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Abstract

Viruses have been well-documented to invade and proliferate within the brain, precip-
itating neurodegeneration and functional impairment in a�ected regions. Microglia
are the brain's primary immune cells essential for maintaining neuronal homeostasis
and defending against pathogenic in�ltration. In their homeostatic state, microglia
ensure neuronal and glial integrity, facilitate blood vessel formation, and aid in de-
bris clearance. However, microglial activation occurs in response to neuronal damage
or pathogen detection. Prolonged or excessive activation can lead to a cascade of
neuroin�ammation characterized by sustained release of proin�ammatory mediators,
contributing to neurodegeneration and subsequent diseases. Therefore, understanding
the regulatory mechanisms of microglia is crucial for mitigating their overactivation
and preserving brain health.

In this study, we employed a multiscale genetic analysis to elucidate regulatory
changes in virally-activated microglia. We �rst utilized spatial transcriptomics and
spatial proteomics alongside high-resolution imaging on one Mock mouse brain and
HSV-1 infected mouse brain. Analysis revealed region-speci�c expression of in�am-
matory response proteins/genes such as I�t and Irf genes upregulated. To further
classify virally-activated microglia, we performed 10X Chromium single-cell multi-
ome sequencing in microglia isolated from HSV-1-infected and Mock mice. snR-
NAseq identi�ed marker genes per cluster via di�erential analysis, revealing microglial
population heterogeneity. Within-cluster analysis pinpointed di�erentially expressed
genes between Mock and HSV1 cells, some of which overlapped with the di�eren-
tially express genes from the spatial omic analysis such as Sp100, I�t, and Irf genes.
scATACseq unveiled unique peaks between clusters, reinforcing cellular diversity and
indicating di�erential region accessibility across Mock and HSV-1 cells. Integrating
scATACseq and snRNAseq together showed di�erential regulon enrichment between
clusters and cluster-speci�c regulatory landscapes. Regulons in virus-activated mi-
croglia were Sp100, Irf7, Irf1, and Klf13. Results indicated that Irf7 upregulated
Sp100, causing a strong viral response, likely from a MAPK signaling cascade.

Broadly, this project furthers our understanding of the regional immune system re-
sponses to HSV-1 infection of the brain. Additionally, we have shown di�erential
regulon enrichment between mock and HSV-1 cells and across cell state clusters,
providing a novel TF-gene regulatory network characterization for microglial hetero-
geneity and activation signatures induced by HSV-1 infection.
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Chapter 1

Introduction

1.1 Microglia and HSV-1 in the Nervous

System

Microglia, the primary immune cells within the central nervous system (CNS), play a

vital role in maintaining CNS equilibrium [18]. As innate immune cells, they facilitate

the �rst line of defense against threats to the CNS [13]. With their branched struc-

ture, microglia respond to threats like pathogens, trauma, or neuronal dysfunction.

This process is called �activation�, and the microglia functionally transforms into an

aggressive state, where they exhibit increased mobility, proliferation, and phagocytic

activity. They also release various chemokines and cytokines, and present antigens

[8, 23]. Microglia cells respond with neuroin�ammatory signaling, which when over-

stimulated, can lead to a neuroin�ammatory cascade causing degeneration of neurons

[20, 10].

Neurodegenerative diseases, such as Alzheimer's disease (AD), are strongly linked
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to neuroin�ammation [2]. Brain in�ammation can arise through several mechanisms,

but immune cells and the CNS's immune response are at its core. It is now un-

derstood that overstimulated microglia can undergo signi�cant changes in their gene

expression, leading to an in�ammatory cascade that harms the brain [10]. This in-

�ammatory process is associated with the buildup of plaques, tau protein pathology,

and neurodegeneration [9]. Identifying the triggers and reasons behind excessive mi-

croglial activation is key to tackling these neurodegenerative disorders like AD.

One signi�cant culprit for neuroin�ammation is via viral infection of the brain.

Viruses can in�ltrate the CNS via the peripheral nervous system (PNS) and cross

the blood-brain barrier (BBB) through the trigeminal ganglia and nucleus [11, 19].

Upon entering the brain, microglia serve as the �rst line of defense [24]. In areas

a�ected by Herpes simplex virus type 1 (HSV-1), microglia are in constant interac-

tion with the virus and HSV-1-infected cells [18]. This ongoing interaction causes

chronic activation of microglia, making them particularly vulnerable and contributes

to neuroin�ammation and related diseases [6, 25]. HSV-1 is one such pathogen that

infects most humans [7]. It can lead to either productive or latent infections, depend-

ing on the host cell type. In epithelial cells, the virus is very active, replicating and

producing new viral particles. In contrast, in sensory neurons, HSV-1 can either be

productive or enter a latent state with minimal gene activity and no new virus pro-

duction [11]. Typically dormant, HSV-1 can reactivate and cause recurrent lesions.

For immunocompromised individuals, reactivation can be severe, potentially resulting

in serious conditions such as viral encephalitis and lymphocytic meningitis [24].

There is currently no cure or vaccine for HSV-1, highlighting the importance of

understanding the mechanisms of its latency and reactivation to develop e�ective
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treatments. Understanding the interplay between microglia immune cells and HSV-

1 is of utmost importance for human health. This study seeks to characterize the

microglia response to HSV-1 infection of the brain.

1.2 Gene Regulatory Networks

Genes, composed of DNA sequences, are arranged along the chromosomes in the cell

nucleus. They encode the necessary information to build proteins. The �rst step in

this process is transcription, where proteins and various cellular machinery read genes

directly from the chromosomes and transcribe them into messenger RNA (mRNA)

molecules. This step, known as gene expression, produces mRNA, which serves as an

intermediate before being translated into proteins [4].

The variance in gene expression determines cell heterogeneity. Di�erent cell types

have unique gene expression pro�les, which can be in�uenced by various factors [17].

One of the most signi�cant modulators of gene expression is the structure of the DNA

itself, known as chromatin structure. When DNA is tightly bound (Figure 1.1a), the

genetic code is inaccessible and transcription cannot occur. Conversely, when DNA

is open (Figure 1.1b), the regulatory elements and genes become accessible to the

transcription machinery and can then be transcribed. Regulatory elements are key

sequences that highly modulate transcription.
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Figure 1.1: Chromatin accessibility, regulatory elements, and transcription factors mod-
ulate transcription.

Further, Figure 1.1b shows how transcription factors can bind to multiple di�erent

regulatory elements and consensus regions. It's important to note that transcription

factors can recognize many sites across the genome that are similar in sequence. These

are called motifs, and range from 8-20 base pairs [26]. More formally, a motif is a

speci�c DNA sequence that transcription factor(s) recognize and bind to that share

a common DNA sequence [14]. Typically, these motifs are found in regulatory ele-

ments such as enhancer regions, promoter regions, and silencing regions peripheral

to a gene. Genes that share motifs share the same transcription factor, and tend
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to be co-regulated and sharing a biological function. By identifying genes with the

same/similar motifs, we can then infer the regulatory relationship between these sets

of genes and transcription factors [26]. This is the de�nition of a regulon: the set of

genes that are regulated by the same transcription factor [1]. Regulons have a clear

network structure (transcription factor to gene(s)), and determine the gene regulatory

activity, which in turn determines cell states. As such, studying the chromatin struc-

ture and open regions of cells provides unique insight into the regulatory patterns

that determine gene expression [1].

1.3 Omic Sequencing and Technology

Omics is loosely de�ned as the study of some biological scale (i.e. molecules) in

a high-thoroughput manner. In general, the biological scales pertain to sequencing

some biological molecule, like proteins or genes (messengerRNA; mRNA). Measuring

gene expression can be more broadly de�ned as the study of all RNA in a cell, or

the transcriptome, and is composed of mRNA, miRNA, tRNA, and several others.

This is called transcriptomics, and the high-thoroughput sequencing technique most

commonly (and most accessible) is mRNA sequencing (RNAseq) [5]. This technique

allows us to capture the RNA expression levels in a cell, by isolating mRNA transcripts

from a cell during sequencing, quantifying the transcripts counts present allowing

scientists to compare transcriptomes between samples (i.e. healthy vs diseased) [21].

Investigating the di�erential expression of genes between samples allows for biomarker

discovery and improved diagnostics. It is of paramount importance to improve genetic

technology, diagnostic tools, and downstream analytics [16]. The problem with the
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RNAseq method is that the types of cells used from the sample (which could be in

the hundreds) is unknown, resulting in an overall reduced resolution and sensitivity.

An improved technique, single-cell RNAseq, was created which allows for an

RNAseq experiment on one type of isolated cell (i.e. the microglial cells from a

mouse brain). If done correctly, the molecular pro�le of a speci�c cell type can be

compared between a healthy and a diseased sample [3, 22]. A variation of this is

single-nuclei RNAseq (snRNAseq), which sequences just the cell's nucleus instead of

the whole lysed cell. Information from single-cell/nuclei RNA studies can provide

novel insight into cellular heterogeneity. However, to provide a comprehensive under-

standing of a cell's transcriptional landscape, it would be insightful to consider other

omic scales in tandem. Consider epigenomics, which is the study of chemical/phys-

ical modi�cations to DNA/chromatin occurring in real time. Such modi�cations of

DNA will change the chromatin's shape and alter which regions of DNA are accessi-

ble to the cell's replication/transcription machinery, such as promoter and enhancer

regions. These changes can be in response to environmental conditions, tissue spe-

ci�c morphology, and even progression to disease states. Epigenomics is a constantly

evolving �eld that shapes the structure of DNA, which in turn in�uences which genes

are transcribed and the resulting cell state. If the DNA is very tight (heterochro-

matin), it cannot be accessed by transcription machinery and those genes will not

be transcribed into RNA. So by understanding the epigenetic landscape of the DNA,

it can help explain the transcriptome present at that time of sequencing [5]. Single

cell assay for transposase-accessible chromatin using sequencing (scATACseq) does

just this. It provides a snapshot as to which regions of DNA are open and available

to be bound by transcription factors. This provides a direct way to quantify how a
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cell's chromatin accessibility determines transcriptional regulation [12]. Further, by

integrating scATAC and snRNAseq, one can infer gene regulatory networks of a given

cell.

What is missing from this experimental protocol is the spatial information � where

the cell was located and what was around it. Information is therefore lost about what

cells are adjacent to each other, how transcriptomic pro�les correlate across regions,

and heterogeneity of pathogenesis. Recently, a new method was created to address

this: spatial transcriptomics. This cutting-edge method requires a slice of tissue that

is formalin-�xed para�n-embedded to a slide. Then, morphology markers are washed

over the slide, staining the tissue with markers of interest. Then, expert scientists

manually select regions of interest (ROIs) within the tissue based on morphological

characteristics from the staining. These selected ROIs are sequenced, retrieving the

genetic pro�les from each ROI [15]. Thus, the spatial arrangement of the cells is

maintained, while still retrieving a similar transcriptomic resolution as an RNAseq

or single-cell RNAseq experiment [22]. These spatial transcriptomics datasets are

highly complex. The resulting data is organized so that each column is a ROI of the

tissue sample, and each row is a gene. So, each entry in the dataset represents the

expression level of that gene within that ROI. This type of data enables the researcher

to analyze speci�c spatial patterns of a tissue of interest1.

By utilizing multiple omic-scales of biology, scientists can better map out the

massive regulatory networks/interactomes occurring in our bodies. These �ndings can

better inform interventions for diseases and mutations, which would greatly bene�t

human health.

1For more information of this type of sequencing technology and quanti�cation of gene expression,
see Nanostring Technology's explanation.
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Chapter 2

Spatial Transcriptomic and Pro-

teomic Analysis

To characterize the microglia response to HSV-1 infection in mice, we utilized spatial

transcriptomics/proteomics using Nanostring GeoMx Digital Spatial Pro�ler (DSP).

The goal was to identify the di�erentially expressed genes (DEGs) and proteins in

virus infected regions of the brain versus healthy regions. These di�erential signatures

provide the genetic pro�le speci�c to the host's immune response to HSV-1 infection.

For our purposes, we utilized these immune activation signatures as markers in a

subsequent single-cell analysis to identify microglia cells that exhibit a similar virus-

activated signature. Here we present results for the spatial experiment. All analysis

was performed with R version 4.3.2.
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2.0.1 Experiment and High Resolution Images

Figure 2.1 depicts our experiment on two mouse brains. Each brain was micro-

sectioned, Formalin-Fixed Para�n-Embedded (FFPE), and stained with IBA1 (mi-

croglia antibody; red), HSV-1 viral protein (green), and DAPI (cell nucleus DNA,

blue). Regions of Interest (ROI) were denoted with a white circle, and theXXX

numbering convention indicated which ROI it was. Each ROI was sequenced using

the whole transcriptome assay (WTA) of RNA transcripts and probed for 29 protein

targets using nCounter.

Figure 2.1: Nanostring GeoMx DSP spatial transcriptomic and proteomic work�ow.

Looking at Figure 2.2, there were regions of the brain that were densely infected

with HSV-1 (Figure 2.2c), and others with little to no infection (Figure 2.2d). Figure

2.2a depicted one of the full sections of the brain from the HSV-1 infected mouse.
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The infection entered from the northern part of the slide, and has localized there.

(a)
(b)

(c) (d)

Figure 2.2: Nanostring GeoMx spatially resolved imaging of the trigenemial ganglia and
trigenemial nerve of HSV-1-infected mouse showcases regional infections.
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Figure 2.2c showed ROI 001, located within the trigeminal ganglia. HSV-1 in-

fection was dense (green), with microglia (red) and other cells (blue) present. There

were two sections on this slide, which were cut in adjacent layers of the brain. There

are 4 infected ROIs on both slides, all at the top. Figure 2.2b depicted one of the full

sections of the brain from the Mock mouse (uninfected). Figure 2.2d showed ROI 003

of the Mock mouse, located on the edge of the trigeminal ganglia and nerve. Within

ROI 003, microglia (red) and other cells (blue) were present, with no HSV-1 (green).

Below is a sankey network, which outlines the sample distribution of phenotypic

variables for ROI metadata. From left to right, there was one slide for the Mock

mouse and one slide for the HSV-1 infected mouse. On each slide, there were two

serial sections. Before poor quality ROIs were removed, there were 24 ROIs for Mock

and 24 for HSV-1. Of these 24 ROIs in the HSV-1 infected slide, 8 of the ROIs were

HSV-1 antigen positive, denoted 'positive'. 4 ROIs were adjacent to antigen positive

regions, denoted as 'peripheral negative'. These peripheral negative ROIs contained

no trace of HSV-1 antigen, but were microns away from the regional infections. So,

there are 12 ROIs on the infected side of the HSV-1 sample, and 12 ROIs on the

uninfected side. These ROIs on the uninfected side of the mouse brain were labelled

as "negative". The Mock mouse only had HSV-1 negative ROIs, so all 24 were labelled

as "mock negative".
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Figure 2.3: HSV-1 vs. Mock sample phenotype diagram.

2.0.2 Methods

The trigeminal nerve and tract were pro�led using the WTA with Nanostring GeoMx

Digital Spatial Pro�ler (DSP). Regions of Interest (ROIs) were selected based on

HSV-1 antigen and microglia presence, quantifying marker abundance to compare

disease-associated and healthy regions. Serial tissue sections underwent immune and

in�ammatory protein paneling using the NCounter Sprint for 29 targets as well as

WTA for RNA transcripts. The two protein panels utilized were Mouse Glial Cell

Subtyping Protein Module 1.0 and Mouse Neural Cell Pro�ling Protein Core 1.0.

For the Nanostring WTA gene expression analysis, the following packages were

utilized in R: NanoStringNCTools 1.8.0, GeomxTools 3.4.0, GeoMxWork�ows 1.6.0.

The Mm_R_NGS_WTA_v1.0 pkc �le was utilized for probe (gene) assay meta-
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data. The default quality control (QC) parameters were used for segment (ROI) level

thresholds: minimum segment reads = 1000, minimum percent of trimmed reads =

80%, minimum percent of read alignments = 80%, minimum sequencing saturation =

50%, minimum negative control count = 1, maximum counts in non-template control

(NTC) = 1,000, Minimum number of nuclei estimated = 100, and minimum segment

area = 5,000 [5]. In total, 2 ROIs from the Mock group were �agged and removed

due to failed criterion.

Subsequent QC was carried out with default settings [5]. A gene was �ltered out

if the ratio of the geometric mean in all segments to the geometric mean in that

target was less than 10%, and if the Grubbs outlier test failed in more than 20% of

ROIs. The limit of quanti�cation (LOQ) was calculated using default parameters of

two standard deviations of the negative probe geometric means. Due to the nature of

our dataset, a gene detection threshold of 2.5% per segment was used. Then, genes

were �ltered on the same threshold of 2.5%, so only genes detected in at least 2.5%

of the ROIs were considered. After quality control, a total of 8,374 genes and 43

ROIs remained (24 ROIs from the HSV-1 infected mouse and 19 ROIs from the Mock

mouse). Quartile 3 normalization was performed on the expression matrix.

The umap and pheatmap packages were utilized for unsupervised analysis and

clustering. DEGs were evaluated using a Wilcoxon rank sum test, and the reference

group was HSV-1 negative ROIs. The test compared the di�erential expression be-

tween the infected side (top half) of the HSV-1 slide versus the same side (top half) of

the Mock slide. These two samples were independent, which provides a stronger com-

parison than a within slide comparison [2]. DEGs were later �ltered by false discover

rate (FDR) < 0.05 and an absolute value of log2 fold change estimates greater than
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0.50. Generally, Nanostring recommends �tting a linear mixed e�ects model (LMM)

for this kind of comparison. Since there is only one slide per condition, �tting a LMM

is not recommended [4].

For the nCounter protein data, quality control was performed on the DSP ma-

chine directly. Metric thresholds were as follows: FOV registration status > 75%,

binding density between 0.1 and 2.25, positive control normalization factor between

0.3 and 3, minimum nuclei count = 1,000, and minimum surface area of ROI =

10,000. Every ROI passed, but the FOV registration had warnings for every ROI.

This warning was inspected manually by a representative at Nanostring Technologies.

Since the data was otherwise clean, they credited these warnings to technical error,

and recommended proceeding with analysis. Background correction was implemented

as suggested by Nanostring Technologies [4]. Housekeeping genes were Histone H3,

GAPDH, and S6. Negative controls were Rt IgG2a, Rt IgG2b, and Rb IgG. Pheno-

type, feature, and protein expression data were loaded into an ExpressionSet object.

Di�erentially expressed proteins were evaluated using a Wilcoxon rank sum test, and

the reference group was HSV-1 negative ROIs. This test was performed only on the

HSV-1 infected mouse. DEPs were �ltered for p-values < 0.20 and an absolute value

of log2 fold change estimates greater than 0.50. Violin plots of gene expression across

conditions were produced using ggplot2.

2.0.3 Results

UMAP was employed to reduce the dimensionality of the expression matrix. Fig-

ure 2.4 showed e�ective separation of the infected region (top half of the infected

slide) from the uninfected regions. The true HSV-1 positive ROIs clustered closely
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together, with the peripheral negative ROIs clustering tightly as well. Conversely,

the bottom half of the HSV-1 slide (negative) and the Mock slide (mock negative)

clustered together too. These results showed strong conditional separation, indicating

di�erential expression pro�les for ROIs belonging to the infected region versus the

uninfected regions.

Figure 2.4: HSV-1 infected region of brain is genetically distinct from uninfected regions.

Next, Wilcoxon rank sum tests were performed to identify DEGs between the top

half of the infected slide (including both HSV-1 positive and HSV-1 negative ROIs)

and the top half of the uninfected slide. Results yielded 166 genes with FDR < 0.05,

and 887 genes with p-value < 0.05. The 166 DEGs that were FDR �ltered were

projected onto a heatmap and clustered in Figure 2.5. The dendrogram clustering

revealed strong sample separation, where all ROIs from the HSV-1 mouse clustered

together and same for the Mock mouse. The majority of the DEGs were upregulated
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in the HSV-1 infected ROIs. Twelve of these DEGs are plotted in Figure 2.6, showing

strong upregulation of in�ammatory-related genes in the HSV-1 condition.

Figure 2.5: Heatmap using DEGs e�ectively separates HSV-1 infected regions and HSV-1
negative regions.
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Figure 2.6: Top 12 DEG violin plots displays di�erential gene expression between HSV-1
positive ROIs and HSV-1 negative ROIs.

Of these DEGs, all of them have been known to be associated with viral infection

pathways. The I�t genes were induced by type I interferon signaling in response to

viral infection, and I�tm proteins have been shown to block replication of viruses

[1]. The Gbp proteins were known to be upregulated upon viral infection by IFN

signaling and constituted much of the immune response to pathogens [7]. Oasl2,

Irgm, and other DEGs have been shown to be associated with various viral response

pathways across di�erent virus strains [6, 3]. These results provide strong evidence

of viral infection, and provide target genes to consider for the single-cell data.

The same Wilcoxon test was performed on the nCounter protein data of 29 pro-

teins. Cd45 and MHC II proteins were upregulated in the HSV-1 infected ROIs,

which provided further evidence of a strong immune response.
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Chapter 3

Single Cell Analysis

Our goal in this section is to characterize the microglia immune response to HSV-1 at

a single cell level. We employed a multiomic approach that sequences both the gene

expression and open chromatin regions of a single microglia cell in tandem. The joint

sequencing e�ort allows for the direct linking of transcription factor (TF) binding

sites (open regions of DNA) to their target genes, from which we can infer regulatory

relationships. As a result, we can infer regulons speci�c to microglia cells that were

interacting with HSV-1.

We employed 10X Genomics Genomics Cell Ranger ARC experimental protocol, a

state-of-the-art pipeline for multiome sequencing. Following 10X Genomics protocol

as described by Belhocine et al [3], we generated two datasets per sample. The

process begins with the 10X barcoded beads (barcode is the unique identi�ers for

each cell in sample) and transposase-containing nucleus which were loaded onto a

micro�uidic chip. Here, they were individually partitioned into oil droplets, containing

1 set of unique barcodes and 1 cell nucleus, denoted a Gel Bead eMulsion (GEM).

The GEM was incubated, where the set of unique barcodes attached to each mRNA
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and transposed chromatin/DNA fragments in the sample. As a result, all cDNA

segments/mRNA molecules had the same barcode, so that they can be traced back

to their barcoded cell. With all of the cDNA and RNA barcoded, it can then be

used for the library construction, and the �nal sequencing performed to quantify the

mRNA (gene expression) and open chromatin states for that cell. At the end of the

Cell Ranger Work�ow, there were two separate FASTQ �les created, one for the ATAC

(open chromatin) and one for single-nuclei RNAseq (gene expression). Notably, 10X

Genomics Cell Ranger ARC preprocesses these FASTQ �les to create fragment �les

[3, 14].

Figure 3.1: Single-cell multiomics analysis pipeline.

Figure 3.1 depicts the current study, where we isolated two microglia cell pop-

ulations. One sample was isolated from the brain of an HSV-infected mouse, and
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one sample was microglia from a healthy (Mock) mouse. There were 3,008 microglia

cells in the Mock sample, and 6,542 cells in the HSV-1 sample. The samples were

generated by intranasally infecting a mouse with HSV-1 virions, while the Mock was

just a standard mouse without intranasal infection. Microglia cells were isolated from

the brains of each mouse and were done completely independently of each other (two

di�erent mice, generated in separate experiments). As a result, there was 1 ATAC-

seq dataset and 1 single-nuclei RNAseq (snRNAseq) dataset for the HSV-1 sample,

and the same for the Mock sample. First, the gene expression analysis was per-

formed, which includes QC, clustering, and di�erential expression analysis to identify

microglial heterogeneity and virus activated microglia. The cell cluster annotations

from this analysis were then used for the single cell ATACseq. The cell cluster an-

notations from the gene expression allow for us to group together open chromatin

together to form consensus regions that are shared across cells within that cluster.

Each cluster's consensus regions were then compared with the others, yielding a set

of di�erentially accessible regions for a given cluster's microglia cells versus the rest.

The di�erentially regions per cluster were regulatory elements speci�cally activated in

that cluster. These were then used to infer the TF-binding sites. Finally, SCENIC+

was utilized to assimilate the gene expression and TF-binding sites to create cluster-

speci�c regulon networks.
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3.1 snRNAseq Methods and Results

3.1.1 Processing and Quality Control

Since the experiment had two samples (Mock and HSV-1), there were two di�erent

objects for HSV-1 and Mock in the beginning. There were 6,524 cells in the HSV-1

sample, and 3008 cells in the Mock sample before performing quality control. Next,

the two objects were combined to create one master object with both HSV-1 and

Mock samples. At this point, quality control was performed. Since the experimental

protocol and subsequent NGS sequencing were prone to errors, there was a lot of noise

and outliers in the data. As such, the most important step of the whole work�ow was

QC.

These steps included �ltering on both the gene level and the cell level. At the cell

level, cells were �ltered out with the following criteria: cells that contained less than

a speci�ed number of genes; cells that had mitochondrial genes exceeding a speci�ed

total expression percentage threshold (i.e. 20% of all genes expressed in a cell are

mitochondrial); and cells that exceeded a total number of gene counts. At the genetic

level, genes are �ltered out that were not present in a speci�ed number of cells, as well

as regressed for the e�ects of transcript counts per cell [20]. All preprocessing and

preliminary analysis steps utilized the scanpy package, which is a complete toolkit

for working with snRNAseq data [39]. This package provided useful functions and

wrappers which made much of the quality control process comprehensive.

Next, mitochondrial-speci�c genes and total gene counts were considered, both of

which were cell-level quality-controlling metrics. We need to create a variable that

25



�ags whether a certain gene (in a row) is a mitochondrial gene or not. This variable

will be used to evaluate the proportion of a given cell's expression that can be directly

attributed to mitochondrial genes. A cell with a high proportion of mitochondrial gene

expression is commonly associated with cell stress, degradation, or apoptosis, which

is considered indicative of poor-quality cells (we aim to avoid skewing our analysis

with cells undergoing self-destruction). The general convention for �ltering out poor-

quality mouse cells is to use a 5% expression cuto� [29]. In other words, any cell

with a proportion of mitochondrial gene expression greater than 5% of total gene

expression is of poor quality. However, due to the nature of viral infection (which

causes cell stress), we will employ a more lenient threshold. We do not want to �lter

out all cells infected by HSV-1. Conveniently, all mitochondrial genes are named

according to the convention 'mt-xxxxx', so �ltering them out of the dataset, which

contains over 30,000 genes, is straightforward using the method .str.startswith('mt-').

Next, we perform doublet removal QC, using Scrublet. Scrublet is a package

that estimates the number of doublets (more than one cell for a barcode) in our

samples. These are identi�ed by estimating the expecting gene count in our sample,

and �ltering out outliers with unexpectedly high transcript counts [40, 20].

3.1.2 Dimensionality Reduction

Feature selection is a commonly employed technique to reduce noise in the data and

decrease the datasets complexity. Generally, most genes in a scRNAseq dataset are

uninformative and therefore useless for downstream analysis. Genes with very low

counts can contribute noise to the data, as well as make computations exceedingly

expensive. As such, focusing on the informative genes is a useful technique that retains
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the variability of di�erentially expressed gene counts between cells [7]. These are

highly variable genes (HVGs), and they are identi�ed using a dispersion-based method

that scales the mean and standard deviation of gene expression across groups [31].

Filtering is then performed based on the following standard criteria [20]: minimum

mean = 0.0125, maximum mean = 3, and minimum dispersion = 0.5. The point of

identifying the HVGs is to feed the UMAP and subsequent clustering algorithm the

smallest set of genes that holds the most amount of information.

3.1.3 UMAP Neighboorhood Graph and Leiden

Clustering

In our study we compared two di�erent strategies to calculate our UMAP embedding:

data concatenation versus data integration. To investigate if batch e�ect is occur-

ring in our data, data concatenation is employed using the current object where the

two original samples were concatenated together, and performs normal neighborhood

embedding by pooling cells together (disregarding batches) as described by Leland

McInnes et al [22]. This can be prone to batch e�ects, because there is no consid-

eration of sample/batch type between cells. As such, many batch e�ect correcting

methods exist which help account for this.

The Batch-Balanced k-Nearest Neighbor (BBKNN) is a graph-based method, and

integrates both datasets by forcing connections between nearby cells across samples

(HSV-1 and Mock). Then, it prunes these connections that were forced, thereby al-

lowing for cell type separation to occur naturally [30]. In other words, the BNKNN

algorithm identi�es the top neighbors in each batch per cell independently, then
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merges these two sets (Mock and HSV-1) for each cell. The integrated version takes

into account possible batch e�ects between samples, and can creates clusters that

do not separate based upon technical error. BBKNN makes use of principle com-

ponent analysis (PCA), so principal components are computed �rst. Scanpy utilizes

a wrapper function around scikit-learn, which computes the PCA loadings, coordi-

nates, and variances using the 'ARPACK' singular value decomposition. Using PCA

helps to further reduce our features, and sets up the neighborhood embedding for

uniform manifold approximation and projection (UMAP) as a prerequisite for the

BBKNN algorithm. The number of components used defaults to 50 PC's, which is a

recommended value by most studies [20].

Once the neighborhood graph is computed by KNN and BBKNN respectively,

UMAP was run using scanpy to compute the embedding of both neighborhood graphs.

Then, we performed clustering on both using the Leiden algorithm, the new accepted

staple for community detection in scRNAseq data. Leiden clustering accounts for the

number of connections within group compared to the expected number of links in the

whole space. This is the preferred clustering method due to the algorithm's ability to

consistently produce well-connected communities [36]. From this, we identify clusters

of cells to perform downstream analysis. Below we compare the concatenated-default

KNN version and the BBKNN integrated versions below in respective UMAPs in

�gure 3.3.
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3.1.4 Identifying Marker Genes and Differen-

tial Gene Expression

To better comprehend the clusters resulting from BBKNN and Leiden clustering,

it is bene�cial to analyze the di�erences between clusters. In this context, marker

genes were identi�ed for each cluster and compared to the remaining cluster's marker

genes. This was achieved by conducting Wilcoxon rank-sum tests to determine the

di�erential gene expression for each gene in a cluster, and compared to the expression

of that gene in the other remaining clusters. The Wilcoxon test is chosen for its ease of

interpretation and non-parametric nature, making it well-suited for comparing gene

expression levels [27].

To further investigate the signi�cance of these marker genes in cluster segregation,

both the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology

(GO) databases were queried for gene hits. The Gseapy package was employed to

parse GO Biological Processes and KEGG databases for pathway enrichment analysis

using the DEGs as input. This analysis provided insights into the pathways that

characterize our clusters on a broader scale. These results were used to infer for the

cluster having an activated signature similar to the virus-activated signature from the

previous spatial analysis.
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3.1.5 Within Cluster Differential Gene Expres-

sion Between Samples

Next, each cluster was tested for gene expression di�erences within that cluster.

Wilcoxon rank sum tests were implemented, comparing the di�erential expression

of genes between HSV-1 and Mock samples, per cluster. Here, the Mock cells were

used as the reference group. A downregulated DEG implies that the gene is down-

regulated in the HSV-1 cells. Pathway analysis was utilized in Gseapy, which parsed

the same KEGG and GO-BP databases for enrichment of our within cluster DEGs.

3.1.6 snRNAseq Results

First, standard �ltering was performed. At the cell level, any cells with fewer than

100 genes expressed were removed - these were deemed poor quality cells and were

insu�cient for any downstream analyses. By doing this, we removed 13 cells from the

total of 9,532. Additionally, we �ltered out any genes that were expressed in 3 cells or

fewer. Similarly, these genes were deemed unsuitable for downstream analysis. Upon

gene �ltering, we reduced the number of total genes across samples from 32,285 to

18,743. Next, we considered mitochondrial-speci�c genes and total gene counts, both

of which were cell-level quality-controlling metrics. After running Scrublet, no cells

were removed, indicating that previous QC �ltering was su�cient.
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(a) (b)

(c)

Figure 3.2: Quality control and �ltering metrics.

In Figure 3.2a, the top 20 expressed genes across the preprocessed dataset are

plotted by percentage of total gene counts for all cells. Many of the most expressed

genes in the dataset are mitochondrial genes. Cells with high quantity of mitochon-

drial genes expressed implies that they are experiencing cellular stress, and should be

removed due to poor quality. Since this dataset investigates HSV-infected mice and

activated microglia populations, being stringent on the mitochondrial genes may re-

move some of the cells of interest due to activation [35]. Figure 3.2b shows the cuto�

used for �ltering mitochondrial genes, and the number of unique genes detected per

cell based on transcript counts. The mitochondrial cuto� threshold (red line) was

rather lenient at 10%, both for the reason mentioned previously but also because our
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dataset was so small. The number of unique genes detected per cell based on mRNA

counts is cuto� at the 97:5th percentile, which meant that all cells with a number of

unique genes per mRNA transcript greater than this threshold are �ltered out. In

simple terms, these cells are likely doublets, and will contribute noise to downstream

analysis. 3.2c shows the distribution of 3 metrics per sample. There are still some

outliers stretching the data, but since we have so few cells, we do not �lter these

metrics any more. After �ltering on these threshold values, we reduce the number of

cells from 9,519 to 9,010 cells.

After removing the poor-quality cells, clustering was performed. First, we iden-

ti�ed the highly variable genes (HVGs) based on the following standard criteria:

minimum mean = 0.0125, maximum mean = 3, and minimum dispersion = 0.5. A

total of 2,883 HVGs were identi�ed and used as input for PCA and UMAP embed-

dings via the BBKNN algorithm. Consequently, the total number of genes used for

embedding was reduced from 18,743 to 2,883 after subsetting using the HVGs.
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Figure 3.3: Comparison of concatenated-KNN UMAP clustering and integrated-BBKNN
UMAP clustering.

As shown in Figure 3.3, UMAPs were produced for both the regular KNN-concatenated

cluster AnnData object and the BBKNN-integrated cluster AnnData object using

resolution = 0.5. The �rst row shows a similar neighborhood space and subsequent

cluster identi�cation across both 3.3(a) concatenated and 3.3(b) BBKNN-integrated
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datasets. There are 9 clusters identi�ed in both. The second row reveals the di�erence

between the KNN and BBKNN algorithms. In the concatenated plot (3.3c), there

is signi�cant separation between batches (HSV-1 and Mock) in the embedded space.

This is indicative of batch e�ect, because these are all microglia cells. On the other

side in 3.3d, the integrated UMAP demonstrates the BBKNN algorithm's advantage

to remedy batch e�ect, where clusters are more heterogeneous across batches/samples.

This is further emphasized in the third row, where the proportion of cells belonging

to each condition are shown to be slightly more balanced in 3.3f (BBKNN) than 3.3e

(KNN). However, there is still some uniqueness to the HSV-1 cells in clusters 3 and

7, which could be attributed to biological variation.

A batch e�ect is evident in Figure 3.3c of the KNN-concatenated AnnData object.

Figure 3.3d shows a less pronounced sample batch e�ect, indicated by the more even

spread of cells across di�erent samples. However, there is still some uniqueness to

the HSV-1 cells in clusters 3 and 7, which could be attributed to biological variation.

Going forward the BBKNN integrated object will be utilized.

Cluster DEGs between cluster were identi�ed by performing a Wilcoxon rank

sum test between clusters (cluster versus rest). DEGs were subsetted by �ltering out

genes that had Benjamini-Hochberg adjusted p-value greater than 0.05. Those genes

remaining after �ltering were considered to be the clustermarkers of each cluster.

Figure 3.4 shows the distribution of DEGs across clusters, as well as uniqueness of

clustermarkers to speci�c clusters.
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(a)

(b)

Figure 3.4: Between cluster di�erential gene expression analysis identi�es unique DEGs
per cluster.

Figure 3.4a shows the distribution of upregulated and downregulated gene varia-

tion across clusters for the between cluster di�erential expression Wilcoxon test. The

number of DEGs, or cluster markers, for a given cluster o�ers a high-level view of

how di�erent that cluster is versus the rest. For instance, cluster 4 has relatively few

marker genes (around 220), whereas cluster 1 has nearly 7,000. Additionally, there is

a substantial variation in the proportion of upregulated to downregulated genes per

cluster. Cluster 1, for example, has nearly 100% upregulated DEGs, whereas cluster

3 has nearly 100% downregulated DEGs. These clusters both contain a large number

of cells, making these results particularly noteworthy.

Looking at the dot plot in Figure 3.4b, clusters 0, 1, 2, 3, and 4 show less distinc-

tiveness in their marker genes compared to the other clusters. Cells in these clusters

(0-4) lack a unique molecular signature when compared to the rest, even though they
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may have a large number of DEGs. Conversely, unique cluster markers are present

in clusters 5, 6, 7, and 8. This indicates a genetic signature that is largely unique

to each of these clusters, making cells in those respective clusters (5-8) genetically

distinct. Referring back to the UMAP of Leiden clusters, clusters 5-8 are separate in

the embedding space from the main mass of cells (clusters 0-4).

From these results, the uniquely marked clusters (5-8) could represent regional mi-

croglia, microglia undergoing cell cycle, damage-associated microglia, or other types.

Clusters 0-4 are likely homeostatic microglia, considering their marker genes are su-

persets of the rest. Let's investigate further. To get better understanding of what

this means, pathway analysis was performed next and shown in Figure 3.5.

Figure 3.5: Comparison of enriched pathways across all 9 clusters.

Similar to the dotplot from Figure 3.4b, clusters 0-4 exhibit similar patterns,
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namely translational processes and biosynthesis, and lack uniqueness. Clusters 5-8

show exhibit more uniqueness respectively for each cluster.

Looking at this further, clusters 0 and 1 exhibit very similar signatures, predomi-

nantly in translational pathways and gene expressions, such as Cytoplasmic Transla-

tion and Peptide Biosynthetic Process. Clusters 2 and 3 also share similar pathways,

with the addition of Protein Modi�cation/Processing and Protein Catabolism. Clus-

ter 7 features similar enriched pathways as well, but uniquely expresses T cell path-

ways. The similarity among these �ve clusters is re�ected in the dot plot, where many

marker genes are shared. Cluster 7's uniqueness might be due to T cell contamination.

Cluster 4 displays a more unique signature related to cellular stress, with pathways

like the unfolded protein response and �uid shear stress being prominently enriched.

Cluster 6 aligns closely with cluster 4 but additionally shows enrichment in cellular

migration and platelet activation pathways. Cluster 5 is characterized by more viral-

like signatures, with pathways related to In�uenza A, various stress responses, and

other viral signatures being enriched. Cluster 8 appears to be predominantly in�u-

enced by cell-cycle pathways. At this point, cluster 5 appears to be most convincing

to be the disease associated (virally induced) microglia.

Since each cluster here has samples from both conditions (Mock and HSV-1), it is

important to consider the within cluster di�erences between the two groups. We also

performed Wilcoxon rank sum tests within the cell clusters, grouped by sample (HSV-

1 versus Mock). Results of the within cluster di�erential gene expression analysis are

displayed in Figure 3.6, where the Mock cells were the reference cluster.
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(a)

(b) (c)

(d)
(e)

Figure 3.6: Within cluster di�erential gene expression analysis between Mock and HSV-1
conditions, per cluster.

Clusters 4, 3, 6, 7, and 8 show very little di�erence between the Mock and HSV-1

cells, as they exhibit few to no DEGs. In contrast, clusters 1 and 5 demonstrate a

signi�cant number of di�erential expression patterns between the Mock and HSV-1

cells. Cluster 1, in particular, exhibits a massive number of downregulated genes

in the HSV-1 group compared to the Mock group. This suggests notable di�erences

between the HSV-1 and Mock cells. Furthermore, Figure 3.6b displays numerous viral
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signatures and some interesting pathways like mTOR signaling. Notably, another

study has shown that mTOR signaling is regulated by microglia associated with

Trem2 signaling and amyloid clearance in the brain [33]. Additionally, Frühwurth

et al. (2023) found that Trem2 signaling is downregulated by HSV-1 during the

infection of microglia [13], which leads to the downregulation of many downstream

genes. Therefore, the downregulation of Trem2 could explain the large number of

downregulated genes observed in this cluster. Additionally, Cluster 5 experiences

similar viral signatures, but also has the MAPK signaling pathway enriched. MAPK

is strongly associated with viral replication, but has con�icting literature on whether

it upregulates or downregulates their replication [19, 24].

3.2 scATACseq Methods and Results

The purpose of the scATACseq dataset is to identify accessible/open chromatin re-

gions in the microglia's DNA for both Mock and HSV-1 groups. Many of these

segments of open chromatin are cis-regulatory elements, and thereby control the ex-

pression of target genes. The integration of the genetic data from both snRNAseq

and scATACseq allows for the genome-wide identi�cation and validation of gene-set

and transcription factor combinations that work together to form regulatory sets, also

known as regulons [12]. Regulomes di�er across cell types and cell conditions, and

they encode the information to map out much of a cell's transcriptional network. Since

the scATACseq and snRNAseq were performed in tandem, there should be the same

number of cells for both datasets. scATACseq data is highly dimensional, containing

hundreds of thousands of fragment regions per cell. For this reason, preprocessing
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and quality control is computational expensive and extensive.

All processing of the scATACseq data was performed utilizing pycistopic using

python 3.11. Pycistopic is a python-adapted version of cistopic, and utilizes topic

modelling to identify regulatory elements from epigenomics data [6].

3.2.1 Pseudobulked ATAC-seq Profiles per Cell

Type and Consensus Peaks

First, the fragment �les per condition (Mock and HSV-1) are loaded. There is one

fragments �le for Mock, and one �le for HSV-1. The �le is tab separated, and contains

chromosome region ranges for each fragment, for each cell barcode. The fragments

�les were used to generate pseudobulked .bigwig (.bw) and bed (.bed) �les for each

cluster, and for each condition. The .bw �les were used for UCSC and downstream

analysis. The .bed �les were used to generate the consensus peaks for each cluster.

To generate the pseudobulked pro�les, the export_pseudobulk() function and the

mm39 mouse reference chromosome were utilized. The 9 clusters from scRNAseq

were used as cell type annotations. The export_pseuodobulk() function takes in the

fragments for each condition (Mock, HSV-1), and subsets the fragments per cluster.

Two versions were run. First, there were 9 bigwigs and beds created - one for each cell

cluster. This version pseudobulks all signals per cell type, and does not account for

potential ATAC peak signal di�erences between HSV-1 and Mock cells. The second

version included the consideration of Mock versus HSV-infected samples - so there

were 18 bigwigs and beds created (9 for Mock, 9 for HSV-1). The second version has

higher resolution to identify di�erences between HSV-1 and Mock cells. It generated
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pseudobulk pro�les for each cell type, and for each condition.

Then, the peak_calling() function iterates through each pseudobulked bed �le

and identi�es peak regions using Model-Based Analysis of Chip-seq (MACS2) [42]. A

peak is a region that has strong ATACseq signal from many di�erent cell's sharing the

same fragment, which are frequently the regulatory elements or transcription factor

binding sites. These peaks are then used to generate consensus peaks for each cluster

using the get_consensus_peaks() function. The mm10 blacklist �le was included to

remove noisy regions from the consensus peak set. This is an important step to subset

the biologically signi�cant regions - otherwise, noisy uninformative regions (from the

blacklist) could skew the analysis.

3.2.2 Processing and Quality Control

Cells are then evaluated for barcode-level (cell) and sample-level statistics. Firstly,

the sample-level statistics provide insight into the experiment's quality. The metrics

considered were barcode rank, fragment size, and transcription start site (TSS) en-

richment. The barcode rank plot investigates all barcodes by the unique molecular

identi�er (UMI) count, or cell count. The purpose is to parse the real cells from

the experiment from the total RNA (ambient RNA not from our cells). For down-

stream analysis, only the cells from the experiment were considered. Fragment size,

or insertion size, considers the quality of the ATACseq library itself. Good quality

fragments were less than 100bp (binding sites, open chromatin), and then at around

200bp and 400bp. 200bp and 400bp sizes were patterns of mono-nucleosome and

multi-nucleosomes, which are indicators of high-quality reads. Then, the TSS en-

richment statistic �lters noisy cells from high quality cell. High quality cells have a
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higher TSS enrichment. The results from these metrics requires manual inspection

to con�rm quality of dataset. Automatic default thresholds were used for �ltering

the total number of unique fragments, TSS enrichment, and the fraction of reads in

peaks (FRIP) per barcode. At this point, the snRNAseq data was merged to the

scATACseq at the barcode level.

3.2.3 Topic Modeling

The topic modeling step simultaneously inferred/classi�ed regulatory regions into top-

ics and clustered cells based on these regulatory topics. These computed regulatory

topics were then used to predict transcription factors. The algorithm was imple-

mented using Latent Dirichlet Allocation (LDA) with a Collapsed Gibbs Sampler.

In short, LDA modeled the cis-regulatory elements (promoters, enhancers, etc.) into

topic-cell distributions and topic-region distributions. The idea was to evaluate the

signi�cance of a given topic to a cell and how important a region was to a topic. A

Collapsed Gibbs Sampler was implemented to reduce the sampling space from both

distributions to only sampling from the topic assignment per cell. Parallel LDA was

performed using Mallet [21] and the run_cgs_models_mallet() function. The Gibbs

sampler had a burn-in of 500, and the total number of topics explored were 5, 10, 20,

and 30. Metrics used to evaluate each set of topics were the average model coher-

ence [23], symmetric KL divergence-based metric [1], density-based metric [8], and

the log-likelihood of the last iteration [15]. The divergence and density metrics were

scaled for better interpretability.
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3.2.4 Differentially Accessible Regions

The topics from the most optimal LDA model were utilized to help identify di�eren-

tially accessible regions (DARs) between the snRNAseq cell type clusters. The topic

probabilities were scaled by a factor of106 to minimize low signals from low probabil-

ity regions. Then, region accessibility was calculated using the impute_accessibility()

function, which returned a set of regions. Highly variable regions were then inferred

and utilized as input to the �nd_di�_features() function. This performed a Wilcoxon

rank sum test for each snRNAseq annotated cluster versus the rest. Filtering thresh-

olds for log fold change and adjusted p-values were log_2(1.5) and 0.05.

The main output of this scATACseq processing pipeline was to generate region

sets. These region sets were then utilized by the single-cell multiomic inference of

enhancers and gene regulatory networks pipeline (SCENIC+).
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3.2.5 scATACseq Results

(a)

(b)

Figure 3.7: scATACseq sample statistics show a successful sequencing experiment.

Figure 3.7 shows there was a clear drop-o� in the barcode rank plot at around 8,500

cells/barcodes, indicating the �rst 8,500 barcodes were from real cells. The barcodes

past 8,500 ranks were likely from ambient RNA. For fragment size, there were clear

peaks between 0-100bp and between 100 and 200bp. There was a small peak around

400bp as well. The TSS enrichment was centered around 0 and peaked at around

21 for each. Both samples were similar, and all three metrics evaluated indicated a

successful scATACseq experiment.
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(a)

(b)

Figure 3.8: Filtering scATACseq barcode statistics.

Pictured in Figure 3.8 are the �ltering thresholds for the barcodes. For HSV-1

(Figure 3.8), the unique fragment threshold was 1004.37, the TSS enrichment thresh-

old was 11.17, and duplication ration was 0. For Mock (Figure 3.8), the unique

fragment threshold was 1149.96, the TSS enrichment threshold was 9.64, and du-

plication ration was 0. After �ltering, 8,434 cells remained and there were 135,398

consensus regions.

After quality control, the snRNAseq cell data was merged with the scATACseq

data. Then, topic modeling was employed to determine the cis-regulatory topics for

each cell. Figure 3.9 shows the model evaluation for total number of topics of 5, 10,
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20, and 30.

Figure 3.9: Comparison of the number of topics for LDA model.

For all 4 metrics, there was consensus that 30 topics were optimal. The model with

30 topics was selected. These topics were then used to identify DARs for each cell

type cluster versus the rest. The Wilcoxon test results yielded a total of 26,434 DARs.

There were no DARs in clusters 0, 1, 2, and 3. Cluster 4 had 165, cluster 5 had 6,540,

cluster 6 had 5,627, cluster 7 had 9,346, and cluster 8 had 4,756. Therefore, clusters

7 and 5 had the most unique accessibility pro�les compared to all other clusters.

This contrasted with results from the between-cluster analysis of the snRNAseq data,

which performed a similar Wilcoxon test but for genes instead of regions. Clusters

1 and 3 had the most counts of DEGs, but the accessibility showed that 1 and 3

had no DARs. This result highlighted that clusters 0-3 were a superset of microglial

cells, whereas clusters 5-8 exhibited di�erential pro�les in both the snRNAseq and
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scATACseq data. This was observed in the dotplot from Figure 3.4. Additionally,

this result demonstrated that just because a cluster has a lot of DEGs, it does not

imply that it has an associated increase in DARs too.

3.3 SCENIC+ Methods and Results

SCENIC+ is a computational pipeline that integrates scRNAseq and scATACseq

data. Speci�cally, it identi�es candidate enhancer regions by detecting enrichment

transcription factor binding motifs from the scATACseq data. Further, it links candi-

date TFs with enhancer regions and their associated target genes, e�ectively creating

enhancer-driven gene regulatory networks [5].

3.3.1 Differential Enrichment of Motifs

This pipeline was utilized to integrate our processed snRNAseq and scATACseq data.

SCENIC+ and pycistarget were the main packages used with Python 3.11. To per-

form the motif enrichment, pycistarget was utilized. This package implemented dif-

ferential enrichment of motifs (DEM) with a ranking and recovery algorithm from

cisTarget, followed by a Wilcoxon rank sum test across motifs. The cisTarget al-

gorithm generated a normalized area under the curve (AUC) metric using AUCell

function from the csxcore package, which quanti�ed the biological activity of each

eRegulon in a cell. An eRegulons target gene and region were enriched if they were

at 5% or less of the AUC ranking. In this context, the recovery curve was de�ned

as the cumulative number of regions found in each region set for each ranking. The

AUC value is generated for two types of eRegulons: extended and direct. The direct
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eRegulon are eRegulons that have been experimentally validated motifs/regulons for

mice. The extended eRegulon version incorporates eRegulons that have been experi-

mentally shown in other species, or based on motif similarity [5]. There is gene based

AUC, which is the biological activity for that regulon targeting genes, and there is

region based AUC, which is the same but for target regions.

Additionally, regulon speci�city scores (RSS) were calculated based on the Jenson-

Shannon divergence, signifying how speci�c the regulon enrichment was to that cell

type [37]. Then, GRNBoost2 quanti�ed the importance of each TF, along with their

enhancers. Combined results from GRNBoost2 and DEM formed the eRegulons [5].

3.3.2 SCENIC+ Inputs

SCENIC+ recently developed a SnakeMake pipeline. The input for SCENIC+ re-

quired the region sets of DARs from scATACseq for motif enrichment analysis to

infer TF binding sites. Additionally, the processed snRNAseq data was included

to incorporate the processed gene expression data. As such, there were 7,912 high

quality cells from the processed scATACseq and snRNAseq datasets used as input.

The mc_v10_clust (2022) version of the mm10 motif to TF annotation �le, region

versus motifs scores �le, and regions versus motifs rankings �le were all used as

reference �les. The mouse motif collection contained 1,357 TFs and over 32,000

motifs. Otherwise, default parameters were used for the SCENIC+ con�guration.
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3.3.3 SCENIC+ Outputs and Usage

The main output from SCENIC+ was a mudata object containing several annotated

dataframes with eRegulon enrichment (AUC values) results, motif to TF annotations,

as well as the chromatin accessibility and gene metadata. The notation for eRegulons

had a speci�c interpretation. Using the Sp100 regulon as an example, the possi-

ble notations it could have were: Sp100_direct_+/+(13g), Sp100_direct_+/-(13g),

Sp100_direct_-/+(13g), and Sp100_direct_-/-(13g). The �rst '+' or '-' referred to

TF to gene relationships, and the second '+' or '-' referred to the region to gene rela-

tionship. A Sp100_direct_+/+(13g) meant that Sp100 opened the chromatin at the

enhancer region, and transcription was active. Conversely, Sp100_direct_-/-(13g)

meant the target region was closed, and the gene was not expressed. The (13g) sig-

ni�ed 13 downstream gene targets. Depending on the TF, there were also extended

versions, and region-based versions.

The eRegulon AUC values for genes were used as input to UMAP, and the snR-

NAseq cluster annotations were used to map eRegulon activity back to cell clusters.

RSS values per regulon were plotted to show the top 5 eRegulons unique to each

cluster, and feature plots projected cluster-speci�c regulons onto the UMAP space.

An eRegulon heatmap-dotplot compared regulon activity across snRNAseq clusters.

Finally, a eRegulon gene regulatory network was constructed containing connections

from TF to region, and from region to gene for each regulon. Edge color from TF

to region was colored by TF, and from region to gene it the edge width was scaled

based on region-to-gene importance. Lastly, the Human Protein Atlas was utilized

to investigate expression of target transcription factors across cell types in the brain.
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3.3.4 SCENIC+ Results

Lastly, the cleaned and annotated scATACseq and snRNAseq data objects were inte-

grated to identify gene regulatory patterns using SCENIC+. There were 226 eRegu-

lons identi�ed. UMAP was employed on gene-based AUC values, as shown in Figure

3.10. Overall, parts of clusters 5, 6, and 7 separated well from the rest of the clusters.

Otherwise, there was a lot of overlap, implying shared eRegulon activity across many

of the cell clusters. The sample condition was well distributed, with HSV-1 being

predominant in the northern part of the map. Table 3.1 summarizes the number of

cells belonging to each cluster and condition. Clusters 3, 7, and 8 are predominantly

HSV-1.

Figure 3.10: eRegulon UMAP annotated with snRNAseq clusters
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Cluster Condition Count

0 HSV1 1084

0 Mock 571

1 HSV1 666

1 Mock 429

2 HSV1 597

2 Mock 362

3 HSV1 319

3 Mock 55

4 HSV1 218

4 Mock 127

5 HSV1 100

5 Mock 108

6 HSV1 18

6 Mock 38

7 HSV1 22

7 Mock 2

8 HSV1 20

8 Mock 3

Table 3.1: Cell counts for cluster annotations and sample conditions.

Cluster-speci�c eRegulons were visualized on feature plots colored by the calcu-

lated RSS values. Figure 3.11a and Figure 3.11b showed Cluster 5-speci�c regulons

(Ahr and Ikzf1). Figure 3.11d showed Stat2 was largely enriched across many of the
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cell clusters excluding 5, 6, and 7. This was further explored in Figure 3.12.

(a) (b)

(c) (d)

Figure 3.11: Regulon activity per cell projected onto UMAP.

Figure 3.12 plotted the TF expression of each direct-annotated eRegulon. Each

eRegulon (separated by cluster and condition) was colored by the direct gene-based

AUC, and the circle size was scaled by the direct region-based AUC. This means

that darker red and larger circle sizes indicated enriched biological activity, while

darker blue and smaller circles indicated very low biological activity for gene and

regulon-based AUC, respectively. Clusters 0, 1, and 2 exhibited very similar regula-

tory activity across both sample conditions for region and gene metrics. Maf regulons

were upregulated, which are generally associated with normal adult microglia [16].
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These clusters did not contribute much uniqueness compared to other clusters. Clus-

ter 3 had very little gene-based biological activity, with no notable di�erences between

Mock and HSV-1 cells. The same could be said for cluster 6, although it had highly

enriched Erg activity for genes and regions. Cluster 4 shared activity with most other

clusters but uniquely had Jun, Fos, Klf2, and Klf4 enriched. Cluster 8 primarily had

cell-cycle associated regulons enriched, such as E2f2. Clusters 7 and 8 exhibited dif-

ferences between Mock and HSV-1 cells, but this was not very informative due to the

low number of Mock cells (see Table 3.1).

Figure 3.12: Heatmap-dotplot reveals transcription factor activity speci�c to clusters and
sample condition.
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Cluster 5 had the most di�erential regulon activity when comparing across Mock

and HSV-1 samples. Irf's, Klf13, and Sp100 (boxed in red on y-axis) activity separated

cluster 5 from the other clusters. Notably, these regulons were strongly enriched in

the HSV-1 group for both region and genes, while the converse was true for the

Mock group. Sp100 has been shown to inhibit viral promoters [38] and is generally

upregulated in response to HSV-1 infection [26]. Sp100 was found to be an important

mediator of HSV-1 infection by Chelbi-Alix and Hughes de Thi (1999) as well. They

discovered HSV-1 evaded the immune system by degrading Sp100 post-infection [10]

to help viral proliferation. In cluster 5, the Sp100 regulon was biologically activated

in the HSV-1 cells and turned o� in the Mock. Irf7 and Irf1 are known to play

key roles in response to viral infection [17, 28, 11]. Moreover, these regulons that

are enriched upregulated their target genes too (Irf7_direct_+/+, Irf7_direct_+/-

, Irf1_direct_+/+, Irf1_direct_+/-), so it made sense that these regulons were

biologically active in the HSV-1 group and minimally active in the Mock group.

As shown in the network (Figure 3.13), Sp100 is a direct target of Irf7, and it is

upregulated by the increased regulon activity of Irf7.

There was an Irf7 regulon (Irf7_direct_-/+) that was more active in the Mock

group and shut o� in the HSV-1 group. This regulon downregulated target genes,

e�ectively turning o� the viral response in the Mock group. Lastly, a Klf13 ortholog

in shrimp has been shown to play a role in cell apoptosis in response to pathogen

clearance [2]. It has also been shown to be an important regulator of HPV and HIV

[9, 41]. It has not, however, been shown to play a role in the regulation of HSV-1.

In summary, these results indicated that the cells in cluster 5 had enriched viral

response regulons when compared to other clusters. Clusters 0-2 comprised the vast
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majority of cells, with roughly equal proportions of Mock and HSV-1 populations.

The three clusters' regulon activity was indistinguishable and appeared to exhibit

homeostatic microglia morphology. Cluster 3 shared a similar signature to cluster 6,

with low gene activity for all regulons. However, cluster 6 cells exhibited a unique Erg

regulon signature, a strong controller of angiogenesis and blood vessel maintenance

[4]. Cluster 4's unique activity of Fos and Jun indicated a surveillance microglia

phenotype [16]. Cluster 7 are likely t-cells contaminants or microglia cells interacting

with t-cells, shown by the unique activity of Ets1 and t-cell pathway results from the

gene expression analysis [25]. Cluster 8 cells appear to be undergoing the cell cycle,

with strong E2f regulon activity [18].

To further understand the viral response occurring in cluster 5, an eGRN was

built and visualized in 3.13.
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Figure 3.13: Virally activated cluster 5 eGRN with Sp100, Irf7, Irf1, and KLF13 regulons.

There was a signi�cant number of shared regions and genes regulated by Irf7 and

Irf1. Additionally, Sp100 also shared regions with the Irf's. Klf13 remained connected

to the network by 2 regions connected to the Stat3 gene, which was co-regulated by

Irf1. Importantly, Sp100 is directly regulated by Irf7. Irf7 was the only regulon that

regulates Sp100. This is supported by Schmid et al (2014) where researchers identi�ed
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the dimerization of Irf7 and Irf3 which caused the induction of MAP3K8-mediated

phosphorylation of Irf3. Further, this dimerization upregulates Irf7 signaling, which

consequently induces Sp100 transcription [32]. The results from our study seem to

encapsulate this regulatory mechanism.

From the snRNAseq data, Irf7 and Sp100 were both signi�cantly upregulated

(FDR of 0.003 and 1.82 x107) in the HSV-1 group compared to Mock for cluster 5.

Moreover, MAPK signaling was enriched from pathway analysis of cluster 5, strongly

supporting the narrative for a strong viral response by Irf7 signaling to mediate Sp100

expression. Additionally, Irf7 was also upregulated (FDR of 0.013) from the spatial

RNA di�erential expression results. Taken altogether, the interactions of Irf3, Irf7,

and Sp100 orchestrated a strong immune system response to virus infection.

We compared this regulon network to the results from the spatial experiment. The

166 DEGs from our spatial analysis were merged with cluster 5's Sp100, Irf7, Irf1,

and Klf13 regulons. This revealed 23 overlapping genes with the target genes of our

regulons, which were labelled in the network shown in Figure 3.14. Additionally, the

genes in this network (outermost nodes) were colored red if they were overexpressed

in cluster 5 versus the other clusters, and colored blue conversely. This node color-

ing showed this regulon network strongly upregulated the majority of target genes,

including all 23 of the overlapped DEGs. These 23 DEGs were all upregulated in the

spatial analysis too, which emphasized that cluster 5 recaptured much of the virus

activated signature we identi�ed in Chapter 1.
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Figure 3.14: Cluster 5's Irf7, Irf1, Sp100, and Klf13 regulons recapture virus activated
signature from spatial analysis.

For a quick sanity check, public brain scRNAseq data from the Human Protein

Atlas was utilized to investigate the expression of Sp100, Irf7, Irf3, and Klf13 [34].

Results from this, shown in Figure 3.15, indicated that Sp100 was exclusively ex-

pressed in microglia cells. The heatmap color bar is scaled by the fraction of highest

expression cell for that gene. Thus, microglia cells express Sp100 near 100% when

compared to other brain cells. Additionally, Irf7 was largely selective to microglia

but also expressed in oligodendrocytes and astrocytes. Irf1 was more universal, and

Klf13 was completely non-speci�c to microglia and expressed across all types of brain

cells. These results provided more resolution to the transcriptional selectivity of Irf7
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and Sp100 to these virally activated microglia.

Figure 3.15: Sp100 is selectively expressed in microglial cells.
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Chapter 4

Conclusion

This study successfully identi�ed unique molecular signatures among clusters of mi-

croglial cells, derived from both HSV1-infected and Mock-treated samples using snR-

NAseq and scATACseq data. From the gene expression analysis, distinct signatures

were prominent in clusters 5, 6, and 8. Cluster 1 exhibited a signi�cant disparity in its

expression pro�le, with nearly 100% of its di�erentially expressed genes (DEGs) being

upregulated, whereas Cluster 3 displayed exclusively downregulated between-cluster

DEGs. Cluster 5 was characterized by the expression of Apoe, a gene commonly

associated with neurodegeneration and microglial activation [1, 3]. An intra-cluster

analysis revealed that Clusters 1 and 5 contained the most dissimilar populations of

HSV1 and Mock cells. Pathway analysis also highlighted viral signatures and path-

ways associated with viral replication, such as MAPK signaling pathways in cluster

5.

The inclusion of scATACseq provided another scale of regulatory information to

better understand the RNA data at a higher resolution. DARs were identi�ed in

clusters 4-8, where clusters 7 and 5 had the highest count. This suggests clusters 5
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and 7 have the most distinct chromatin accessibility patterns compared to the rest,

potentially contributing to their unique functional roles in the brain's response to

HSV-1 infection. Cluster 7 was likely T cell contaminants, so it makes sense for it

have had the most unique chromatin pro�le compared to microglia cells.

By integrating the scATACseq with the snRNAseq, we revealed speci�c regulon

activities associated with immune system and viral responses in microglia. Cluster 5

showed high enrichment of viral response-related regulons such as Irf7, Irf1, Sp100,

and Klf13. These regulons were predominantly activated in the HSV-1 infected mi-

croglia, indicating a robust transcriptional response to viral infection. Speci�cally, we

identi�ed that Sp100 was directly upregulated by Irf7, which was encapsulated from

the spatial RNA data, snRNAseq, and the SCENIC+ regulon enrichment results.

Literature supports a MAPK-mediated dimerization of Irf3 and Irf7, which in turn

upregulates the expression of Sp100, directly causing an associated virus immune

system response [2]. Conversely, the Irf7, Irf1, Sp100, and Klf13 regulons were all

minimally activated in the corresponding Mock cells in cluster 5 as well as all other

clusters, highlighting the speci�city of the immune response in infected cells belong-

ing to cluster 5. Results from this study supports the hypothesis that Sp100, Irf7,

and Irf1 serve as key transcriptional regulators controlling the microglia's immune

system response to HSV-1 infection. Other clusters expressed speci�c regulons as

well, further emphasizing the heterogeneity exhibited by microglia cells.

The spatial analysis revealed distinct regions within the brain with varying levels

of HSV-1 infection across the trigeminal ganglia and nerve. This spatial heterogene-

ity could explain some of the chromatin accessibility and gene expression pro�les of

our microglia clusters, such as cluster 5, suggesting that local environmental factors
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signi�cantly in�uence microglial activation and function. This analysis captured sev-

eral genes involved in the viral response to HSV-1 infection of the trigeminal tract.

Genes belonging to the I�t and Irf families were some of the key DEGs upregulated

in virus-infected regions, which were recaptured in the cluster 5 regulon analysis.

Further investigations should focus on clusters 6, 7, and 8 in more detail. Cluster

8 exhibited a strong cell-cycle enrichment, but it and cluster 7 also had some viral

signatures too. More samples would greatly improve the resolution of this experiment

and could o�er clarity about these outlier clusters. Some clusters like 7 and 8 had very

few cells, which greatly limited the ability perform statistical tests and to interpret

results. Although not done here, concatenated versions of the data should be explored.

Perhaps the batch integration step silenced some of the viral signatures between

samples.

Otherwise, this study was the �rst e�ort to apply single-cell multiomics to HSV-1

infected mice. At the time of this analysis, the trigeminal ganglia and tract have never

been explored using spatial transcriptomics to identify regional HSV-1 infections. The

identi�cation of speci�c TFs and regulons involved in the antiviral response to HSV-1

provides potential targets for therapeutic intervention. Modulating the activity of TFs

like Sp100, Irf7, and Irf1 or their downstream targets could enhance the microglia's

ability to respond to HSV-1 infection or mitigate excessive in�ammatory responses

that could be detrimental to brain health.
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