagnostic tool in patients with MDD.

Although we combined complementary characteristics in the analysis, the interaction between
thickness and shape was not addressed here. According to recent evidence, local cortical shape
may correlate with thickness (Demirci and Holland, 2022). So, combined thickness-shape
patterns should be further explored for the classification of MDD. Furthermore, reduced
myelination was associated with MDD (Ho et al., 2021; Sacchet and Gotlib, 2017; van Velzen
et al., 2020), which could lead to structural reorganization of cortical features, making it a
potential classification aspect to be investigated. In addition, subcortical morphological
characteristics may improve the classification by taking into account structural modifications

in cortico-subcortical loops associated with MDD (Ho et al., 2022).

Integration of morphological characteristics with cytoarchitectonic and functional information
may allow better contextualization of MDD-related alterations, as demonstrated in
transdiagnostic study (Hettwer et al., 2022), with the potential to achieve higher classification
performance (Ayyash et al., 2021; Zhang et al., 2020). Brain topology can be described via the
connectome - a whole-brain connectivity architecture of the brain. As nodes of brain
connectome exhibited elevated susceptibility to brain disorders (Fornito et al., 2015), graph
analytical approaches could also lead to stronger differentiability between MDD and HC.
Moreover, subject-specific parcellation schemes could be applied to compute structural and
functional connectomes (Wig et al., 2013), and further analyzed by suitable sophisticated
classification models taking into account the neural architecture e.g., with graph neural network
(Zhou et al., 2019).

Data Splitting and Site Effect

Several multi-site psychiatric neuroimaging studies directly demonstrated how different

splitting strategies might introduce unwanted biases in inflated classification performances
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(Belov et al., 2022; Martensson et al., 2020; Qin et al., 2022). In Splitting by Age/Sex, trained
models are unbiased regarding demographic factors; while in Splitting by Site the site affiliation
is controlled, therefore we addressed the generalizability of the models applied to unseen sites.
Similar to the results from our previous study (Belov et al., 2022), the classification
performance of both SVM and DenseNet was higher in Splitting by Age/Sex, up to 58%,
compared to Splitting by Site, close to random chance. This discrepancy indicates the existence
of hidden site-related biases influencing classification performance. As this nuisance-based
phenomenon appears in multi-site mega-analyses (Nakano et al., 2020; Qin et al., 2022), for its
better comprehension, we strongly encourage the application of different splitting strategies in

future multi-site ML studies.

The low accuracy of both models in Splitting by Site strategy is either due to the presence of a
strong site-effect, hindering the ability of the models to capture diagnosis-related differences,
or due to the general inability of both models to find meaningful alterations associated with
MDD. Therefore, we addressed site-effect via ComBat. Thus, the possibility remains that
subject-level prediction based on cortical features is unfeasible. As Combat has never been
applied to vertex-wise cortical projections, we visually inspected its effect on a single pixel for
every feature type (Supplementary Figure 4). The application of ComBat resulted in more
homogenous value distribution across cohorts, in line with previous studies analyzing the
effects on atlas-based features (Belov et al., 2022; Pomponio et al., 2020). Nevertheless, this
harmonization step did not lead to improvement in accuracies. While demographic covariates
were preserved, ComBat may over-correct the data (Bayer et al., 2022), causing a part of MDD-
related associations to be removed along with the site-effect. Against this, more careful
consideration of the site-effect is required in the future studies.

In Splitting by Age/Sex, the balanced accuracy of both models dropped (SVM: 55% to 48%);
DenseNet: 58% to 56%) when ComBat was applied. The decrease of model’s performances
near the levels in Splitting by Site indicates that initial higher classifications are most likely
driven by site-related biases. To further validate this assumption, we performed the
classification with balanced ratio between HC and MDD in every site in Splitting by Age/Sex,
which resulted in close to random chance accuracies in DenseNet and SVM. Noticeably,
DenseNet was less affected by the application of ComBat in the original analysis, reflecting
potential non-linear site-related differences that remained in the dataset after harmonization,
which is in line with previous findings (Solanes et al., 2022). Therefore, we recommend
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ComBat only be applied when combining more linear models, such as SVM, while more

sophisticated models alone should directly incorporate site information as an additional input.
SVM vs DenseNet

Previous ML mega-analyses based on structural MDD vs HC classifications considered only
shallow linear and non-linear ML models, such as SVM, penalized logistic regression and
decision tree (Belov et al., 2022; Flint et al., 2021; Stolicyn et al., 2020). In this study, we
extended the diagnostic classification approach by comparing the performance of shallow linear
model - SVM with a linear kernel to a highly non-linear deep DenseNet classifier applied to
vertex-wise cortical information. The explorative results of sex classification applied to HC
revealed higher classification performance of the DenseNet compared to the SVM
(Supplementary Figure 2) for all data modalities. The higher accuracy suggests that DenseNet
was able to capture non-linear sex dependencies that were present in the cortical maps. The
superiority of DenseNet over SVM in the sex classification task was in line with previous study
conducted on the same vertex-wise cortical maps (Gao et al., 2021). Conversely, another large
sample study revealed no advantage of using any deep architectures over simpler models in
predicting demographic factors (Schulz et al., 2020); therefore further tests in even bigger
samples are required. Nevertheless, in this study both models exhibited a similar range of
accuracies, close to random chance, for the main task of MDD versus HC classification.
Therefore, the application of DenseNet did not yield the expected improvement for detecting

combined (nor separated) structural cortical features that discriminate patients from controls.

Similar performance of the linear SVM and non-linear DenseNet model may be due to the
absence of non-linear interactions between different cortical regions, significant for the MDD
detection. Furthermore, the analyzed sample is highly heterogeneous in terms of demographic
and clinical covariates, potentially interfering with the main task and lowering the classification
performance. In this vein, there are several possible directions for improving DenseNet
performance. First, the considered model was pre-trained only on natural images from
ImageNet. The model could be subsequently pre-trained on cortical projections from an
independent large sample using immediate task, for example predicting sex as it was performed
in Gao’s study (Gao et al., 2021). Furthermore, one could use more than one intermediate task
to optimize the weights of the neural network, for example, predicting demographic or clinical

covariates. This approach is broadly known as multi-task learning (Caruana, 1997), the
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usefulness of which in the neuroimaging domain was already demonstrated (Ma et al., 2018;
Pinaya et al., 2018).

Secondly, the multi-task approach could be used to “unlearn” undesired biases. In our analysis,
site-related differences were removed via ComBat. One could train the network to perform the
main task while unlearning the scanner parameters, as was successfully demonstrated by
Dinsdale and colleagues (Dinsdale et al., 2020). Furthermore, one could replace the
residualization step in the same manner by making the network unlearn age and sex
dependencies. In line with our previous analysis, we linearly regressed out age and sex
dependencies from the cortical features using normative approach (Belov et al., 2022).
Considering the greater performance of the DenseNet model in predicting sex, we can speculate
the presence of non-linear male-female differences in cortical morphology. Thus, unlearning

age- and sex-related dependencies could improve classification performance.
Conclusion

In this study, we tested if more advanced classification algorithms applied to high-resolution
morphometric shape characteristics can improve MDD vs HC classification. Splitting the data
according to demographic variables and according to site allowed a comprehensive analysis of
model’s performances and biases. We detected site effects, which we addressed at least partially
with the ComBat harmonization tool, but did not increase classification metrics. Both shallow
and deep ML models exhibited low, close to chance accuracies. Most importantly, the
integration of high-resolution cortical thickness and shape features from vertices did not lead
to greater classification performance over previously analyzed atlas-based cortical features.
According to our results, it seems unlikely that structural MRI alone will provide diagnostic
biomarkers of MDD. Thus, further investigation is required into the classification performance
applied to the fusion of other MRI modalities, including fMRI and DWI.
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Supplementary Materials for

Classification of Major Depressive Disorder Using Vertex-Wise

Brain Sulcal Depth, Curvature, and Thickness with a Deep and a

Shallow Learning Model

Supplementary Table 1: ENIGMA-MDD Instrument for diagnosing major depressive

disorder (MDD) and exclusion criteria by site

Cohort

AFFDIS

Pharmo
(AMC)

Barcelo
na

Cardiff

CSAN
(Adf)

Diagnosis
measurment

ICD-10/DSM-
IV criteria

MINI Plus

DSM-IV-TR
acc. to CIDI-
interview and
HAMD

Hamilton
Depression
Rating Scale
(HDRS-17)

MINI

Sample characteristics/Inclusion criteria

MDD subjects currently depressed and in
day program or inpatient

48 subjects with lifetime diagnosis of either
MDD and/or AD and 14 healthy controls.
Patients were startified depending on
exposure to SSRIs: early (before age 23) or
late (after age 23) exposure to SSRI's, or no
exposure at all (UN). 15 subjects were
diagnosed with only MDD, 3 with only AD
and 22 with both MDD and AD (8 subjects
did not receive a diagnosis due to
incomplete M.I.N.I. Plus assessment).
According to the M.I.N.I. Plus, none of the
HC subjects were ever diagnosed with MDD
or AD

Outpatients with MDD diagnosis (DSM-IV-
TR), with a first episode, recurrent MDD or
chronic MDD (TRD) age 18-65

N= 40, MDD patients with a current
moderate to severe depressive episode
despite minimum three months of stable
antidepressant treatment

Current MDD: Meets MINI criteria for
depression; comorbid anxiety disorders are
allowed; mood-congruent psychotic
symptoms allowed.

Exclusion criteria

All subjects exclusion criteria: current or history
of neurological disorder or brain injury, current
substance abuse or dependence (not including
nicotine), pregnancy, MRI contraindications,
inability to give consent. MDD specific:
comorbid psychiatric diagnosis. Healthy
control specific: current or history of psychiatric
diagnosis.

Less than three week medication-free interval
before scanning, current psychotropic
medication use, a history of chronic or
neurological disorder, family history of sudden
heart failure or epileptic attacks, pregnancy
(tested via urine sampling prior to the
assessment), breast feeding, alcohol
dependence and contra-indications for an MRI
scan (e.g., ferromagnetic fragments).
Participants agreed to abstain from smoking,
caffeine and alcohol use for 24 hours prior to
the assessments.

The exclusion criteria for healthy participants
were: lifetime psychiatric diagnoses, first-
degree relatives with psychiatric diagnoses
and clinically significant physical or
neurological illnesses. Axis | comorbidity
according to DSM-IV-TR criteria was an
exclusion criteria for all participants.

Psychotic symptoms, current substance
dependence, eating disorders, claustrophobia
and other MRI contraindications, and ongoing
non-pharmacological treatment.

Current MDD: a current DSM-5 diagnosis of
substance use disorder, except nicotine; a
psychotic disorder, except depression with
mood-congruent psychotic features; new
antidepressant medication during the month
before study participation (two months for
fluoxetine); change of the dose of psychotropic
medications over the last month
(antidepressant and antipsychotic medication)
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Calgary

DCHS

FIDMA

FOR210
7Marbu

rg

FOR210
7Munst
er

Housto
n

Hiroshi
ma

KSADS

MINI

DSM-IV-TR

criteria

SCID-1

SCID-1

SCID
interview

MINI

First episode MDD and healthy controls
(Dalhousie sample). Recurrent MDD and
healthy controls, recruited via referral from
clinicians in Calgary, Alberta and through
advertisements in local clinics and at the
University of Calgary (Calgary sample).

Women over the age of 18 years, who were
between 20 and 28 weeks pregnant, who
presented at either of the two recruitment
clinics, and who had no intention of moving
out of the area within the following year, and
were able to give written consent

MDD patients within a current depressive
episode (HDRS >= 17, only 1 patient was in
remission), right-handed, age 18-65

Participants recruited by means of public
advertisement and from the inpatient
services. Inclusion criteria: age 18-65 years;
patients were diagnosed with major
depressive disorder by SCID-Interview,
currently depressed or remitted.

Participants recruited by means of public
advertisement and from the inpatient
services. Inclusion criteria: age 18-65 years;
patients were diagnosed with major
depressive disorder by SCID-Interview,
currently depressed or remitted.

Outpatients

MDD Patients were recruited from local
clinics, 20-80 years. Controls were recruited

or the last two months (mood stabilizers and
anticonvulsants).

Dalhousie Sample: A history of neurological
illness, medical iliness, claustrophobia, >21
year of age, or the presence of a ferrous
implant or pacemaker. University of Calgary:
Left handed; history of seizures, epilepsy or
other neurological or psychiatric diagnoses
(specifically bipolar disorder, psychosis,
pervasive developmental disorder, eating
disorders, PTSD); pregnancy

1) loss of consciousness longer than 30
minutes, 2) inability to speak English, 3)
current/lifetime alcohol and/or substance
dependence or abuse, 4) psychopathology
other than PTSD and/or MDD, 5) traumatic
brain injury, 6) standard MRI exclusion criteria

Patients were excluded (i) if they were left-
handed; (ii) if they were younger than 18 or
older than 65 years; (iii) if they had a history of
brain trauma or neurological disease; (iv) if
they had shown alcohol/ substance abuse
within 12 months prior to participation; and (v)
if they had undergone electroconvulsive
therapy in the previous 12 months.

Exclusion criteria all: any MRI
contraindications; any neurological
abnormalities. Exclusion criteria controls: any
current or former psychiatric disorder;
Exclusion criteria patients: substance
dependence or current benzodiazepine
treatment (wash out of at least three half-lives
before study participation)"

Exclusion criteria all: any MRI
contraindications; any neurological
abnormalities. Exclusion criteria controls: any
current or former psychiatric disorder;
Exclusion criteria patients: substance
dependence or current benzodiazepine
treatment (wash out of at least three half-lives
before study participation)"

MDD subjects: age below 18; lifetime or
current diagnosis of psychotic disorder, or
bipolar | or Il disorder; substance
abuse/dependence in 6 months prior to study
inclusion; current major medical problems.
Control subjects: age below 18; current major
medical problems; current psychiatric or
neurologic disorder; history of psychiatric
disorders in a first-degree relative; current
major medical problems. Both groups: MRI
contra-indications

MDD patients: comorbid psychiatric disorders
other than MDD, Control subjects: any history
of psychiatric disorder
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TiPs
(Jena,
German

y)

MODEC

Melbou
rne

Minnes
ota

MOODS
| DEP-
ARRES
T CLIN

Moral
Dilemm
a

Munste
3

SCID
interview

MINI

SCID
interview

Schedule for
Affective
Disorders and
Schizophrenia
for School-
Age Children—
Present and
Lifetime
Version and
the Children’s
Depression
Rating Scale—
Revised
(CDRS-R).

MINI, DSM5

SCID
interview

SCID
interview

from local community by advertising in local
papers.

Psychiatric inpatients and tinnitus patients
with MDD or a disorder of the depressive
spectrum (also adjustment disorders as
pointed out in the data table); psychiatrically
healthy controls were derived from
community and tinnitus patients

Older adults, aged above 55, with severe
depression admitted to be treated with ECT

Youth depression sample: 15-25 years of
age. Recruited as part of 2 large RCTs (incl.
YoDA-C - Davey et al., 2014; Trials) and
scanned prior to treatment randomisation.
60 patients unmedicated (YoDA-C).

Adolescents with MDD and HCs aged 12 to
19 years were recruited to participate
through community postings and referrals
from local mental health services.
Adolescents with MDD were eligible if they
had a primary diagnosis of MDD and had
not received any psychotropic medication
treatment for the past 2 months. Healthy
adolescents were eligible if they had no
current or past psychiatric diagnoses and
were frequency matched to the MDD group
on age and sex

Patients aged 18-65 years with a current
MDE diagnosis (MINI interview(Sheehan et
al., 1998) and a minimum depression score
of 18 on the Hamilton Depression Rating
Scale-17 items (HDRS) in the context of
MDD, as well as free of antidepressant drug
use at least one month before the study
beginning, were included. HCs were
included based on the absence of current or
past mental disorders or somatic conditions,
particularly nasal polyposis and chronic or
acute sinusitis or rhinitis

Youth depression sample: 15-25 years of
age; recruited from outpatient service.
Controls recruited from general community.

Participants recruited by means of public
advertisement and from the inpatient
services. Inclusion criteria: age 16-65 years;

MDD subjects: presence of axis-| disorders
other than MDD or adjustment disorders.
Control subjects: no Axis-I diagnosis, no
medication use. Exclusion criteria for all
subjects included history of neurological
disease (e.g. tumour, head trauma, epilepsy)
or untreated internal medical condtitions,
intellectual and/or developmental disability.
Only German native speakers were allowed to
participate.

Exclusion criteria were another major DSM-1V-
TR diagnosis, such as schizophrenia, bipolar
or schizoaffective disorder and a history of
major neurological illness (including
Parkinson’s disease, stroke and dementia).

MDD subjects: lifetime or current SCID-I
diagnosis of psychotic disorder, or bipolar | or
Il disorder. Control subjects: any SCID-I
diagnosis or medication use. Both groups:
Acute or unstable medical disorder; general
MRI contraindications

Exclusion criteria for both groups included the
presence of a neurologic or other chronic
medical condition, mental retardation,
pervasive developmental disorder, substance
use disorder, bipolar disorder, or
schizophrenia

Patients suffering from bipolar disorder,
psychotic disorder, eating disorder, and
addictions, according to the DSM-5 criteria, or
from nasal polyposis, chronic or acute
sinusitis, chronic or acute rhinitis or pregnancy
or breastfeeding, were not included. HCs were
included based on the absence of current or
past mental disorders or somatic conditions,
particularly nasal polyposis and chronic or
acute sinusitis or rhinitis

MDD subjects: lifetime or current SCID-I
diagnosis of psychotic disorder, or bipolar | or
Il disorder; current antidepressant medication
use. Control subjects: any SCID-I diagnosis or
medication use. Both groups: Acute or
unstable medical disorder; general MRI
contraindications

MDD subjects: presence of bipolar disorder,
schizoaffective disorders and schizophrenia;
substancerelated disorders or current
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NESDA

QTIM

San
Francis
co
UCSF

SHIP_S
TART-2

CIDI interview

CIDI interview

KSADS (semi-
structured
interview
based on
DSM) for
MDD,
DISC/DPS for
HCL

M-CIDI
interview

patients were diagnosed with major
depressive disorder by SCID-Interview

DSM-4 based diagnosis of MDD (6 month
recency), using CIDI interview. 93 (60%)
MDD patients have a comorbid ANX
diagnosis. Age range 18-65

Retrospective questionnaire about
depression episodes combined with an MRI
study. The best described MDD episode is
defined as the worst one (according to
individuals). We have up to 5
supplementary episodes (briefly) described.
Sample composed of twins and relatives.
Population-based sample

Outpatient/community-based sample with
DSM diagnosis, mostly antidepressant-
naive and approximately 60% of MDD have
comorbid anxiety disorders

Population based longitudinal cohort study

benzodiazepine treatment (wash out of at least
three half-lives before study participation), and
former electroconvulsive therapy. Control
subjects: any current or former psychiatric
disorder. Both groups: any neurological
abnormalities, MRI contra-indications

N/A

MDD subjects: presence of axis-I disorders
other than MDD and anxiety disorders Control
subjects: antidepressant use, psychiatric
disorders All subjects: relatedness between
subjects, left handedness, history of
neurological or other severe medical illness,
head injury or current or past diagnosis of
substance abuse, use of cognition affecting
medication and general MRI contraindications

Exclusion criteria for all participants included:
1) use of pharmacotherapeutics for treating
psychiatric conditions within the past 6 months,
2) misuse of drugs within two months prior to
MRI scanning; 3) two or more alcoholic drinks
per week within the previous month (as
assessed by the Customary Drinking and Drug
Use Record; CDDR) (Brown et al, 1998); 4) a
full scale 1Q score of less than 75 (as
assessed by the Wechsler Abbreviated Scale
of Intelligence; WASI) (Wechsler, 1999); 5)
contraindications for MRI including
ferromagnetic implants and claustrophobia; 6)
pregnancy or the possibility of pregnancy; 7)
left-handedness; 8) prepubertal status (as
assessed as Tanner stages of 1 or 2) (Tanner,
1962); 9) inability to understand and comply
with procedures; 10) neurological disorder
(including meningitis, migraine, or HIV); 11)
head trauma; 12) learning disability; 13)
serious health problems; and 14) complicated
or premature birth (i.e., birth before 33 weeks
of gestation). The MDD group was subject to
the additional exclusion criterion of a primary
psychiatric diagnosis other than MDD. The
HCL group was subject to the additional
exclusion criteria of: 1) history of mood or
psychotic disorders in a first- or second-degree
relative (as assessed by the Family Interview
for Genetics; FIGS) (Maxwell, 1992); and 2)
current or lifetime DSM-IV-TR Axis |
psychiatric disorder.

MDD subjects: presence of axis-| disorders
other than MDD, anxiety disorders, conversion,
somatization and eating disorder. Control
subjects: no lifetime diagnosis of depression,
no antidepressiva, and severity index=0 All
subjects: We removed subjects with medical
conditions (e.g. a history of cerebral tumor,
stroke, Parkinson’s diseases, multiple
sclerosis, epilepsy, hydrocephalus, enlarged
ventricles, pathological lesions) or due to
technical reasons (e.g. severe movement
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SHIP_T
REND-0

Singap
ore

SoCAT

Stanfor
d FAA

Stanfor
d Tiw

Aggreg
ate

TAD

TIGER

M-CIDI
interview

SCID
interview

SCID interview

SCID
interview

SCID
interview

KSADS

Population based longitudinal cohort study

Inclusion: 1) DSM IV dx of MDD (Patients)
2) Age: 21-65 3) English speaking 4)
Provision of informed written consent

Inclusion criteria: DSM 1V dx for mdd
patients Age: 18-65 right-handed currently
depressed or remitted; Control subjects: any
history of psychiatric disorder

Community-based DSM-diagnosed sample

Community-based DSM-diagnosed sample

Community-based DSM-diagnosed sample

artifacts or inhomogeneity of the magnetic
field).

MDD subjects: no special exclusion criteria
Control subjects: no lifetime diagnosis of
depression, no antidepressiva, and severity
index=0 All subjects: We removed subjects
with due to medical conditions (e.g. a history of
cerebral tumor, stroke, Parkinson’s diseases,
multiple sclerosis, epilepsy, hydrocephalus,
enlarged ventricles, pathological lesions) or
due to technical reasons (e.g. severe
movement artifacts or inhomogeneity of the
magnetic field).

Exclusion criteria 1) History of significant head
injury 2)Neurological diseases such as
epilepsy, cerebrovascular accident 3) Impaired
thyroid function 4) Steroid use 5) DSM IV
alcohol or substance use or dependence 6)
Contraindications to MRI (e.g. pacemaker,
orbital foreign body, recent surgery/procedure
with metallic devices/implants deployed) using
standard MRI Request Form from NNI
7)Pregnant women 8) Claustrophobia

Exclusion criteria 1) History of significant head
injury 2)Neurological diseases such as
epilepsy, cerebrovascular accident 3)Other
diagnoses on Axis | disorders4)

MDD subjects: presence of axis-I disorders
other than MDD, anxiety and eating disorders .
Control subjects: control individuals did not
meet diagnostic criteria for any current
psychiatric. Both groups: alcohol / substance
abuse or dependence within six months prior
to MRI scanning, history of head trauma with
loss of consciousness > 5 min, aneurysm, or
any neurological or metabolic disorders that
require ongoing medication or that may affect
the central nervous system (including thyroid
disease, diabetes, epilepsy or other seizures,
or multiple sclerosis), MRI contraindications, or
bad MRI data (e.g., extreme movement).

MDD subjects: presence of axis-I disorders
other than MDD, anxiety and eating disorders .
Control subjects: control individuals did not
meet diagnostic criteria for any current
psychiatric. Both groups: alcohol / substance
abuse or dependence within six months prior
to MRI scanning, history of head trauma with
loss of consciousness > 5 min, aneurysm, or
any neurological or metabolic disorders that
require ongoing medication or that may affect
the central nervous system (including thyroid
disease, diabetes, epilepsy or other seizures,
or multiple sclerosis), MRI contraindications, or
bad MRI data (e.g., extreme movement).

All subjects: Exclusion criteria were
premenarchal status (for females), history of
concussion within the past 6 weeks or history
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of any lifetime concussion with loss of
consciousness, contraindications to MRI
scanning (e.g. braces, metal implants, or
claustrophobia), serious neurological or
intellectual disorders that could interfere with
the participant's ability to complete study
components. MDD subjects: meeting lifetime
or current DSM-IV criteria for any Bipolar
Disorder, Psychosis, or Alcohol Dependence,
or DSM-5 criteria for Moderate Substance Use
Disorder with substance-specific threshold for
withdrawal. CTL subjects: any current or past
DSM-IV Axis | Disorder and first-degree
relative with confirmed or suspected history of
depression, mania, psychosis, or substance
dependence.

Supplementary Table 2: ENIGMA MDD Image acquisition and processing by cohort

Cohort Scanner type  Sequence T1 FreeSurfer Slice Operating
version orientation system
AFFDIS 3T Siemens 3D T1 (176 slices; TR=2250ms; TE= 5,3 Sagittal Linux
Magnetom 3.26 ms; FOV 256; voxel size CentOS
TrioTim 1X1X1mm)
Barcelona 3T Philips 3D MPRAGE images (Whole-brain T1- 6 Sagittal Scientific
Achieva weighted); TR=6.7ms, TE=3.2ms; 170 Linux 5

slices, voxel size 0.89X0.89X1.2 mm.
Image dimensions 288X288X170; field
of view: 256X256X204; slice thickness:
1.2 mm; with a sagittal slice
orientation, T1 contrast enhancement,
flip angle: 8°, grey matter as a
reference tissue, ACQ matrix MXP =
256X240 and turbo-field echo shots
(TFE) = 218.

Cardiff A 3 Tesla High-resolution anatomical scan (Fast 53 freesurfer-
whole body Spoiled Gradient-Recalled-Echo Linux-
MRI system [FSPGR] sequence): 178 slices, TE=3 centos6_x8
(General ms, TR=7.9 ms, voxel 6_64-stable-
Electric, size=1.0x1.0x1.0 mm3, FA=15°, pub-v5.3.0
Milwaukee, FOV=256x256
USA) with an
8-channel
head coil was
used at the
Cardiff
University
Brain
Research
Imaging
Centre
(CUBRIC).
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CSAN (Adf)

Calgary

DCHS

FOR2107 -
Marbourg

FOR2017 -
Munster

FIDMAG

Houston

Hiroshima

3T Siemens
MAGNETOM
PRISMA

1.5T Siemens
Magnetom
Vision. 3T GE
Discovery
MR750

3T Siemens
Skyra

3T Siemens
Magnetom
TiroTim
syngo MR
B17

3T Philips

1.5T, GE
Signa

subjects in
20000s: 1.5 T
Philips
Medical
Systems
Gyroscan
Intera;
subjects in
30000s: 3T
Siemens
Allegra

3T Siemens
(Spectra,
Verio.Dot), 3T
GE (Signa
HDxt) Site 1 =

Whole-head t1-weighted MPRAGE 7.2
(TR = 2300 ms, TE = 2.34 ms, FOV

250 x 250 mm, voxel size = 0.9 x

0.868 x 0.868 mm, flip angle = 8°)

1.5T: A sagittal scout series was 53
acquired to test image quality. 3D fast
low angle shot (FLASH) sequence was
used to acquire data from 124 1.5 mm-
thick contiguous coronal slices through
the entire brain (echo time = 5ms,
repetition time = 25ms, acquisition
matrix = 256 x 256 pixels, field of view
=24 cm and flip angle = 40°). 3T:
Anatomical imaging acquisition
parameters: axial acquisition, repetition
time (TR), 2200 milliseconds (ms);
echo time (TE), 3.04 ms; Tl, 766, 780;
flip angle, 13 degrees; 208 partitions;
256 x 256 matrix; and field of view,
256.

3D multi-echo MPRAGE, voxel size 1 53
mm X Imm x 1.5mm, TR = 2530 ms,

TE =1.69 x 3.55 x5.41 x 7.27ms,

FOV: 256x256mm, flip angle = 7°

Sequence: 3D T1-weighted 53
magnetization prepared rapid

acquisition gradient echo (MPRAGE) -
Sagittal Acquisition Direction, # of

Slices 176, 0.5mm Slice Gap,

1.0x1.0x1.0 Voxel Size (mm3), TI 900

ms, TE 2.26 ms, TR 1900 ms, Flip

Angle 9.

3D T1-weighted scan (170 slices; TR = @ 5,3
9Ims; TE = 3.6ms; 256x231 matrix of
1x1x1 mm voxels)

3D T1: matrix size = 512 x 512, 180
contiguous axial slices, voxel
resolution = 0.47 x 0.47 x 1mm, no
slice gap, TE = 3.93ms, TR = 2000ms
and inversion time (TI) = 710ms, flip
angle = 15 degrees

Subjects in the 20000s: Fast field echo = 5,3
sequence- repetition time (TR) = 24

ms, echo time (TE) = 4.99 ms, flip

angle = 40°, slice thickness = 1 mm,

matrix size = 256 x 256 and 150 slices.
Subijects in 30000s: MPRAGE-

repetition time (TR) = 1750 ms, echo

time (TE) = 4.39 ms, flip angle = 8°,

slice thickness = 1 mm, matrix size =

208 x 256 and 160 slices.

T1 256x256x256 matrix of 1x1x1mm 5,8
voxels (Siemens: ADNI MPRAGE (tfl),
GRAPPA, 192 slices, GE: SPGR, 184

slices) *Detailed scanning parameter

Sagittal

Dalhousie

sample, coronal;

Calgary sample,
axial

Sagittal

Sagittal

Sagittal

Axial

Subjects in
20000s:
Sagittal;
Subjects in
30000s:
Transverse

Sagittal

Ubuntu

MacOs
Sierra

Linux-
centos6_x86_
64

Red Hat
Enterprise
Linux Server
release 5.11
(Tikanga)

Red Hat
Enterprise
Linux Server
release 5.11
(Tikanga)

Linux-

centos6_x8
6_64

Fedora 19

Linux_Ubunt
u_18.04
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TiPs (Jena,
Germany)

MODECT

Melbourne

Minnesota

MOODS /
DEP-
ARREST
CLIN

Moral
Dilemma

Munster

GE Signa
HDxt 3.0T
2= GE

Signa HDxt
3.0T

3 = SIEMENS
MAGNETOM
Spectra 3.0T
4 = SIEMENS
MAGNETOM
Verio.Dot
3.0T

3T Siemens
MAGNETOM
Prisma_fit

3T (General
Electric Signa
HDxt,
Milwaukee,
WI, USA)

3T GE Signa
Excite

3.0 Tesla Tim
Trio scanner;
Siemens
Corp

3T Philips
Achieva

3T GE Signa
Excite

3T Philips
Gyroscan
Intera

sheets are available for all 4 scanners
on request.

MPRAGE sequence: TR 2300 ms, TE
3.03 ms, a 9°, 192 contiguous sagittal
slices, in-plane field of view 256 mm,
voxel resolution 1A~1A~1 mm;
acquisition time 5:21 min

T1-weigthed dataset was acquired (flip
angle=12°, repetition time=7.84
milliseconds, echo time=3.02
milliseconds; matrix 256x256, voxel
size 0.94x0.94x1 mm; 180 slices).

3D BRAVO sequence 140; TR=7900
ms; TE=3000 ms; flip angle=13°;
FOV=256 mm; matrix=256 x 256

A 5-minute structural scan was
acquired using a T1-weighted, high-
resolution, magnetization-prepared
gradient-echo sequence: repetition
time, 2530 milliseconds; echo time,
3.65 milliseconds; inversion time, 1100
milliseconds; flip angle, 7°; field of
view, 256 x 176 mm; voxel size, 1-mm
isotropic; 224 slices; and generalized,
autocalibrating, partially parallel
acquisition acceleration factor, 2.

3D T1-weighted image: TR=7, TE=3.5,
FOV=352x352x180, Flip angle=8
degrees, number of slices : 180 slices,
Slice gap 1 mm, voxel size: 0.8x0.8x1

3D BRAVO sequence: 140 contiguous
slices; repetition time, 7900 ms; echo
time, 3000 ms; flip angle, 13°; in a
25.6-cm field of view, with a 256 x 256
pixel matrix and a slice thickness of 1
mm (1 mm gap).

3D fast gradient echo sequence (turbo
field echo), repetition time = 7.4
milliseconds, echo time = 3.4
milliseconds, flip angle = 9°, two signal
averages, inversion prepulse every
814.5 milliseconds, acquired over a
field of view of 256 (feet -head [FH]) x
204 (anterior -posterior [AP]) x 160
(right -left [RL]) mm, phase encoding in
AP and RL direction, reconstructed to

5,3

53

53

53

53

5,3

Sagittal

Coronal

Axial

Coronal

Transverse
(Axial)

Axial

Sagittal

Linux

Linux

Linux
Debian x86
64

Linux

CentOS
Linux 7

Linux
Debian x86
64

Red Hat
Enterprise
Linux Server
release 5.11
(Tikanga)
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NESDA

QTIM

San
Francisco
UCSF

SHIP
_START-2

SHIP-
_TREND-0

Singapore

SoCAT

Stanford
FAA

Stanford
Tlw
Aggregate

TAD

3T Phillips
Achieva/Inter
a

Bruker 4T
Wholebody
MRI

3T GE
Discovery
MR750

1.5T Siemens
Avanto

1.5T Siemens
Avanto

Achieva 3T,
Philips
Medical
Systems,
Netherlands

30T,
Siemens
Verio,Numari
s/4,Syngo MR
B17,Erlangen
,Germany

3.0T GE
Discovery
MR750

1.5T GE
Signa Excite

cubic voxels of .5 mm x .5mm x .5
mm

3D gradient-echo T1-weighted
sequence. TR=9 msec; TE=3.5 msec;
flip angle 8°, FOV = 256 mm; matrix:
25x62x56; in plane voxel size =1 mm
x 1 mm x 1 mm; 170 slices.

3D T1 weighted sequence. TR=1500
msec; TE=3.35 msec; flip angle=8°,
256 or 240 (coronal or sagittal) slices,
FOV=240 mm, matrix 256x256x256 (or
256x256x240)

SPGR T1-weighted: TR=8.1 ms;
TE=3.17 ms; TI=450 ms; flip
angle=12°; 256x256 matrix;
FOV=250x250 mm; 168 sagittal slices;
slice thickness=1 mm; in-plane
resolution=0.98x 0.98 mm

3D T1-weighted (MP-RAGE/ axial
plane); TR=1900 msec; TE=3.4 msec;
Flip angle=15°; voxel size 1 mm x 1
mm X 1 mm

3D T1-weighted (MP-RAGE/ axial
plane); TR=1900 msec; TE=3.4 msec;
Flip angle=15°; voxel size 1 mm x 1
mm X 1 mm

Whole brain high resolution 3D MP-
RAGE (magnetisation-prepared rapid
acquisition with a gradient echo)
volumetric scans (TR/TE/TI/flip angle
8.4/3.8/3000/8; matrix 256x204; FOV
240mm2) with axial orientation
(reformatted to coronal)

3D T1 weighted MP-Rage/axial plane;
TR=1900 msec; TE=3.4 msec; Flip
angle=15°; Voxel size 1 mm x 1 mm x
1 mm

Whole-brain T1-weighted images were
collected using a spoiled gradient echo
(SPGR) pulse sequence (186 sagittal
slices; resolution = 0.9 mm isotropic;
flip angle = 12°; repetition time [TR] =
6,240 ms; echo time [TE] = 2.34 ms)

Whole-brain T1-weighted images were
collected using a spoiled gradient echo
(SPGR) pulse sequence (116 sagittal
slices; through-plane resolution = 1.5
mm; in-plane resolution = 0.86 x 0.86
mm; flip angle = 15 degrees; repetition
time [TR] = 8.3-10.1 ms; echo time
[TE] = 1.7-3.0; inversion time [TI] = 300
ms; matrix = 256 x 192).
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HPC, Linux
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TIGER 3T GE TR/TE/TI=8.2/3.2/600 ms; flip 6 Axial Linux
MR750 angle=12°; 156 axial slices; FOV=25.6
cm; matrix=256 mm x 256 mm,
isotropic voxel=1 mm, total scan time:
3:40

Supplementary Table 3: List of hyperparameters of trained algorithms. Optimal
hyperparameters were found by the grid search during the sex classification task. We followed
a heuristic approach outlined in (Hsu et al., 2003) to determine a range of values for C.

Classification Feature Selection  Hyperparameters Nested CV

algorithm

SVM Linear C=[10"%1073,...,10*] 10 fold

DenseNet None Number of dense layers = [1,2,3] 10 fold

Number of nodes in the dense layers =
[10,100,200]

Adam optimizer: learning rate
[.01,.001,.0001]

DropOut layer before dense layers (yes,
no)
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Supplementary Table 4: Comparison of SVM and DenseNet classification performance
on entire dataset using integrated whole brain feature modalities. The performance is
evaluated via balanced accuracy, sensitivity, specificity, and AUC for each splitting strategy,

with and without ComBat harmonization.

Splitting by Age/Sex Splitting by Site

No ComBat With ComBat No ComBat With ComBat
0.551 £ 0.021 0.478 £ 0.019 0.528 + 0.039 0.520 + 0.019
0.477 + 0.036 0.420 £ 0.024 0.490 £0.114 0.465 + 0.033
0.625 + 0.030 0.536 £ 0.021 0.566 £ 0.124 0.574 + 0.049
0.566 + 0.021 0.490 + 0.020 0.536 + 0.062 0.520 + 0.022

DenseNet

0.578 £0.022 0.561 £ 0.015 0.512 £ 0.019 0.508 + 0.020
0.452 +0.102 0.401 + 0.090 0.428 +0.172 0.466 + 0.265
0.704 £0.104 0.721 £ 0.092 0.596 + 0.217 0.550 + 0.241
0.606 + 0.026 0.595 £ 0.020 0.549 £ 0.076 0.544 + 0.092

Supplementary Table 5: MDD vs HC classification separated by hemispheres. We

evaluated whether a particular hemisphere could provide better classification accuracy.

Splitting by Age/Sex Splitting by Site



Right
0.539 + 0.017
0.556 + 0.024

Left
0.514 + 0.034
0.513 + 0.018

Right
0.522 + 0.036
0.506 + 0.017

Supplementary Table 6: MDD vs HC classification stratified by main demographic and
clinical characteristics. Stratifications were applied to evaluate post-hoc whether groups that
are more homogeneous would provide better classification accuracy.

] Splitting by Site

SVM

DenseNet

Sex Women (MDD n = 0.516+ 0.025 0.524+0.018
1,803; HC n = 2,383)
Men (MDD n = 950; 0.513+ 0.032 0.517+ 0.044
HC n =1,857)
Ae[Raiepkaey Adolescent (MDD n= 0.547+ 0.059 0.530+ 0.102
1,096; HC n = 4,240)
Adults (MDD n = 0.506+ 0.070 0.579+ 0.187
1,302; HC n = 4,231)
Number of Recurrent MDD n= 0.543+ 0.040 0.515+ 0.043
episodes 1,624; HC n = 4,240)
Single (MDD n=900; 0.492+ 0.024 0.500+ 0.020
HC n = 4,240)
NO (MDD n = 1,224, 0.503+ 0.026 0.490+ 0.037
HC n = 4,240)
Yes (MDD n=1,313;  0.552+ 0.049 0.544+ 0.054

HC n = 4,240)
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Supplementary Figure 1: ICV dependence stored in the cortical maps. To investigate if
ICV is preserved in cortical features, we correlated ICV values with the pixels’ intensities from
SHIP_TREND_0 healthy controls (left). After standardizing the features to the mean of 0 and
standard deviation of 1, and regressing out Age/Sex covariates, we effectively removed the
effect of ICV from the features (right). Colormap represent the direction of the significant

correlations.
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Supplementary Figure 2: Sex classification. We estimated classification performance via
balanced accuracy of SVM and DenseNet on three biggest cohorts: SHIP_TREND-O (top left),

Munster (top right) and FOR2107Marburg (bottom) for all features separately using 1)

Latitude/Longitude projection and 2) OMT projection.
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Supplementary Figure 3: MDD vs HC classification. We estimated classification
performance via balanced accuracy of SVM and DenseNet for each hemisphere and feature

type separately.
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Supplementary Figure 4: Examples of ComBat harmonization for all data modalities.

Color corresponds to the site affiliation.
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