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Abstract

With the advancements in high-throughput sequencing technologies, the macro-genomic databas-
es have significantly expanded, offering possibilities for analyzing human health and diseases.
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Among these possibilities, disease prediction based on the analysis of the human gut microbiota
has become a prominent research avenue. In this study, we utilized taxonomic gut microbiota data
at the phylum level, known as Operational Taxonomic Units (0TU) data, and introduced two novel
machine learning classification algorithms by combining non-negative matrix factorization and
variational autoencoder methods. These algorithms are designed to extract critical information
from the gut microbiota to predict diseases in patients. Through techniques such as dimensionali-
ty reduction, data generation, and the incorporation of penalty constraints in the models, we im-
prove the prediction effect and optimize the overfitting of the model. Across simulated data, liver
cirrhosis data, and diabetes data, our predictive models demonstrated significant performance,
achieving AUC values of 0.926, 0.959, and 0.745, respectively.
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Figure 1. Model workflow diagram
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Figure 2. Heatmap of feature patterns across different latent factors
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Figure 3. Auto Encoder workflow diagram
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Figure 4. Variational auto encoder workflow diagram
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Figure 5. The ROC curves of 8 methods on the simulated dataset.
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Figure 6. The performance of DPVC on the simulated dataset
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