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Supplemental S1 Multimodal Variational AutoEncoders

This appendix presents details on the multiview variational autoencoder (mVAE) models, used to perform the Digital
Avatar Analysis, once they are trained.

Multimodal (or multiview) VAEs are extensions of the well-established VAE [15] that allows joint integration and
reconstruction of two or more views. These two VAE models are themselves derived from AEs which attempt to find
a compressed representation that contains as much information as possible about the input data. They are based on
the assumption that the input data can be generated from a lower dimensional space [93]. AEs have been extensively
studied [94] and used in various applications such as medical image segmentation [95]. In the variational version of
an AE, the main idea is to learn a probability distribution over the low dimensional latent space. Finally, multimodal
VAEs allow the construction of view-specific and shared latent spaces via the different modeling schemes. This is of
great interest in medicine, for example to separate common sources of variability from disease-specific one [8, 9, 10].

The selected model

Let x = {x1,...,2x} be an observation of K views, where each xj can have different dimensions J;. We as-
sume that their exist K + 1 latent variables underlying the data generation process, one latent variable specific to
each view, and one joint, expressing the shared variability across views. The general form of the latent variables is
{z,21,..+, 2k, ..., 2K } With z denoting the d-dimensional latent variable shared by all xy, and zj, the view-specific
dj-dimensional latent variables. We assume the following generative process for the observation set:

z ~p(2)
2z ~ p(zk)
Tk NP0($k|Z,Zk;)

where p(z), p(zx) are prior distributions for the latent variables and pg(zy|z, z) is a likelihood distribution of the
observations conditioned on the latent variable. The generative process pg () is approximated by its Evidence Lower
Bound (ELBO) . The bottleneck of this approximation problem comes to computing the posterior py(z, zi|x). A first
usual assumption about py(z|x) considers that it contains all the shared information between the views, and we can
write po(z, zk|x) = po(z|z) X pe(zk|xr). Other assumptions are needed since these posteriors are not analytically
tractable. The posterior distributions are classically approximated by parametrised distributions g, (z|z) (the so-called
joint variational posterior) and g, (25 |2 ) respectively.

State-of-the-art models solve this problem with different ways of modeling the joint variational posterior distribution
¢4 (z|z). These approaches compose g4 (z|x) using the Gaussian experts g4 (z|xy) unimodal posteriors, which may
be combined in various ways. In Product of Experts (PoE) approach [8], g4(z|x) is defined as a product of individ-
ual Gaussian experts, assuming the conditional independence of the experts, hence remains Gaussian. The product
operator used in PoE may dampen the specific variability of a given block described by gaussian unimodal posterior,
and other work proposes to model [9] g4(z|x) using a Mixture of Experts (MoE), assuming each unimodal experts
contributes equally to the joint posterior. MoPoE approaches defines gg4(z|z) as a Mixture of Product of Experts.
Each product of experts is computed over the different subsets of views [10]. We use the latter strategy, referred to as
MoPoE-VAE, as it is a generalisation of the two previous approaches. Each strategy has different ways of handling
missing views, that may differ between train and test time. The MoPoE-VAE simply uses the subsets of available views
for each observation. As regards to the unimodal posteriors g4 (25| ), we classically use Gaussian distributions.

The MoPoE-VAE optimises a generalised multimodal ELBO objective for learning view-specific and a joint distribu-
tion of multiple views x with potential missing data, defined as:

K
LMoPoE(gv ®; :L') = Z Eq¢(z,zk|x) [log(pg(mk|z, Zk)]
k=1
K
1 -
— > Dkr (go(2klzi)lIpo(2k)) — Dicr oK > o2l [Ipe(2)
k=1 2y EP(a)

=44 (2|7)

There are 2X different subsets contained in the powerset P(x), and gy (z|x,) = Hwke% ¢s(z|zk) is the product of
Gaussian expert posteriors g4 (z|xy), defined for the subset of views in x,,.
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These formulae show our specific implementation of the MoPoE-VAE which handles multi-views by modelling view-
specific latent space posterior distributions, and a joint posterior distribution shared between views as a mixture of
the products of their marginal posteriors (experts). This implementation differs from the one benchmarked in [21, 96]
which consider only one joint latent (MoPoE-VAE with its initial formulation [10]). These benchmarks also favor the
generative abilities when we essentially consider its representation space in our intrepretation framework.

Model specification and training

In our work, the encoders with parameters ¢ are each defined as multilayer perceptrons (MLPs), each with one hidden
layer of 256 units and a ReLU activation. The decoders with parameters 6 are linear (a single fully connected layer).
Note that every decoder has a learnable variance parameter for each reconstructed feature that does not depend on
the input observation. This allows the decoders to learn a population-level variability. To handle inputs of different
sizes, the dimensions of the view-specific latent spaces were set individually. Based on a previous study [97], we
chose decrr = 1 and dro; = 20. Defining the dimension of the shared latent space jointly with the dimensions
(J1,...,JK) of the input views seems to be a reasonable criterion, we use the following rule:

d < i J —d
e o Uk = i}

To spread the variability of the observations across the view-specific and shared latent representations, we choose
d = 3. All data are z-scored before being fed into the network. The model is trained with an Adam optimisation, an
initial learning rate of 2 x 103 and a batch size of 256.
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Supplemental S2 Representational Similarity Analysis

Assessing model quality in an unsupervised setting remains an open issue. To investigate the learned latent represen-
tations, we derive a Representational Similarity Analysis (RSA) [47] between these representations and some target
measures on subjects (in our case clinical scores). Note that the considered seven scores are correlated (see Fig. S2-
1). We compute the subject-pairwise dissimilarity matrices in the latent space (modality-specific and joint) using the
euclidean distance. We derive the same subject-pairwise dissimilarity matrices for the target measures. Finally, the
Kendall rank correlation coefficient (Kendall 7) enables the comparison of these dissimilarity matrices emphasising
the captured information. RSA is used twice in the present work. First we use it as a component of our framework to
weight the contribution of a model when aggregating its extracted associations in the regularised digital avatar analysis
(r-DAA) (see Section 2.3 and Alg. Supplemental S5.2). Second we consider it to evaluate the information contained
in the different latent representations (see Section 3.1).

Model quality scoring used in r-DAA

We hypothesise that the latent representations of a good model to understand eCRF symptom scores should contain
some amount of symptoms-related variability. We evaluate each trained MoPoE-VAE using RSA output Kendall 7
between the model’s joint latent space and each eCRF score (7,), defined as T = (74,..., 7)) € [~1,1] 51, For each

of the ng models, we use it’s average Kendall 7 = ﬁ Z‘i‘l 7, across eCRF scores as its quality score, used to weight

the aggregation function in the ensembling of the ng corresponding DAAs (see section 2.3). This is detailed in the
Alg. Supplemental S5.2 as well.

Assessing the latent representation spaces with RSA

We report in Table 1 aggregated results from RSAs applied to each split and corresponding models. We report the
average N x ng Kendall 7 between each different measure and latent space. In the table we report the significance of
these correlations. We compute it by considering the p-values of the Kendall 7 statistics (corresponding to the rejection
of the null hypothesis). We correct them for multiple testing using the Hommel [98] correction for multiple dependent
tests and multiple independent test using Bonferroni. Then we consider the median of the corrected p-values. We
chose the value of 1% for the significance threshold.
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Figure S2-1: Correlations between the 7 eCRF scores.
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Supplemental S3 Digital Avatar Analysis
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Figure S3-1: Illustration of the DAA interpretation framework in a clinical cohort setting with two modalities: imaging
data and clinical questionnaires. First, the inference flow estimates output distributions via sampling in the latent space
(blue arrows). Then, the simulation flow generates realistic perturbed samples of the view we want to study against the
questionnaires and infer digital avatars through the model (yellow arrows). Finally, meaningful inter-view associations
are inspected using hierarchical linear regressions (red arrows).
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Supplemental S4 Detailed graphical abstract
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Figure S4-1: Illustration of the interpretation framework based on DAA. In (a) the multi-view dataset is split account-
ing for missing data. For each split, the complete data is divided N times (plain orange, dotted orange) in order to
form a training set (adding the incomplete data) and L left-out subjects. A r-DAA is conducted on each split (blue
box) by retraining ng times a MoPoE-VAE, and conducting the DAA on the left-out subjects (blue dotted box). By
subsequently using ensembling in (d), we identify stable associations from ng DAAs association matrices 3 using an
aggregation function f and a decision function g. In (e), from the generated N binary decision support, a stability
selection procedure is used to retain associations with stability path IT > my,.
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Supplemental S5 Algorithm pseudocodes
We display below the pseudocode of the two procedures developed for our association discovery pipeline, relying on

r-DAA and stability selection. At line 11, for the weights, we either use 1 (quality is assumed to be uniformly correct)
or to the Kendall 7 coefficients (see Alg. Supplemental S5.2 for details on their computation).

Supplemental S5.1 Finding associations with a non-weighted or weighted r-DAA (DAA + ensembling)

Algorithm 1 Finding associations with a non-weighted or weighted r-DAA
Input R: a set of ROIs
M a set of metrics
S': a set of eCRF scores
X alist containing train/left-out subjects splits.

1. p < |R| x| M] |5 > num of features
2 ng < 20 > num of models
3 N <100 > num of splits
4 Ngelect — 12 > num of sel assocs
5. T <— 0.4 > stability path thr
¢ forje{1,...,N} do
7: T T o — X ] > a random split
8 forke{l,...,ng}do
o Fita MoPoEY model on z . using init random weights 6"
(a) DAA 10: Compute the DAA association weights ﬂi € R? on xféftfom
11 Compute weights a;, € R assessing the model quality > 1 or coefs as Supplemental S5.2
12: end for A
13: B+ | {,,ﬂﬁm}
14: ol —lod, ..., ]
15: al — =t—al > norm the weights
Zk 0{17@ (=
16: Select an aggregation function f
17: f < weighted mean operator > we chose one for simplicity
5. Compute aggregated scores f(37,a’) € RP
19: AT f(B7,ad)
20: Compute decision support g(A7) € {0, 1} by selecting the top nelect associations
21: ST+ g(AT)
22: end for
23: Compute the selection probability of each feature [I"Z € RP
(c) stability 2: II"e «— % Z;’V:I S (ng) > function of ng
selection 2s: Compute stable association wrt. the number of models ng
26: Gstable o max 11" > my,} > stable associations
ng€{l,...,20}
Output Sstable
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Supplemental S5.2

Computing the coefficients to weight the model assocations using RSA Kendall
correlations

Algorithm 2 Computing the coefficients to weight the model assocations

Input xf;ft_out: the left-out subjects of split j ‘
MoPoE)]: atrained model k on the z;, . set
S: a set of eCRF scores

v L | ol o > num of left-out subj

2 2 ¢ MoPoE] (2l o) € REX4 > joint latent d-dim reps
3 Compute the pairwise joint latent dissimilarity matrix C;, € RExE

4 Cy < [z — 2|3 for (m,n) € {1,...,L}?] € REXE > pairwise [ dist

s: for s € S do

& Compute the pairwise eCRF score dissimilarity matrix S* € RE*L

7. 5%« [||s™ — s™|13 for (m,n) € {1,...,L}?] € REXE

.  Compute the associated Kendall 7"* € R between C}, and S*

9. end for

. Average the obtained Kendall T;;’S € R across the eCRF scores

J 1 J»s
T € T3] 2uses Th

Output 73
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Supplemental S6 Additional stability plots
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Figure S6-1: Investigation of the ROIs associated with SDQ-ha in area. Dotted black lines are not selected by the
stability selection procedure (using a threshold 7y, = 0.4, represented by a red horizontal dotted line in (c)) when
using the RSA weighted mean as an aggregation function. The selected ROIs are coloured consistently across the
three plots. The three plots displays (a) the mean coefficients aggregated across models for a given split, (b) the ROIs
stability paths II when using a mean operator to aggregate the DAA coefficients, and (c) the ROIs stability paths
II when using a RSA weighted mean operator to aggregate the DAA coefficients against the number of ensembling

models ng.
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Supplemental S7 The retained brain-behaviour associations for each score-metric pair

Supplemental_table.xlsx lists the retained associations for each score-metric pair. The following notations are used:
L: left, R: right, S: sulcus, G: gyrus, Lat: lateral, Ci: cingul, Pa: parietal, Ce: central, Oc: occipital, Te: temporal, Fr:
front, Orb: orbital, Ins: insula, Post: posterior, Mid: middle, Ant: anterior, Med: medial, Sup: superior, Inf: inferior,
Ventr: ventral, Dors: dorsal, PostCe: postcentral, PreCe: precentral, ParaCe: paracentral, PeriCal: pericallosal, Marg:
marginal, Pl: plan, Tri: triangular, Circ: circular, Supr: supramarginal, Ang: angular, PH: parahippocampal, SubPa:
subparietal, Transv: transverse, FrPole: frontopolar, Pola: polar, SubCal: subcallosal, St: short, Fis: fissure, Olfact:
olfactory, Rect: rectus, Precu: precuneus, FrMag: fronto-marginal, FrMarg: frontomargin, Inter: intermedius, Li:
lingual, Jens: Jensen, Vert: vertical, Prim: primus.
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Data availability

The data is accessible at https://zenodo.org/records/10987604, but requires prior authorisation. The data
used to prepare this manuscript originate from Healthy Brain Network (HBN) cohort established by the Child Mind
Institute (Project: https://healthybrainnetwork.org/, data portal: https://fcon_1000.projects.nitrc.
org/indi/cmi_healthy_brain_network)

Code availability

The code to reproduce the experiments and results is made publicly available at https://zenodo.org/records/
10987502.

Acknowledgements

The authors would like to gratefully thank Benoit Dufumier and Raphael Vock for reviewing the manuscript and
providing their thoughts on how to improve it.

Author Contributions

C.A., V.E and A.G. designed the experiments, C.A. conducted the experiments, V.F. and A.G. provided critical feed-
back, V.F. supervised the project, A.G. pre-processed the data, C.A., V.F. and A.G. wrote the manuscript, C.A., V.F,,
A.G. and J.H. reviewed and edited the manuscript. All authors have read and agreed to the submitted version of the
manuscript.

Competing interests

The other authors declare no conflict of interest

References

[1] L. M. Williams, “Special report: Precision psychiatry—are we getting closer?,” 2022.

[2] (American Psychiatric Association). A.P.A., Diagnostic and statistical manual of mental disorders : DSM-5.
Washington, DC: American Psychiatric Publishing, a division of American Psychiatric Association, 5Sth edi-
tion. ed., 2013.

[3] D. Stoyanov, D. Telles-Correia, and B. N. Cuthbert, “The research domain criteria (RDoC) and the historical
roots of psychopathology: A viewpoint,” European Psychiatry, vol. 57, pp. 58-60, 2019.

[4] T. Insel et al., “Research domain criteria (RDoC): toward a new classification framework for research on mental
disorders,” Am J Psychiatry, vol. 167, pp. 748751, July 2010.

[5] P. Fusar-Poli, M. Solmi, N. Brondino, C. Davies, C. Chae, P. Politi, S. Borgwardt, S. M. Lawrie, J. Parnas, and
P. McGuire, “Transdiagnostic psychiatry: a systematic review,” World Psychiatry, vol. 18, no. 2, pp. 192-207,
2019.

[6] A. Caspi, R. M. Houts, D. W. Belsky, S. J. Goldman-Mellor, H. Harrington, S. Israel, M. H. Meier, S. Ramrakha,
L. Shalev, R. Poulton, and T. E. Moffitt, “The p factor: One general psychopathology factor in the structure of
psychiatric disorders?,” Clinical Psychological Science, vol. 2, no. 2, pp. 119-137, 2014. PMID: 25360393.

[7] A. Caspi, R. M. Houts, H. L. Fisher, A. Danese, and T. E. Moffitt, “The general factor of psychopathology (p):
Choosing among competing models and interpreting p,” Clinical Psychological Science, vol. 12, no. 1, pp. 53-82,
2023. Publisher: SAGE Publications Inc.

[8] M. Wu and N. Goodman, “Multimodal generative models for scalable weakly-supervised learning,” in Advances
in Neural Information Processing Systems (S. Bengio, H. Wallach, H. Larochelle, K. Grauman, N. Cesa-Bianchi,
and R. Garnett, eds.), vol. 31, Curran Associates, Inc., 2018.

[9] Y. Shi et al., “Variational mixture-of-experts autoencoders for multi-modal deep generative models,” in Advances
in Neural Information Processing Systems (H. Wallach, H. Larochelle, A. Beygelzimer, F. d'Alché-Buc, E. Fox,
and R. Garnett, eds.), vol. 32, Curran Associates, Inc., 2019.

14


https://zenodo.org/records/10987604
https://healthybrainnetwork.org/
https://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network
https://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network
https://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network
https://zenodo.org/records/10987502
https://zenodo.org/records/10987502
https://zenodo.org/records/10987502

PREPRINT

[10] T. Sutter et al., “Generalized multimodal ELBO,” in 9th International Conference on Learning Representations,
ICLR 2021, Virtual Event, Austria, May 3-7, 2021, OpenReview.net, 2021.

[11] T. Baltrusaitis, C. Ahuja, and L.-P. Morency, “Multimodal Machine Learning: A Survey and Taxonomy,” IEEE
Transactions on Pattern Analysis and Machine Intelligence, vol. 41, pp. 423-443, Feb. 2019. Conference Name:
IEEE Transactions on Pattern Analysis and Machine Intelligence.

[12] M. A. Rahaman, Y. Garg, A. Iraji, Z. Fu, J. Chen, and V. Calhoun, “Two-dimensional attentive fusion for multi-
modal learning of neuroimaging and genomics data,” in 2022 IEEE 32nd International Workshop on Machine
Learning for Signal Processing (MLSP), pp. 1-6, IEEE, 2022.

[13] Y. Wang, W. Huang, F. Sun, T. Xu, Y. Rong, and J. Huang, “Deep multimodal fusion by channel exchanging,”
in Advances in Neural Information Processing Systems (H. Larochelle, M. Ranzato, R. Hadsell, M. Balcan, and
H. Lin, eds.), vol. 33, pp. 4835-4845, Curran Associates, Inc., 2020.

[14] M. A. Rahaman, J. Chen, Z. Fu, N. Lewis, A. Iraji, T. G. M. van Erp, and V. D. Calhoun, “Deep multimodal
predictome for studying mental disorders,” Human Brain Mapping, vol. 44, no. 2, pp. 509-522, 2023. _eprint:
https://onlinelibrary.wiley.com/doi/pdf/10.1002/hbm.26077.

[15] D.P. Kingma and M. Welling, “Auto-encoding variational bayes,” in 2nd International Conference on Learning
Representations, ICLR 2014, Banff, AB, Canada, April 14-16, 2014, Conference Track Proceedings (Y. Bengio
and Y. LeCun, eds.), 2014.

[16] W. Wang, X. Yan, H. Lee, and K. Livescu, “Deep Variational Canonical Correlation Analysis,” arXiv:1610.03454
[cs], Feb. 2017. arXiv: 1610.03454.

[17] M. Lee and V. Pavlovic, ‘“Private-Shared Disentangled Multimodal VAE for Learning of Latent Representations,”
in CVPR, pp. 1692-1700, 2021.

[18] D. P. Kingma et al., “Semi-supervised learning with deep generative models,” in Advances in Neural Informa-
tion Processing Systems 27: Annual Conference on Neural Information Processing Systems 2014, December
8-13 2014, Montreal, Quebec, Canada (Z. Ghahramani, M. Welling, C. Cortes, N. D. Lawrence, and K. Q.
Weinberger, eds.), pp. 3581-3589, 2014.

[19] M. Suzuki, K. Nakayama, and Y. Matsuo, “Joint multimodal learning with deep generative models,” in 5th In-
ternational Conference on Learning Representations, ICLR 2017, Toulon, France, April 24-26, 2017, Workshop
Track Proceedings, OpenReview.net, 2017.

[20] L. Antelmi et al., “Sparse multi-channel variational autoencoder for the joint analysis of heterogeneous data,”
in Proceedings of the 36th International Conference on Machine Learning (K. Chaudhuri and R. Salakhutdinov,
eds.), vol. 97 of Proceedings of Machine Learning Research, pp. 302-311, PMLR, 09-15 Jun 2019.

[21] 1. Daunhawer, T. M. Sutter, K. Chin-Cheong, E. Palumbo, and J. E. Vogt, “On the limitations of multimodal
vaes,” in The Tenth International Conference on Learning Representations, ICLR 2022, Virtual Event, April
25-29, 2022, OpenReview.net, 2022.

[22] 1. Daunhawer, T. M. Sutter, R. MarcinkeviCs, and J. E. Vogt, “Self-supervised Disentanglement of Modality-
Specific and Shared Factors Improves Multimodal Generative Models,” in Pattern Recognition (Z. Akata,
A. Geiger, and T. Sattler, eds.), vol. 12544, pp. 459-473, Cham: Springer International Publishing, 2021. Series
Title: Lecture Notes in Computer Science.

[23] E. Palumbo, I. Daunhawer, and J. E. Vogt, “MMVAE+: Enhancing the Generative Quality of Multimodal VAEs
without Compromises,” in /ICLR, Mar. 2022.

[24] C. Ambroise, A. Grigis, E. Duchesnay, and V. Frouin, “Multi-view variational autoencoders allow for inter-
pretability leveraging digital avatars: Application to the hbn cohort,” in 2023 IEEE 20th International Symposium
on Biomedical Imaging (ISBI), pp. 1-5, 2023.

[25] A. Kendall and Y. Gal, “What uncertainties do we need in bayesian deep learning for computer vision?,” in
Advances in Neural Information Processing Systems (1. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus,
S. Vishwanathan, and R. Garnett, eds.), vol. 30, Curran Associates, Inc., 2017.

[26] P. K. Gyawali, X. Liu, J. Zou, and Z. He, “Ensembling improves stability and power of feature selection for
deep learning models,” in Proceedings of the 17th Machine Learning in Computational Biology meeting (D. A.
Knowles, S. Mostafavi, and S.-1. Lee, eds.), vol. 200 of Proceedings of Machine Learning Research, pp. 33—45,
PMLR, 21-22 Nov 2022.

[27] S. Petiton, A. Grigis, B. Dufumier, and E. Duchesnay, “How and why does deep ensemble coupled with transfer
learning increase performance in bipolar disorder and schizophrenia classification?,” in ISBI, 2024.

15



PREPRINT

[28] J. S. Labus, J. D. Van Horn, A. Gupta, M. Alaverdyan, C. Torgerson, C. Ashe-McNalley, A. Irimia, J.-Y. Hong,
B. Naliboff, K. Tillisch, and E. A. Mayer, “Multivariate morphological brain signatures predict patients with
chronic abdominal pain from healthy control subjects,” PAIN, vol. 156, no. 8, 2015.

[29] L. Baldassarre, M. Pontil, and J. Mourao-Miranda, “Sparsity is better with stability: Combining accuracy and
stability for model selection in brain decoding,” Frontiers in Neuroscience, vol. 11, 2017.

[30] A.Ing, P. G. Simann, C. Chu, N. Tay, F. Biondo, G. Robert, T. Jia, T. Wolfers, S. Desrivieres, T. Banaschewski,
A. L. W. Bokde, U. Bromberg, C. Biichel, P. Conrod, T. Fadai, H. Flor, V. Frouin, H. Garavan, P. A. Spechler,
P. Gowland, Y. Grimmer, A. Heinz, B. Ittermann, V. Kappel, J.-L. Martinot, A. Meyer-Lindenberg, S. Millenet,
F. Nees, B. van Noort, D. P. Orfanos, M.-L. P. Martinot, J. Penttild, L. Poustka, E. B. Quinlan, M. N. Smolka,
A. Stringaris, M. Struve, I. M. Veer, H. Walter, R. Whelan, O. A. Andreassen, 1. Agartz, H. Lemaitre, E. D.
Barker, J. Ashburner, E. Binder, J. Buitelaar, A. Marquand, T. W. Robbins, G. Schumann, and IMAGEN Consor-
tium, “Identification of neurobehavioural symptom groups based on shared brain mechanisms,” Nature Human
Behaviour, vol. 3, pp. 1306-1318, Dec. 2019.

[31] A. Mihalik, F. S. Ferreira, M. Moutoussis, G. Ziegler, R. A. Adams, M. J. Rosa, G. Prabhu, L. de Oliveira,
M. Pereira, E. T. Bullmore, P. Fonagy, I. M. Goodyer, P. B. Jones, T. Hauser, S. Neufeld, R. Romero-Garcia,
M. St Clair, P. E. VAT'rtes, K. Whitaker, B. Inkster, C. Ooi, U. Toseeb, B. Widmer, J. Bhatti, L. Villis, A. Alru-
maithi, S. Birt, A. Bowler, K. Cleridou, H. Dadabhoy, E. Davies, A. Firkins, S. Granville, E. Harding, A. Hopkins,
D. Isaacs, J. King, D. Kokorikou, C. Maurice, C. McIntosh, J. Memarzia, H. Mills, C. O’Donnell, S. Pantaleone,
J. Scott, P. Fearon, J. Suckling, A.-L. van Harmelen, R. Kievit, J. Shawe-Taylor, R. Dolan, and J. Mourio-
Miranda, “Multiple holdouts with stability: Improving the generalizability of machine learning analyses of
brain-behavior relationships,” Biological Psychiatry, vol. 87, no. 4, pp. 368-376, 2020. Innovations in Clini-
cal Neuroscience: Tools, Techniques, and Transformative Frameworks.

[32] K. L. Cao, S. Boitard, and P. Besse, “Sparse PLS discriminant analysis: biologically relevant feature selection
and graphical displays for multiclass problems,” BMC Bioinform., vol. 12, p. 253, 2011.

[33] M. Helmer, S. Warrington, A.-R. Mohammadi-Nejad, J. L. Ji, A. Howell, B. Rosand, A. Anticevic, S. N.
Sotiropoulos, and J. D. Murray, “On the stability of canonical correlation analysis and partial least squares with
application to brain-behavior associations,” Communications Biology, vol. 7, p. 217, Feb. 2024.

[34] Q. Yang, X. Zhang, Y. Song, F. Liu, W. Qin, C. Yu, and M. Liang, “Stability test of canonical correlation analysis

for studying brain-behavior relationships: The effects of subject-to-variable ratios and correlation strengths,”
Human Brain Mapping, vol. 42, no. 8, pp. 2374-2392, 2021.

[35] H. Nakua, J.-C. Yu, H. Abdi, C. Hawco, A. Voineskos, S. Hill, M.-C. Lai, A. L. Wheeler, A. R. McIntosh, and
S. H. Ameis, “Comparing the stability and reproducibility of brain-behaviour relationships found using canonical
correlation analysis and partial least squares within the ABCD sample,” bioRxivorg, Mar. 2023.

[36] S. Vieira, T. A. W. Bolton, M. Schéttner, L. Baecker, A. Marquand, A. Mechelli, and P. Hagmann, “Multivariate
brain-behaviour associations in psychiatric disorders,” Translational Psychiatry, vol. 14, p. 231, Jun 2024.

[37] N. Meinshausen and P. Bithlmann, “Stability selection,” Journal of the Royal Statistical Society Series B: Statis-
tical Methodology, vol. 72, no. 4, pp. 417-473, 2010.

[38] L. M. Alexander et al., “An open resource for transdiagnostic research in pediatric mental health and learning
disorders,” Scientific Data, vol. 4, p. 170181, Dec 2017.

[39] A. Mihailov, C. Philippe, A. Gloaguen, A. Grigis, C. Laidi, C. Piguet, J. Houenou, and V. Frouin, “Cortical sig-
natures in behaviorally clustered autistic traits subgroups: a population-based study,” Transl. Psychiatry, vol. 10,
p- 207, June 2020.

[40] A. M. Dale et al., “Cortical surface-based analysis: 1. segmentation and surface reconstruction,” Neurolmage,
vol. 9, no. 2, pp. 179-194, 1999.

[41] A.F G. Rosen, D. R. Roalf, K. Ruparel, J. Blake, K. Seelaus, L. P. Villa, R. Ciric, P. A. Cook, C. Davatzikos,
M. A. Elliott, A. Garcia de La Garza, E. D. Gennatas, M. Quarmley, J. E. Schmitt, R. T. Shinohara, M. D.
Tisdall, R. C. Craddock, R. E. Gur, R. C. Gur, and T. D. Satterthwaite, “Quantitative assessment of structural
image quality,” Neuroimage, vol. 169, pp. 407418, Apr. 2018.

[42] C. Destrieux et al., “Automatic parcellation of human cortical gyri and sulci using standard anatomical nomen-
clature,” Neurolmage, vol. 53, no. 1, pp. 1-15, 2010.

[43] A. Bryk and S. Raudenbush, Hierarchical Linear Models: Applications and Data Analysis Methods. Advanced
Quantitative Techniques in the Social Sciences, SAGE Publications, 1992.

[44] A. D. Kiureghian and O. Ditlevsen, “Aleatory or epistemic? does it matter?,” Structural Safety, vol. 31, no. 2,
pp- 105-112, 2009. Risk Acceptance and Risk Communication.

16



PREPRINT

[45] Y. Gal and Z. Ghahramani, “Dropout as a bayesian approximation: Representing model uncertainty in deep learn-
ing,” in Proceedings of The 33rd International Conference on Machine Learning (M. F. Balcan and K. Q. Wein-
berger, eds.), vol. 48 of Proceedings of Machine Learning Research, (New York, New York, USA), pp. 1050-
1059, PMLR, 20-22 Jun 2016.

[46] B. Lakshminarayanan, A. Pritzel, and C. Blundell, “Simple and scalable predictive uncertainty estimation using
deep ensembles,” in Advances in Neural Information Processing Systems (1. Guyon, U. V. Luxburg, S. Bengio,
H. Wallach, R. Fergus, S. Vishwanathan, and R. Garnett, eds.), vol. 30, Curran Associates, Inc., 2017.

[47] N. Kriegeskorte et al., “Representational similarity analysis - connecting the branches of systems neuroscience,”
Frontiers in Systems Neuroscience, vol. 2, 2008.

[48] K. Sechidis et al., “On the stratification of multi-label data,” in Joint European Conference on Machine Learning
and Knowledge Discovery in Databases, pp. 145-158, Springer, 2011.

[49] J. N. Constantino, S. A. Davis, R. D. Todd, M. K. Schindler, M. M. Gross, S. L. Brophy, L. M. Metzger, C. S.
Shoushtari, R. Splinter, and W. Reich, “Validation of a brief quantitative measure of autistic traits: comparison
of the social responsiveness scale with the autism diagnostic interview-revised,” J. Autism Dev. Disord., vol. 33,
no. 4, pp. 427-433, 2003.

[50] A. Di Martino, C.-G. Yan, Q. Li, E. Denio, F. X. Castellanos, K. Alaerts, J. S. Anderson, M. Assaf, S. Y.
Bookheimer, M. Dapretto, B. Deen, S. Delmonte, 1. Dinstein, B. Ertl-Wagner, D. A. Fair, L. Gallagher, D. P.
Kennedy, C. L. Keown, C. Keysers, J. E. Lainhart, C. Lord, B. Luna, V. Menon, N. J. Minshew, C. S. Monk,
S. Mueller, R.-A. MAijller, M. B. Nebel, J. T. Nigg, K. O’Hearn, K. A. Pelphrey, S. J. Peltier, J. D. Rudie,
S. Sunaert, M. Thioux, J. M. Tyszka, L. Q. Uddin, J. S. Verhoeven, N. Wenderoth, J. L. Wiggins, S. H. Mostofsky,
and M. P. Milham, “The autism brain imaging data exchange: towards a large-scale evaluation of the intrinsic
brain architecture in autism,” Molecular Psychiatry, vol. 19, no. 6, pp. 659-667, 2014.

[51] E. Loth, T. Charman, L. Mason, J. Tillmann, E. J. Jones, C. Wooldridge, J. Ahmad, B. Auyeung, C. Brogna,
S. Ambrosino, T. Banaschewski, S. Baron-Cohen, S. Baumeister, C. Beckmann, M. Brammer, D. Brandeis,
S. BAdlte, T. Bourgeron, C. Bours, Y. De Bruijn, B. Chakrabarti, D. Crawley, 1. Cornelissen, F. D. Acqua,
G. Dumas, S. Durston, C. Ecker, J. Faulkner, V. Frouin, P. Garces, D. Goyard, H. Hayward, L. M. Ham, J. Hipp,
R. J. Holt, M. H. Johnson, J. Isaksson, P. Kundu, M. C. Lai, X. L. D’Ardhuy, M. V. Lombardo, D. J. Lythgoe,
R. Mandl, A. Meyer-Lindenberg, C. Moessnang, N. Mueller, L. O’Dwyer, M. Oldehinkel, B. Oranje, G. Pandina,
A. M. Persico, A. N. Ruigrok, B. Ruggeri, J. Sabet, R. Sacco, A. S. J. CAaceres, E. Simonoff, R. Toro, H. Tost,
J. Waldman, S. C. Williams, M. P. Zwiers, W. Spooren, D. G. Murphy, and J. K. Buitelaar, “The EU-AIMS
longitudinal european autism project (LEAP): Design and methodologies to identify and validate stratification
biomarkers for autism spectrum disorders,” Molecular Autism, vol. 8, no. 1, pp. 24-24, 2017.

[52] R. Goodman, “The strengths and difficulties questionnaire: A research note,” Journal of Child Psychology and
Psychiatry, vol. 38, no. 5, pp. 581-586, 1997.

[53] L. Qiu, L. Lin, and V. M. Chinchilli, “Variational Interpretable Learning from Multi-view Data,” Mar. 2022.
arXiv:2202.13503 [cs, stat].

[54] E. T. Klapwijk, W. van den Bos, C. K. Tamnes, N. M. Raschle, and K. L. Mills, “Opportunities for increased re-
producibility and replicability of developmental neuroimaging,” Developmental Cognitive Neuroscience, vol. 47,
p- 100902, 2021.

[55] S. Marek, B. Tervo-Clemmens, F. J. Calabro, D. F. Montez, B. P. Kay, A. S. Hatoum, M. R. Donohue, W. Foran,
R. L. Miller, T. J. Hendrickson, S. M. Malone, S. Kandala, E. Feczko, O. Miranda-Dominguez, A. M. Graham,
E. A. Earl, A. J. Perrone, M. Cordova, O. Doyle, L. A. Moore, G. M. Conan, J. Uriarte, K. Snider, B. J. Lynch,
J. C. Wilgenbusch, T. Pengo, A. Tam, J. Chen, D. J. Newbold, A. Zheng, N. A. Seider, A. N. Van, A. Metoki,
R.J. Chauvin, T. O. Laumann, D. J. Greene, S. E. Petersen, H. Garavan, W. K. Thompson, T. E. Nichols, B. T. T.
Yeo, D. M. Barch, B. Luna, D. A. Fair, and N. U. F. Dosenbach, “Reproducible brain-wide association studies
require thousands of individuals,” Nature, vol. 603, pp. 654—660, Mar 2022.

[56] M. Goodkind, S. B. Eickhoff, D. J. Oathes, Y. Jiang, A. Chang, L. B. Jones-Hagata, B. N. Ortega, Y. V. Zaiko,
E. L. Roach, M. S. Korgaonkar, S. M. Grieve, 1. Galatzer-Levy, P. T. Fox, and A. Etkin, “Identification of a
Common Neurobiological Substrate for Mental Illness,” JAMA Psychiatry, vol. 72, pp. 305-315, 04 2015.

[57] B. A. Clementz, J. A. Sweeney, J. P. Hamm, E. L. Ivleva, L. E. Ethridge, G. D. Pearlson, M. S. Keshavan, and
C. A. Tamminga, “Identification of distinct psychosis biotypes using brain-based biomarkers,” American Journal
of Psychiatry, vol. 173, no. 4, pp. 373-384, 2016. PMID: 26651391.

[58] S. Yin, S.-J. Hong, A. Di Martino, M. P. Milham, B.-Y. Park, O. Benkarim, R. A. I. Bethlehem, B. C. Bernhardt,
and C. Paquola, “Shared and distinct patterns of atypical cortical morphometry in children with autism and
anxiety,” Cerebral Cortex, vol. 32, pp. 4565-4575, 01 2022.

17



PREPRINT

[59] L. Parkes, T. M. Moore, M. E. Calkins, P. A. Cook, M. Cieslak, D. R. Roalf, D. H. Wolf, R. C. Gur, R. E. Gur,
T. D. Satterthwaite, and D. S. Bassett, “Transdiagnostic dimensions of psychopathology explain individuals’

unique deviations from normative neurodevelopment in brain structure,” Translational Psychiatry, vol. 11, p. 232,
Apr 2021.

[60] A.L. Oblak, T. T. Gibbs, and G. J. Blatt, “Decreased gabab receptors in the cingulate cortex and fusiform gyrus
in autism,” Journal of Neurochemistry, vol. 114, no. 5, pp. 1414-1423, 2010.

[61] Y.-L. Chien, Y.-C. Chen, and S. S.-F. Gau, “Altered cingulate structures and the associations with social aware-
ness deficits and cntnap2 gene in autism spectrum disorder,” Neurolmage: Clinical, vol. 31, p. 102729, 2021.

[62] C.Ecker, C. M. Pretzsch, A. Bletsch, C. Mann, T. Schaefer, S. Ambrosino, J. Tillmann, A. Yousaf, A. Chiocchetti,
M. V. Lombardo, V. Warrier, N. Bast, C. Moessnang, S. Baumeister, F. Dell’ Acqua, D. L. Floris, M. Zabihi,
A. Marquand, F. Cliquet, C. Leblond, C. Moreau, N. Puts, T. Banaschewski, E. J. Jones, L. Mason, S. Bolte,
A. Meyer-Lindenberg, A. M. Persico, S. Durston, S. Baron-Cohen, W. Spooren, E. Loth, C. M. Freitag, T. Char-
man, G. Dumas, T. Bourgeron, C. F. Beckmann, J. K. Buitelaar, and D. G. Murphy, “Interindividual differences
in cortical thickness and their genomic underpinnings in autism spectrum disorder,” American Journal of Psychi-
atry, vol. 179, no. 3, pp. 242-254, 2022. PMID: 34503340.

[63] F. Amico, J. Stauber, N. Koutsouleris, and T. Frodl, “Anterior cingulate cortex gray matter abnormalities in
adults with attention deficit hyperactivity disorder: A voxel-based morphometry study,” Psychiatry Research:
Neuroimaging, vol. 191, no. 1, pp. 31-35, 2011.

[64] N. He, F. Li, Y. Li, L. Guo, L. Chen, X. Huang, S. Lui, and Q. Gong, “Neuroanatomical deficits correlate
with executive dysfunction in boys with attention deficit hyperactivity disorder,” Neuroscience Letters, vol. 600,
pp- 45-49, 2015.

[65] F.Bayard, C. Nymberg Thunell, C. Abé, R. Almeida, T. Banaschewski, G. Barker, A. L. W. Bokde, U. Bromberg,
C. Biichel, E. B. Quinlan, S. Desrivieres, H. Flor, V. Frouin, H. Garavan, P. Gowland, A. Heinz, B. Ittermann,
J.-L. Martinot, M.-L. P. Martinot, F. Nees, D. P. Orfanos, T. Paus, L. Poustka, P. Conrod, A. Stringaris, M. Struve,
J. Penttild, V. Kappel, Y. Grimmer, T. Fadai, B. van Noort, M. N. Smolka, N. C. Vetter, H. Walter, R. Whelan,
G. Schumann, P. Petrovic, and the IMAGEN Consortium, “Distinct brain structure and behavior related to adhd
and conduct disorder traits,” Molecular Psychiatry, vol. 25, pp. 3020-3033, Nov 2020.

[66] N.Rommelse, J. K. Buitelaar, and C. A. Hartman, “Structural brain imaging correlates of asd and adhd across the
lifespan: a hypothesis-generating review on developmental asd—adhd subtypes,” Journal of Neural Transmission,
vol. 124, pp. 259-271, Feb 2017.

[67] S. Lukito, L. Norman, C. Carlisi, J. Radua, H. Hart, E. Simonoff, and K. Rubia, “Comparative meta-analyses of
brain structural and functional abnormalities during cognitive control in attention-deficit/hyperactivity disorder
and autism spectrum disorder,” Psychological Medicine, vol. 50, pp. 894-919, Apr. 2020.

[68] A. L. Romer, A. R. Knodt, R. Houts, B. D. Brigidi, T. E. Moffitt, A. Caspi, and A. R. Hariri, “Structural alter-
ations within cerebellar circuitry are associated with general liability for common mental disorders,” Molecular
Psychiatry, vol. 23, pp. 1084—1090, Apr 2018.

[69] A.L.Romer, A. R. Knodt, M. L. Sison, D. Ireland, R. Houts, S. Ramrakha, R. Poulton, R. Keenan, T. R. Melzer,
T. E. Moffitt, A. Caspi, and A. R. Hariri, “Replicability of structural brain alterations associated with general psy-

chopathology: evidence from a population-representative birth cohort,” Molecular Psychiatry, vol. 26, pp. 3839—
3846, Aug 2021.

[70] A.L.Romer and D. A. Pizzagalli, “Associations between brain structural alterations, executive dysfunction, and
general psychopathology in a healthy and cross-diagnostic adult patient sample,” Biological Psychiatry Global
Open Science, vol. 2, no. 1, pp. 17-27, 2022.

[71] J. M. Sheffield, S. Kandala, C. A. Tamminga, G. D. Pearlson, M. S. Keshavan, J. A. Sweeney, B. A. Clementz,
D. B. Lerman-Sinkoff, S. K. Hill, and D. M. Barch, “Transdiagnostic Associations Between Functional Brain
Network Integrity and Cognition,” JAMA Psychiatry, vol. 74, pp. 605-613, 06 2017.

[72] Q. Gong, X. Hu, W. Pettersson-Yeo, S. Xin Xu, N. Crossley Karmelic, H. Min Wu, and A. Mechelli, “Network-
level dysconnectivity in drug-naive first-episode psychosis: Dissociating transdiagnostic and diagnosis-specific
alterations,” Neuropsychopharmacology, Nov. 2016.

[73] A. MacNamara, H. Klumpp, A. E. Kennedy, S. A. Langenecker, and K. L. Phan, “Transdiagnostic neural corre-
lates of affective face processing in anxiety and depression,” Depression and Anxiety, vol. 34, no. 7, pp. 621-631,
2017.

[74] M. L. Elliott, A. Romer, A. R. Knodt, and A. R. Hariri, “A connectome-wide functional signature of transdiag-

nostic risk for mental illness,” Biological Psychiatry, vol. 84, no. 6, pp. 452-459, 2018. Translating Biology to
Treatment in Schizophrenia.

18



PREPRINT

[75] K. Feldker, C. Y. Heitmann, P. Neumeister, S. V. Tupak, E. Schrammen, R. Moeck, P. Zwitserlood, M. Bruch-
mann, and T. Straube, “Transdiagnostic brain responses to disorder-related threat across four psychiatric disor-
ders,” Psychological Medicine, vol. 47, pp. 730-743, Mar. 2017.

[76] X. Tong, H. Xie, N. Carlisle, G. A. Fonzo, D. J. Oathes, J. Jiang, and Y. Zhang, “Transdiagnostic connectome
signatures from resting-state fmri predict individual-level intellectual capacity,” Translational Psychiatry, vol. 12,
p- 367, Sep 2022.

[77] G. Bush, J. A. Frazier, S. L. Rauch, L. J. Seidman, P. J. Whalen, M. A. Jenike, B. R. Rosen, and J. Bieder-
man, “Anterior cingulate cortex dysfunction in attention-deficit/hyperactivity disorder revealed by fmri and the
counting stroop,” Biological Psychiatry, vol. 45, no. 12, pp. 1542-1552, 1999.

[78] A.-M. D’Cruz, M. W. Mosconi, M. E. Ragozzino, E. H. Cook, and J. A. Sweeney, “Alterations in the functional
neural circuitry supporting flexible choice behavior in autism spectrum disorders,” Translational Psychiatry,
vol. 6, pp. €916—e916, Oct 2016.

[79] L. Stefanik, L. Erdman, S. H. Ameis, G. Foussias, B. H. Mulsant, T. Behdinan, A. Goldenberg, L. J. O’Donnell,
and A. N. Voineskos, “Brain-behavior participant similarity networks among youth and emerging adults with

schizophrenia spectrum, autism spectrum, or bipolar disorder and matched controls,” Neuropsychopharmacol-
ogy, vol. 43, pp. 1180-1188, Apr 2018.

[80] G. Bush, P. Luu, and M. 1. Posner, “Cognitive and emotional influences in anterior cingulate cortex,” Trends in
Cognitive Sciences, vol. 4, no. 6, pp. 215-222, 2000.

[81] B. A. Vogt, D. M. Finch, and C. R. Olson, “Functional Heterogeneity in Cingulate Cortex: The Anterior Execu-
tive and Posterior Evaluative Regions,” Cerebral Cortex, vol. 2, pp. 435-443, 11 1992.

[82] T. F. Denson, W. C. Pedersen, J. Ronquillo, and A. S. Nandy, “The Angry Brain: Neural Correlates of Anger,
Angry Rumination, and Aggressive Personality,” Journal of Cognitive Neuroscience, vol. 21, pp. 734-744, 04
20009.

[83] D. Najar, J. Dichev, and D. Stoyanov, “Towards new methodology for cross-validation of clinical evaluation
scales and functional MRI in psychiatry,” Journal of Clinical Medicine, vol. 13, no. 15, p. 4363, 2024.

[84] L. M. Oblong, A. Llera, T. Mei, K. Haak, C. Isakoglou, D. L. Floris, S. Durston, C. Moessnang, T. Banaschewski,
S. Baron-Cohen, E. Loth, F. Dell’Acqua, T. Charman, D. G. M. Murphy, C. Ecker, J. K. Buitelaar, C. F.
Beckmann, J. Ahmad, S. Ambrosino, B. Auyeung, T. Banaschewski, S. Baron-Cohen, S. Baumeister, C. F.
Beckmann, S. Bolte, T. Bourgeron, C. Bours, M. Brammer, D. Brandeis, C. Brogna, Y. de Bruijn, J. K. Buite-
laar, B. Chakrabarti, T. Charman, I. Cornelissen, D. Crawley, F. Dell’ Acqua, G. Dumas, S. Durston, C. Ecker,
J. Faulkner, V. Frouin, P. Garcés, D. Goyard, L. Ham, H. Hayward, J. Hipp, R. J. Holt, M. H. Johnson, E. J. H.
Jones, P. Kundu, M.-C. Lai, X. L. D’ardhuy, M. V. Lombardo, E. Loth, D. J. Lythgoe, R. Mandl, A. Mar-
quand, L. Mason, M. Mennes, A. Meyer-Lindenberg, C. Moessnang, N. Mueller, D. G. M. Murphy, B. Oakley,
L. O’Dwyer, M. Oldehinkel, B. Oranje, G. Pandina, A. M. Persico, J. Price, A. Rausch, B. Ruggeri, A. N. V.
Ruigrok, J. Sabet, R. Sacco, A. S. J. Céaceres, E. Simonoff, W. Spooren, J. Tillmann, R. Toro, H. Tost, J. Wald-
man, S. C. R. Williams, C. Wooldridge, 1. [lioska, T. Mei, M. P. Zwiers, N. J. Forde, and The EU-AIMS LEAP
Group, “Linking functional and structural brain organisation with behaviour in autism: a multimodal EU-AIMS
longitudinal european autism project (LEAP) study,” Molecular Autism, vol. 14, no. 1, p. 32, 2023.

[85] B. Glocker, R. Robinson, D. C. Castro, Q. Dou, and E. Konukoglu, “Machine learning with multi-site imaging
data: An empirical study on the impact of scanner effects,” 2019.

[86] C. Wachinger, A. Rieckmann, and S. Polsterl, “Detect and correct bias in multi-site neuroimaging datasets,”
Medical Image Analysis, vol. 67, p. 101879, 2021.

[87] B. Dufumier, P. Gori, S. Petiton, R. Louiset, J.-F. Mangin, A. Grigis, and E. Duchesnay, “Exploring the potential
of representation and transfer learning for anatomical neuroimaging: application to psychiatry.” working paper
or preprint, Feb. 2024.

[88] N. K. Dinsdale, M. Jenkinson, and A. I. Namburete, “Deep learning-based unlearning of dataset bias for mri
harmonisation and confound removal,” Neurolmage, vol. 228, p. 117689, 2021.

[89] V. M. Bashyam, J. Doshi, G. Erus, D. Srinivasan, A. Abdulkadir, A. Singh, M. Habes, Y. Fan, C. L. Masters,
P. Maruff, C. Zhuo, H. VAiilzke, S. C. Johnson, J. Fripp, N. Koutsouleris, T. D. Satterthwaite, D. H. Wolf, R. E.
Gur, R. C. Gur, J. C. Morris, M. S. Albert, H. J. Grabe, S. M. Resnick, N. R. Bryan, K. Wittfeld, R. BAijlow,
D. A. Wolk, H. Shou, I. M. Nasrallah, C. Davatzikos, and The iSTAGING and PHENOM consortia , “Deep
generative medical image harmonization for improving cross-site generalization in deep learning predictors,”
Journal of Magnetic Resonance Imaging, vol. 55, no. 3, pp. 908-916, 2022.

19



PREPRINT

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

B. Dufumier, A. Grigis, J. Victor, C. Ambroise, V. Frouin, and E. Duchesnay, “Openbhb: a large-scale multi-site
brain mri data-set for age prediction and debiasing,” Neurolmage, vol. 263, p. 119637, 2022.

B. J. Casey, T. Cannonier, M. L. Conley, A. O. Cohen, D. M. Barch, M. M. Heitzeg, M. E. Soules, T. Teslovich,
D. V. Dellarco, H. Garavan, C. A. Orr, T. D. Wager, M. T. Banich, N. K. Speer, M. T. Sutherland, M. C. Riedel,
A. S. Dick, J. M. Bjork, K. M. Thomas, B. Chaarani, M. H. Mejia, D. J. Hagler Jr., M. D. Cornejo, C. S. Sicat,
M. P. Harms, N. U. F. Dosenbach, M. Rosenberg, E. Earl, H. Bartsch, R. Watts, J. R. Polimeni, J. M. Kuperman,
D. A. Fair, and A. M. Dale, “The adolescent brain cognitive development (abcd) study: Imaging acquisition
across 21 sites.,” Developmental Cognitive Neuroscience, vol. 32, pp. 43-54, 2018.

N. R. Karcher and D. M. Barch, “The abcd study: understanding the development of risk for mental and physical
health outcomes,” Neuropsychopharmacology, vol. 46, pp. 131-142, Jan 2021.

M. A. Kramer, “Nonlinear principal component analysis using autoassociative neural networks,” Aiche Journal,
vol. 37, pp. 233-243, 1991.

P. Vincent, H. Larochelle, 1. Lajoie, Y. Bengio, and P. Manzagol, “Stacked denoising autoencoders: Learning
useful representations in a deep network with a local denoising criterion,” J. Mach. Learn. Res., vol. 11, pp. 3371—
3408, 2010.

O. Ronneberger, P. Fischer, and T. Brox, “U-net: Convolutional networks for biomedical image segmentation,”
in Medical Image Computing and Computer-Assisted Intervention — MICCAI 2015, pp. 234-241, 2015.

G. Sejnova, M. Vavrecka, and K. Stepanova, “Benchmarking Multimodal Variational Autoencoders: CdSprites+
Dataset and Toolkit,” Nov. 2023. arXiv:2209.03048 [cs].

C. Ambroise, A. Mihailov, V. Frouin, and A. Grigis, “Multi-modal latent variable model could help individuals
stratification: application to hbn cohort,” in OHBM, 2021.

G. Hommel, “A stagewise rejective multiple test procedure based on a modified Bonferroni test,” Biometrika,
vol. 75, pp. 383-386, 06 1988.

20





