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ABSTRACT

Title: Single-Nucleus Multi-Omic Characterization of Age-Specific Effects of Traumatic

Brain Injury in the Mouse Hippocampus
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Traumatic brain injury (TBI) has been characterized as a silent epidemic with growing
incidence rates worldwide. Recently, single cell genomics has revealed multiple
microglial subtypes activated during inflammation, and emerging evidence suggests that
distinct subtypes contribute to age-related differences in neurodegeneration and
neuroprotection. In this thesis, | test the hypothesis that differential microglial activation
states contribute to the worsened outcomes to TBI associated with aging. Using single-
nucleus RNA and ATAC sequencing, | describe cell type specific transcriptional and
epigenomic changes in microglia in the context of TBI in young vs. aged mice. | found
substantial transcriptional effects of TBI in microglia in both young and aged mice.
Regulatory network models predict common repression of homeostatic genes but
differential activation of regulatory activity with transcription factors like Nfe212 and

Runx1 in rescuing and repressing a neuroprotective state of microglia.
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INTRODUCTION

Every year, around 27 to 69 million cases of traumatic brain injury (TBI) are recorded®.
With the average hospital costs of TBI ranging from $2,130 to $401,8082 per patient, the
economic burden of TBI is considerable, especially considering the fact that there can be
an added burden of disability. According to the Center for Disease Control (CDC), in 2014
alone, there were 56,800 TBI-related deaths in the U.S. with 2,529 of them being among
children®. Injury to the central nervous system also increases the risk of other
neurodegenerative and psychiatric disorders like Alzheimer’s disease (AD), chronic
traumatic encephalopathy (CTE), depression, suicidal ideation and negative effects on
memory and behavior*®. There are two distinct phases of TBI: Primary and secondary,
each with their own distinct pathology. This acute phase is primarily characterized by tissue
damage, while the effects of secondary injury comprise the long-term prolonged damage
and neuroinflammation persisting for months and years later, as a consequence of the
biochemical, cellular and pathological events during primary injury. My master’s thesis
focuses on the analysis of single-cell transcriptomic and epigenomic profiling of
hippocampal tissue in a mouse model of TBI, comparing the effects of brain injury in young
vs. aged mice. This study is designed to provide insights into the molecular and cellular
mechanisms underlying both good (e.g., repair) and bad (e.g., degenerative) long-term

outcomes.



1.1 Traumatic Brain Injury: Primary Injury

TBI needs emergency treatment as soon as it has occurred as delay may cause worsening
of condition. There is an initial primary phase which can present different prognoses based
on what type of injury has occurred. The injury can be either focal or diffuse, although both
might be present at the same time too, especially for patients inflicted with moderate to
severe level of injury’. In focal brain injury, focal brain damage occurs along with a
presentation of skull fracture and localized contusion at the core of the site of injury. As a
consequence of neuronal and glial necrosis occurring along with compromised blood
supply, confined layers of the brain present with hematoma and epidural, subdural and
intracerebral hemorrhages. The area opposite to and surrounding the coup of the injury
may also show some secondary contusion due to the brain rebounding and striking the
skull®. On the other hand, diffuse injury is caused by rapid shearing and stressing of
cerebral tissue through non-contact forces. The tensile forces in this type of injury cause
damage to axonal tracts, especially in the subcortical and deep white matter tissue which
is a distinct feature, oligodendrocytes and blood vasculature resulting in brain edema and
ischemia. The damage to axons may persist for months post injury impairing axonal
transport and degradation of the cytoskeleton. The degree of this damage and
neurodegeneration is the determinant for the severity of TBI. The influx of activated
endothelial cells, microglia and astrocytes along with the damage and degradation of
axonal transport and cytoskeletal structure due to the production of reactive oxygen species
(ROS) and inflammatory cytokines and chemokines®°. Immediate actions to recuperate
include reducing the intracranial pressure which may be caused due to swelling or blood,

reducing pressure in the medullary cavity, reducing cerebral edema along with offering



systemic support!'. Hypotension and hypoxia are one of the first two things to be managed
as even a single episode increases the risk of morbidity*?. An adequate level of sedation
can help reduce metabolic stress by decreasing the consumption of oxygen as a result of
lower cerebral metabolic activity post-sedation. Mild hyperthermia, hyperglycemia, and
occurrence of convulsions are also to be monitored in patients as all and any of these lead
to poor outcomes. Decompressive craniectomy to reduce intracranial pressure along with

antibiotic therapy and nutritional support is also considered®3.
1.2 Traumatic Brain Injury: Secondary Injury

The molecular, cellular and physiological events occurring during the primary phase lead
to the secondary phase of TBI as they can persist for up to months after primary injury®1°,
The secondary phase is marked by neuroinflammation, excitotoxicity, mitochondrial
dysfunction, oxidative damage, axonal degeneration and growth inhibition, and neuronal

apoptosis®4,
Excitotoxicity

Elevated extracellular glutamate levels may persist in patients with severe TBI from days
to weeks. This is toxic to cells as ATP reserves are spent due to overstimulation and the
energy expenditure involved in reuptake®®. lonic homeostasis of potassium, sodium and
calcium are also disrupted leading to exacerbation of ATP depletion due to changes in
astrocytic potassium conductance post-TBI*®. Increase in intracellular sodium levels cause
increase in osmotic pressure!’ while prolonged increase in calcium levels cause
mitochondrial dysfunction, activation of nitric oxide synthase leading to generation of

reactive oxygen species (ROS), breaking down of cytoskeletal architecture and increase in



transcription of apoptotic genes?®. Increase in ROS leads to destabilization of cellular and
mitochondrial membranes by reacting with polyunsaturated fatty acids®®. These can initiate
a passive leakage of intracellular molecules which can act as damage-associated molecular

patterns (DAMPs) and trigger immune cell reactivity?°.

The N-Methyl D-Aspartate (NMDA) receptor plays a particularly important role as
intracellular calcium levels are controlled by multiple routes of entry into the cell. Voltage-
gated calcium channels do not allow as much calcium to get into the cell as ligand-gated
(glutamate) calcium channels (NMDA), therefore leading to increased cell survival and
better tolerance to glutamate-induced calcium influx?*?2, This has been explored as a
therapeutic target before and in recent studies as well>>2°, Only a few studies have explored
the effects of increased glutamate in the chronic (>14 days post injury) in TBI, but all have
pointed towards altered glutamate as well as GABA levels persisting long after the injury
in mice?® as well as humans?”28 respectively. In the hippocampus, deregulation of positive
regulators of excitatory amino acid transporter 2 (EEAT2 encoded by Sicla2) like
Extracellular Signal Regulated Kinase (ERK encoded by Mapk) and cAMP Responsive
Element Binding Protein (CREB)?, through which 90% of the glutamate reuptake
happens®, are a potential mechanism for the cognitive impairment observed in TBI as ERK
and CREB are also markers of memory consolidation. Long term potentiation is also
critically maintained in the CA1 subfield of the hippocampus through glutamate reuptake3!.
Subsequent astrocytic cell death, failure to maintain synaptic strength and initiating LTP
in the hippocampus could be accounted for by the dysregulated glutamate reuptake causing

chronic electrophysiological deficits®®.



Mitochondrial Dysfunction

Mitochondria are primarily responsible for producing ATP by the process of oxidative
phosphorylation in homeostatic condition. They also release mitochondrial ROS at levels
rescued by endogenous enzymes and non-enzymatic antioxidants. Oxidative stress is
caused when these ROS levels exceed the balance they have with the endogenous enzymes
either due to endogenous factors like aging or immune cell responding to damage or
infection or due to exogenous factors like radiation, pollutants or heavy metals entering the
body and being metabolized, releasing ROS in the process®2. Mitochondria are both a target
of inflammation and potentiates inflammatory response. ROS and mutated mtDNA from
dysfunctional mitochondria trigger the NOD-, LRR-, and Pyrin domain containing 3
(NLRP3) inflammasome and the production of cytokines through NF-kB stimulation®.
Additionally, mtDNA can also trigger Toll-like Receptor 9 (TLR9) which further sets off
pro-inflammatory signaling cascades®®. Aging is a process which itself renders the
mitochondrial DNA susceptible to lesions with higher production of ROS, impaired
oxidative phosphorylation and in general, “primed” mitochondrial health ready to trigger
inflammation associated processes. Aged animals have swollen or branched mitochondria,
either due to fission or fusion®3¢, They also show impairment in normal mitochondrial
processes and efficiency while becoming more vulnerable to external sources of stress®’.
Microglial mitochondria shift from oxidative phosphorylation to glycolysis when needed
to react to immune challenges so as to support cell growth and production of cytokines and
ROS. This is driven by Glucose Transporter Protein type 1 (GLUT1) in the cytoplasm® but
has also been shown to be facilitated through Glucose-regulated Protein 75 (GRP75), a

mitochondrial chaperone®. Another hypothesis is that mitochondria also play a more direct



role in enable pro-inflammatory signaling in microglia through facilitating the transcription
of NF-xB and IFN-B*>#*, Overall, mitochondria play an important role in the function of
microglia and dysfunction of the same impairs the ability of the microglia to respond to
injury, especially when already in a susceptible state due to pre-injury priming. Treatment
of microglia with mitochondrial division inhibitor, Mdivi-1 has showed reduced ROS
production®? while the effect of anti-oxidants like Coenzyme Q10, ubiquinol and others

have also been documented and shown positive results*>#4,

Neuroinflammation

Neuroinflammatory processes involved have been known to exacerbate chronic
neurodegenerative outcomes but also help in repair and regeneration after TBI°. Breakage
of the blood brain barrier (BBB) leads to infiltration systemic neutrophils, monocyes and
lymphocytes which help mediate the neuroinflammatory response post TBI along with
microglia and astrocytes. These cells react to DAMPs and/or pathogen associated
molecular patterns (PAMPs) or as a consequence of high ATP levels induced by the
activation of the mTOR pathway“®#’. Elevated chemokine production by activated resident
glia in the brain are responsible for the recruitment of systemic immune cells at the site of
injury. Peripheral leukocytes are largely vacated from the brain parenchyma about 10-14
days post injury (dpi) but the presence of F4/80" macrophages persist for months or even
years at sites distal from the primary injury*®. Some of the chemokines which get expressed
are Ccl2/Ccr2 (important for monocyte mobilization), Cxcl12/Cxcr4 (maintains neural
stem cell niche), Cx3cl1/Cx3crl (regulator of microglial toxicity) among others*-°0,
Cytokines on the other hand are produced by immune cells like monocytes, lymphocytes

and macrophages and can be pro-inflammatory, such as interleukin (IL)-1, IL-6, IL-18,



IFN-y, Tumor Necrosis Factor (TNF)-a or anti-inflammatory, such as IL-4 and IL-10°L,
Microglia play a pivotal role in the neuroinflammatory response to TBI in both primary
and secondary phases. Their functionality is discussed in further detail ahead in a separate

section of this document.
BBB breakdown

The BBB is a semipermeable layer of endothelial cells that interact with microglia and
astrocytes, with its primary function being a barrier to blood-borne pathogens and systemic
immune cells. This layer is disrupted in TBI when cell junctions weaken caused by
upregulation of Matrix Metallopeptidase 9 (Mmp9), which breaks down the tight junctions
allowing systemic immune cells to infiltrate®>. The immune cells then further cause the
BBB to become more permeable via disruption of endothelial transport functions and
endothelial-pericyte crosstalk, pericyte loss, cerebral blood flow reduction, and tissue
hypoxia®®. These pathological events contribute to the chronic neurodegeneration

observed in mouse models and human patients of TBI.
Axonal Injury

Acute axonal damage cascades into secondary axotomy in the chronic phase of TBI.
Wallerian degeneration, a form of evolutionarily conserved cell death pathway in which
the distal end of the axon starts fragmenting following a nerve lesion, can start minutes
after axonal injury®*% but can persist for weeks later as well>®”. The chronic phase post
TBI is characterized by degeneration of myelin sheath, impaired axonal transport,
accumulation of axonal transport proteins and the increased expression of amyloid

precursor protein®**°. Prolonged swelling of injured axons and eventual apoptosis of



neurons is also observed due to the formation of retraction bulbs as a result of dissociated
axonal connections and accumulation of axonal transport proteins. The strongest predictor
of post TBI neurodegeneration and infiltration by microglia and macrophages has been the
extent of axonal injury caused in white matter tracts like the corpus callosum®-,

ultimately leading to deformation of white matter.
1.3 Aging, Alzheimer’s and TBI

Age is a variable that has been shown to matter both in the recovery from TBI as well as
the incidence of TBI as most some of the most vulnerable populations to TBI in the United
States are children aged 0-4 years, adolescents aged 15-19 years, and adults aged 65 years
and over. Those aged 75 years and older are the most vulnerable with the highest rates of
hospitalizations and death®*. On a cellular level, aging exerts a mixed effect on the immune
cells and processes in place to respond to events like TBI. Aged microglia and macrophages
both display a reduced capacity for phagocytosis and chemotaxis®, the microglia present
a “primed” state which exhibit an exaggerated pro-inflammatory response to immune
challenges*%2. This primed state has distinct features including the following — an
increased expression of various inflammatory markers like major histocompatibility
complex 11 (MHC 1) which in turn produce IL-1p following activation, Integrin alpha M
(Itgam), TNF-a, and IL-6 among others®®. However, the age specific effects of TBI have
not been studied in thorough detail and experiments looking at this effect have only
recently begun to emerge. Krukowski et al. found brain lesion and cavitation formation,
prolonged BBB breakdown associated with increased microglial number and activity at 30
dpi in a mice model of focal contusion injury. They also found a significant accumulation

of Complement component g (C1qg) on synapses within the hippocampus, which when



pharmacologically blocked rescued memory deficit in aged animals®*. A recent study using
single nucleus RNA sequencing (ShnRNA-seq) also demonstrated increased thalamic C1q
expression by microglia colocalizing with neuron loss, chronic inflammation, disruption in
sleep spindles and appearance of epileptic activity®. Ritzel et al. showed aged mice having
a higher increase in microglial numbers post TBI with worse behavioral and motor
outcomes than the young mice along with a higher production of IL-1p, ROS and senescent
markers but lower phagocytic activity and pro-inflammatory cytokine production®®. Barrett
et al. also showed an increased expression of IFN-1 signaling via DNA recognition
pathway, cGAS in aged brains along with an increase in the phosphorylation of Statl which
is an IFN-1 effector molecule®”. The evidence points towards a complex picture of age
interacting with injury as a stimulus for inflammation related degenerative/repair

processes.

Alzheimer’s disease is a neurodegenerative disorder which is the 6™ leading cause of death
in the US. Its symptoms are marked by an onset and progressive decline in behavioral and
cognitive functions like memory, language comprehension and processing, attention,
reasoning and judgement®. The risk for Alzheimer's disease (AD) has long been known to
be associated with the incidence of TBI as studies have repeatedly shown a very strong
correlation between the two%®"1. Consequently, both diseases share pathologies, especially
when considering the long-term effects of TBI on the brain. BBB breakdown in TBI is
known to lead to both ischemic damage, leading to hypoperfusion and vascular
dysfunction, and AP accumulation, which is a prominent feature of AD2"3, Metabolic
acidosis in TBI can be another contributor towards AP accumulation. The role of AP

oligomers in the activation of mitochondrial pathways of endothelial cell stress and death



has been well characterized”’®. Ap can also bind to microglial receptors like Marco
(Macrophage Receptor With Collagenous Structure), Cd36, Rage (advanced glycosylation
end product-specific receptor), TIr2, Tlr4, Cmklrl (Chemerin Chemokine-Like Receptor
1) and Piezol’""® (Piezo Type Mechanosensitive lon Channel Component 1) or be
engulfed by TAM receptor tyrosine kinases (Axl and Mertk)™ to increase its uptake or
induce a pro-inflammatory response**. Hyperphosphorylated Tau accumulation, another
hallmark of AD pathology is also observed in patients after diffuse axonal injury as
microtubule networks within axons are disrupted®8, A recent study shows that AD like
neuronal tau-acetylation is induced post TBI in mouse cerebral cortex and hippocampus,
correlating the accumulation of tau with injury intensity. Blocking of this process led to
rescue from neurodegeneration and neurobehavioral impairment®28, Microglia can be
stimulated by both phosphorylated and non-phosphorylated tau via separate pathways®+8,
Variant genes which have been shown to be risk-conferring have been found to be
upregulated in microglia in this study as well as previous studies, for example, Apoe*!
(Apolipoprotein E), Trem2% (Triggering Receptor Expressed On Myeloid Cells 2), Clu®’
(Clusterin), Cd33%, Inpp5d® (Inositol Polyphosphate-5-Phosphatase D), Cri1%

(Complement C3b/C4b Receptor 1).
1.4 Microglia: Functions and Subtypes

Microglia are highly dynamic cells that are the main resident immune cells of the brain.
They get activated in the presence of stimuli like pathogens, injury, stroke or aging and are
also responsible for clearing cell debris and toxic substances as well as refinement of
synaptic networks, advancement of developmental apoptsis, and supporting of neuronal

survival by secretion of growth factors®. When TBI occurs, microglia are one of the first
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cells to respond and reach the site of injury to begin immediate damage control by
modifying their morphology initiating inflammatory cascades leading to the production of
cytokines. They detect DAMPs released by surrounding cells via various pattern

recognition receptors that allow them to sense and respond to the local environment.

Without any stimulus in normal conditions, microglia remain in the “quiescent” or
“resting” or “homeostatic” state expressing genes like CX3C motif chemokine receptor 1
(Cx3crl), involved in synaptic pruning, microglial migration and blocking neuronal
excitotoxicity®~®3; Purinergic receptor P2Y12 (P2ry12), for metabolite sensing, protrusion
extension, maintaining regulatory junctions between microglia and neurons and has also
been shown to control CA1 neuron excitability and fear in mice®; Sialic acid binding
Ig-like lectin H (Siglech), involved in patrolling and phagocytic activity; Siglec-3 or rage,
which is an inhibitor of phagocytic activity and several others. The term “resting” is now
regarded as a misnomer as these microglia are actually quite active (ceaselessly motile)
even without any stimulus as they are constantly surveilling, clearing cellular debris,
pruning and remodeling synapses, looking for any harmful infiltration by foreign bodies or
toxic chemicals®’. The consensus on the exact profile and function of activated microglia
is divided. An aggressive form of microglia, known as the “M1 pro-inflammatory”
microglia, are activated as a response to stimuli triggering inflammation and in general are
neurotoxic, releasing pro-inflammatory factors like MHC Il molecules, which make them
similar to perivascular macrophages in expression®®. They also contribute to NO synthesis
which mediates neuronal cell death®%. C-C chemokine receptor 2 (Ccr2) is also expressed
in these cells to bind with astrocytic C-C chemokine ligand 2 (Ccl2) for further recruitment

of pro-inflammatory microglia'®. Surface markers like Cd16, Cd32, Cd86, Cd40 and
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Cd74 can also be observed leading to enhanced production of pro-inflammatory cytokines
like IL-1, IL-6, IL-12, IL-17, IL-18, IL-23, Tnfa and IFNy. The opposite profile of this
phenotype is observed in the “M2 anti-inflammatory” microglia whose function is stop
inflammation and promote neuroprotection and homeostasis. They express Arginase 1
(Argl) which is needed for making polyamines active in wound healing and tissue
remodeling and also inhibits iNOS/NO production'®. Ym1 or Chitinase-like 3 is also
expressed in the presence of anti-inflammatory cytokines like IL-4 and IL-13; its role is to
prevent the degradation of extracellular matrix components®1%, However, strong
arguments against this classification system have been made with evidence pointing
towards a more mixed phenotype shown by microglia in various inflammation inducing

states like infection, aging, injury and stroke®.
What’s the “DAM” problem?

With the advent of single-cell sequencing, transcriptional heterogeneity of tissues has been
made discernable. Recent publications employing this method have shown a new state with
different names in different models. Phenotypes similar to this phenotype have been called
the “Disease-associated microglia” (found in AD 5XFAD mouse model)'%, “Microglial
neurodegenerative phenotype” (AD, Amyotrophic Lateral Sclerosis and Multiple Sclerosis
mouse model)!®, “axon tract-associated microglia” (injury and development)!®® and
“proliferative-region-associated microglia” (postnatal mice)°. They have some overlap in
gene expression but are not all similar in their transcriptional signature, suggesting some
overlapping and differential functionality specific to the context. The characteristic features
of this population include a downregulation of homeostatic genes like P2ry12, Tmem119,

Cx3crl, Siglech among various others. Some key genes which get upregulated are
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Apolipoprotein E (Apoe), Osteopontin 1 (Sppl), Transmembrane glycoprotein NMB
(Gpnmb), Integrin subunit alpha X (Itgax), Leukocyte immunoglobulin-like receptor
subfamily B member 4A (Lilrb4a) which enrich pathways of endocytosis, regulation of
immune response and lysosomal/phagocytic pathways. Triggering Receptor Expressed On
Myeloid Cells 2 (Trem2) is a gene considered to play a crucial role in the activation of
microglia mediating cell migration, proliferation and survival'®’. The original “DAM”
paper attributes the activation of microglia in a 2 step process which involves an initial
upregulation of Trem2, B2 microglobulin (B2m), TYRO protein tyrosine kinase-binding
protein (Tyrobp) and a later upregulation of Lpl, Cst7, Axl and Itgax*®®. A further
subdivision of DAMs have been suggested with some having a more pro-inflammatory
profile with genes like TIr2, Ptgs2, Cd44 and Il1b and other having an anti-inflammatory
profile with genes like 1gf1, Apoe and Myo1e!®. Wang et al. in a recent publication showed
that Trem2 was dependent on spleen associated tyrosine kinase (Syk) based pathway to
induce DAM microglia which promote engulfment of AB plaques while a Hematopoietic
Cell Signal Transducer (Dapl0) based pathway induces an Apoe expressing prodromal
stage!'®. Some have argued that DAM are present in all individuals at all stages with an
increase in number as aging or other inflammation triggering events happen while others
have proposed a stricter activation-based presence specific to stimuli only*!, Single cell
studies in aged mice without any external stimulus has also revealed similar clusters.
Hammond et al. found a cluster (entitled “OAZ2”) with increased cell number and
upregulation of chemokines Ccl3 and Ccl4 with 111b suggesting a pro-inflammatory profile
while another cluster, “OA3” was found to be enriched interferon response genes like

Ifitm3, Rtp4, and Oasl2%. Frigero et al. also were able to show that “activated response
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microglia” (ARM) were part of the normal aging process as well, with females showing a
faster progression towards a decline in the homeostatic state microglia to ARM microglia,
which interestingly corresponds with reportedly higher incidence of AD in females. These
microglia were enriched in MHC class Il genes (H2-Abl, H2-Aa, and Cd74) and tissue
repair genes (Sppl, Gpnmb and Dkk2)!'2. In pathological models of neurodegeneration,
microglia have been shown to play a complex role, instigating both beneficial and harmful
effects. An age attenuated function of microglia is the phagocytosis of Ap plaques to
prevent the spread of more toxic soluble amyloid molecules in the braint**-*5, On the other
hand, microglia have been shown to contribute to synaptic loss when exposed to soluble
AP oligomers in early AD mediated by complement component C1g and complement
receptor 3116, In other studies with TBI models, it has been shown that microglia contribute
to neuronal damage post TBI, which is rescued upon microglial depletion causing
upregulation of genes associated with dopamine signaling, long-term potentiation, calcium
signaling and synaptogenesis®*”1'8, Overall, the field is in a flux of exactly how this once
obscure phenotype contributes to the pathology of neurodegeneration. The prospect of
finding a therapeutic target, either to propagate or diminish this cell type to ameliorate the
disease is tantalizing. My study aims to resolve some of the repair vs degenerative
processes occurring with respect to both aging and TBI in microglia with the hopes of

identifying potential targets for inhibition or activation.

The hippocampus has a complex architecture with sub-regions and various cell types
performing unique and specific functions!t®. Single nucleus Ribonucleic acid sequencing
(snRNA-Seq) is a new technique which gives researchers the opportunity to explore how

TBI perturbs gene expression and define the pathological cell states seen in TBI, in a cell
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type specific manner according to their transcriptional profiles. Coupled with single
nucleus Assay for Transposase-Accessible Chromatin (SnATAC-Seq), the regulatory
features driving these changes in expression can be pointed out and give direction to future
therapies as potential targets. Compared to single cell sequencing (scRNA-Seq and
SCATAC-Seq), single nucleus sequencing methods give a number of advantages, especially
considering how hard to dissociate cells like neuronal populations. Elimination of the
protease digestion / heating step makes the dissociation protocol faster, reducing the chance
of aberrant transcription. It has been shown that ShRNA-Seq achieves better sensitivity and
classification of cell types'?°. Spurious gene expression arising from ribosomes is also
minimized since they are localized to the cytoplasm when they get fully mature. This
especially helps in capturing transcripts of transcription factors since they would not be
translated by immature ribosomes during disassociation, thus helping in identifying
regulatory elements controlling gene expression. snRNA-seq also helps take a snapshot of
the nuclear transcriptome, transcripts associated with neuronal activity that may be

expressed nascently can be captured?%12L,

My master’s thesis focuses on the analysis of snRNA-seq and ShATAC-seq data from
hippocampal tissue in a mouse model of TBI, comparing the effects of brain injury in young
vs. aged mice. To my knowledge, this is the first study on rodent models of TBI using a
multi-modal single nucleus approach employing both snRNA-seq and snATAC-seq. This
study was conducted with the hopes of defining and characterizing the transcriptional and

regulatory landscape in the context of TBI and aging.
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2. Methods

2.1 Animals

This study was performed using 3-month-old and 18-month-old male C57BL/6J mice.
Mice were housed in the animal care facility at the University of Maryland School of
Medicine under a 12 h light/dark cycle, with ad libitum access to food and water. All
surgical procedures were performed in accordance with protocols approved by the
Institutional Animal Care and Use Committee at the University of Maryland School of

Medicine.

2.2 Experimental design

18-month-old and 3-month-old C57BL/6J mice (n=4 per group) were subjected to either
controlled cortical injury (CCI) or Sham surgery. A custom designed CCI device was used
by the Stoica lab which consisted of a microprocessor controlled pneumatic impactor with
a 3.5mm tip. Briefly, mice were anesthetized with isoflurane evaporated in a gas mixture
containing 70% N0 and 30% O> and administered through a nose mask (induction at 4%
and maintenance at 2%). A 10mm midline incision was made over the skull, the skin and
fascia were reflected, and a 4mm craniotomy was made on the central aspect of the left
parietal bone. The impounder tip of the injury device was then extended to its full stroke
distance (44 mm), positioned to the surface of the exposed dura, and reset to impact the
cortical surface. Moderate-level CCI was induced using an impactor velocity of 6 m/s and
deformation depth of 2mm. Sham animals underwent the same procedure as TBI mice

except for the craniotomy and impact. At 28 days post injury, mice were anesthetized (100
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mg/kg sodium pentobarbital, 1.P.) and transcardially perfused with ice-cold 0.9% saline

(100 ml), the ipsilateral brain tissue was rapidly dissected and flash-frozen!?2123,

2.3 Nucleus isolation, snRNA-seq, and snATAC-seq

Single-Nucleus RNA Sequencing: Nuclei were isolated from frozen brain tissue following
a published protocol with slight modifications'?*. Briefly, frozen brain tissue was
mechanically disaggregated using disposable homogenizer and by pipetting up and down
in chilled extraction buffer consisting of Poly(1-vinylpyrrolidone-co-vinyl acetate) (Sigma
#190845), 0.1% TritonX-100, and 1% bovine serum albumin (BSA) in dissociation buffer
(DB; 82 mM Na2S04, 30mM K2S04, 10mM Glucose, 2.5mM MgCl2,10mM Hepes
pH7.4, and RNase inhibitor [Protector, Roche]). Homogenates containing nuclei were
resuspended in DB and filtered with 70 um and 40 um strainers. To separate nuclei from
debris, the nuclei suspension was mixed in a 25% (final) iodixanol layer over a 27%
iodixanol cushion, followed by centrifugation (13000g x 20min, 4° C), then nuclei were
washed twice in DB. Nuclei were counted using a MoxiGoll (Orflo) cytometer, and the
concentration was adjusted to 365 nuclei/ul in phosphate buffered saline with 2% BSA.
17,000 nuclei were loaded in each well of a Chromium Controller (10x Genomics).
Sequencing libraries were prepared using NextGEM 3’ Gene Expression reagents (10x
Genomics), following manufacturer’s instructions and sequenced on HiSeq4000 (batches

1 and 3) and NovaSeq6000 (batch 2) sequencers.

Single-nucleus ATAC sequencing: Cellular nuclei were isolated from frozen brain tissue
following the Chromium Single Cell ATAC Demonstrated Protocol*?®. Briefly, frozen
samples were triturated in a disposable homogenizer (Biomasher, Takara) with 0.1X Lysis

Buffer. Lysates were diluted with 0.5ml wash buffer and filtered with 70 um and 40 um
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strainers (Pluriselect). Nuclei were centrifuged at 500g x5min and resuspended in diluted
nuclei buffer at 3,000 nuclei/ul. Each sample was processed individually to this stage, then
nuclei from a male and female donor (Table S1) were pooled to target 10.000 nuclei in
total. Tn5 transposition and snATAC-seq library construction were performed using the
10x Genomics ATAC kit (v1), following manufacturer’s instructions, and sequenced on a

NovaSeq6000 sequencer.
2.4 snRNA-seq Data Processing and Quality Control

The raw sequencing reads were processed using Cell Ranger v5.0 (10x Genomics)*?. The
cellranger mkfastq pipeline was used to demultiplex the FASTQ base call files. The outputs
were used to run cellranger count which was used to align the sequencing reads to the
mouse reference transcriptome (mm210) using STAR, which aligns the reads to the genome
in a splice-aware manner. This pipeline filters out the UMIs with invalid barcodes and
those with MAPQ < 255 (mapping quality). This score is a representation of a read being
confidently mapped to a single exonic loci, in spite of also being aligned to other non-
exonic loci. Intergenic reads are also filtered out although we chose to include the intronic
reads for our analysis. Confidently mapped exonic and intronic reads were then aligned to
annotated transcripts ignoring all anti-sense reads. After barcode correction by matching
all the barcodes against a barcode whitelist, all reads are grouped by barcode, corrected
UMIs and gene annotation. To call cell barcodes (or cells), Cell Ranger uses the
EmptyDrops algorithm (ref) which better identifies low-RNA containing cells, especially
when such populations are mixed with high RNA-containing populations. Cell Ranger also

performs a secondary analysis which includes PCA, and then passes the PCA-reduced data
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to UMAP (uniform manifold approximate projection) and tSNE. It also employs a graph-

based clustering algorithm followed by Louvain Modularity Optimization.
2.5 sSnATAC-seq Data Processing and Quality Control

The raw base call files were processed by Cell Ranger ATAC v2.1'%" through the
cellranger-atac mkfastq pipeline generating FASTQ files. cellranger-atac count was then
run which performs filtering, alignment, counting, identification of transposase cut sites,
accessible chromatin peak detection, cell calling, generation of the count matrix,
dimensionality reduction, clustering and differential accessibility analysis. First, Cell
Ranger ATAC detects the location of the 10x barcode and picks the location that
maximizes the fraction of valid barcodes. Error correction is performed to resolve for
sequencing errors. To error correct invalid barcodes which are not on the list, Cell Ranger
ATAC tries to find all valid barcodes within one mismatch of the observed invalid
sequence, then scores them on the basis of the abundance of that barcode in the read data
and quality value of the incorrect bases. The invalid barcodes are only corrected if there is
a greater 90% probability that that barcode is the real barcode. For trimming adapter and
primer olgo sequence before reference alignment, Cell Ranger ATAC uses an algorithm
similar to the cutadapt tool. A modified version of the BWA-MEM algorithm is used to
align the reads to the mouse reference (mm10) genome. Since barcoded fragments
representing template molecules are amplified during the library preparation process
resulting in multiple read pairs from the same original template, Cell Ranger ATAC selects
one of the read pairs filters out the rest checking if MAPQ is greater than 30 on both reads,
isn’t mitochondrial, not chimerically mapped and maps to a gene-containing contig. To

call peaks, actual signal coming from open chromatin must be distinguished from random
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transposase activity generating background noise. For this, Cell Ranger ATAC first
determines a global peak threshold followed by local refinements since both signal and
noise can vary across datasets and locally across the genome. Each candidate peak is then
padded by 5 Kb on either side to include local background context. Local maxima are
identified, and putative peaks are generated by extending the local maxima to the total
prominence of the maxima. Each putative peak is then filtered on the basis of signal-to-
noise ratio. A Bayesian posterior probability estimate is used by Cell Ranger ATAC to
exclude peaks that don’t have at least 95% confidence that the signal-to-noise ratio is above
1.5. The final step is to examine all fragments within a peak, if one cut of the fragment is
outside and one is inside then the peak is padded to fully contain more of those fragments.
The next step of cell calling is associating the barcodes found in the library to the cells in
the sample. Cell Ranger ATAC firstly identifies barcodes that have a fraction of fragments
overlapping the called peaks lower than the fraction of genome in peaks. These are filtered
out along with a doublet filtering algorithm which filters multiple barcodes associated with
the same cell. Cell calling is then performed which subtracts a fixed count (depth
dependent) from all barcodes which is the number of fragments per barcode, assuming a
contamination rate of 0.02. The barcodes that correspond to real cells vs non-cells are
separated using an odds ratio limit of 200000. Further analysis by Cell Ranger ATAC was
carried out with default methods — Latent Semantic Analysis (LSA) and t-SNE for

clustering, dimensionality reduction and visualization.

| also ran the aggr pipeline which merges all the fragments from each sample into one
aggregated file. The default Depth Normalization method was used which equalizes the

average read depth per cell between groups before merging. Cell Ranger ATAC also
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corrects for batch effects based on a mutual nearest neighbors (MNNSs) algorithm. MNNs
(pairs of similar cells) are detected for every pair of batches and the difference in chromatin
accessibility between cells in a MNN pair gives an estimate of the batch effect. A batch
effect score is produced which is calculated by how many of the 100 nearest-neighbor cells
belong to the same batch and then are normalized by the number expected when there
would have been no batch effect. The average of this normalized score in a random subset

of all cells (10%) is the reported batch effect score.

| took the barcodes from each fragment file (file with position sorted start and end position
of each fragment observed in a cell) of each sample and matched it against the aggregated
fragment file from the aggr run to make a separate batch-corrected fragment file for each

sample.
2.6 scRNA-seq Clustering and Cell Annotation

The outputs from Cell Ranger for all 16 samples was then read into R environment using
Seurat!? and then normalized within each sample using Seurat’s default “LogNormalize”
method which normalizes the gene expression counts for each cell by the total expression
and then multiplies by a scaling factor of 10,000. For each sample, genes which exhibit
high cell-to-cell variability were determined using Seurat’s FindVariableFeatures()
function with defaults which applies variance-stabilizing transformation. Anchors for all
the Seurat objects for each sample were then produced using Seurat’s
FindIntegrationAnchorsFunction() which identifies anchors to be used later for data
integration from each sample. Anchors are pairs of cells from each dataset that are each
other’s mutual nearest neighbors. Each anchor is then assigned a score based on the k.score

(parameter equal to 30) anchors within its own and its pair’s dataset. The anchor set is then
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integrated using the IntegrateData() function which performs a pairwise integration in an
iterative manner. In this step, distance between two datasets is calculated as the total
number of cells in the smaller dataset divided by the total number of anchors between the
two datasets. The distance matrix for all sample pairs is then clustered to determine a guide
tree. The output of the function is a Seurat object with the original count matrix as well as
an “integrated” matrix with batch corrected counts. Using the integrated matrix,
ScaleData() function is called to apply linear transformation as is needed before performing
Principal Component Analysis. By default, Seurat only uses the variable features
determined in a previous step as input. FindNeighbors() is then run which uses the first 30
principal components (default) to construct a cellular KNN graph based on the Euclidean
distance in PCA space and then edge weights between the cells are refined based on Jaccard
similarity. The cells were then iteratively clustered into clusters by applying the Louvain
algorithm. The resolution parameter determines the granularity expected when grouping
cells together and we used a value of 0.2. The same PCs as calculated before were then
used as input for generating a two-dimensional visualization of the cells grouped by cluster
using Uniform Manifold Approximation Projection (UMAP). The marker genes for each
cluster were calculated through the FindAlIMarkers() function which uses a wilcoxon rank
sum test to calculate the upregulated genes in each cellular cluster compared to all other
clusters. Marker genes for each cluster were annotated manually using an interactive web
application — dropviz.org and the Allen Mouse Whole Cortex and Hippocampus (10x
Chromium v3) dataset as a reference for hippocampal cell types!®?°, The Saunders et al.
(DropViz) dataset was primarily used for annotation while the Allen dataset was used for

finer annotation of GABAergic neuronal subtypes, since the resolution of clustering

22



yielded more subtypes of inhibitory neurons than profiled in the Saunders et al. dataset.
This process was repeated after removing clusters of mixed or systemic origin and then
reintegrating (starting from the producing anchors step) and reclustering the cells to get

clean, doublet free global clusters with cells expected in the hippocampus.

After obtaining a clear global separation of cellular clusters, cells identified as microglia
were selected and the whole Seurat pipeline as described above, starting from splitting the
Seurat object into 16 objects by sample, normalizing and reintegrating them to finding
clusters (here, we found the optimal value for the resolution parameter to be 0.3) and
looking at marker genes was repeated. Here also, we repeated this process 2-3 times each
time removing clusters which were clearly showing marker genes of two or more than two
cell types (neuronal, astrocytic and/or oligodendrocytic), giving us a final Seurat object

with 4 microglial clusters, systemic B-cells and T-cells and parenchymal macrophages.
2.7 Differential Gene Expression Testing

For differential gene expression testing, | took the raw genes x cells counts matrix from
each cell type and used it with edgeR® to test for differentially expressed genes across
conditions using 6 total contrasts. First, | filtered the matrix to only have the genes which
have at least 3% expression across all cells. This matrix is then read as a list-based object
called DGEL.ist which is required by edgeR. I applied a grouping factor in three ways —
grouping all cells by whether they came from injured mice (TBI and Sham), by age (18-
month-old and 3-month-old) and by experimental group (18-month-old TBI or Sham mice
or 3-month-old TBI or Sham mice). Normalization factors were calculated by using the
calcNormFactors() function to account for genes which are highly expressed in some

samples which can leave other genes undersampled for the analysis. A design matrix was

23



constructed to describe the treatment condition for the subsequent Generalized Linear
Model (GLM) approach I used for estimating dispersion. estimateDisp() is used to estimate
the dispersion for all genes using the Cox-Reid profile adjusted likelihood method (since
in our case we have more than 1 factor). Quasi-likelihood F test was used to perform
differential testing using 6 contrasts — TBI vs Sham, 18-month-old vs 3-month-old, TBI vs
Sham in 18-month-old mice and 3-month-old mice, and 18-month-old vs 3-month-old in
TBI induced and Sham treated mice. The differentially expressed genes were combined in
a single matrix containing p-values, false discovery rates and log fold changes across all

contrasts.

For microglia, only the microglial cells — cells from cluster M1, M2, M3 and M4 were used

for this pipeline.
2.8 Pseudotime Ordering Using Monocle

To study the trajectory of microglial cells going from one state to another, | used the raw
counts matrix of all microglia and used it in Monocle 2% to create a CellDataSet (cds)
object using the newCellDataSet() function. Since | was using transcript counts, | used a
negative binomial model for the expressionFamily parameter. Data was normalized using
estimateSizeFactors() and dispersion was calculated using estimateDispersions(). The
detectGenes() function was used to set a minimum threshold for gene expression which
counts how many cells express each feature above a minimum threshold. The threshold
level was set at 0.1 (default). Genes which were being expressed in at least 50 cells were
retained. A few cells with very low or very high transcript recovery were also filtered out.
To cluster the cells and reduce dimensionality, Monocle uses tSNE and an unsupervised

clustering model. The top 85 marker genes for each cluster were then ordered according to
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the expected trajectory and set into the cds object using setOrderingFilter. I used Monocle’s
implementation of Reverse Graph Embedding in the next step to reduce data
dimensionality. The final step is ordering the cells in pseudotime using the orderCells()
function which uses a machine learning approach to fit the best “tree” (a structure with one
end being the “root” and other end(s) being the “leaves”). The parameter “reverse” was set

to TRUE. The plots for the cell trajectories were called using plot_cell _trajectory().

To see what genes were being expressed during the branching of microglia from M1/M2
state to M3 and M4 state, | used Branched Expression Analysis Modeling (BEAM) which
is a statistical approach in the Monocle 2 package. It compares two models with a
likelihood ratio test for branch dependent expression. The full model is a product of the
branch a cell is assigned to and smoothed pseudotime. This was visualized through a
special type of heatmap through the plot_gene_branched_heatmap() function. The plots for
individual genes showing their expression through the two trajectories were generated

through plot_genes_branched pseudotime() function.
2.9 snATAC-seq Clustering and Analysis Using ArchR

For downstream clustering and analysis, ArchR v1.0.2'*? was used with mm10
(BSgenome.Mmusculus.UCSC.mm10) genome for all steps of the analysis. ArchR reads
data in the format of Arrow files which are HDF5-format based files, updated by ArchR as
further analyses are performed. These arrow files are not actually read into the R
environment but held into memory as addresses bound by a single analytical framework —
ArchRProject. | ran createArrowFiles() with default parameters which created Arrow files
for each sample along with a “TileMatrix” having counts of insertion sites for every 500

bp bin of the genome. Predicted gene expression scores are stored in the
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“GeneScoreMatrix” which are based on weighting insertion counts in tiles nearby a gene
promoter. This step also performs quality control. All cells with lesser than 1000 fragments
are filtered out. The signal-to-background ratio or the transcription start site (TSS) score is
calculated as the ratio of peak of enrichment centered at the TSS (expected to be universally
enriched) relative to the flanking regions of the TSS (+/- 1900 to 2000 bp). A ratio of less
than 4 excludes the cell from the analysis. addDoubletScores() function was used to infer
the scores predicting which cell is actually a “doublet” (single barcode, 2 cells) and add it
to the Arrow files. After creating an ArchRProject which is an R object connecting all the
Arrow files together, the doublets were filtered out with the default filter ratio of 1.5
(maximum ratio of predicted doublets as a factor of the total number of cells). ArchR uses
iterative Latent Semantic Indexing (LSI) for dimensionality reduction. In this approach an
initial LSI transformation is performed on the most accessible tiles and the clusters which
are of lower resolution and not confounded are identified. Variable peaks across the
clusters are identified and used for LSI again. The number of iterations were set to 2
(default). Harmony was used within the ArchR framework to correct for batch effect
differences using addHarmony() function specifying the reduced dimensions from the
previous run of the iterative LSI to be used. The same graph clustering approach used in
Seurat'? was applied to cluster all the cells using addClusters() function with a resolution
of 0.2. to visualize the clusters in a reduced dimension space, addUMAP() was run on the
Harmony output. To annotate the clusters, marker features were identified based on gene
scores calculated by ArchR. ArchR calculates gene scores based on the local accessibility
of the gene region including the promoter and the gene body. To include distal regulatory

elements, ArchR identifies the subset of tiles within the default 500bp gene window and
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do not cross another gene region. The gene scores are depth-normalized to a default value
of 10,000. The list of marker features was obtained by running the getMarkerFeatures()
function in which each cell group is compared to its own background cell group to
determine if the cell group in question has higher accessibility. Annotation was done with
the help of the same tool as was used for the SnRNA-seq experiment. This was repeated in
a similar way as selected marker features from each cluster were overlayed on the UMAP
plot for global cell clusters using the plotEmbedding() function. Given the sparsity of
SnATAC-seq data, I also imputed the gene scores to smooth the signal across nearby cells
using addimputeWeights() function which uses MAGIC*, an algorithm for denoising
high-dimensional data. | integrated the snATAC-seq and snRNA-seq data within the
framework of ArchR which uses the FindTransferAnchors() function from Seurat,
parallelized to make it more computationally efficient. Integration was performed in 2 steps
— an agnostic, unconstrained version was performed first which aligns all the cells in each
dataset to the other dataset. To improve the quality of this integration, a biased, constrained
integration was performed in which | inputted the annotation of cell types and integrated
each cell type in one dataset to the corresponding cell type in the other one. The combined
matrix of cells from both datasets was added to the Arrow files using the
addGenelntegrationMatrix() function. Before calling peaks and identifying marker peaks,
I made pseudo-bulk replicates within ArchR to achieve appropriate statistical significance
since sSNATAC-seq data can be very sparse and is binary. ArchR does this in a way that for
each cell cluster, there are sufficient cells from a single sample to maintain sample
heterogeneity and biological variation. The maximum replicates per cluster was chosen to

be 5 (default) and the maximum cells per replicate per cluster would be 500 with a
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minimum 40 cells per replicate per cluster (default). Peak calling in ArchR was done by
executing addReproduciblePeakSet(). In ArchR, peaks are called through MACS2%3*. The
peaks are then first ranked by their significance and any peaks overlapping with the
significant peaks are removed which is repeated until no more peaks exist. Using the same

getMarkerFeatures() function, I identified the marker peaks.

To identify differentially accessible peaks across TBI and age, the “PeakMatrix” which
contains insertion counts per cell per peak was used with edgeR using the same framework

as used for the SnRNA-seq differential gene expression analysis.
2.10 Gene Regulatory Network (GRN)

Firstly, a binarized matrix of annotated motifs is created in ArchR across all peaks using
the JASPAR2020 database using the addMotifAnnotations() function. This binarized
matrix is used to make a base gene regulatory network in which the presence of a motif in
each peak is numerically indicated. | separately annotated all the peaks to genes with
ChlPSeeker using the annotation package for mm10 mouse genome. The transcription start
site range was defined as +2000bp to -2000bp. ArchR uses the approach utilized by Cicero
to create low-overlapping aggregates of single cells prior to analysis involving correlation
of features. Aggregates with greater than 80% overlap with any other aggregate are filtered
out to reduce bias. Co-accessibility scores were calculated using the addCoaAccessibility()
function in ArchR. A base GRN is constructed having all the motif annotations with peaks,
transcription factor (TF) motifs, target genes along with co-accessibility scores. This data
frame is then integrated with gene expression counts. The counts are smoothed by log2
transformation. Then, a list of regulators of each target gene (all the genes in the gene

expression matrix) is constructed with the transcription factor for each of those targets
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matched with the latter. Any target gene having less than 2 regulators is filtered out.
GENIE3™ is then implemented for each target gene having more than 2 regulators and a
list of target genes, regulators and their weight scores. The top 50,000 TF-gene links were

selected to look at “hub” TFs with the strongest relationships.

An enrichment analysis is done by running a Fisher’s exact test separately on the
upregulated and downregulated genes found through the differential gene expression
analysis by edgeR as described in previous sections. The enrichment analysis is also
repeated separately for activating TFs and repressing TFs defined by correlating the
expression of the TF with the target gene in the SnRNA-seq data (positive correlation

meaning activating and negative correlation meaning repressing).
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3. RESULTS

3.1 Asingle-cell gene expression and chromatin accessibility atlas for the aging mouse

hippocampus and its sensitivity to brain injury

We performed 10x Genomics single-nucleus RNA sequencing (snRNA-seq) to
characterize the effects of traumatic brain injury (TBI) in the hippocampus of young (3-
month-old) vs. aged (18-month-old) mice (n=4 mice per condition; Fig. 1A). Initial data
processing identified 136,265 cells. After filtering of low-quality cells, we studied the
transcriptomes of 87,791 cells. Clustering of these cells revealed 15 major cell types, which
we annotated based on established markers (Fig.1B and 1C; Supplementary Table 1). Cell
type proportions were similar across the 16 samples with several notable exceptions.
Specifically, microglia and choroid plexus were more abundant in mice that experienced
TBI. Microglia were slightly more in aged mice as well. Other populations like astrocytes
showed higher proportions in aged Sham treated or young TBI-induced mice while
oligodendrocytes generally showed higher numbers in aged mice compared to young mice.
Dentate granule cells also showed a high proportion coming from aged Sham-treated mice
with low numbers in 3-month-old TBI mice. The neuronal population coming from the
subiculum classified as “Neuron_subiculum_Slc17a6” showed a drastic effect where more
than half of all such neurons came from young TBI-induced mice while Sham mice had a
much lower population with aged TBI mice showing a slight increase in the number. The
combined cluster of endothelial, mural and fibroblast cells again showed a similar pattern.
CAL1 neurons were relatively lesser in population in the TBI-induced mice, with a very

slight change with respect to age (Fig.1D). Overall, there seems to be cell type specific
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effects of age on both TBI and Sham treated mice with a general trend of increased cell

numbers seen with either age or TBI or both with a few exceptions.
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Figure 1A: Experimental design showing the 4 groups with n=4 mice each; show ATAC
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Figure 1B: UMAP consisting of global clusters observed across all samples after clustering

in Seurat.
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Figure 1C. Dotplot of all cell-type specific markers used, representing cell type specific
expression for each cell type observed. The “mixed” cluster shows markers of both
oligodendrocytes and microglia
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Figure 1E. Number of significantly upregulated and downregulated DEGs observed in each
celltype [FDR < 0.01, |log2FC| > 0.2].

For the SnATAC-seq part of the study, a similar experimental model was used as the one
used for snRNA-seq. Using 10x Genomics Chromium v3, 8 hippocampi were sequenced,
n=2 in each of the 4 groups as shown in Fig.1A. Cell Ranger ATAC was used to pre-
process the FASTQ files to generate position sorted bam files, filtered matrices of peak
regions and fragment files. The output was entered into ArchR v1.0.2 where quality control
and batch effect correction was performed. A UMAP representing the clusters of cell types
of the final 67,398 cells is shown in Fig. 2A. The annotation of the 13 cell types inferred
from the data was done on the basis of marker genes calculated from gene scores, which

are fundamentally a prediction of the expression of a gene based on the chromatin
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accessibility of regulatory elements proximal to the gene (Fig. 2B-2M and Supplementary
Table 2). Cell type proportions by experimental group also reflected a similar trend as the
trends shown by snRNA-seq data — there was a general trend of mice with TBI having
more cells than Sham treated cells (Fig. 2N). The only exception to this trend were dentate

granule cells which showed lower cells in the 3-month-old TBI group than its Sham

counterpart.
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Figure 2A. UMAP showing all global snATAC-seq clusters obtained after clustering with
ArchR.
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Figure 2B. Visualization of marker gene activity scores of microglia on global UMAP
embedding.
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Figure 2C. Visualization of marker gene activity scores of ependyma cells on global
UMAP embedding.
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Figure 2D. Visualization of marker gene activity scores of choroid plexus cells on global
UMAP embedding.
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Figure 2E. Visualization of marker gene activity scores of combined cluster of
endothelial, mural and fibroblast cells on global UMAP embedding.
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Figure 2E continued
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Figure 2F. Visualization of marker gene activity scores of Neuron_Subiculum_Slc17a6
cells on global UMAP embedding.
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Figure 2G. Visualization of marker gene activity scores of Neuron_Dentate_C1ql2 cells
on global UMAP embedding.
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Figure 2H. Visualization of marker gene activity scores of Neuron_CA2CA3_Pvrl3-
Rgs15-Calb2 cells on global UMAP embedding.
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Figure 21. Visualization of marker gene activity scores of
Neuron_CAL1_Subiculum_Postsubiculum cells on global UMAP embedding.
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Figure 2J. Visualization of marker gene activity scores of astrocytes on global UMAP
embedding.
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Figure 2K. Visualization of marker gene activity scores of interneuron cells on global
UMAP embedding.
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Figure 2L. Visualization of marker gene activity scores of oligodendrocytes on global
UMAP embedding.
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Figure 2M. Visualization of marker gene activity scores of OPC (oligodendrocyte
progenitor cells) on global UMAP embedding.
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Figure 2N continued
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3.2 Functional heterogeneity of microglia in the context of inflammation and aging
Microglia subtype classification

Our next objective was to characterize the microglial response to TBI, hypothesizing that
TBI would induce inflammation and degeneration associated changes. We re-clustered the
immune cells from all samples and identified 7 sub-clusters, including four microglial
states and three peripheral immune cell populations, B cells, T cells and macrophages (Fig.
3A). The cluster labeled M1 showed a marker signature of genes expressed in homeostatic
microglia (Csmd3, Siglech, P2ry12)!!t, M2 cluster showed a very similar profile with
homeostatic genes like Ctss, Cst3, Hexb, Selplg but also Trem2, Cd81 and Tyrobp
(Supplementary Table 3), molecules which are known to lead to an activated state*®. The
marker genes of M3 cluster showed a similar expression profile as has been characterized
before in other single-cell studies. This subtype has been called “disease-associated
microglia (DAM)”%® or the “microglial neurodegenerative phenotype (MGnD)”*%* or
“activated response microglia (ARM)”1!2 in different studies. In our study, the top marker
genes for this cluster included Spp1, Apoe, Gpnmb, Cacnala among others. The M4 cluster
showed a “classical” pro-inflammatory signature, previously characterized as the “M1 pro-
inflammatory” microglia with marker genes like MHC class II genes (H2-Eb1, H2-Ab1,
H2-Aal), Cd74, Ccr2 among others®!3’. The top marker genes for each cluster are

visualized in Fig. 3B.
Differential Gene Expression analysis
Differential gene expression testing of all microglial cells (not including T cells, B cells

and macrophages) was done through edgeR with various contrasts to reveal condition and

46



age specific transcriptomic changes (Supplementary Table 3). The number of significant
DEGs contrasting all mice with TBI against Sham-treated mice was high in microglia with
741 upregulated DEGs and 179 downregulated DEGs (Fig. 1E). The top upregulated DEGs
were also markers of M3 and M4 clusters like Sppl (tissue remodeling and
phagocytosis)1?®138.13% | y72 (lysosymal activity), Gpnmb (mTOR based regulation through
inflammation)'“°, H2-D1 (class | MHC protein) and Cd74 (class I1 MHC protein and cell
survival)!*', among others. The downregulated genes were a host of genes found expressed
during homeostatic conditions which included the PKC family of genes, Khdrbs3, a
splicing transcript shown to be downregulated in the microglia of the hippocampus of APP
mice model of AD2, core homeostatic genes like Numb, Selplg, Siglech!!! as well as
several ribosomal and Cox genes. Most of the downregulation was driven by differences
in the Sham-treated and TBI-induced cells in the M1 and M2 cluster. | also contrasted all
18-month-old mice against all 3-month-old mice and performed a Pearson’s product
moment correlation between the genes differentially expressed in TBI and those in aging.
| found the two gene lists to be highly correlated with a p-value of 1.97e-12 and correlation
coefficient (r?) of 0.6. To see if aging had any specific effect on differential gene expression
in the context of TBI, | compared the genes differentially expressed in TBI-induced
microglia vs Sham microglia within all 18-month-old and within all 3-month-old mice (Fig.
3C). A good number of genes (312) were commonly differentially expressed in both 18-
month-old and 3-month-old mice in the context of TBI. These primarily consisted of
canonical markers of microglial activation like Apoe, Sppl, Cd74, Lyz2 and H2-
D1103.105106 - Apout 139 genes were specific to 3-month-old mice when the injured mice

were contrasted with the control mice. Ferritin Heavy Chain 1 (Fth1) was one of the top
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genes by false discovery rate (FDR = 8.84 x 10°) in that list, and interestingly showed
significant downregulation (FDR < 0.01) in 18-month-old mice when contrasting TBI
against Sham. Fthl has been previously shown to be a feature of activated microglia
participating in iron loading and has shown to surface in other single-cell studies as a
feature of microglia reacting to a neurodegenerative stimulusi®*!43, Other genes like
Olfr111%4 and Prdx1* which have been shown to be expressed in various
neurodegenerative models of mice were also uniquely upregulated in the 3-month-old mice
induced with TBI, although, ST6 beta-galactoside alpha-2,6-sialyltransferase 1 (St6gall)
which has been shown to be downregulated in LPS model of inflammation for microglia,
was upregulated®*®. A list of all the DEGs in 18-month-old mice with TBI compared to
Sham mice, not present in the DEGs for 3-month-old mice in the same context gave a list
of 691 genes, a considerable difference from the 139 genes specific to 3-month-old mice
(Fig. 3D). Markers of microglial activation and proinflammation like Lgals3bp!®3147,
Fgf134 Hk2°, Statl were at the top of the list, although Statl, which is a known driver
of microglia mediated inflammation®®. Stat1 was also almost within the adjusted p-value
cut-off we had used to define significant differential expression in 3-month-old mice as
well. Contrasting 18-month-old with 3-month-old mice within all TBI mice and Sham mice
(Fig. 3E), we first explored commonly upregulated genes between the two contrasts to
isolate the effects of just aging (FDR < 0.01, [log2FC| > 0.1). This gave 43 genes including
upregulation of Lrmda, a little known gene shown to be upregulated in Lrrk2-knockout
mice (PD mouse model) when compared to wild type!®! and which has also been suggested
as a microglial marker®21%3, Zgller et al. performed a study using immunohistochemistry,

fluorescence activated cell sorting (FACS) and RNA isolation to identify genes in aged
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mouse cortex. 1ldr2 (expressed in inflamed tissue inhibiting T-cell activity)*™>* and
Arhgap15 were both shown to be upregulated as they have in our data as well***. Members
of the Rho-GTPase family and Sp100 have been previously associated with aging-related
effects’®>1% while Cd84 and Ccl12 are genes that have been shown to be active during
microglial repopulation in mice after treatment with a Csflr inhibitor'®’. Downregulated
genes were mostly genes associated with a homeostatic state (Cst3, Numb, Siglech, Csfir)
as was expected. 72 genes were specific to aging in mice of the control group. Interestingly,
Fthl was seen here again as what was down in 18-month-old mice with TBI was up in
Sham-treated, aged mice when compared to young, Sham-treated mice. Along with some
ribosomal proteins, Cd63, Cst7 and Cd9, genes upregulated in “stage II DAM microglia”
were also up in control group, aged mice'®1%, Fbrsl1, a gene expressed in human AD
microglia of the frontal cortex was also seen'*®. Downregulation of some homeostatic
genes including Rnase4, Hexb, Cx3crl and Tgfbr1>® was seen but some genes implicated
in microglial inflammatory response were also downregulated including long non-coding
RNA Malat1'®, pro-inflammatory marker Cd74% and Pld4'®* (associated with phagocytic
action of microglia). 184 DEGs were specific to TBI mice when comparing 18-month-old
vs 3-month-old mice. The top genes were as expected -markers of inflammation which
included MHC class | genes (H2-D1, H2-K1), Cd74, B2m, Ctss, Lgals3bp and Statl. The
downregulated genes were mostly a host of ribosomal and Cox- genes along with DAM
marker Aldoc; Calm1l, a potassium channel regulator'62163 and Sptbnl, a housekeeping

genel®,
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Figure 3A. UMAP of microglial cells from the snRNA-seq experiment showing microglia

and parenchymal immune cell populations.

50



B cells ® ® L]
M1-like - [ ] L} [ ]
T Cells [ ) ® Average Expression
2
 §
2 0
E Macrophages 1 @ [ ] ® ® 1
= Percent Expressed
-0
. 25
L]
DAM-Like L] ® ® ® . ® 75
Intermediatey @ [ ] [ ] [ ]
Homeostatic|{ @ ® ® ®
S|g\lech Na{VS C1Iqb Trelmz Aploe Cactlwa1a Mr‘cﬂ DabZ Sképﬂ Thelrms H2—IED1 Cch \gi(c Et;ﬂ
Features
Figure 3B. Dotplot of marker genes observed for the subtypes of microglia.
600 -
3393304
30%g0y, 47%
500 -
51% 24%
400 35%
[} M1
K] 21%
S 37% M2
= 300 -
< M3
8 200 | Macrophages
7% 11% = M4
100 %o6% u T cells
% 498% 3% 3%
I ~0% O %4%006 l% B0k oo B cells
0 i
TBI\3M0 Sba m‘ 3 MO TBI\] 8Mo ShanL 1 8M0
Cell type

Figure 3C. Cell numbers of immune cell clusters

51



TBIlvSham_18Mo TBIlvSham_3Mo

Up Down Up Down
Fgfl3 Prkeq Fthi Meg3
Satl Fthi Stégall Selplg
Malatl M3 Sle7als | Tgfbrl
Arhgap25 | Rps29 Olfr111 | Rnased
Cisa Slela? Prdxi Tmeml19
HE2 Cox8a Lhfpl2 Maiat]
Statl Calml Arhgap26 | Elmol

Up Down
Apoe Bankl
Sppl Myvold
Cdr4 Khdrbs3
Lyz2 Prkea
Gpnmb | Numb
H2-D1i Csmd3

Trpsi Siglech
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Figure 3E. Venn diagram depicting the number of differentially expressed genes in TBI
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In a similar way, we explored differential accessibility from peaks obtained through
ArchR’s implementation of MACS2. The differential accessibility was calculated using
edgeR with the same contrasts using the peak matrix of peaks by cells with peaks annotated
through ChlIPSeeker. Contrasting just TBI mice with Sham mice gave a list of 21,566 peaks
(FDR < 0.01) with 9556 unique annotations. The top annotated peak was Pdelb, a distal
intergenic peak, which is a known positive regulator of pro-inflammatory response of
microglial®®'% and a negative regulator of spatial and contextual memory in
hippocampus®’. Cfcl, a distal intergenic peak was also present which is a member of the
epidermal growth factor-Cripto/FRL-1/Cryptic (EGF-CFC) family not implicated in TBI
before. Kdm7a, a histone-demethylase related gene previously shown to be upregulated in
an in vitro microglial model of subarachnoid hemorrhage®®, was also upregulated with a
distal peak. Contrasting age, 30,370 peaks were differentially accessible in 18-month-old
vs 3-month-old mice. (Fig. 4A). Seeing the differential accessibility specific to age, the
DAPs specific to 18-month-old mice by FDR were; Ncor2, distal intergenic annotation
implicated before in microglial regulation of inflammatory activity and a positive regulator
of cognitive function!®®1"t; Nckapll, an intronic annotation which is a known participant
in the microglial pathogen phagocytosis pathway'’>1"®, among others. Dnm2 was also
found, with both distal intergenic and intronic annotation, a microRNA deregulated in a
number of neuropathies'’®; Frmd4a (distal intergenic), an AD-associated GWAS gene and
a regulator of Tau secretion*”’; Selll, a highly active gene in malignant gliomas'’® among
others. The DAPs specific to 3-month-old mice were a promoter peak annotated to Tldc2,
a gene associated with DOOR syndrome which involves intellectual disability!’#; Timm21

(distal intergenic), implicated in being involved in a sex-specific effect of targeting protein
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to mitochondria'”; Ifitm2, a gene which is a known marker of DAM microglia from
previous studies'®® among others. Age and group specific cross-sectional contrasts also
revealed a pattern of more dramatic changes in 18-month-old mice across TBI than 3-
month-old mice (Fig. 4B) and also more prominent changes across age in TBI mice than

Sham mice (Fig. 4C).
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Figure 4A. Number and percentage of differentially accessible peaks by condition and age
in microglia
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Figure 4B. Venn diagram showing number of DAPs common and unique to 18-month-old
and 3-month-old mice in the context of TBI
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Figure 4C. Venn diagram showing number of DAPs common and unique to TBI-induced
and Sham-treated mice in the context of aging



Looking at subtype-type specific gene expression changes, also showed some striking
effects (examples given in Fig. 5A). Contrasting TBI vs Sham in M1 cells gave a list of
376 significantly differentially expressed genes (FDR <0.01). Although, most of the genes
differentially expressed had a relatively low log fold change, Apoe was the at the top of the
list with a >2 log fold change. Most of these changes are most likely driven by the M1 state
in TBI mice more probable to be in a primed state towards M3 and M4. The list also
consisted of Complement component C1q subunit genes, Trem2, H2-D1 among others.
The same analysis in M2 cluster gave a list of the 112 genes having half of which were the
same genes as in M1 but with higher log fold changes and half were other genes not
significant in M1. This half consisting of new genes being downregulated from the change
from M1 to M2 with the same contrast were mostly downregulated genes like Fthl, Ttr,
Malatl, Ribosomal proteins, Mt3, Cox genes among others. The M3 and M4 clusters had
low counts of microglial cells in the Sham cluster and the overall global microglial changes
driven in the context of TBI were driven by these 2 clusters mostly so that gave us very
similar results to our previous lists, as was expected. Looking at the cluster-specific effects
of age, we contrasted 18-month-old mice against 3-month-old mice with TBI and Sham
respectively and then compared the two lists (examples of genes showing effect in gene
expression shown in Fig. 5B). This gave us 24 genes for M1 microglia which were
significantly differentially expressed in TBI mice but not in Sham mice which included
Arhgapl5, H2-D1, Mt3, B2m, a phagocytic gene; Cd244a which was once described to be
exclusive to natural killer and T cells but has been found in microglia as well in recent
studies'’*® among others. The same analysis in the M2 cluster gave us 26 genes with

some overlap from the M1 cluster like H2-D1 and B2m and others like some Cox and
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ribosomal genes, H2-K1, Olfr111 and Aldoc. For M3 and M4, we contrasted all 18-month-
old mice with 3-month-old mice as the proportion of microglia in Sham mice was very low
anyway. For M3 microglia, this returned a list of 24 genes with the top ones being Mamdc2,
a highly upregulated gene in microglia of AD and neurotropic infection mice models®®?;
Mmpl2, a facilitator of migration of inflammatory reactions by cleaving inflammatory

cytokines and chemokines!® and, Arhgap15 among others. For M4, this returned only 6

genes with mostly chemokine ligands — Cxcl9, Ccl12 and Ccl8 along with Ttr, Apod and
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Figure 5A. Violin plots of the cluster wise gene expression of genes differentially
upregulated in TBI. The yellow plots on the right for each cluster show its expression in
TBI mice while the blue plots on the left of each cluster show its expression in Sham mice.
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Figure 5B. Violin plots of the cluster wise gene expression of genes differentially
upregulated with age. The yellow plots on the right for each cluster show its expression in
3-month-old mice while the blue plots on the left of each cluster show its expression in 18-
month-old mice

3.3 Pseudotime trajectory construction and analysis

I used Monocle'®! to track the trajectory of microglial activation through various subtypes.
When using just Monocle2 with the raw counts matrix from the SnRNA-seq microglia (M1,
M2, M3 and M4), the trajectory showed an initial starting point consisting of mostly M1
and some M2 cells as well, with the trajectory slowly graduating to have more M2 cells
and then diverging into two separate trajectories — one branch having primarily M3
microglial cells and the other branch having all the M4 cells clustered along the end. (Fig.

6A and 6B)

| also looked at genes that change in expression with pseudotime using Branched
Expression Analysis Modelling (BEAM) (Fig. 6C). Simultaneously looking at changes in

gene expression in each experimental group, Clga, which shows upregulated expression
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in M2, showed downregulation in M4 but maintained similar levels of expression in M3.
This gene did not show any significant difference with respect to age but a clear
upregulation when comparing TBI mice against control mice. Trem2, another marker of
the M2 cluster which shows clear upregulation in M2, showed downregulation in both
pathological phenotypes — M3 and M4. Interestingly, when looking at M2 specific DEGs,
contrasting all 18-month-old mice in the context of TBI, revealed no differential expression
while there was significant differential expression in young mice subjected to TBI.
Cacnala, a P/Q-type voltage gated Ca?" channel, mutations in which cause a cluster of
neurodegenerative disorders'®® and which was also found upregulated in prefrontal cortex
microglia in a mice model of alcohol dependence'®*, showed significant upregulation in 3-
month-old M3 microglia in the context of TBI but non-significant in M3 microglia of 18-
month old mice. Myole, a phagocytosis-related gene in microglia which has been shown
upregulated in an anti-inflammatory subset of DAM-like microglia also showed M3-
specific upregulation in TBI-induced mice although did not reveal any significant
differences with age. Myob5a, another gene associated with lysosomal activity and
intracellular trafficking showed concurrent upregulation in both M3 and M4 microglia,
showed significant upregulation in 18-month-old mice but not in 3-month-old mice when

comparing TBI against Sham (Fig 6D, 6E and 6F).
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Figure 6B. Cells arranged along a trajectory showing the arrangement of different clusters
of microglia along the branches.
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Figure 6C. Important areas of the heatmap generated from BEAM analysis. The branch
from the middle to the left shows the expression pattern of genes in M3 microglia while
the branch going from the middle to the right is showing the same for M4 microglia
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Figure 6E continued
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Figure 6E continued
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Figure 6F. Expression pattern of genes in each cluster that show change with pseudotime

3.4 Integration of snRNA-seq and snATAC-seq data

Using the cell barcodes from ArchR’s characterization of global cell types, the cells were
subsetted out of the raw fragments file from cellranger-atac aggr output and integrated with
raw counts matrix of the microglia from the sSnRNA-seq experiment using LIGER. After
cleanup, I clustered the combined cells into separate subtypes which returned 3 clusters
with microglial cells and 2 of T-cells and B-cells, respectively (Fig. 7A). The cells from

snRNA-seq and snATAC-seq converged homogenously across the clusters (Fig. 7B).

We reconstructed a gene regulatory network model leveraging data from both sSnRNA-seq
and snATAC-seq experiments using GENIE3. For this, peaks were annotated to genes
using ChiPSeeker. Then, peak specific transcription factor motif annotations were used

from ArchR’s implementation of ChromVAR and combined into a dataframe having
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peaks, motif and gene annotations along with co-accessibility scores. Expression data from
the snRNA-seq was smoothed before integrating with the data from the snATAC-seq
experiment. The top 50,000 links from the GENIE3 output were subsetted and an
enrichment analysis of the targets was performed against the differentially expressed genes
in TBI against Sham. This gave a list of 19 transcription factors that were either activating
or repressing with top ones being Nfe212, a well-known transcription factor being involved
in neuroprotective processes after inflammatory stimuli*®>®, The genes most strongly
correlated to be activated by Nfe2l2 consisted of genes expressed more in M3 cluster
relative to the other clusters, for ex. 1fi207, Lyz2, Fmnl2, Lilrb4a, and Sppl among others.
Repressing targets of Nfe2l2 were Cst3, Malatl, Csmd3, Selplg and Ly6e. Runx1l was
another transcription factor found in this list well characterized to be involved in microglial
activation, proliferation and anti-inflammatory to pro-inflammatory conversion8’-18,
Some target genes of this factor Celf2, a known regulator of Trem2 expression, Gab2, Mitf,
Lrmda and Rho-GTPase activating proteins which were differentially expressed in
different age-based contrasts. Tcfl12, a transcription factor found upregulated in microglia
of high-grade human glioma samples®®. Activating activity was associated with targets
like Slc9a9, a gene associated with autism, Inpp4b, Myo5a and Exoc4 among others.
Negative regulatory activity was targeted towards genes like Cst3, Malatl, C1 complement
genes, Hexb, Slc2a5 and others (Bonferroni corrected p-value < 0.05) (Supplementary
Table 3). Expression levels of the regulatory factors described above are showed in Fig.

7C.
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Figure 7C continued
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4. DISCUSSION

In the present study, we have profiled an atlas of cell types present in mice hippocampus
using both snRNA-seq and snATAC-seq. We were able to identify 16 cell types using just
the snRNA-seq and 13 cell types using the snATAC-seq data. Population numbers showed
patterns indicative of phenotypic function. Microglial cells clearly increased in number in
a pathological state — showing a 72% increase on exposure to TBI while aged mice showed
an increase of 14% in cell numbers in the sSnRNA-seq dataset. Oligodendrocytes on the
other hand, showed a bigger increase in numbers with age, which is consistent with what
is known in the field*®. CA1 neurons showed a 22% decline with the induction of TBI and
an 8% increase with age. Other clusters like astrocytes showed a mixed response as well
showing a 20% decrease in TBI but a 6% decrease with aging. While these numbers do not
pre-empt a definite conclusion, it is indicative of an exacerbated immune response in injury

and aging.
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Looking more closely at microglia, we were able to confirm the presence of a unique
microglial population of cells in response to TBI with an expression profile very similar to
previously characterized DAM microglia/MGnD microglia. This population is distinct
from the classical “pro-inflammatory M1” microglia which were also observed in our
dataset. Differential gene expression analysis showed a strong effect of TBI increasing the
expression of many genes associated with a strong immune response in the brain. We also
saw multiple ways in which aging itself had an effect and how it changed the transcriptional
response with respect to injury. Overall, we observed a high correlation between the genes
differentially expressed in TBI and aging (p-value << 0.001, r?> = 0.6). Fthl, a gene
encoding the heavy subunit of Ferritin, which is a protein expressed in microglia is
responsible for iron metabolism in the brain. Although it has been shown in a previous
study of marmosets that aged brains (hippocampal tissue) have lower ferritin positive
microglia may preclude neurodegeneration as a result of increased RNA oxidation, iron
accumulation and dystrophic, but “M2 anti-inflammatory” like profile!®2, our study showed
an increased expression of Fthl in aged control mice but a strong decrease in expression if
the mice were induced with TBI, contrasting aged mice with young mice, meaning an
increased expression in young mice induced with TBI. Ferritin has also been shown to be
expressed in DAM microglia. This shows a complex pathology involving the iron
metabolism pathway, showing that an anti-inflammatory but dystrophic phenotype is
induced in 3-month-old mice but not in 18-month-old mice which might be correlated with
poorer repair processes in aged mice induced with TBI. This is also most likely a function
of early DAM-like microglia, with the M2 cluster showing the highest expression of Fthl,

followed by M3 cluster.
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While we observed an expected downregulation of known markers of “homeostatic”
microglia in both contexts of TBI and aging, there were some specific response genes
upregulated uniquely in either case. For example, Lgals3bp, the binding protein for
Galectin-3 a protein that binds to -galactoside residues previously found to be expressed
in reactive microglial®!% was found upregulated specifically in TBI-induced, aged mice
in our study. Both Galectin-3 (Lgals3) and Lgals3bp were marker genes in the M3 cluster
and the former is also a Trem2 ligand®®. Interestingly, Trem2, a very important receptor
surfacing in multiple studies was not found to be differentially expressed with age but only
on the induction of TBI. Cd74, a class Il MHC molecule has been shown to be a marker
for “M1 pro-inflammatory” microglia (cluster M4 in our study). Other than antigen
presentation, Cd74 is also a receptor binding site for macrophage inhibition inhibitory
factor (MIF), through which immunochemotactic of microglia is promoted triggering
inflammatory responses®®®. This gene was found to be specifically upregulated in TBI
exposed mice when comparing aged mice with young but downregulated in control group

when comparing with the same contrasts.

We explored cluster-specific differential gene expression, expecting to find cell types
driving this differential response in young and aged mice. The M2 cluster is particularly of
interest as it shows upregulation of C1q genes, Trem2, H2-D1, Cd81 and Hexb and a slight
downregulation of some homeostatic genes like Csmd3, Siglech and Nav3. The 18-month-
old mice did not express Trem2 differentially in this cluster when comparing expression in
TBI mice with Sham mice. The transcriptional profile of this cluster seems to match with
a cluster identified in another study using an AD mouse model (cluster 8)'%. This cluster

is proposed by us to be an intermediate cluster of cells between M1 microglia with the
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homeostatic signature and the DAM/MGnD-like M3 microglia, given its simultaneous
downregulation and upregulation of genes associated with homeostatic function of
microglia and a slightly similar profile with “stage I DAM microglia”. M3 microglia
showed a more drastic shift in expression with clear downregulation of most homeostatic
genes and an upregulation of several immune response/repair/inflammation associated
genes like Sppl, Apoe, Gpnmb, Cst7, Lpl among others. This transcriptional profile has
been characterized in multiple mouse models in multiple single-cell/nucleus studies. What
was of particular interest here is to see the difference with respect to age in this cluster to
see its response in aged vs young mice. 2 genes came at the top being strongly
downregulated — Mamdc2 and Mmp12. Mamdc2 is a gene very recently shown to regulate
immune response to viral infections®’. It has also been shown in single cell studies using
AD and aging have found downregulation of Mamdc2'®®, We also noted that even though
Mamdc2 was strongly downregulated when comparing with respect to age, it was actually
upregulated in TBI mice. Contrasting M3 cells of TBI mice with Sham mice of just the 18-
month-old mice actually still showed upregulation of Mamdc2 but changing the contrast to
18-month-old vs 3-month-old in just the TBI mice again showed a very strong
downregulation suggesting that both 3-month-old and 18-month-old mice had some
expression of Mamdc2, but the 3-month-old mice upped the expression of this gene on
exposure to TBI. Research has shown that Mmp12 might be upregulated in the brain during
normal aging, which was confirmed with the few DAM cells in Sham-treated mice showing
an increased expression with respect to age. This is flipped completely in the opposite
direction when mice are induced with TBI. It has been suggested that aging associated

neuroinflammation is enhanced because of Mmp12 by facilitating the recruitment of Bone
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Marrow microglia®®®

. This gene has not yet been explored in the context of
neurodegenerative diseases and is a novel potential target showing a complex interaction
with external stimuli and age. Further investigation may yield results, although it is worth
mentioning that both of these transcripts were detected at very low levels in our single-

nucleus sequencing assays. M4 cells were not detected in enough numbers to show a

significant difference.

Hub TFs which were the strongest activators or repressors of differentially expressed genes
were revealed by constructing the gene regulatory network. Nfe2l2, was also differentially
expressed in the context of TBI in 18-month-old mice but not in 3-month-old mice. We
suggest that this transcription factor might be responsible for the exaggerated response seen
in older populations and might be considered as a part of a targeted therapy. Runx1, also
showed upregulation in TBI microglia although in a celltype specific manner with
significant effects being seen in M1 and M3 phenotype. This transcription factor might be
responsible for the exaggerated downregulation of homeostatic signature seen in older mice
as we observed significant values in both 18-month-old and 3-month-old mice with slightly
higher fold change in 18-month-old mice within M1 microglia. Only 18-month-old mice
showed an upregulation of Runx1 in the M3 cluster. Stat5b on the other hand showed
upregulation in 3-month-old mice in the context of TBI in M1 microglia only, suggesting

a role in neuroinflammatory response in young mice.

Further analysis, especially using the snATAC-seq data looking into cell-type specific
differential accessibility, motif footprinting and looking beyond the hub TFs from the gene
regulatory network will be conducted. We expect to gain a deeper understanding of the

regulators of gene expression seen in the SnRNA-seq data. Future studies may also include
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capture of the transcriptome and the epigenome at the single cell level at different time
points post-injury to confirm the trajectory of microglial function across different age

groups.
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