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Prediction of Host-Pathogen RNA Interaction From RNA
Sequences and Dual RNA-seq Data using Variational
Autoencoders and Supervised Machine Learning Methods

1. Abstract

Eukaryotic host cells are prone to infection by diverse agents, from viruses to bacteria
to eukaryotic parasites such as fungi and protozoa [1]. During the course of bacterial in-
fection, bacteria and host eukaryotic cells engage in a complex interplay as they negotiate
their respective survival and defense strategies [2]. Understanding the interactions between
host cells and bacteria pathogens is essential for improving therapeutics’ diagnostic and
development.

RNA sequencing (RNA-seq) enables the analysis of differentially expressed genes (DEGs)
in infected cells. However, RN A-seq is limited to analyzing either pathogen or host cell after
their physical separation [3]. Recently developed dual RNA-Seq technology can simultane-
ously capture host and bacterial transcriptomes from an infected cell without disturbing
the complex host-bacteria interactions [2|. However, dual RNA-Seq, as a high-throughput
technology, creates high-dimensional data which is prone to biological and technical noise.
Moreover, visualization of high dimensional data is a fundamental problem in dual RNA-seq
data analysis since it can lead to misinterpreting the biological features [4]. Subsequently,
dimension reduction is a crucial step prior to analyzing dual RNA-seq data.

There are several traditional dimension-reduction methods used for RNA-seq data, of
which the most commonly used are principal component analysis (PCA) [5] and t-distributed
stochastic neighbor embedding (¢-SNE) [6]. However, PCA is mainly limited to linear dimen-
sions and utilizes data with normal distribution, which may not be appropriate for RNA-seq
datasets [7]. Although researchers widely use the ¢-SNE method for data visualization, it
may not be a practical solution for dimensionality reduction [§]. Recently, multiple studies
have established the utility of variational autoencoder (VAE) [9] for generating meaningful
latent features from scRNA-seq data and have indicated that VAE yielded features that
retained biological patterns and enabled more accurate classifiers for prediction tasks com-
pared to PCA or ¢-SNE [10, 11].

With the advent of machine learning (ML), ML algorithms have been widely used for
biological studies, including biological-image analysis, cancer study, as well as gene discovery.
Several single-cell RNA-seq studies [12-15] have demonstrated that machine learning and
deep learning approaches can assist with the identification of DEGs that are missed by
traditional RNA-seq data analysis techniques. However, current studies of dual RNA-seq
analysis are limited to traditional bioinformatics approaches [16-18].

In this research, we will apply VAE to encode dual RNA-seq expression data and compare
the performance of VAE to commonly used dimensionality reduction methods, including
PCA, t-SNE, ZIFA [19], and UMAP [20] in classification task, predicting interacting host
and bacterial RNAs. The performance of the dimensionality reduction methods will be
compared in terms of arca under the precision recall curve (AUPRC) achieved by ML models
trained with the generated features and RNA sequences.
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