Enhancing Psychiatric Disorder Diagnosis:

Integrating Multilabel Metadata with Contrastive Learning
on T1 Structural MRI OHBM

Danny Dongyeop Han'', Ahhyun Lucy Lee?, Junbeom Kwon3, Jiook Cha' %37

Seoul National University, Seoul, Korea

HBM 2025 %H—% *Presentor; TCorresponding Author Seoul National University

Introduction

« Label Scarcity and Contrastive Learning : Medical data often suffers from label
scarcity, but contrastive learning offers a promising solution by enabling models to learn
from unlabeled data through self-supervised learning.’

Incorporating Multilabel Metadata: Our approach builds upon the y-Aware InfoNCE
loss?, by incorporating T1 structural MRI data with multiple labels such as age, BMI, and
Sex.

Application to Developmental dataset: By pretraining models on large datasets with
method that incorporate T1 structural MRI data and proxy metadata, we can significantly
iImprove performance on smaller, unlabeled datasets. Application of this method to
developmental dataset can possibly address critical need in medical image analysis;
enhancing psychiatric disorder diagnosis.

Methods

Participants

Adolescent Brain Cognitive Development cohort (ABCD)
- 9-14 years old preadolescents (American cohort)

UK Biobank (UKB)

- 37-73 years old adults (European cohort) ‘biobank
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Model Architecture
« Backbone : 3D Densenet®
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Criteria of positive/negative pair
« SIMCLR . same image or not
« y-Aware . continuous range
« Multi-Aware : continuous range + discrete label

RISBANE 1 Interdisciplinary Program in Artificial Intelligence, 2 Department of Brain and Cognitive Sciences, 3 Department of Psychology SNU Connectome Lab @
~

Pretrai ning i Age Distribution
ABCD + UKB dataset

Size Sex Age BMI
ABCD (baseline)| 11365 11343 (M: 5937) 9.92 (0.62) 18.81(4.23)
ABCD (2" year) | 5942 5836 (M:3124) 11.91(0.64) 20.52(4.82)
UKB | 40986 | 40986 (M: 19335) 54.97 (7.55) 26.52(4.38)
Total 58293
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Finetuning

Dataset: ABCD
» Averaged over 5 randomly selected dataset, all sets were balanced
* Foreach trial, 5 fold Cross Validation (N = 80)
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Results

Classification Performance on ABCD Dataset
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Our model achieved higher AUROC (vs. yAware & scratch) for all
downstream classification tasks.
Achieved over 29% performance gain in ADHD classification, 29.47%(vs.
yAware), 29.98%(vs. scratch).
Achieved 27.71% performance gain(vs. yAware) in MDD classification.

*ADHD(Attention Deficit Hyperactivity Disorder) *ANX(Anxiety Disorder) *MDD(Major Depression Disorder)

Discussion

* Performance in psychiatric disorder classification:
* With only T1 structural MRI scans
* QOur approach(Multi-label aware) > Supervised model(Scratch)
* QOur approach(Multi-label aware) > Pretrained model with “age”(y-Aware)
« ADHD classification using T1 structural data
* Previous study) AUROC of 0.64 on the ENIGMA-ADHD dataset with
traditional machine learning methods?
* Our model) AUROC of 0.659 on ABCD dataset
 Methodological Novelty: Multi-label Aware loss
* Includes proxy multi-label metadata in contrastive learning
« expanding y-Aware InfoNCE loss? to leverage data with heterogenous datatypes
« Limitation: Use of a closed dataset
* Future Plan: (1) Test on independent dataset(HBN dataset)
(2) Scalability : Observation of performance gain

Reference

1. Eaton, N. R., Krueger, R. F., & Oltmanns, T. F. (2011). An invariant dimensional liability model of gender differences in mental disorder prevalence: Evidence from a
national sample. Journal of Abnormal Psychology, 120(1), 282—-288. https://doi.org/10.1037/a0024780

2.Wang, WC., Ahn, E., Feng, D. et al. A Review of Predictive and Contrastive Self-supervised Learning for Medical Images. Mach. Intell. Res. 20, 483-513 (2023).
https://doi.org/10.1007/s11633-022-1406-4

3. Dufumier, B., Gori, P., Victor, J., Grigis, A., Wessa, M., Brambilla, P., Favre, P., Polosan, M., McDonald, C., Piguet, C. M., & Duchesnay, E. (2021). Contrastive learning
with continuous proxy meta-data for 3D MRI classification. arXiv. https://arxiv.org/abs/2106.08808

4. Chen, T., Kornblith, S., Norouzi, M., & Hinton, G. (2020). A simple framework for contrastive learning of visual representations. arXiv. https://arxiv.org/abs/2002.05709

5. Zhang-James, Y., Helminen, E. C., Liu, J., & Faraone, S. V. (2021). Evidence for similar structural brain anomalies in youth and adult attention-deficit/hyperactivity
disorder: A machine learning analysis. Translational Psychiatry, 11(1), 82. https://d0i.org/10.1038/s41398-021-01201-4
6. Huang, G., Liu, Z., van der Maaten, L., & Weinberger, K. Q. (2018). Densely connected convolutional networks. arXiv. https://arxiv.org/abs/1608.06993



https://doi.org/10.1007/s11633-022-1406-4
https://doi.org/10.1007/s11633-022-1406-4
https://doi.org/10.1007/s11633-022-1406-4
https://doi.org/10.1007/s11633-022-1406-4
https://doi.org/10.1007/s11633-022-1406-4
https://doi.org/10.1007/s11633-022-1406-4
https://arxiv.org/abs/2002.05709
https://doi.org/10.1038/s41398-021-01201-4
https://doi.org/10.1038/s41398-021-01201-4
https://doi.org/10.1038/s41398-021-01201-4
https://doi.org/10.1038/s41398-021-01201-4
https://doi.org/10.1038/s41398-021-01201-4
https://doi.org/10.1038/s41398-021-01201-4
https://doi.org/10.1038/s41398-021-01201-4

	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5

