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Abstract

Microbial communities and metabolomes interactively influence host health and environmental
stability. With the progressive development of multi-omics integration studies, conventional meth-
ods exhibit limitations in capturing the complex nonlinear relationships and heterogeneity be-
tween microorganisms and metabolites. This study proposes a novel deep learning framework
based on a dual encoder-decoder architecture, which enables bidirectional cross-modal predic-
tion between microbiome and metabolome data through a shared latent space. The framework
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incorporates a data augmentation strategy to enhance model robustness and embeds a diagnostic
classifier to predict disease outcomes. Experimental results demonstrate that our architecture out-
performs existing methods (e.g., SparseNED, MiMeNet) in prediction accuracy across multiple real-
world datasets. The average Spearman correlation coefficient for metabolite prediction improved
significantly across all three datasets, while the data augmentation strategy increased the AUC value
of diagnostic prediction from 0.8425 to 0.8895.
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Figure 1. Model workflow diagram
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Figure 2. Bar chart comparing DEDD with other methods
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Figure 3. Component-wise contribution to the F1 score
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Figure 5. Latent space visualization by disease status on the train set
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Figure 7. The comparison of reverse prediction performance among IBD, Soil and Cystic fibrosis three datasets
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