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Integration of Multi-omics Data and Single-cell Analysis for Alzheimer’s Disease

Alzheimer’s disease (AD) is the most common type of dementia, affecting nearly 45 million people worldwide
[1]. Patients typically have a survival time of 3-10 years post-diagnosis and suffer from severe cognitive
impairments [2,3]. Current treatments focus on symptom management rather than addressing the underlying
causes[3]. While bulk multi-omics analyses have linked microglial cells to inflammation and synapse pruning,
with implications for memory and cognition in AD, single-cell transcriptomic studies have identified
AD-associated microglial subsets [4,5,6]. However, the molecular signatures and mechanisms associated with
healthy and AD-associated microglial subsets are not yet comprehensively understood. Gaining insights into
these signatures and mechanisms is vital for improving disease understanding, monitoring and treatment.

The ultimate goal of this study is to identify novel biomarkers and therapeutic targets focused on microglia in
AD using single-cell multi-omics analysis. Specifically, we will consider epigenomics (ScCATAC-seq to be filtered
for microglia from AD Knowledge Portal) [7], transcriptomics (scRNA-seq from Gene Expression Omnibus,
Series GSE219284) [8], and proteomics (spectral data from PRIDE, PRoteomics IDEntification) [9] data due to
roles in differential enrichment of certain transcription factors [10], existence of different microglial subsets [11]
and microglia-associated changes in energy metabolism respectively [12]. Specifically, we will use Multi-Omics
Factor Analysis v2 (MOFA+) for its capability of handling multi-modal and missing data, large-scale data
integration and facilitation of downstream analysis. Thus, microglia-specific multi-omics analysis is expected to
capture signatures associated with healthy and AD-associated microglial subsets. Our analysis could provide
holistic insights into overall changes in microglial subsets in AD pathogenesis, resulting in the identification of
new therapies and biomarkers focused on driving microglial fate in AD.

Aim 1: Integration of multi-omics datasets for microglial analysis in AD. Data from microglial specific
mono-omics datasets, specifically the epigenomics, transcriptomics and proteomics datasets mentioned
above, will be gathered for both AD-affected and healthy controls and necessary preprocessing, quality control
and feature selection will be undertaken to make it suitable for data integration. The output will be a
comprehensive and standardized repository with columns representing different cells and rows representing
accessible chromatin region, gene, and protein, correspondingly, consistent for downstream MOFA+ analysis.
This dataset would also be independently useful for other researchers in the field trying to study the role of
microglia in AD since this data set would be the first of its kind.

Aim 2: Identification of molecular signatures associated with different microglial subsets in AD. Apply
MOFA+ on the integrated complex dataset from aim 1. We will derive N latent factors and feature weight
matrices that elucidate the primary axes of variation across these diverse data types. While some factors could
highlight known variations in AD-associated genes (such as TREM2, ABCA7, and CD33), DNA methylation
and proteomic, and metabolomic profiles, others could potentially uncover novel, cross-layer changes that
provide a more integrated understanding of molecular signatures associated with the emergence of
AD-associated microglial subsets [6,13] (evidence: [14]). Success of this aim will be determined by the ability
to consistently detect these molecular signatures for different subsets across multiple datasets.

Aim 3: Discovery of novel molecular biomarkers associated with microglia in AD. Supervised machine
learning algorithms such as extreme gradient boosting (XGBoost) will be used to train a classifier by using
features with higher weights from each latent factor due to its interpretability, ability to capture non-linear
relationships and robustness in handling missing data and heterogenous data types [15]. The most important
features are identified as candidate biomarkers since they encapsulate significant variations observed in the
microglial subsets. Success of this aim will be determined by the consistent identification and preliminary
validation of these candidate biomarkers in independent datasets and patient-derived clinical samples, laying
the foundation for their use in detection and therapeutic interventions in AD.

This study aims to investigate microglia-specific molecular signatures in AD and identify novel biomarkers by
employing existing techniques such as single-cell multi-omics analysis (MOFA+) on novel datasets and using
supervised machine learning algorithms (XGBoost). Ultimately, this research holds the potential to revolutionize
our understanding of AD and could pave the way for the development of targeted therapies and biomarkers for
early detection and therapeutic interventions.
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