Reference

gfa).gil]l;eutational A RT | C L ES
science https://doi.org/10.1038/543588-021-00029-8

'.) Check for updates

Similarity-driven multi-view embeddings from
high-dimensional biomedical data

Brian B. Avants© >4 Nicholas J. Tustison® and James R. Stone

Diverse, high-dimensional modalities collected in large cohorts present new opportunities for the formulation and test-
ing of integrative scientific hypotheses. Similarity-driven multi-view linear reconstruction (SiMLR) is an algorithm that
exploits inter-modality relationships to transform large scientific datasets into smaller, more well-powered and interpretable
low-dimensional spaces. SiMLR contributes an objective function to identify joint signal regularization based on sparse matri-
ces representing prior within-modality relationships and an implementation that permits application to joint reduction of large
data matrices. We demonstrate that SIMLR outperlforms closely related methods on supervised learning problems in simula-
tion data, a multi-omics cancer survival prediction dataset and multiple modality neuroimaging datasets. Taken together, this
collection of results shows that SIMLR may be applied to joint signal estimation from disparate modalities and may yield practi-
cally useful results in a variety of application domains.
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‘ Abstract & introduction
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‘ method & results
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* Multi-view: several modalities collected in one cohort; alternatively, the same
measurements taken across different studies61. We focus on the first case here.
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* Covariation: we use the term in two contexts. As a general concept, we mean
systematic changes in one modality are reflected in a predictable amount of
change in other modalities. In the mathematical context, we use the definition
of covariation for discrete random variables.
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» Latent space or embeddings: both terms refer to a representation of
high-dimensional data that is often lower-dimensional. These are also known
as components in PCA. In the context of this paper, we are ‘approximating’
the (hidden) latent space with the learned embeddings. Often, the true
latent space cannot be known. We compute embeddings (or components) by
multiplying feature vectors against input data matrices. Importantly, SIMLR
can compute latent spaces that target either statistical independence (the
ICA source separation algorithm40) or orthogonality (the SVD algorithm).
Deflation-based schemes, on the other hand, target only orthogonality.
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Conversion to matrix format
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‘ Similarity-driven multi-view linear reconstruction.
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Data representation.
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The SIMLR objective function.
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Multiple regression.
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Principal component analysis.
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‘ Results

Table 1| Summary of experimental results

Study RGCCA SGCCA SiMLR-CCA-ICA  SiMLR-CCA-SVD  SiMLR-Reg-ICA  SiMLR-Reg-SVD  Metric
Signal sensitivity 0.35+£018 045017 0.5+£0.15 0.51+0.14 0.49+0.13 0491014 R squared
Noise sensitivity 0.09 0.16 0.09 0.06 0.07 0.1 R squared
Multi-omic N/A 0.56+0.12 0.56+0.13 0.56+0.14 0.64+0.08 0.64+011 Concordance
Brain age N/A 2+15 1.6+1.2 1.4 +1.2 1.6+13 1.7+£1.2 MAE

PING anxiety N/A 1 component N/A 3 components 3 components N/A Inferential
PING depression N/A 0 components  N/A 1 component 1component N/A Inferential

(trend)

(trend)
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