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COVID-19 (Coronavirus disease 2019), caused by infection with SARS-CoV-2 (severe acute
respiratory syndrome coronavirus 2), is primarily a respiratory disease, but it can cause a
spectrum of acute and long-term neurological symptoms, like fatigue and impaired cognition.
Although there is some debate regarding the underlying mechanisms, there is mounting evidence
of neuroinflammation in both animal and human models of COVID-19. Neuroinflammation is
commonly associated with astrogliosis, which includes changes in astrocytes, such as increased
proliferation and increased distribution of the astrocyte-enriched intermediate filament protein,
glial fibrillary acidic protein (GFAP); however, this remains relatively unexplored in the context
of COVID-19. To this end, my thesis investigated whether mild COVID-19 respiratory infection
induces astrogliosis. | created an unbiased imaging and analysis pipeline to quantify astrocyte
changes associated with astrogliosis. My pipeline for astrogliosis quantification involves two
measures that are increased in the context of astrogliosis: (1) the distribution of GFAP (i.e., the
density of GFAP-positive pixels) and (2) the density of astrocytes (with the astrocyte-specific
nuclear marker, SOX9). To implement this pipeline within the context of COVID-19, |
collaborated with the Kobasa Lab at the National Microbiology Laboratory. The Kobasa Lab

modeled mild, peripheral COVID-19 by intranasal inoculation of Syrian hamsters with SARS-



CoV-2. They collected brains at 1, 3, 5, 7, and 31 days post-inoculation (DPI). Following
extensive fixation (30 days), they shipped the brains to the University of Victoria. In
collaboration with a team of UVic researchers, | sectioned the brains coronally. I then performed
immunolabelling with SOX9, GFAP, NeuN, and Hoechst and generated tiled confocal
micrographs of entire coronal sections. | then digitally isolated key brain regions involved in
cognition and susceptibility to inflammation, including the cortex, the corpus callosum, the
dorsal striatum, the hippocampus, and the third ventricle. | then subjected these images to my
pipeline for astrogliosis quantification. My analysis revealed a significant increase in GFAP
distribution in the cortex of female hamsters at 3 DPI. Similarly, | observed increases in GFAP
distribution within the hippocampus and corpus callosum of female hamsters at 3 DPI, although
these were not statistically significant. In contrast, SOX9+ cell numbers remained unchanged
across DPI in both sexes and across brain regions. These findings suggest that mild peripheral
COVID-19 may induce partial and transient astrogliosis, specifically in female hamsters.
Additionally, minor fluctuations in Hoechst and NeuN staining across various brain regions and
time points suggest possible COVID-19-associated changes in marker expression and/or
cell/neuronal density, which require further validation. In conclusion, my findings suggest partial
and transient, female-specific astrogliosis response to mild peripheral COVID-19, emphasizing
the need to consider regional and temporal factors to understand the neurological impacts of

COVID-19.
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Chapter one

1. Introduction

1.1. Overview

COVID-19 (Coronavirus disease 2019), caused by the Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2), is not only a primary respiratory illness but also triggers a range
of neurological symptoms such as impaired cognition and fatigue (reviewed in Nittas et al. 2022;
and Xu, Xie, and Al-Aly 2022). The mechanisms underlying neurological effects of COVID-19
are mainly categorized into direct viral invasion and indirect effects due to peripheral
inflammation compromising blood-brain barrier (BBB) integrity (reviewed in Ahmad et al.
2020; Oxley et al. 2020). Regardless of the mechanism, both animal and human studies have
shown significant neuroinflammation (reviewed in Booz et al. 2020; Srivastava et al. 2021).
Neuroinflammation is often associated with astrogliosis (Kwon and Koh 2020), which is marked
by increases in the expression levels and distribution of the astrocyte-enriched intermediate
filament protein, glial fibrillary acidic protein (GFAP) (reviewed in Nourbakhsh et al. 2021) and
the proliferation of astrocytes (Kwon and Koh 2020; reviewed in Nourbakhsh et al. 2021).
Despite some recent advances (Dey 2024; Haverty et al. 2024; reviewed in Proust et al. 2023),
we currently have limited understanding of the extent of astrogliosis in the context of mild,
peripheral COVID-19. To this end, my thesis developed an imaging pipeline to investigate

astrogliosis within the context of mild, peripheral COVID-19.



| optimized this pipeline to measure the distribution of GFAP (labels astrocytes by
targeting the glial fibrillary acidic protein (Balouch et al. 2021)), and to measure the density of
astrocytes, via the astrocyte-specific nuclear marker SOX9 (a marker almost exclusively
expressed by astrocytes in the adult brain and upregulated in reactive astrocytes (Sun et al.
2017)). I employed this pipeline on a mild, peripheral animal model of COVID-19, in
collaboration with the Kobasa Lab at the National Microbiology Laboratory. Members of the
Kobasa Lab intranasally infected Syrian hamsters with a 10° TCID50 dose of SARS-CoV-2.
They collected the brains at 1-, 3-, 5-, 7-, and 31-days post-inoculation (DPI). Following
prolonged fixation (30 days) they shipped the fixed brains to the University of Victoria.
Together with a team of researchers, | coronally sectioned the brains and then processed them
for immunofluorescence microscopy with antibodies against SOX9 (astrocyte nucleus; (Sun et
al. 2017)), GFAP (astrocyte-enriched intermediate filament), NeuN, and Hoechst. | used a
confocal microscope (Leica TCS SP8) equipped with tile-scan and stitching capacity to produce
micrographs of entire coronal brain sections. Subsequently, | digitally extracted critical brain
regions associated with cognitive functions and inflammation susceptibility, such as the cortex,
corpus callosum, dorsal striatum, hippocampus, and third ventricle. | analyzed the images by
designing a critical coding step using MATLAB to handle and quantify the positive cells of each
staining efficiently. My analysis showed a clear increase in GFAP in the cortex of female
hamsters 3 DPI. | also noted rises in GFAP levels in the hippocampus and corpus callosum at 3
DPI in female hamsters, but these were not statistically significant. In contrast, the numbers of
SOX9+ cells did not significantly change with DPI, sex, or brain region. These results indicate
that mild peripheral COVID-19 might cause a temporary and localized increase in astrogliosis in
female hamsters only. Additionally, slight variations in Hoechst and NeuN staining across

different brain areas and times point to potential COVID-19-related changes in cell markers and
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density, although these findings need further confirmation. Overall, my results highlight a
temporary and female-specific response in the brain to mild peripheral COVID-19, underlining
the importance of considering both regional and temporal aspects to grasp the neurological

effects of COVID-19 fully.

In Chapter 1, | present the background and aim of my research. | provide an overview of
COVID-19 and highlight its multisystemic nature and associated neurological symptoms and
dysfunction. I made major contributions to a recently published review paper on this topic
(reviewed in Volk et al. 2024), and touch on several of the topics discussed in that review here as
well. I discuss the potential mechanisms behind these neurological effects, including direct and
indirect central nervous system (CNS) infection, with a focus on the latter as it relates directly to
my thesis work. | then discuss the role of astrocytes in a healthy brain and in the context of
neuroinflammation. Then, | explain the current evidence of COVID-19 induced
neuroinflammation and its effects on astrocytes. Finally, | describe my rationale for choosing my

animal model, markers, and specific brain regions.

In Chapter 2, | detail my study's hypothesis, methods and results. | describe the infection
protocol of the Syrian hamster model. | outline the development and implementation of my
imaging and analysis pipeline and present the results from my immunohistochemical staining
paradigm (GFAP, SOX9, Hoechst, and NeuN) for 6 brain regions: cortex, corpus callosum, third

ventricle, hippocampus and dorsal striatum.

In Chapter 3, I include relevant discussion, conclusions, and future paths. | summarize
my findings, including the impact of mild, peripheral COVID-19 on astrocyte density and GFAP
coverage in addition to NeuN and Hoechst analysis results. Finally, | address the limitations and

considerations of the study.



1.2. COVID-19

In this section, I discuss COVID-19 as a respiratory and multisystemic infection, beginning with
the mechanism of SARS-CoV-2 entry into cells via the ACE2 (angiotensin- converting enzyme
2) receptor (Azizan and Brown 2020; reviewed in Mehta et al. 2020). The discussion progresses
to cellular reactions, emphasizing how rapid viral replication triggers extensive peripheral
inflammatory reactions, including leukocyte activation and cytokine storms (a systemic release
of cytokines and other inflammatory mediators), exacerbating systemic inflammation and
physiological disruptions (reviewed in Booz et al. 2020; Sriwastava et al.

2021). Additionally, I discuss the virus's neurological impacts, exploring theories of (1)
heightened peripheral inflammation and (2) direct CNS infection, which leads to
neuroinflammation (Oxley et al. 2020; Patel et al. 2020). Finally, I provide an overview of its
symptomatology—from acute neurological conditions to chronic multisystemic manifestations
(reviewed in Nittas et al. 2022; and Xu, Xie, and Al-Aly 2022). Note that several of these topics
were also covered in a recent review paper published by the Swayne Lab (reviewed in Volk et

al. 2024), to which I made major contributions.

COVID-19 is an infectious disease caused by the SARS-CoV-2 virus. It was first
identified in Wuhan, China, in late 2019 (Alberca et al. 2020). The virus has since spread
globally, leading to a pandemic (reviewed in Ahmad et al. 2020). Common symptoms include
fever, cough, and shortness of breath, with less frequent occurrences of muscle pain and sore
throat (reviewed in Jain et al. 2020). The virus spreads primarily through respiratory droplets
during coughing and sneezing, with an incubation period of 2-14 days (Alberca et al. 2020).

While most cases are mild, some can progress to severe pneumonia and multi-organ failure,
4



particularly in older adults and those with prior health conditions (Kishor and Ramhari 2020).

1.2.1. COVID-19, a respiratory and multisystemic infection

The SARS-CoV-2 virus primarily enters cells by binding to the ACE2 receptor (reviewed in
Mehta et al. 2020). ACE2 is a transmembrane glycoprotein and a type 1 zinc mono-
carboxypeptidase that plays a critical role in the cardiovascular system by converting angiotensin
I1, a pro-inflammatory molecule, into the vasodilator angiotensin 1-7, an anti-inflammatory
heptapeptide (Azizan and Brown 2020; Donoghue et al. 2000, and Tipnis et al. 2000). In
humans, ACE2 is differentially expressed across tissues and organs, and the observed pattern of
SARS-CoV-2 infection aligns with this expression (reviewed in Beyerstedt, Casaro, and Rangel
2021). The expression is enriched in the respiratory tract cells, but its expression levels vary
across other organs (reviewed in Beyerstedt, Casaro, and Rangel 2021). Within the respiratory
system, ACE2 is predominantly expressed in type 2 pneumocytes, which are alveolar cells
responsible for producing pulmonary surfactants and serve as stem cells enabling lung tissue
repair (Azizan and Brown 2020). Adipose tissue, heart, kidneys, small intestine, testis, and
thyroid express high levels of ACE2. Medium expression levels are observed in the adrenal
gland, bladder, colon, liver, and lungs, while lower levels are noted in the blood, blood vessels,
bone marrow, brain, muscle, and spleen (Bilinska et al. 2020; Hamming et al. 2004; Haverty et
al. 2024; M.-Y. Li et al. 2020). The virus's spike protein binds to the ACE2 receptor, facilitating
viral entry into the host cell (Zhang, Li, and Niu 2020). This binding is followed by the cleavage
of the spike protein by proteases such as TMPRSS2, which further aids in the fusion of the viral
and cellular membranes, allowing the virus to enter the cell (Abassi et al. 2020). When SARS-

CoV-2 enters the cell, it rapidly multiplies and disrupts the balance between ACE and ACE2.
5



This imbalance leads to the overactivation of the renin-angiotensin system, which can

cause inflammation, increased vascular permeability, and fibrosis (reviewed in Beyerstedt,
Casaro, and Rangel 2021; Zhang, Li, and Niu 2020). This damage results in an inflammatory
reaction by releasing pro-inflammatory cytokines and chemokines from the immune cells
(reviewed in Mehta et al. 2020). Moreover, the infection by SARS-CoV-2 causes a strong
immune response in the body by affecting the number and behavior of leukocytes.
Leukopenia (a decrease in leukocyte count) is common, especially in the early stages of the
disease (Nurprilinda and Simanjuntak 2023; Zhao et al. 2020). However, leukocytosis (an
increase in leukocyte count) can also occur, particularly in older patients with underlying chronic
diseases and severe cases (Zhao et al. 2020). COVID-19 significantly disrupts the innate immune
system by altering monocytes and macrophages: it reduces monocyte numbers—particularly
CD16- monocytes—while increasing CD16+ pro-inflammatory monocytes in critical patients
(reviewed in Knoll, Schultze, and Schulte-Schrepping 2021; Qin et al. 2021). Monocytes exhibit
altered phenotypes with impaired antigen presentation due to decreased HLA-DR (a molecule on
antigen-presenting immune cells that presents antigens to T helper cells, crucial for activating the
adaptive immune response) expression, leading to immunosuppression and affecting the adaptive
immune system (reviewed in Knoll, Schultze, and Schulte-Schrepping 2021; Qin et al. 2021).
Infected monocytes and macrophages become hyperactivated, producing excessive pro-
inflammatory cytokines and chemokines, contributing to cytokine storms and
hypercytokinemia—a hallmark of macrophage activation syndrome—which can lead to acute
respiratory distress syndrome and multi-organ failure (Jafarzadeh et al. 2020; Kosyreva et al.
2021).

In summary, SARS-CoV-2 primarily enters cells by binding to ACE2 receptors—

especially abundant in respiratory tract cells like type 2 pneumocytes—disrupting the balance
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between ACE and ACEZ2, which over activates the renin-angiotensin system leading to
inflammation and vascular damage; this triggers a strong immune response characterized by
altered leukocyte counts, impaired antigen presentation due to decreased Human Leukocyte
Antigen — DR isotype expression on monocytes (affecting the adaptive immune system), and
hyperactivated monocytes and macrophages producing excessive pro-inflammatory cytokines
and chemokines, contributing to cytokine storms and severe complications like acute respiratory
distress syndrome and multi- organ failure (Abassi et al. 2020; Azizan and Brown 2020;
reviewed in Beyerstedt, Casaro, and Rangel 2021; Jafarzadeh et al. 2020; reviewed in Knoll,
Schultze, and Schulte-Schrepping 2021; Kosyreva et al. 2021; reviewed in Mehta et al. 2020;

Nurprilinda and Simanjuntak 2023; Qin et al. 2021; Zhang, Li, and Niu 2020; Zhao et al. 2020)

1.2.2. Symptomology — peripheral inflammation and nervous system inflammation

COVID-19 can lead to both acute and long-term symptoms (reviewed in Crook et al. 2021).
Common acute symptoms include fever, cough, and breathing difficulties (Roy et al. 2023).
Long COVID usually involves fatigue, breathlessness, cognitive impairment, and cardiovascular
issues and persists beyond four weeks (reviewed in Crook et al. 2021; Shah et al. 2021). First, |
will explain some common acute symptoms; then, | will explain long-term symptoms in detail,

focusing on neuroinflammation.

1.2.3. Acute symptoms



In this paragraph, I discuss the mild to moderate symptoms experienced during the acute phase
(<4 weeks) of COVID-19. The prevalence of respiratory symptoms in survivors of hospital
admission after COVID-19 infection is as follows: fatigue (52%), dyspnoea (37%), chest pain
(16%), and cough (14%) (reviewed in Cares-Marambio et al. 2021). A persistent cough is
frequently reported among COVID-19 patients. This symptom can last for weeks or months after
the initial infection and may be dry or productive (Chudzik et al. 2022; reviewed in Healey et al.
2022; and Nguyen et al. 2022; Salamanna et al. 2021; reviewed in Yong 2021). Many COVID
patients experience difficulty breathing, or shortness of breath. This can occur even with minimal
exertion and may be related to lung damage or other respiratory issues (Chudzik et al. 2022;
reviewed in Healey et al. 2022; reviewed in Nguyen et al. 2022; Salamanna et al. 2021; reviewed
in Yong 2021). Some patients report ongoing chest pain, which can be sharp or dull and may be
associated with heart or lung issues. (Chudzik et al. 2022; reviewed in Nguyen et al. 2022; and

Yong 2021).

1.2.4. Long-COVID symptoms

COVID-19 not only causes immediate and short-term health issues but also leads to a range of
long-term symptoms—including neurological complications—that present significant public
health and socioeconomic challenges (reviewed in Xu, Xie, and Al-Aly 2022). This condition,
commonly referred to as "long-COVID," is typically defined as symptoms that persist or emerge
4 to 12 weeks after the initial SARS-CoV-2 infection, although definitions vary (reviewed in
Nittas et al. 2022; and Volk et al. 2023). The World Health Organization (WHO) labels this

collection of symptoms as post-COVID-19 condition, though "long-COVID" is the



more prevalent term (Soriano et al. 2022; reviewed in Volk et al. 2023). Due to the broad scope
of this classification, estimates of its prevalence and severity vary widely. For example, a recent
umbrella review found adult prevalence rates ranging from 2.3% to 53%, with a significantly
higher rate of 36.7% among hospitalized patients (COVID-19 cases | WHO COVID-19

dashboard n.d.; reviewed in Nittas et al. 2022; and Volk et al. 2023).

Neuroinflammation could potentially contribute to neurological symptoms observed in
some COVID-19 patients (Sarubbo et al. 2022). These symptoms have been categorized into five
main groups: cerebrovascular, motor, sensorial, cognitive, and miscellaneous (Mao et al. 2020;
Sarubbo et al. 2022). Among the most common neurological symptoms of long-COVID are
cognitive impairment (often referred to as “brain fog”), fatigue, depression, and anxiety (Graham
et al. 2021; Groff et al. 2021; reviewed in Xu, Xie, and Al-Aly 2022). These symptoms can vary
in severity and often lead to mild to severe disruptions in daily life, contributing to the broader
public health and socioeconomic burdens associated with the condition (reviewed in Nittas et al.

2022).

Brain fog, a term frequently associated with post-acute sequelae of COVID-19 (long-term
symptoms and health complications that persist or appear after the initial recovery from a
COVID-19 infection), refers to a collection of cognitive dysfunctions that include difficulties
with concentration, executive function deficits, and memory impairments. Brain fog is
characterized by symptoms such as the inability to concentrate, anterograde and retrograde
amnesia, and deficits in processing speed and attention (reviewed in Aradjo et al. 2023; and
Krishnan et al. 2022). These cognitive impairments can significantly impact daily functioning,
making it challenging for individuals to perform routine tasks or return to their professional roles

effectively (Nouraeinejad 2023). The prevalence of brain fog among COVID-19 survivors



varies, with studies indicating that 18-36% of hospitalized patients with neurological symptoms
experience brain fog in the post-acute phase (reviewed in Araujo et al. 2023). The impact of
brain fog extends beyond cognitive impairments to include profound psychosocial consequences.
Individuals often experience reduced functionality in everyday activities and may struggle with
professional and personal identity, leading to feelings of guilt, shame, and stigma (Callan et al.
2022). The fluctuating nature of the symptoms, which can vary daily, weekly, and monthly, adds
to the difficulty of experience (Callan et al. 2022). Depression has been identified as a significant
predictor of persistent brain fog, further complicating its proper diagnosis (Cristillo et al. 2022).
Brain fog can also lead to long-term neurodegenerative diseases or advance the progression of
existing neurodegenerative conditions (reviewed in Chakrabarti 2022). The complexity of post-
COVID sequelae, including brain fog, make its diagnosis challenging, as symptoms can overlap

with other health-related issues (reviewed in Chakrabarti 2022).

Encephalopathy and encephalitis represent severe neurological conditions observed in
COVID-19 patients. These conditions range from mild confusion to severe impairment and
coma, with varied manifestations such as fever, headache, and brain dysfunction symptoms
(Sarubbo et al. 2022). Encephalopathy has been reported in as high as one fifth individuals affected
by COVID-19 (Abenza Abildua et al. 2021). Brain MRI and EEG studies in these patients have
shown some brain alterations (Abenza Abildua et al. 2021). Confusion, including delirium and
acute brain failure, are experienced by roughly a third of individuals affected by COVID-19
(Abenza Abildla et al. 2021; reviewed in Pranata et al. 2021; Sarubbo et al. 2022). Dizziness and
seizures are also reported, although less frequently, but highlight the indirect effects of COVID-
19, such as fever-induced hyperthermia affecting the BBB (Nikbakht, Mohammadkhanizadeh,

and Mohammadi 2020).
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Cerebrovascular symptoms are among the most serious neurological complications, with acute
events being more common in severely ill or ICU patients (reviewed in Bridwell, Long, and
Gottlieb 2020). The prevalence of acute cerebrovascular diseases in COVID-19 patients is
relatively low but significantly impacts those affected, with ischemic stroke being the most
common type. The comorbidities, such as hypertension and diabetes, along with sepsis-induced
coagulopathy, are considered major factors contributing to these ischemic events (Garcia et al.
2021; Mishra et al. 2021). Motor symptoms, including neuropathic pain and myopathic changes
have been identified, particularly in critically ill patients, highlighting the long-term recovery
challenges in the ICU (M. Liu et al. 2020; Mao et al. 2020). The association of COVID-19 with
Guillain-Barre Syndrome suggests post-viral deregulation of the immune system as a trigger for
GBS in COVID-19 patients (Ellul et al. 2020). There have also been reports of Parkinson's

disease following COVID-19 (Calculli et al. 2023).

1.2.5. Sex-specific neurological symptoms

There is notable evidence of sex-specific differences in neurological symptoms of COVID-19.
For example, women are more likely to experience anosmia (loss of smell) and facial pain
(Biadsee et al. 2020). Women also reported a higher frequency of symptoms such as cough,
weakness, myalgia, fever, headache, impaired sense of smell, impaired sense of taste, sore
throat, runny nose, and nasal congestion, although only the runny nose was statistically
significant (Biadsee et al. 2020). In terms of COVID-19 sequelae, females are more likely to
experience psychiatric/mood disorders, ear, nose, and throat issues, musculoskeletal problems,

and respiratory sequelae, while males are more likely to experience renal sequelae

11



(reviewed in Sylvester et al. 2022). For long COVID symptoms, females have a higher
likelihood of experiencing ear, nose, and throat, gastrointestinal, psychiatric/mood,
neurological, and dermatological disorders, whereas males have higher odds of endocrine and
renal disorders (reviewed in Sylvester et al. 2022). Additionally, male patients have higher
plasma levels of innate immune cytokines (e.g., IL-8, 1L-18) and more non-classical monocytes

(reviewed in Takahashi et al. 2020).

1.2.6. Neurological sequelae: potential mechanisms

There are two main, non-mutually exclusive theories for neurological symptoms observed in
COVID-19; one involves the heightened peripheral inflammation (this includes vascular system
effects), which is the most relevant to my work, and the other involves direct infection of the
CNS (Oxley et al. 2020; Patel et al. 2020; reviewed in Tremblay et al. 2020), which will be
covered only briefly below.

The indirect inflammatory response occurs when the peripheral inflammation is initiated by
a cytokine storm (reviewed in Nagu et al. 2021; Najjar et al. 2020). Elevated levels of pro-
inflammatory cytokines such as IL-6, IL-1B, and TNF-a characterize this excessive immune
response (reviewed in Nagu et al. 2021; Najjar et al. 2020). Systemic inflammation not only
exacerbates the primary respiratory symptoms of COVID- 19 but also sets the stage for potential
neurological complications (Najjar et al. 2020; reviewed in Volk et al. 2023). One of the critical
impacts of this peripheral inflammation is the disruption of theBBB. The systemic release of
cytokines and other inflammatory mediators can compromise the integrity of the BBB, making it
more permeable (Almutairi 2021; reviewed in Nagu 2020). This increased permeability allows

immune cells and inflammatory mediators to infiltrate the CNS, which would otherwise be

12



protected from such systemic inflammatory responses. Once the BBB is disrupted, the
infiltrating immune cells and inflammatory mediators activate resident glial cells within the
CNS, particularly astrocytes and microglia (Almutairi 2021; Zamani 2021). Astrocytes, which
are crucial for maintaining the homeostasis of the CNS, respond to this activation by releasing
additional cytokines and chemokines, further exacerbating the neuroinflammatory response
(Almutairi 2021; Zamani 2021). Simultaneously, there is an upsurge in reactive oxygen species
(ROS), exacerbating the oxidative state and contributing to systemic inflammation (Spindler and
Hsu 2012; reviewed in VVolk et al. 2023). This activation of astrocytes and microglia creates a
feedback loop of inflammation, leading to sustained neuroinflammation and contributing to
neuronal damage. The neuroinflammation and subsequent neuronal damage have significant
implications for cognitive function, as the inflammatory environment within the CNS can disrupt

normal neuronal signaling and synaptic function, leading to cognitive impairments.

Direct brain infection by SARS-CoV-2 involves the virus invading and replicating within
CNS cells through multiple pathways, including olfactory, hematogenous, and neuronal
transport routes, as well as direct viral invasion and the Trojan horse mechanism (Liu et al.
2021), but there is limited evidence for this in most cases (reviewed in Volk et al. 2024). One
common route is via the olfactory nerve, where the virus moves from the nasal cavity to the
brain and cerebrospinal fluid within a week (Liu et al. 2021; reviewed in Nagu et al. 2021). This
is supported by studies showing that blocking this pathway in mice limits the virus's entry into
the CNS (reviewed in Nagu et al. 2021). Another pathway is the hematogenous route. The virus
enters the bloodstream, infects the blood-brain barrier (BBB) cells, and increases their
permeability, allowing the virus to infiltrate the CNS (J. Liu et al. 2021; reviewed in Nagu et al.

2021). Other viruses, like hepatitis and herpes, show similar mechanisms (J. Liu et al. 2021).
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Additionally, neuronal transport allows the virus to travel along the gustatory and trigeminal
nerves into the CNS, facilitated by binding to ACE2 receptors (Martinez et al. 2024; reviewed in
Nagu et al. 2021). This pathway shows correlation with neurological symptoms, such as loss of
taste and smell (Huang et al. 2020). Lastly, the "Trojan horse" mechanism involves the virus
hijacking immune cells to cross the BBB and infect the CNS, a strategy similar to HIV and Zika
virus (reviewed in Gasmi et al. 2021; Martinez et al. 2024; reviewed in Nagu et al. 2021; Najjar

et al. 2020).

1.3. Astrocytes properties and role in naive brain

Astrocytes, the most abundant glial cells in the CNS, play a crucial role in regulating
neurotransmitters in the brain which is very important for neural signaling (reviewed in
Cekanaviciute and Buckwalter 2016; Gao et al. 2022; reviewed in Pang et al. 2022). They
regulate the uptake and recycling of neurotransmitters to control their level in the synaptic cleft
(Gao et al. 2022; reviewed in Pang et al. 2022; and Saikarthik et al. 2022). Additionally,
astrocytes can release gliotransmitters such as glutamate, ATP, & D-serine in response to
neurotransmitters for modulating synaptic transmission and plasticity (reviewed in Cekanaviciute
and Buckwalter 2016; Gao et al. 2022). Astrocytes also help maintain the balance of ions in the
extracellular space, which is crucial for neuronal signaling. Furthermore, astrocytes maintain the
BBB, a controlling gate for the circulating substances, including neurotransmitters, cytokines,
and chemokines traffic into the brain (reviewed in Cekanaviciute and Buckwalter 2016; Gao et

al. 2022; J. Li et al. 2022; reviewed in Pang et al. 2022; reviewed in Saikarthik et al. 2022).
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Astrocytes provide both physical and metabolic support for BBB. Physically, astrocytes extend
their end-feet processes to envelop the majority of the brain's vasculature, aiding in the formation
and maintenance of the BBB. Functionally, they regulate the passage of molecules from the
blood to the brain and vice versa. By this mechanism, only necessary substances with the right
concentration can reach the brain (Andrews et al. 2022; Beckman et al. 2022). In addition to their
physical roles, astrocytes control the BBB's 'tightness'. They release factors that control the
expression and localization of tight junction proteins in endothelial cells (Chen and Li 2021,
reviewed in Lawrence et al. 2023). These tight junctions are crucial for preventing the
uncontrolled passage of substances into the brain. Hence, astrocytes play a significant role in
maintaining the selective permeability of the BBB (Chen and Li 2021; reviewed in Lawrence et
al. 2023). Astrocytes also have an immunological role at the BBB. They regulate the invasion of
peripheral immune cells to prevent unnecessary immune responses in the brain (reviewed in
Tremblay et al. 2020). Furthermore, astrocytes can communicate with other cells in the BBB,

such as pericytes (reviewed in Tremblay et al. 2020).

Astrocytes are fundamental in regulating the homeostasis of key ions—K?*, Na*, Ca?*, and
CI" in the central nervous system (CNS), directly influencing neuronal excitability and the
processes of rhythmogenesis. Here | will explain the role of astrocytes in regulating
extracellular K* levels around neurons, especially when there is a lot of brain activity. K* is
essential for maintaining the resting membrane potential, action potential repolarization, and
extracellular fluid balance (Akyuz et al. 2020; Somjen 2002). The concentration of extracellular
K* ([K*]ex) is lower in the brain compared to other parts of the body. This lower [K™]ex helps
maintain the stability of cerebral function because high [K*]ex enhances neuron excitability

(Somjen 2002). Increased brain activity results in more frequent action potentials, leading to
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more K* exiting neurons and accumulating outside the cells (Akyuz et al. 2020). Astrocytes, by
regulating [K™ Jex, prevent the neurons from becoming overactive and causing seizures, which
can happen when too much K" accumulates around them. A process known as spatial buffering
absorbs excessive K via the gap junctions, which prevents excitotoxicity (Bellot-Saez et al.
2017; Enkvist and McCarthy 1994, 1994; Kadala et al. 2015; Orkand, Nicholls, and Kuffler

1966).

1.4. Neuroinflammation

Neuroinflammation is an inflammatory response within the CNS involving the production of
cytokines, chemokines, ROS, and secondary messengers, primarily mediated by microglia and
astrocytes (reviewed in DiSabato, Quan, and Godbout 2016). While acute neuroinflammation
can aid in clearing pathogens and repairing tissue, chronic neuroinflammation causes a cycle of
inflammation that results in neuronal damage and plays an important role in neurodegenerative
diseases such as Alzheimer's disease (reviewed in DiSabato, Quan, and Godbout 2016; and
Frank-Cannon et al. 2009). Some of the events involved in neuroinflammation are depicted in

Figure 1.

In this section, 1 will explain how neuroinflammation involves astrocytes and microglia. Then, |
will discuss several conditions associated with peripheral inflammation that can lead to
neuroinflammation. Finally, 1 will focus on COVID-19's effects on astrocytes and microglia and

highlight the current gaps in our knowledge.

1.4.1. Astrogliosis
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When the CNS is injured or invaded, astrocytes react by altering their gene expression, cellular
structure, and function, a process collectively termed astrogliosis (reviewed in Sofroniew and
Vinters 2010). Astrogliosis can range from mild changes, such as upregulation or increased
distribution of GFAP and cellular hypertrophy, to critical changes like astrocyte proliferation
and scar formation (reviewed in Sofroniew 2015; Sofroniew and Vinters 2010). These changes
can include alterations in oxidative stress defense, cholesterol metabolism, and gene
transcription (reviewed in Osborn et al. 2016). One key signaling pathway in astrogliosis is the
Janus kinase/signal transducer and activator of transcription pathway. Activation of this
pathway, particularly through STATS3, regulates the expression of genes associated with
astrogliosis, such as GFAP and vimentin (reviewed in Sofroniew 2015; Sofroniew and Vinters
2010). Deletion of STAT3 in astrocytes leads to increased inflammation and tissue damage,
proving its role in modulating the astrocytic response (reviewed in Sofroniew 2015; Sofroniew
and Vinters 2010).

Another important pathway is the nuclear factor kappa-light-chain-enhancer of activated B
cells (NF-xB) pathway, which is activated by IL-1 and TNF-a. This pathway regulates the
expression of various inflammatory mediators and contributes to the reactive phenotype of
astrocytes (reviewed in Correa-Cerro and Mandell 2007). Astrocytes also respond to CNS
damage by upregulating the expression of intermediate filament proteins, such as GFAP and
vimentin, which contribute to the structural changes observed during astrogliosis (reviewed in
Correa-Cerro and Mandell 2007). These changes include cellular hypertrophy and the formation
of astrocytic processes that can encapsulate and isolate damaged tissue (reviewed in Sofroniew
2015; Sofroniew and Vinters 2010). The results of astrogliosis can be both beneficial and

detrimental. On the beneficial side, astrogliosis aims to restore homeostasis, limit tissue
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damage, and protect neural cells (reviewed in Sofroniew 2015; Sofroniew and Vinters 2010).
For example, reactive astrocytes can help repair the blood-brain barrier, regulate inflammation,
and provide neuroprotection (reviewed in Sofroniew 2015). However, under certain
circumstances, astrogliosis can become dysfunctional and inhibit adaptive neural plasticity
mechanisms needed for functional recovery. This can lead to detrimental effects such as the
inhibition of axon regeneration by astrocyte scars, which can restrict inflammation but also
prevent neural repair (reviewed in Pekny and Pekna 2016; Sofroniew 2015; Sofroniew and
Vinters 2010).

Astrogliosis is also associated with various CNS disorders. In Alzheimer's disease, for
instance, the presence of misfolded amyloid-beta protein triggers reactive gliosis, leading to
changes in glutamate and GABA signaling, K* buffering, and other signaling pathways
(reviewed in Osborn et al. 2016). This dysregulation can destabilize microcircuits within key
brain regions, contributing to cognitive decline (reviewed in Osborn et al. 2016). Additionally,
genetic mutations that cause astrocyte dysfunctions can lead to neurological diseases such as
Alexander disease and amyotrophic lateral sclerosis, where abnormal astrocytes contribute to
neuronal dysfunction and degeneration (reviewed in Sofroniew 2015; Sofroniew and Vinters

2010).

1.4.2. Microgliosis

Microglia, the resident macrophages of the CNS, become activated in response to various
stimuli, which can lead to neurodegeneration if chronic (reviewed in DiSabato, Quan, and
Godbout 2016; Kwon and Koh 2020). Microgliosis refers to the activation and proliferation of

microglia. Under normal conditions, microglia play a crucial role in maintaining CNS
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homeostasis by constantly survey the CNS environment for signs of damage or pathogens
(reviewed in Subhramanyam et al. 2019). Microgliosis can be triggered by a variety of stimuli,
including pathogens, toxins, injury, and abnormal protein accumulation, such as amyloid-beta
plaques in Alzheimer's disease (reviewed in Krause and Miller 2010). Microglia amoeboid
shape in their natural state shows they are ready for phagocytosis and cytokine release in
neuroinflammation (Davalos et al. 2005; Nimmerjahn, Kirchhoff, and Helmchen 2005; Takagi et
al. 2019). Activated microglia can adopt different phenotypes, traditionally categorized as M1
(pro-inflammatory and neurotoxic) or M2 (anti-inflammatory and neuroprotective), although this
dichotomy may not fully capture the complexity of microglial responses (Kwon and Koh 2020).
In the situation of microgliosis, microglia release a wide range of inflammatory mediators,
including cytokines, chemokines, ROS, and reactive nitrogen species, which can attract other
immune cells, promote inflammation, and contribute to the clearance of pathogens and debris
through phagocytosis (reviewed in Subhramanyam et al. 2019). Limited injury spread can
trigger a beneficial activation of microglia, known as microgliosis. For example, microglia can
degrade amyloid-beta plaques and remove neurotoxic substances like glutamate, which can

otherwise lead to neuronal death (reviewed in Krause and Muller 2010).

However, prolonged or excessive activation of microglia can lead to chronic
neuroinflammation, which is associated with progressive neuronal damage and
neurodegenerative diseases such as Alzheimer's disease, Parkinson's disease, and amyotrophic
lateral sclerosis (reviewed in Frank-Cannon et al. 2009; and Minghetti 2005). Moreover, chronic
microgliosis creates a self- perpetuating cycle of inflammation, where the sustained release of
inflammatory mediators leads to further activation of microglia and additional neuronal damage
(reviewed in Frank-Cannon et al. 2009; and Subhramanyam et al. 2019). Microgliosis also

involves complex interactions with other glial cells, particularly astrocytes. Activated microglia
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can release signaling molecules that influence astrocyte activation, leading to neuroprotective or
neurotoxic outcomes (Kwon and Koh 2020). This bidirectional communication between
microglia and astrocytes is crucial for regulating the inflammatory response and determining the

overall impact of microgliosis on CNS health (Kwon and Koh 2020).
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Figure 1. Peripheral inflammation leads to CNS dysfunction.

COVID-19 increases peripheral inflammation. This involves the release of cytokines and chemokines
into the circulation, as well as immune cell modulation. These peripheral events culminate in blood-
brain—barrier dysfunction, characterized by “leaky” vasculature, enabling invasion of inflammatory
molecules and cells into the central nervous system. These inflammatory stimuli modulate astrocytes
and microglia, thus changing their morphology and function, in a process known as gliosis. These
modulated glial cells can further exacerbate the immune response by releasing cytokines,
chemokines, and reactive oxygen species (ROS), which together may result in the loss or dysfunction
of neurons and/or synapses, leading to cognitive impairment and other forms of neurological
dysfunction. Reproduced from Volk et al., Journal of Neurochemistry (2024), under the Creative
Commons Attribution 4.0 International License (CC BY 4.0). Original work available at

https://onlinelibrary.wiley.com/doi/abs/10.1111/jnc.16016.
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1.4.3. Examples of other peripheral conditions causing neuroinflammation

COVID-19 begins as peripheral inflammation, and neurological symptoms and their associated
neuroinflammation occur afterward (reviewed in Crook et al. 2021; Shah et al. 2021). Therefore,
it is crucial to compare COVID-19 with other inflammatory diseases that cause
neuroinflammation. In this section, I will mention a couple of important inflammatory diseases

and some evidence of their neurological impacts.

1.4.3.1. Influenza

Influenza can cause neuroinflammation by increasing proinflammatory cytokines and
microglial activation and reducing neurotrophic factors in the hippocampus (Hosseini et al.
2018; Jurgens, Amancherla, and Johnson 2012). These changes are associated with altered
hippocampal neuron morphology, impaired long-term potentiation, and deficits in spatial
memory formation (Hosseini et al. 2018). Some of these effects can persist long after the acute
infection phase (Hosseini et al. 2018). Even non-neurotropic strains like HIN1 can induce
sustained microglial activation in brain regions such as the substantia nigra and hippocampus
(Sadasivan et al. 2015). Highly pathogenic strains like HSN1 can directly infect the central
nervous system, potentially initiating neurodegenerative processes through protein aggregation
and dopaminergic neuron loss (Jang et al. 2009). Note that this topic was also covered in a
recent review paper published by the Swayne Lab (reviewed in VVolk et al. 2024), to which |

made major contributions.

1.4.3.2.Diabetes mellitus (DM)
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Hyperglycemia-driven neuroinflammation has been shown to compromise the BBB, leading to
memory loss in both type 1 and type 2 DM mouse models (Rom et al. 2019).
Neuroinflammation plays a critical role in diabetic neuropathy, contributing to neuropathic pain
and chronic itch (reviewed in Fang et al. 2022). Mitochondrial dysfunction and oxidative stress
may initiate neuroinflammation by upregulating heat shock protein 60, which activates pattern
recognition receptors and potentially spreads inflammation to neighboring astrocytes via
exosomes (Liyanagamage and Martinus 2020). These findings suggest that targeting
neuroinflammation may provide potential therapies for DM-related cognitive decline and

neuropathic symptoms.

1.4.3.3. Arthritis

In rheumatoid arthritis (RA), systemic inflammation is characterized by elevated levels of pro-
inflammatory cytokines, which can cross the BBB and induce neuroinflammation (reviewed in
Sun, Koyama, and Shimada 2022; and SUR et al. 2020). This process activates microglia and
astrocytes, which release additional pro-inflammatory mediators, exacerbating the inflammatory
response within the brain (reviewed in Sun, Koyama, and Shimada 2022; and SR et al. 2020).
Additionally, chronic pain and stress associated with RA can activate the hypothalamic-pituitary-
adrenal axis, leading to the release of stress hormones that can modulate immune responses and

contribute to neuroinflammation (Sun, Koyama, and Shimada 2022).

1.4.3.4. Cardiovascular disease (CVD)
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Cardiovascular disease (CVD) can trigger neuroinflammation by activating autonomic afferent
nerves and disrupting BBB, allowing proinflammatory mediators and immune cells to infiltrate
the CNS (reviewed in Moyse et al. 2022). Additionally, chronic conditions like atherosclerosis, a
major CVD, are associated with increased neuroinflammatory markers and microglial activation
(reviewed in Moyse et al. 2022). The interplay between peripheral and neuronal inflammation is
also evident in the shared risk factors and pathological processes between CVD and
neurodegenerative diseases, such as Alzheimer's disease, where neuroinflammation is a common

feature (Zarate et al. 2024).

1.5. Study design and rationale

1.5.1. Hypothesis

My research question is whether mild COVID-19 respiratory infection induces transient
astrogliosis in Syrian hamsters. Specifically, | aimed to determine if changes occur in astrocyte
GFAP distribution and astrocyte density—measured by SOX9 expression—in various brain
regions at different time points post-inoculation. | hypothesized that mild peripheral COVID-19

infection might lead to region-specific, time-dependent, sex-dependent astrogliosis.

1.5.2. Choice of animal model

We chose Syrian hamsters (Mesocricetus auratus) as they have emerged as an excellent model
for studying SARS-CoV-2 infection and COVID-19. They are highly susceptible to the virus,
with an infectious dose 50 of just five particles (an "infectious dose 50" (ID50) of just five
particles meaning that it takes only five viral particles to infect 50% of the exposed population)

(Rosenke et al. 2020). Upon infection, hamsters develop moderate broncho-interstitial
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pneumonia, high viral loads, and extensive shedding, mirroring many aspects of human
infections (Braxton et al. 2021; Miao et al. 2019). Furthermore, unlike K18-hACE2 mice, which
experience fatal and severe outcomes, Syrian hamsters exhibit transient infection and mild to
moderate disease without mortality (Jeong et al. 2022). Despite limited diagnostic tools,
anatomy atlases and molecular pathways information compared to mice, the Syrian hamster has
become an important non-transgenic model for COVID-19 research (reviewed in Gruber et al.
2022). Other hamster species, such as the Roborovsky dwarf hamster and the Chinese hamster,
can be used to study COVID-19. However, the Syrian hamster shows a moderate, self-limiting
course, which makes it ideal for studying various aspects of COVID-19, especially

neuroinflammation (reviewed in Gruber et al. 2022).

SARS-CoV-2 infection in Syrian hamsters results in a systemic immune response,
including the activation of peripheral blood mononuclear cells (Castellan et al. 2022, 2023).
The activation of immune responses was evident in both sexes at multiple time points, with
enriched gene ontology related to cytokine/chemokine-mediated signaling pathways,
regulation of lymphocyte activation, and inflammatory responses (Castellan et al. 2022, 2023).
Moreover, BBB disruption was a significant finding in the context of SARS-CoV-2 infection.
This was shown by elevated levels of extravasated serum IgG in the olfactory bulb, cortex,
hippocampus, and medulla oblongata of infected hamsters, with the hippocampus showing the
most significant changes (Castellan et al. 2022, 2023; Soung et al. 2022). Moreover, there is
weak evidence for neurological tropism, with minimal host response and absence of lesions in
the brains of infected hamsters (Castellan et al. 2023; Sia et al. 2020). Notably, SARS-CoV-2
infection in hamsters leads to microglial activation and cytokine expression in the brain,

particularly in the hippocampus, which may explain neuropsychiatric symptoms observed in

25



COVID-19 patients (Kdaufer et al. 2022; Soung et al. 2022).

1.5.3. Brain region selection

Now, I will explain why I chose cortex, corpus callosum, hippocampus, dorsal striatum, and
third ventricle for my study, summarizing how each is linked to the changes seen in COVID-19.
First, the cerebral cortex, essential for memory and learning, shows significant alterations in
COVID-19 patients. Patients with COVID-19 exhibit lower cortical volume in orbitofrontal,
frontal, and cingulate regions compared to healthy controls (Sanabria-Diaz et al. 2022). Post-
mortem examinations reveal increased reactive astrocytes, activated microglia, and upregulated
inflammation-related genes, highlighting the cortex's vulnerability to COVID-19-induced
neuroinflammatory processes (Bayat et al. 2022).

Second, the corpus callosum (CC), a part of the brain's circumventricular organs with a
permeable BBB, is a critical frontier for neuroinflammation. This indicates CC susceptibility
during cytokine storms and neuroinflammation (Arikan et al. 2022; Garcia Castro, Utrilla
Contreras, and Martin Montes 2022; reviewed in Rasmussen et al. 2020).

Third, the hippocampus is critical in processing spatial and contextual information.

COVID-19 significantly affects the hippocampus. Evidence of neuronal degeneration altered
glial cell morphology, and increased expression of pro-inflammatory cytokines in the
hippocampus associates with long-term cognitive deficits in COVID-19 (Bayat et al. 2022;
reviewed in Klein 2022). Advanced imaging studies shows structural and functional changes,
which emphasize the hippocampus's role in the neuropsychiatric and cognitive sequelae observed
in patients post-infection (Nouraeinejad 2023; Vints et al. 2024; reviewed in Zorzo et al. 2023).

Fourth, the third ventricle, critical for blood-brain barrier function and cerebrospinal fluid
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homeostasis, exhibits changes during neuroinflammatory responses. The width of the third
ventricle correlates with cognitive impairments in neurological disorders like multiple sclerosis
(Benedict et al. 2004). Imaging studies in COVID-19 patients show increased ventricle size and
associated white matter changes, suggesting its involvement in the broader spectrum of COVID-
19 (Agarwal et al. 2021).

Fifth, the striatum integrates crucial aspects of behavior and cognitive function and is
particularly relevant in Parkinson's disease and other neurodegenerative disorders (reviewed in
Haber 2016; Jeong et al. 2022). Neuroinflammation in the striatum, characterized by increased
expression of inflammatory mediators and microglial activation, contributes to neuronal
degeneration (Choi et al. 2009; reviewed in Haber 2016; Hald and Lotharius 2005; Jeong et al.

2022; Kaur et al. 2017; Pott Godoy, Ferrari, and Pitossi 2010; Silvestroni et al. 2009).

1.6. Summary

In summary, | explained the significant neurological implications of long-COVID, focusing on
how SARS-CoV-2 infection triggers long-term symptoms like cognitive impairment, fatigue,
and depression. This inflammation makes the BBB permeable and causes neuroinflammation,
which may contribute to neurological symptoms like brain fog. Then, | talked about the
importance of studying astrocytes, which play a crucial role in maintaining neural homeostasis
and are deeply involved in neuroinflammatory responses. Their dysfunction in COVID-19
could worsen neuroinflammation and contribute to cognitive deficits and other neurological
complications. Then, I discussed my rationale and methodology, including the choice of Syrian
hamsters as a model, choosing specific time points, and the selection of specific brain
regions—cortex, corpus callosum, hippocampus, dorsal striatum, and third ventricle. Now, I am

going to explain my pipeline and the method | used to answer my research questions.
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Chapter two

2. Overview

In this chapter, | will explain how | selected and used the Syrian hamster to investigate the effect
of mild COVID-19 on astrocytes. | will then discuss how I collected tissue samples and
processed them through immunohistochemistry, focusing on the critical steps in imaging and
analysis. This overview includes my approach to examining different thresholding techniques to
find the best one for my studies, which is Kapur’s entropy. Finally, I will present the results of
my pipeline, which include the quantification of GFAP, SOX9, Hoechst, and NeuN staining,
along with the associated statistical analyses. | was blinded to the identity of the experimental

groups throughout all stages of this research to ensure unbiased analysis and interpretation.

2.1. Pipeline development

2.1.1. Syrian hamster infection protocol

We selected the Syrian hamster (Mesocricetus auratus; obtained from Charles River
Laboratories, Wilmington, Massachusetts, USA; also known as Golden Syrian hamster) as the
model organism for its notable susceptibility to SARS-CoV-2. Syrian hamsters endogenously
express the ACE2 receptor, enabling infection with SARS-CoV-2 without the need for genetic
manipulations (as is the case with mice) (Castellan et al. 2022, 2023; Fomin et al. 2022).
Moreover, infected Syrian hamsters present with mild to moderate disease severity, mimicking

the majority of human COVID-19 cases (Castellan et al. 2022, 2023; Fomin et al. 2022; Frere et
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al. 2022; reviewed in Gruber et al. 2022; Israelow et al. 2020; Knight et al. 2021; Moreau et al.
2020; Oliveira 2020; Patil, Mohandas, and Yadav 2021; Rosenke et al. 2020; Shou et al. 2021;

Sia et al. 2020).

The Kobasa lab (National Microbiology Laboratory; Public Health Agency of Canada,
Winnipeg, Manitoba, Canada) housed the hamsters (weighing between 61 and 70 grams) under
standardized laboratory conditions: 12-hour light/dark cycle, 21-22°C, and humidity levels 30-
40%. The Kobasa lab provided food and water ad libitum and closely monitored animal well-
being through daily health checks. Hamsters were housed five per cage with provisions in place
to separate individuals if aggression occurred. Equal numbers of male and female animals were
used for each experimental group. Experiments were approved by the Animal Care Committee
at the Canadian Science Center for Human and Animal Health per the guidelines provided by
the Canadian Council on Animal Care under animal use document H-20-027. Hamsters were
monitored by registered Animal Health Technicians throughout the experiment and were
provided food and water ad libitum. Animals were acclimatized for 5-7 days before the
beginning of all experiments. All animals were monitored and weighed daily throughout all
experiments and were provided food and water ad libitum. All manipulations such as blood
collection and infection were performed under isoflurane anesthesia. Animals meeting
euthanasia criteria or at the end point of the experiment were anesthetized with isoflurane and

exsanguinated via cardiac puncture.

To initiate the SARS-CoV-2 infection, the Kobasa lab intranasally inoculated hamsters
with a 10° TCID50 dose of SARS-CoV-2 (original Wuhan strain) under isoflurane anesthesia
delivering 100 uL of the viral inoculum equally between the nostrils to ensure thorough

inhalation. Uninfected controls received no treatment. The Kobasa lab noted any changes in
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animal weight to assess the impact and progression of the infection. They euthanized animals
under deep isoflurane anesthesia, followed by exsanguination via cardiac puncture with cervical
dislocation. The Kobasa lab collected the brain tissues at 1-, 3-, 5-, 7-, and 31-days post-
inoculation. Finally, brains were fixed in 10% formalin for at least 30 days and subsequently
shipped to the University of Victoria, where they were immediately transferred into phosphate
buffered saline (the mM PBS solution was prepared using NaCl, KCI1, Na2HPO., and KH2PO. in

a molar ratio of 136,893:2,683:10,144:1,764) and stored at 4°C until sectioning.

2.1.2. Immunohistochemistry

To ensure safety, | handled all samples in designated containment areas, such as fume hoods.
Using a vibratome (Leica VT1000, Leica Camera, Wetzlar, Germany), | sectioned the brains in
Dulbecco’s PBS (DPBS; catalogue #14190250, Thermo Fisher Scientific, Waltham,
Massachusetts, USA) into 50 um coronal slices and stored them in cryoprotectant (DPBS,
ethylene glycol, glycerol in 4:3:3 volume ratio) at -20°C. For immunohistochemistry, | selected
brain slices based on anatomical landmarks from the Allen mouse brain atlas
(https://mouse.brain- map.org/experiment/thumbnails/100142143) and golden hamster atlas
(Smith Jr., Bodemer, and Halsey 1963) within two regions: 1) the dorsal hippocampus (hamster
equivalent of mouse bregma -1.255 mm to -2.355 mm) and 2) the lateral ventricles (hamster
equivalent of mouse bregma 1.145 mm to 0.020 mm) (Smith Jr., Bodemer, and Halsey 1963). |
washed the tissue sections stored in cryoprotectant solution three times for 5 minutes each in
DPBS. | then permeabilized them with 1% Triton-X in DPBS at room temperature for 30
minutes in a designated fume hood. After permeabilization, | blocked the tissue with 10%

normal donkey serum (017-000-121 catalogue number, Jackson ImmunoResearch Labs,
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Pennsylvania, USA) and 0.5% Triton-X in DPBS at room temperature for 1 hour. | incubated
slices with primary antibodies in 5% normal donkey serum and 0.5% Triton-X in DPBS for two
nights at 4°C on a shaker. Primary antibodies used were SOX9 (82630S catalogue number,
1:200; Cell Signaling Technology, Danvers, Massachusetts, USA), GFAP (13-0300 catalogue
number, 1:200; Invitrogen, Waltham, Massachusetts, USA), and NeuN (MAB377 catalogue
number, 1:500; Millipore Sigma, Burlington, Massachusetts, USA). After primary antibody
incubation, | washed the tissue three times for 5 minutes each in DPBS. I then incubated samples
with secondary antibody in 5% normal donkey serum and 0.1% Triton-X in DPBS for 1 hour at
room temperature. Secondary antibodies were donkey anti-Rat 1gG (H+L) Alexa Fluor 488
conjugate (A-21208 catalogue number), donkey anti-Mouse 1gG Alexa Fluor 568 conjugate
(A10037 catalogue number), donkey anti-Rabbit 1gG (A-31573 catalogue number) Alexa Fluor
647 conjugate (all 1:300; Thermo Fisher Scientific), and Hoechst 33342 nuclear counter-stain
(H1399 catalogue number, 1:1000; Thermo Fisher Scientific). Before use, | centrifuged the
secondary antibodies at 4°C for 5 minutes. | washed the tissue four times for 5 minutes each in
DPBS. I then mounted the tissue onto glass slides with ProLong Gold anti-fade reagent (P36934
catalogue number, Thermo Fisher Scientific), let the mounting media harden at room
temperature for at least 24 hours, protected from light, and stored the slides at - 20°C until
imaging. Figure 2 shows a confocal micrograph taken from deep cortical layers depicting
staining with Hoechst, GFAP, SOX9, and NeuN, which confirms the expected distribution

profile of each marker.
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Figure 2. Confocal immunofluorescence labeling of Hoechst, GFAP, SOX9, and NeuN

demonstrating the proper distribution profiles.

Representative high magnification confocal micrograph of 5 DPI hamster brain tissue. Individual
single channels are shown in greyscale in the upper panels, and the merged image in the bottom
panel, with Hoechst in blue, GFAP in green, SOX9 in magenta, and NeuN in yellow. The dotted line

denotes the boundary between the cortex (ctx) and corpus callosum (cc).
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2.1.3 Confocal microscopy imaging for the pipeline

I conducted imaging using a Leica confocal microscope (Leica TCS SP8) with Leica Application
Suite Software version 3.1.3.16308. | employed a tiling method to capture comprehensive
images of the entire brain slice from the middle Z plane of the tissue, as shown in Figure 3. This
method involved tile scanning to precisely map the outermost points of the slice, ensuring
accuracy and minimizing biases. For a detailed protocol on tiling, refer to the link:

https://bbic.nsm.uh.edu/protocols/leica-tile-scans-a-brief-overview. | optimized the confocal

settings to enhance the signal to noise ratio. The settings | used are in Table 1. Resulting images

were processed and analyzed by my newly-developed pipeline, outlined below.

Category Details
Objective Name HC PL APO
Magnification 20x Dry
Numerical Aperture 0.7
Immersion Medium Dry
Resolution 512 x 512 pixels
Zoom 1.0
Frame Average 1
Line Average 1
Frame 2
Accumulation
Line Accumulation 4
Pinhole size 1-15AU

Table 1. Confocal microscope settings used in the imaging pipeline
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2.1.4 Analysis pipeline

The critical steps in my analysis are consistent across all staining procedures, each associated
with specific MATLAB codes available on the lab's GitHub page
[https://github.com/SwayneLab/Quantitative-analysis-of-astrocyte-properties-in-a-Syrian-
hamster-model-of-COVID-19]. The pipeline steps for GFAP and SOX9 are visualized in Figure
4, and the pipeline steps for Hoechst and NeuN are shown in Figure 5. Note that pixel densities
were used for GFAP and Hoechst, and cell densities were used for SOX9 and NeuN.

First, | performed background subtraction using the morphological opening function to
enhance the visibility of the SOX9, GFAP, Hoechst and NeuN signals (Benraya and Benblidia
2018; Webb et al. 2019). Next, | applied a Gaussian filter to reduce image noise (Hamad,
Muhamad, and Yaba 2015; Webb et al. 2019). | used entropy thresholding for binary conversion
to isolate signal-positive cells (Kapur, Sahoo, and Wong 1985; Nie et al. 2017). Thresholding, a
fundamental method in image segmentation, was essential for differentiating between objects
and backgrounds in my image analysis. This process, also known as binarization, simplifies
grayscale images into binary ones by categorizing pixels based on intensity thresholds (Ali et al.,
2017). 1 will provide more details on this method in the next section (Thresholding). In object
counting, | excluded objects smaller than 5 pixels (5 um) for SOX9 and 7 pixels (7 um) for
NeuN, based on manual counts of 100 cells in various regions using Cell Profiler software (1
pixel is equivalent to 1 um). Finally, I calculated the area of the region of interest (ROI) using
MATLAB’s “numel” function, which counts total elements in an array or matrix. This helped me
to determine the total pixel count in images (Webb et al. 2019). In the following section I will
discuss the concept of thresholding in detail and provide evidence supporting my choice of

specific thresholding method in the development of my image analysis pipeline.
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A Hoechst

Figure 3. Distribution of SOX9-positive astrocytes, GFAP, and NeuN-positive neurons in full
hamster brain sections.

Tiled and stitched confocal immunofluorescence micrographs of coronal Syrian hamster brain
sections taken at the level of the dorsal hippocampus (A) and lateral ventricles (B) labeled with
Hoechst nuclear dye and SOX9, GFAP, and NeuN antibodies. (C) Representative brain sections
immunolabelled for GFAP with my regions of interest outlined and numbered as follows: cortex (1a,

1b), corpus callosum (2a, 2b), hippocampus (3), third ventricle (4), and dorsal striatum (5a, 5b).
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Sum of GFAP positive pixels
GFAP area (mm?)
total area of sample (mm’)

percentage GFAP coverage

isolation

metrics

1.22e+05 Sox9 positive cells number
2,
1.22¢-01 Sox9 area (mm®)
total area of sample (mm?)
9.41
Number of Sox9 positives
1.30% averaged by area coverage
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3.583e+03
3.583e-02

9.41

3.7e-03




Figure 4. Quantitative astrocyte analysis workflow in hamster brain sections: from staining to
binarization.

Top row: Example tiled and stitched raw confocal immunofluorescence micrographs of GFAP
(left) and SOX9 (right) signals. Isolation: This step exclusively selects the precise region of
interest for quantitative analysis. Background Subtraction: This step reduces noise and
improves the visibility of the specific signal for both GFAP and SOX9. Binarization: The
images are binarized, where the GFAP and SOX9 signals are converted to a binary format—

black on white.
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Hoechst

isolation

gaussian filter

binarization

O.Z_mm
Sum of Hoechst positive pixels 6.53e+05 Sum of NeuN positive pixels 3.88e+05
Hoechst area (mm?) 6.53e-01 NeuN area (mm?) 0.38
total area of sample (mmz) 1112 total area of sample (mmz) 1112
Percentage of Hoechst coverage 5.86% percentage NeuN coverage 3.49%
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Figure 5. Quantitative cellular nuclei analysis workflow in brain sections: Hoechst and NeuN

staining to binarization.

Top row: Micrographs of brain sections stained with Hoechst (left) and NeuN (right).
Isolation: This step involves selective extraction of the highlighted areas from the entire brain
section. Gaussian Filter: This step enhances the clarity by reducing noise and improving the
contrast of the staining. Binarization: This step converts the grayscale staining into binary
format. Note that pixel densities were used for Hoechst, as we were unable to reliably segment

individual Hoechst-positive nuclei in areas of high cell density.

2.1.5. Thresholding

The methodological core of my thesis, thresholding, involves assigning a binary value to each
pixel in an image based on a predefined threshold value §. This value is determined by whether
the pixel's brightness or gray level exceeds  (Ali, Siarry, and Pant 2017; Kapur, Sahoo, and
Wong 1985; reviewed in Sahoo, Soltani, and Wong 1988). The objective of thresholding in my
project was to segment an image to maximize different antibodies' signals to the background or

noises.

Thresholding techniques are broadly categorized into two types: global threshold and local
threshold. Global thresholding uses a single threshold value for the entire image. The threshold is
typically derived from global image properties, such as the overall histogram. The local or
adaptive threshold approach assigns a unique threshold value to each pixel based on the local
information surrounding that pixel (Baghel 2020; Khurana 2015). This method is more flexible
and can adapt to variations in lighting and texture (Khurana 2015). However, since my imaging

techniques provide steady light and a clear background, local thresholding was not the best
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option for my samples (Khurana 2015). Next, | will provide an overview of each thresholding
technique relevant to my analysis, followed by a comparison. This discussion will conclude with
a justification of why Kapur’s entropy thresholding method was the optimal choice for this

project.

2.1.5.1. Otsu Method

Developed by Otsu (reviewed in Bangare et al. 2015), this method minimizes the variance
within two classes: those below (objects) and those above the threshold (background). The
process involves classifying pixels into two groups: C1 (pixels darker than the threshold t) and
C2 (pixels lighter than t). It seeks to find the threshold § that minimizes within-class variance or
maximizes between-class variance, effectively enhancing the contrast between objects and
background. The optimal threshold ¢ is computed by minimizing the function n(t), representing
the weighted sum of within-class variances for C1 and C2. Most image-analyzing software has a
built-in Otsu thresholding function, so I will not explain its formula and mathematical basis in

detail (Khurana 2015; reviewed in Sahoo, Soltani, and Wong 1988; Webb et al. 2019).

2.1.5.2 Minimum Error Thresholding Method

The Minimum Error Threshold method treats the gray-level histogram as an estimation of a
probability density function for the image's pixels (Long, Shen, and Chen 2012). This method
assumes that the pixels belonging to the object and the background are components of a mixed
population, each normally distributed with specific statistical properties (Khurana 2015;

reviewed in Sahoo, Soltani, and Wong 1988).
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The pixel intensity distribution, P(g), is modeled as a mixture of two normal distributions
for the object and the background. Each component, p (g | i), is assumed to be normally
distributed with a mean ;j, standard deviation i, and a prior probability Pi, where i indicates the
component (object or background). The formula for the probability density function of each

element is expressed as:

(gl = 1 ex (_(9‘#1’)2)
Pl = —=exp |~ 55—

Traditionally, this process involves setting up a criterion function based on the parameters of the
mixed distribution model. The criterion function, J(t), is designed to minimize the sum of the

probabilities of misclassifying pixels. It is defined as:

J(t) = o1 (O)P1(t) + 0,(t)P,(¢)

Here, 61(t) and 02(t) are the standard deviations of the gray levels for each distribution below and

above the threshold t, respectively. P1(t) and P2(t) are the summed probabilities for each distribution

separated by t. The optimal threshold, t*, is determined by minimizing J(t), using: t* = arg mtin] ()

This optimization ensures that the threshold maximizes the likelihood of correct classification

based on the mixture model, reducing errors due to variance within each class. However, one of the
main challenges with this method is estimating the parameters pi , i, and P; of the distribution, as
they are not usually known in advance. Estimation techniques or additional assumptions might be
necessary to approximate these values before applying the thresholding method (Khurana 2015;

reviewed in Sahoo, Soltani, and Wong 1988).
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2.1.5.2. Moment-Preserving Thresholding Method

The Moment-Preserving Threshold method calculates threshold values so that the statistical moments
of the original image's gray-level distribution are preserved in the resultant binary image (Khurana
2015; reviewed in Sahoo, Soltani, and Wong 1988). The calculation of the moment m; is based on

the pixel intensities and their frequencies across the image:

L-1
m; = Z g'-h(g)
g=0
where g represents the gray level, h(g) is the histogram count for gray level g, and L is the total
number of distinct gray levels in the image. The threshold § is derived from the image histogram,

guided by a specific measure referred to as the PO-tile. The PO-tile is determined through the

following formula that incorporates the calculated moments:

C1_\/C12_4‘C0‘C2

Po = 2 ¢

in which, co, ¢1, and c are coefficients derived from the moments of the gray level distribution, such

that:
co=m2—m?2 c1=mi1-m3—m? Cc2=mo -m3—m?
2 1 2 2

and these coefficients relate to the central moments of the distribution, providing a statistical
basis for selecting the threshold that maintains the moment properties in the thresholded image.
Coefficients preserve the underlying statistical properties of the image and improves
reproducibility in analysis workflows. However, achieving coefficients requires accurate
calculation of image moments, which can be sensitive to noise and outliers in the image data.
Moreover, this method assumes that the moments can adequately represent the essential
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characteristics of the image, which might not hold for all types of images, particularly those with

complex or multimodal distributions.

2.1.5.3. Kapur’s entropy thresholding

In this method, the entropy of the histogram is used to maximize the information content
between segmented parts of an image. This method is grounded in information theory, which
considers entropy as a measure of uncertainty or randomness (Kapur, Sahoo, and Wong 1985;
Nie et al. 2017). By maximizing entropy, the algorithm aims to find a threshold that divides the
image into parts (foreground and background) with the highest degree of randomness or
unpredictability, thereby ensuring that the division contains the most distinctive features of the

image (Kapur, Sahoo, and Wong 1985; reviewed in Sahoo, Soltani, and Wong 1988).

The detailed step-by-step description involves initially defining the probability
distributions for image thresholding. For each potential threshold, the histogram is divided into
two segments: Segment A, covering gray levels from 1 to s, and Segment B, extending from s+1
to the maximum gray level, n. I recalculated the probabilities for each gray level relative to the
segment size within these segments. Following this, | calculated the entropy for each segment to
measure the randomness or unpredictability within that segment. This calculation helps quantify

how effectively the threshold separates the histogram into meaningful groups.

The entropy for each segment is calculated using the formula:

end

H = — pilog(pi)

i=start

where pi is the probability of gray level i occurring within the segment, the sum is over all gray
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levels.

| computed the combined entropy for each threshold, representing the total entropy when
the image was divided at gray level s. My goal was to maximize q(s), theoretically, the threshold
where the sum of the entropies of the two segments was greatest. During the maximization
process, | iterated through all possible values of s from 1 to n-1 (since s=n would not split the
histogram) and calculated q(s) for each value. | chose the s value that yielded the maximum q(s)
as the optimal threshold. This method's reliance on the histogram's global properties makes it
robust against local variations in pixel intensity, which can often lead to errors in local and other
global thresholding methods. Table 2 summarizes all thresholding methods discussed in this

chapter.
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Thresholding
Technique

Key Characteristics

Main Approach

Otsu Method

Minimizes within-class
variance or maximizes
between-class variance to
enhance contrast between
objects and background.

Classifies pixels into two groups (darker or lighter
than threshold) and finds the threshold that minimizes
the sum of the within-class variances for these
groups. It computes the optimal threshold by
minimizing the function representing the weighted
sum of variances.

Minimum
Error
Thresholding

Treats the gray-level
histogram as a probability
density function assuming
two normally distributed

mixed populations.

Sets a criterion function based on parameters of the
mixed distribution model to minimize the probability
of misclassification of pixels. The optimal threshold
maximizes the likelihood of correct classification by
minimizing the criterion function involving the
standard deviations and probabilities of the
distributions separated by the threshold.

Moment-
Preserving
Thresholding

Calculates threshold values
to preserve the statistical
moments of the original
image’s gray-level
distribution in the resultant
binary image.

Threshold values are derived from the image
histogram using coefficients related to the moments
of the gray level distribution. The process involves

calculating moments from pixel intensities and
frequencies, and the threshold is determined using a
formula that incorporates these moments to maintain
the underlying statistical properties of the image.

Kapur’s
Entropy
Thresholding

Uses entropy of the
histogram to maximize the
information content between
segmented parts of an
image, based on information
theory principles.

Initially defines the probability distributions for
image thresholding at each potential threshold,
splitting the histogram into two segments. The
entropy for each segment is calculated to measure the
randomness or unpredictability within those
segments. The combined entropy for each threshold is
computed, and the optimal threshold is the one that
maximizes the sum of the entropies of the two
segments, reflecting maximum information
separation.

Table 2. Summary of the key characteristics and main approaches of the discussed thresholding
techniques
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image 3 image 2 image 1

thresholding thresholding thresholding

entropy

moment-preserving

rv
e A

minimum error minimum error

Figure 6. Multiple dorsal hippocampus visualizations with different thresholding methods
using MATLAB

This figure shows the application of different thresholding methods to three hippocampus
images. Each column corresponds to a separate image (Image 3, Image 2, Image 1, from left to
right). The process involves four thresholding methods applied sequentially. The rows represent,

from top to bottom: the original grayscale images, binary images after Otsu’s, Kapur’s entropy,
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moment preserving and minimum error thresholding methods. As this figure shows, the entropy

method is more effective in keeping the most signal compared to the noise in GFAP staining.

To demonstrate that entropy-based thresholding surpasses other methods visually and
mathematically, 1 used the PSNR (Peak Signal-to-Noise Ratio) metric. PSNR provides a

quantitative measure by comparing the quality of thresholded images against a predefined

ground truth.
MAX; >
VMSE

Ground truth represents the ideal outcome of the thresholding process. | began by

PSNR - 20 . 10g10 (

establishing a "ground truth" image for each of the three cases where | provided figures,
manually adjusting the threshold levels until my team and | agreed on the optimal representation.
The next step involved calculating the Mean Squared Error (MSE) between the ground truth
image and the image produced by each thresholding method, forming the basis for PSNR
calculation.

1 M N
MSE = Wz UG EIION]

i=1 j=1

In my analysis, where I(i,j) represents the pixel value in the ground truth image and K(i,j)
the pixel value in the thresholded image, with M and N being the dimensions of the images, |
calculated the Mean Squared Error (MSE). | first identified the maximum possible pixel value in
the image, denoted as MAX; (for instance, 255 for an 8-bit image). Using the MSE and this peak
signal value, | then calculated the PSNR to quantitatively assess the efficiency of the
thresholding method compared to the established ground truth. This approach allowed me to
measure the performance of entropy-based thresholding mathematically. This formula gives the

PSNR in decibels (dB) (Khurana 2015; N and S 2016).
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We can examine comparative graphs displaying each technique's performance metrics to
determine which thresholding method performs best. In these graphs, each method is represented

by a bar, with the height of the bar indicating the method's performance level. A higher bar
signifies better performance, indicating that the method's results are closer to the established
ground truth as shown in Figure 7. Table 3 shows a Comparison of different thresholding

method values and their associated PSNRs.

11 ;Iﬂl

Image Index

Figure 7. PSNR comparison of each thresholding method

As shown here, Kapur’s entropy thresholding outperforms other methods. Blue is Otsu, red is Kapur,
yellow is Moment and purple is Minimum Error thresholding. Image index refers to the image numbers

mentioned in the figure 6.

48



Otsu Kapur  Moment Minimum Otsu P Kapur_ Moment_ Minimum

Error SNR PSNR PSNR Error_PSNR
Imagel | 0.17 054  0.0007263 0.39 2.93 19.82 210 10.86
Image2 | 041 047  0.0010056 0.39 6.86 7.73 2.04 6.44
Image3 | 0.18 058  0.0007899 0.39 2.85 1959 222 9.35

Table 3. Comparison of different thresholding method values and their associated PSNRs

2.1.6 Statistical analysis rationale

| analyzed data from multiple time points post-infection: 1-, 3-, 5-, 7-, and 31-DPI.
Given that | had more than two groups to compare, one-way ANOVA was used as the statistical
test of choice. One-way ANOVA is effective for determining if there are statistically significant
differences between the means of three or more independent groups, which is particularly useful
for my setup involving several time points. The rationale behind using one-way ANOVA, rather
than multiple t-tests, is to avoid an increase in Type | error (the probability of incorrectly
rejecting a true null hypothesis) that comes with multiple comparisons. One-way ANOVA
provides a comprehensive view by assessing the overall effect of time post-infection on the

measured variables across all groups simultaneously.
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Following the one-way ANOVA, | used Dunnett's post hoc test. This choice is optimal for
experiments like mine, where comparisons are primarily made between each experimental group
and a common control. Moreover, Dunnett’s test is specifically designed to compare multiple
treatment groups against a single control group without the increased risk of Type I errors

associated with multiple comparisons (Greenwood, M. C. 2021).

2.1.7 Data management plan

As for the data management plan, | ensured comprehensive documentation of experiment
details, data collection methods, and analysis techniques to facilitate future interpretation and
replication. | organized data using specific naming conventions and version control, supported by
README files and adherence to the DataCite metadata standard. I stored all relevant scripts and
codes on GitHub for source code management, enabling version tracking. My storage strategy
included local and cloud-based solutions, such as UVic Microsoft 365 OneDrive and the
Federated Research Data Repository, to secure data backup and accessibility. For long-term
preservation, | used open-standard file formats and maintained detailed documentation to enable

straightforward access and reuse of the data.

2.2 Pipeline outcomes

2.2.1. Early transient increase in GFAP distribution in the cortex of female hamsters following
peripheral SARS-CoV-2 infection

To probe the astrocytic response to peripheral SARS-CoV-2 infection, | performed
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immunolabelling for astrocyte markers, on all experimental groups, including control uninfected
(CTL), as well as 1-, 3-, 5-, 7-, and 31-days post-infection and employed the analysis pipeline
described above. As explained earlier, | immunostained for GFAP to quantify GFAP
distribution, which is normally restricted, but can increase in the context of neuroinflammation
(reviewed in Nourbakhsh et al. 2021 ). Additionally, I immunostained for SOX9, a nuclear-
localized transcription factor expressed by astrocytes in the adult brain (Sun et al. 2017), to assay
for astrocyte proliferation. | also used NeuN, a marker for neurons (Wolf et al. 1996), . |
analyzed the outcomes with the imaging pipeline | developed in the previous section. The data
for GFAP are shown in Figure 8, and the statistical analyses are reported in Table 4. My analysis
revealed a significant increase in GFAP expression in the female cortex at 3 DPI relative to
uninfected controls (Figure 8). A similar, non-significant increase at 3 DPI was observed in the
hippocampus of female animals. These changes were not observed in males. Important, |
observed no baseline differences in raw GFAP distribution between males and females. Notably,
a two-way ANOVA exploring for effects of DPI and sex, revealed no significant main effect of
DPI (F (5,26)=0.814, p=0.551) or Sex (F (1,26)=3.565, p=0.070), but there was a significant
interaction between DPI and Sex (F (5,26)=3.350, p=0.018). post hoc Dunnett’s test revealed
significant differences in females between DPI 3 and DPI 5 (p = 0.0297) and between DPI 3 and
DPI1 7 (p=0.0155). No significant differences were found between DPI levels in males by two
way ANOVA. Additionally, there were no statistically significant changes in SOX9-positive
cell density, as shown in Figure 9, and Table 5. No changes were observed in overall cell density,
quantified by Hoechst pixel density, as shown in Figure 10, and summarized in Table 6 (note that
pixel density was used for Hoechst as we were unable to segment it in some brain areas of high
cell density). Similarly, no significant changes were observed in NeuN, as shown in Figure 11, and

summarized in Table 7, suggesting there were no changes in neuron viability. In summary, our
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findings suggest there is an early, partial astrogliosis in female animals consisting of a transient
increase in GFAP at 3 DPI, in the context of the Syrian hamster model of mild peripheral

COVID-19.
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Figure 8. Transient early increase in GFAP in female animals in the context of mild peripheral
COVID-19

Scatter plots displaying the relative pixel density of Glial Fibrillary Acidic Protein (GFAP) in
male and female Syrian hamsters over several days post-inoculation (CTL, 1 DPI, 3 DPI, 5 DPI,
7 DPI, 31 DPI) in (A) the cortex of (i) females, and (ii) males, (B) the corpus callosum of (i)
females, and (ii) males, (C) the hippocampus of (i) females, and (ii) males, (D) the third ventricle
of (i) females and (ii) males and (E) the striatum of (i) females and (ii) males expressed as
percent control based on CTL values . Each blue point represents one biological replicate, with
sample sizes (N) varying from 3 to 5. Black points represent the average values, with horizontal
lines indicating the standard error of the mean (SEM). A significant increase in GFAP expression
was observed in the cortex of female animals at 3 DPI (p = 0.00694 by one-way ANOVA, (**)p

=0.029708 by post-hoc Dunnet’s test; N = 3-4).
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Fig. Name Comparison | Lowerdiff ESTdiff Upperdiff pValue
1vs. CTL -24.2033 52.80717 129.8176 0.232258
3vs. CTL 7.179696 79.2164 151.2531 0.029708
5vs. CTL -93.1272 -16.1167 60.89376 0.958148
7vs. CTL -97.9645 -20.9541 56.05642 0.891997
A’ 31vs. CTL -80.2764 -3.26594 73.74453 0.999974
1 ANOVA (Overall) | NaN NaN NaN 0.00694
1vs. CTL -77.8539 35.96827 149.7905 0.827138
3vs. CTL -135.603 -21.7811 92.04107 0.970617
5vs. CTL -54.653 51.81791 158.2888 0.516241
7vs. CTL -74.7606 39.06162 152.8838 0.781183
31vs. CTL -86.8006 27.02156 140.8438 0.932858
Aii ANOVA (Overall) | NaN NaN NaN 0.439092
1vs. CTL -139.194 -32.4706 74.25315 0.84853
3vs. CTL -15.4898 79.96686 175.4235 0.114704
5vs. CTL -100.507 6.216468 112.9403 0.99988
7vs. CTL -140.668 -33.9442 72.77955 0.826834
31vs. CTL -109.136 -2.4126 104.3112 0.999999
Bi ANOVA (Overall) | NaN NaN NaN 0.031609
1vs. CTL -135.392 67.70174 270.7959 0.794499
3vs. CTL -229.018 -25.9242 177.1699 0.994655
5vs. CTL -81.34 121.7541 324.8482 0.332303
7vs. CTL -110.607 92.4868 295.5809 0.56805
B" 31vs. CTL -123.844 79.24966 282.3438 0.690884
1 ANOVA (Overall) | NaN NaN NaN 0.319427
1vs. CTL -94.2007 174.044 442.2887 0.269693
3vs. CTL -80.8504 187.3943 455.639 0.21641
5vs. CTL -116.252 151.9929 420.2375 0.37937
7vs. CTL -176.112 92.13245 360.3771 0.776739
C' 31vs. CTL -151.13 117.1152 385.3598 0.603123
1 ANOVA (Overall) | NaN NaN NaN 0.406092
1vs. CTL -91.8552 38.57245 169.0001 0.858792
3vs. CTL -180.968 -50.5401 79.88762 0.700545
5vs. CTL -150.804 -20.3768 110.0509 0.987422
7vs. CTL -99.0206 31.40713 161.8348 0.92932
C" 31vs. CTL -104.577 17.42644 139.4304 0.991481
1 ANOVA (Overall) | NaN NaN NaN 0.401102
1vs. CTL -145.896 -32.2874 81.32078 0.875397
3vs. CTL -125.217 -11.6093 101.9989 0.998145
5vs. CTL -119.553 -13.282 92.98869 0.9953
7vs. CTL -119.623 -6.01486 107.5933 0.999922
D' 31vs. CTL -170.939 -57.3306 56.27763 0.484439
1 ANOVA (Overall) | NaN NaN NaN 0.717452
1vs. CTL -146.98 10.59432 168.1682 0.99974
3vs. CTL -196.513 -38.9395 118.6345 0.920619
5vs. CTL -133.996 23.57785 181.1518 0.989187
7vs. CTL -172.144 -14.5697 143.0042 0.998801
31vs. CTL -165.543 -7.96947 149.6044 0.999936
Dii ANOVA (Overall) | NaN NaN NaN 0.893451
1vs. CTL -164.773 -38.6221 87.52885 0.839693
3vs. CTL -156.101 -29.9503 96.20067 0.93114
5vs. CTL -176.368 -50.2166 75.93438 0.676119
7vs. CTL -150.676 -24.5254 101.6256 0.967845
E' 31vs. CTL -178.399 -52.2484 73.90257 0.645692
1 ANOVA (Overall) | NaN NaN NaN 0.842983
1vs. CTL -146.965 10.59432 168.154 0.999741
3vs. CTL -196.499 -38.9395 118.6202 0.920588
5vs. CTL -133.982 23.57785 181.1375 0.989219
7vs. CTL -172.129 -14.5697 142.99 0.998798
E" 31vs. CTL -165.529 -7.96947 149.5902 0.999935
1l ANOVA (Overall) | NaN NaN NaN 0.893451
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Table 4. Statistical analyses for GFAP distribution

This table provides the outcomes of statistical tests comparing each DPI against the control
(CTL) for each brain region using ANOVA and the post hoc Dunnett’s test. It is organized
according to figure labels from Ai to Eii. Each row, except those labeled "ANOVA (Overall)",
corresponds to a Dunnett’s post hoc test, comparing specific conditions labeled as "1 vs. CTL"

and so on, against the control group. The columns in the table are defined as follows:
Figure Name: Identifier for the specific graph in Figure 8
Comparison: Specifies the experimental condition compared against the control.

Lowerdiff: The lower bound of the 95% confidence interval for the estimated difference

between the experimental condition and the control.

ESTdiff: The point estimate of the difference between the experimental condition and the

control.
Upperdiff: The upper bound of the 95% confidence interval for the estimated difference.

pValue: The p-value from Dunnett's test, indicating the probability that any observed difference

is due to chance, with a lower value suggesting more significant differences.

The rows labeled "ANOVA (Overall)" present the results of an ANOVA test assessing overall

differences among all conditions and the control.
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Figure 9. No changes in SOX9-positive cell density in the context of mild peripheral COVID-19

Scatter plots displaying the relative pixel density of SOX9 in male and female Syrian hamsters
over several days post-inoculation (CTL, 1 DPI, 3 DPI, 5 DPI, 7 DPI, 31 DPI) in (A) the cortex
of (i) females, and (ii) males, (B) the corpus callosum of (i) females, and (ii) males, (C) the
hippocampus of (i) females, and (ii) males, (D) the third ventricle of (i) females and (ii) males
and (E) the striatum of (i) females and (ii) males expressed as percent control based on CTL
values . Each blue point represents one biological replicate, with sample sizes (N) varying from
3 to 5. Black points represent the average values, with horizontal lines indicating the standard
error of the mean (SEM). The data indicate no significant changes in SOX9 staining (analyzed

by one-way ANOVA).
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Fig. name | Comparison Lowerdiff | ESTdiff Upperdiff | pValue
1vs. CTL -70.5913 49.25124 169.0937 0.651765
3vs. CTL -115.603 4.239926 124.0824 0.999989
5vs. CTL -117.257 2.585935 122.4284 0.999999
7vs. CTL -82.2135 37.62897 157.4715 0.827129
A‘ 31vs. CTL -104.373 15.46998 135.3125 0.994361
1 ANOVA (Overall) NaN NaN NaN 0.773145
1vs. CTL -166.239 34.32842 234.8954 0.980903
3vs. CTL -39.9175 160.6495 361.2164 0.134388
5vs. CTL -72.3487 128.2183 328.7852 0.281117
7vs. CTL -206.537 -5.97004 194.5969 0.999995
A” 31vs. CTL -30.2235 170.3435 370.9104 0.106353
11 ANOVA (Overall) NaN NaN NaN 0.070154
1vs. CTL -100.273 -3.03035 94.21241 0.999994
3vs. CTL -90.7761 6.466652 103.7094 0.999753
5vs. CTL -123.958 -26.715 70.52778 0.886081
7vs. CTL -99.6706 -2.42787 94.81489 0.999998
B' 31vs. CTL -120.47 -23.2271 74.01562 0.929672
1 ANOVA (Overall) NaN NaN NaN 0.888742
1vs. CTL -147.27 -23.1509 100.9681 0.972784
3vs. CTL -117.111 7.00838 131.1274 0.999889
5vs. CTL -118.179 5.940183 130.0592 0.999951
7vs. CTL -122.035 2.084162 126.2032 1
B" 31vs. CTL -131.701 -7.58248 116.5365 0.999837
m ANOVA (Overall) NaN NaN NaN 0.979416
1vs. CTL -140.899 121.9894 384.8779 0.552176
3vs. CTL -218.167 44.72163 307.6101 0.981332
5vs. CTL -224.541 38.34775 301.2362 0.990346
7vs. CTL -240.251 22.63714 285.5256 0.999146
C' 31vs. CTL -252.662 10.22692 273.1154 0.999982
1 ANOVA (Overall) NaN NaN NaN 0.795472
1vs. CTL -108.686 -12.771 83.14356 0.993774
3vs. CTL -125.886 -29.9712 65.94339 0.832768
5vs. CTL -114.224 -18.3091 77.60548 0.970865
7vs. CTL -157.856 -61.9412 33.97338 0.27683
C" 31vs. CTL -124.134 -34.4139 55.30599 0.707794
11 ANOVA (Overall) NaN NaN NaN 0.55528
1vs. CTL -49.8653 31.18495 112.2352 0.705524
3vs. CTL -19.1345 61.91574 142.966 0.162127
5vs. CTL -92.8662 -17.0507 58.76486 0.944977
7vs. CTL -28.6687 52.3815 133.4317 0.276231
D' 31vs. CTL -34.7688 46.28138 127.3316 0.377202
1 ANOVA (Overall) NaN NaN NaN 0.063968
1vs. CTL -57.7902 6.768602 71.32739 0.997914
3vs. CTL -94.8943 -30.3356 34.22322 0.546388
5vs. CTL -85.7777 -21.2189 43.33984 0.806057
7vs. CTL -118.694 -54.1353 10.42347 0.113174
D" 31vs. CTL -57.0638 3.325399 63.71461 0.999906
1 ANOVA (Overall) NaN NaN NaN 0.102804
1vs. CTL -148.975 -14.8159 119.3437 0.99734
3vs. CTL -195.489 -61.329 72.83055 0.569701
5vs. CTL -203.498 -78.003 47.49171 0.306894
7vs. CTL -227.161 -93.0019 41.15767 0.224641
E‘ 31vs. CTL -137.486 -3.32636 130.8332 0.999998
1 ANOVA (Overall) NaN NaN NaN 0.233497
1vs. CTL -57.7841 6.768602 71.32132 0.997914
3vs. CTL -94.8883 -30.3356 34.21715 0.546387
5vs. CTL -85.7717 -21.2189 43.33377 0.806133
7vs. CTL -118.688 -54.1353 10.4174 0.113126
E" 31vs. CTL -57.0581 3.325399 63.70893 0.999905
11 ANOVA (Overall) NaN NaN NaN 0.102804
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Table 5. Statistical analyses for SOX9 distribution

This table provides the outcomes of statistical tests comparing each DPI against the control (CTL) for
each brain region using ANOVA and the post hoc Dunnett’s test. It is organized according to figure
labels from Ai to Eii. Each row, except those labeled "ANOVA (Overall)", corresponds to a
Dunnett’s post hoc test, comparing specific conditions labeled as "1 vs. CTL" and so on, against the

control group. The columns in the table are defined as follows:

Figure Name: Identifier for the specific graph in Figure 9.
Comparison: Specifies the experimental condition compared against the control.

Lowerdiff: The lower 95% confidence interval bound for the estimated difference between the

experimental condition and the control.

ESTdiff: The point estimate of the difference between the experimental condition and the

control.
Upperdiff: The upper bound of the 95% confidence interval for the estimated difference.

pValue: The p-value from Dunnett's test indicates the probability that any observed difference is

due to chance, with a lower value suggesting more significant differences.

The rows labeled "ANOVA (Overall)" present the results of an ANOVA test assessing overall

differences among all conditions and the control.
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Figure 10. No changes in Hoechst-positive cell density in the context of mild peripheral
COVID-19

Scatter plots displaying the relative pixel density of Hoechst in male and female Syrian hamsters
over several days post-inoculation (CTL, 1 DPI, 3 DPI, 5 DPI, 7 DPI, 31 DPI) in (A) the cortex
of (i) females, and (ii) males, (B) the corpus callosum of (i) females, and (ii) males, (C) the
hippocampus of (i) females, and (ii) males, (D) the third ventricle of (i) females and (ii) males
and (E) the striatum of (i) females and (ii) males expressed as percent control based on CTL
values. Each blue point represents one biological replicate, with sample sizes (N) varying from 3
to 5. Black points represent the average values, with horizontal lines indicating the standard error
of the mean (SEM). The data indicate no significant changes in Hoechst staining (analyzed by

one-way ANOVA).
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Fig. name Comparison | Lowerdiff ESTdiff Upperdiff pValue
1vs. CTL -47.3539 -1.74022 43.87342 0.999985
3vs. CTL -30.9495 14.66411 60.27776 0.818227
5vs. CTL -35.5731 7.094524 49.76218 0.983578
7vs. CTL -41.8972 3.716449 49.33009 0.999368
A‘ 31vs. CTL -29.8607 15.75293 61.36657 0.777386
1 ANOVA (Overall) | NaN NaN NaN 0.822598
1vs. CTL -90.1911 -17.4247 55.34166 0.928934
3vs. CTL -66.7887 5.977622 78.74399 0.999315
5vs. CTL -83.9781 -11.2117 61.55462 0.98772
7vs. CTL -107.228 -34.4616 38.30475 0.53456
A" 31vs. CTL -81.5946 -8.82829 63.93808 0.995765
1l ANOVA (Overall)| NaN NaN NaN 0.674199
1vs. CTL -88.3789 -6.72971 74.91953 0.999364
3vs. CTL -49.3931 28.67846 106.7501 0.74437
5vs. CTL -55.2574 26.39187 108.0411 0.820439
7vs. CTL -72.9156 14.37109 101.6578 0.984919
B' 31vs. CTL -68.3105 18.97616 106.2629 0.95344
1 ANOVA (Overall)| NaN NaN NaN 0.738395
1vs. CTL -199.088 -14.9074 169.2733 0.999364
3vs. CTL -170.083 14.09756 198.2783 0.999513
5vs. CTL -175.701 8.479449 192.6602 0.999959
7vs. CTL -140.587 43.59335 227.7741 0.931924
B" 31vs. CTL -173.776 10.40462 194.5853 0.999889
m ANOVA (Overall)| NaN NaN NaN 0.962653
1vs. CTL -58.0263 -10.7134 36.59954 0.942164
3vs. CTL -40.9428 6.370156 53.68309 0.993218
5vs. CTL -44.6082 2.704775 50.01771 0.999883
7vs. CTL -80.2707 -32.9578 14.35514 0.21853
C' 31vs. CTL -56.9244 -9.61144 37.70149 0.961747
1 ANOVA (Overall) | NaN NaN NaN 0.253331
1vs. CTL -116.537 -30.4905 55.55641 0.757354
3vs. CTL -97.7161 -11.6692 74.37768 0.993004
5vs. CTL -101.853 -15.8056 70.24127 0.974381
7vs. CTL -117.959 -31.9123 54.1346 0.727097
C" 31vs. CTL -123.826 -37.7788 48.26806 0.598604
11 ANOVA (Overall)| NaN NaN NaN 0.788002
1vs. CTL -70.8458 2.131234 75.10824 0.999996
3vs. CTL -37.137 35.83999 108.817 0.503391
5vs. CTL -40.5456 32.43139 105.4084 0.588578
7vs. CTL -49.6746 23.30239 96.27939 0.818333
D' 31vs. CTL -60.3278 12.6492 85.62621 0.979823
1 ANOVA (Overall) | NaN NaN NaN 0.612916
1vs. CTL -60.8942 19.27264 99.43951 0.929767
3vs. CTL -108.328 -28.1614 52.00551 0.766853
5vs. CTL -104.59 -24.4235 55.74336 0.845128
7vs. CTL -89.2202 -9.05337 71.11351 0.99705
D" 31vs. CTL -57.3293 17.65997 92.64922 0.934806
1 ANOVA (Overall) | NaN NaN NaN 0.395779
1vs. CTL -94.1671 0.875533 95.91818 1
3vs. CTL -54.9041 40.13857 135.1812 0.630234
5vs. CTL -89.1641 5.87858 100.9212 0.999827
7vs. CTL -128.83 -33.7871 61.25555 0.755364
E' 31vs. CTL -70.9013 24.14133 119.184 0.912611
1 ANOVA (Overall) | NaN NaN NaN 0.378648
1vs. CTL -92.8249 2.442552 97.71002 0.999998
3vs. CTL -84.461 10.80646 106.0739 0.996886
5vs. CTL -85.264 10.00342 105.2709 0.997825
7vs. CTL -104.034 -8.76688 86.50059 0.998825
E" 31vs. CTL -94.8591 0.408384 95.67585 1
1 ANOVA (Overall)| NaN NaN NaN 0.990786
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Table 6. Statistical analyses for Hoechst distribution

This table provides the outcomes of statistical tests comparing each DPI against the control (CTL)
for each brain region using ANOVA and the post hoc Dunnett’s test. It is organized according to
figure labels from Ai to Eii. Each row, except those labeled "ANOVA (Overall)", corresponds to a
Dunnett’s post hoc test, comparing specific conditions labeled as "1 vs. CTL" and so on, against the

control group. The columns in the table are defined as follows:
Figure Name: Identifier for the specific graph in Figure 10.
Comparison: Specifies the experimental condition compared against the control.

Lowerdiff: The lower bound of the 95% confidence interval for the estimated difference

between the experimental condition and the control.

ESTdiff: The point estimate of the difference between the experimental condition and the

control.
Upperdiff: The upper bound of the 95% confidence interval for the estimated difference.

pValue: The p-value from Dunnett's test, indicating the probability that any observed difference

is due to chance, with a lower value suggesting more significant differences.

The rows labeled "ANOVA (Overall)" present the results of an ANOVA test assessing overall

differences among all conditions and the control.
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Figure 11. No changes in NeuN-positive cell density in the context of mild peripheral COVID-
19

Scatter plots displaying the relative pixel density of NeuN in male and female Syrian hamsters over
several days post-inoculation (CTL, 1 DPI, 3 DPI, 5 DPI, 7 DPI, 31 DPI) in (A) the cortex of (i)
females, and (ii) males, (B) the corpus callosum of (i) females, and (ii) males, (C) the hippocampus
of (i) females, and (ii) males, (D) the third ventricle of (i) females and (ii) males and (E) the striatum
of (i) females and (ii) males expressed as percent control based on CTL values. Each blue point
represents one biological replicate, with sample sizes (N) varying from 3 to 5. Black points represent
the average values, with horizontal lines indicating the standard error of the mean (SEM). The data

indicate no significant changes in NeuN staining (analyzed by one-way ANOVA).
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Fig. name | Comparison Lowerdiff | ESTdiff Upperdiff | pValue
1vs. CTL -125.086 -21.7318 81.62273 0.969134
3vs. CTL -146.222 -56.7143 32.79335 0.318569
5vs. CTL -170.387 -75.4494 19.48782 0.149679
7vs. CTL -142.427 -39.0726 64.28195 0.760638
A' 31vs. CTL -106.269 -2.9141 100.4405 0.999998
1 ANOVA (Overall) NaN NaN NaN 0.251726
1vs. CTL -120.052 12.06455 144.1808 0.998913
3vs. CTL -195.381 -63.2648 68.85145 0.530267
5vs. CTL -162.55 -30.4337 101.6825 0.939903
7vs. CTL -151.778 -19.6617 112.4545 0.989802
A" 31vs. CTL -155.452 -31.8689 91.7145 0.910045
11 ANOVA (Overall) NaN NaN NaN 0.655734
1vs. CTL -167.344 -48.2968 70.75061 0.671599
3vs. CTL -201.749 -82.7014 36.34598 0.227157
5vs. CTL -199.901 -80.854 38.19341 0.243412
7vs. CTL -200.089 -72.8219 54.44507 0.381168
B' 31vs. CTL -189.365 -62.0975 65.16946 0.519828
1 ANOVA (Overall) NaN NaN NaN 0.446143
1vs. CTL -85.9401 9.156099 104.2523 0.998548
3vs. CTL -163.349 -68.2533 26.84297 0.198539
5vs. CTL -144.903 -49.8072 45.28901 0.447373
7vs. CTL -90.019 5.077247 100.1735 0.999915
B" 31vs. CTL -151.399 -56.3028 38.79342 0.34266
m ANOVA (Overall) NaN NaN NaN 0.111559
1vs. CTL -120.654 64.65941 249.9723 0.771015
3vs. CTL -188.517 -3.20424 182.1087 1
5vs. CTL -244.967 -71.6226 101.7218 0.652152
7vs. CTL -204.999 -19.6858 165.6272 0.99778
C' 31vs. CTL -129.532 55.78049 241.0934 0.85068
1 ANOVA (Overall) NaN NaN NaN 0.292034
1vs. CTL -126.563 24.99338 176.5499 0.984085
3vs. CTL -210.118 -58.5615 92.99503 0.70238
5vs. CTL -78.8804 72.67617 224.2327 0.528754
7vs. CTL -200.247 -48.6903 102.8663 0.818357
C" 31vs. CTL -207.76 -65.992 75.77617 0.554219
il ANOVA (Overall) NaN NaN NaN 0.106856
1vs. CTL -141.245 -1.85267 137.54 1
3vs. CTL -133.926 5.467042 144.8597 0.999982
5vs. CTL -173.664 -43.2737 87.11613 0.800687
7vs. CTL -101.104 38.28822 177.6809 0.888601
D' 31vs. CTL -144.269 -4.87622 134.5164 0.99999
i ANOVA (Overall) NaN NaN NaN 0.655631
1vs. CTL -150.373 -29.2464 91.87981 0.926873
3vs. CTL -170.298 -49.1714 71.95478 0.661228
5vs. CTL -99.6427 21.48348 142.6096 0.97785
7vs. CTL -150.7 -29.5733 91.55283 0.923921
D" 31vs. CTL -120.513 0.612687 121.7389 1
1 ANOVA (Overall) NaN NaN NaN 0.585596
1vs. CTL -300.591 148.9606 598.5118 0.801596
3vs. CTL -401.108 48.44308 497.9942 0.997629
5vs. CTL -531.568 -111.051 309.4654 0.902349
7vs. CTL -491.738 -42.1865 407.3647 0.998758
E' 31vs. CTL -421.972 27.57921 477.1304 0.99984
1 ANOVA (Overall) NaN NaN NaN 0.631558
1vs. CTL -256.624 -13.5781 229.4679 0.999895
3vs. CTL -231.804 11.24199 254.288 0.999958
5vs. CTL -122.602 120.4443 363.4904 0.495563
7vs. CTL -254.619 -11.5728 231.4733 0.999952
E" 31vs. CTL -306.422 -63.3762 179.6698 0.904407
Ll ANOVA (Overall) NaN NaN NaN 0.426947
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Table 7. Statistical analyses for NeuN distribution

This table provides the outcomes of statistical tests comparing each DPI against the control (CTL) for
each brain region using ANOVA and the post hoc Dunnett’s test. It is organized according to figure
labels from Ai to Eii. Each row, except those labeled "ANOVA (Overall)", corresponds to a
Dunnett’s post hoc test, comparing specific conditions labeled as "1 vs. CTL" and so on, against the

control group. The columns in the table are defined as follows:

Figure Name: Identifier for the specific graph in Figure 11.
Comparison: Specifies the experimental condition compared against the control.

Lowerdiff: The lower bound of the 95% confidence interval for the estimated difference

between the experimental condition and the control.

ESTdiff: The point estimate of the difference between the experimental condition and the

control.
Upperdiff: The upper bound of the 95% confidence interval for the estimated difference.

pValue: The p-value from Dunnett's test, indicating the probability that any observed difference

is due to chance, with a lower value suggesting more significant differences.

The rows labeled "ANOVA (Overall)" present the results of an ANOVA test assessing overall

differences among all conditions and the control.
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2.2.2.Summary

In adult female hamsters, GFAP distribution significantly increased in the cortex three DPI.
SOX9 levels stayed consistent across all regions and time points, suggesting that the number of
astrocytes did not change. Together this data suggests there is a brief neuroinflammatory
response consisting of transient and partial astrogliosis in the early days of peripheral COVID-19

in adult female animals.
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Chapter three

Discussion

My study focused on examining the effects of mild COVID-19 on neuroinflammation and
astrocyte responses in the brains of Syrian hamsters. | specifically aimed to identify both
regional and sex-specific variations in astrocytic markers such as GFAP and SOX9 across
various DPI. My study sheds light on the dynamics of mild neuroinflammation triggered by

peripheral infection with the SARS-CoV-2 virus.

The main important finding from my research was the transient change in GFAP distribution in
female animals at 3 DPI. Astrocytes, in their reactive state, become hypertrophic and extend
their processes into affected areas to mitigate the effects of inflammation; this could partially
account for the increased GFAP distribution (Azzolini et al. 2022; D. Li et al. 2020; Sticozzi et
al. 2013). This transient increase subsequently disappeared at later time points. My observations
support my hypothesis that astrogliosis might occur in mild peripheral COVID-19. Our findings
are in line with work from others showing that changes in GFAP are associated with central
nervous system disorders that share some similarities with COVID-19 (reviewed in
Cekanaviciute and Buckwalter 2016; and Colombo and Farina 2016; and Lee et al. 2023;
Kanberg et al. 2020). My work also suggests that mild peripheral COVID-19-associated
neurological impacts could share some common mechanisms with more severe neurological
impairments in COVID-19, which have also been suggested to arise from heightened systemic
inflammation and subsequent disruptions in the BBB, rather than direct viral damage to neural

cells (Murta, Villarreal, and Ramos 2020; Najjar et al. 2020).
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In my study, | noted a significant increase in GFAP coverage in the cortex of female
hamsters at 3 DPI. This significant increase indicates heightened astrocytic activation in response
to infection. However, this trend was not consistent across all brain regions or between sexes.
For example, | observed a notable (not statistically significant) decrease in GFAP coverage in the
dorsal striatum. Astrocytes generally expand their coverage in response to injury or
inflammation (reviewed in Sofroniew 2015; Sofroniew and Vinters 2010), yet the reduction in
GFAP signal in the dorsal striatum suggests a region-specific response to the infection. This
decrease may reflect differential regulation of astrocytic activity in the striatum compared to the
cortex. Possible explanations for this unique response include the intrinsic properties of the
striatum, its neural connectivity, or the specific immune environment it facilitates post-infection
(Choi et al. 2009; reviewed in Haber 2016; Hald and Lotharius 2005; Jeong et al. 2022; Kaur et

al. 2017; Pott Godoy, Ferrari, and Pitossi 2010; Silvestroni et al. 2009).

Another notable observation was the stability of SOX9 expression across the different time
points. SOX9 is a transcription factor crucial for the maintenance and differentiation of
astrocytes (Sun et al. 2017). | anticipated that SOX9 expression would follow a similar trend to
GFAP; however, stable levels of SOX9 suggest that the total number of astrocytes may not
undergo significant fluctuations in response to mild neuroinflammation. This stability in SOX9
expression indicates that the astrocytic response to mild COVID-19-induced neuroinflammation
primarily involves changes in astrocyte reactivity—reflected by GFAP levels—and morphology,

rather than alterations in their proliferation or overall numbers.
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These findings provide insights into the complex and region-specific responses of the

brain to COVID-19 infection. While my initial hypotheses were partially supported—such as the

expected early peak in astrocytic reactivity—other results, like the region-specific decrease in
GFAP coverage in the dorsal striatum, reveal neuroinflammation’s intricate and sometimes
unpredictable nature. These results suggest that astrocytic reactivity and neuronal changes
following mild neuroinflammation are not uniform across different brain regions or between

SEXes.

3.1. Methodological considerations in quantification

To compare my methodological approach to those existing in the literature, |1 will provide some
studies that used different techniques for quantifying GFAP distribution. For example, Finney,
Jones, and Morris (2021) used an automated protocol that emphasized optical density and pixel
proportion, while Marques et al. (2023) implemented a semi-automatic method emphasizing the
structural analysis of astrocytes. Luijerink, Rodriguez, and Machaalani (2024) introduced a
Reactivity score (R-score) for assessing astrocyte activation, which they found to be highly
reproducible and sensitive. My study differentiates itself by using MATLAB for image analysis,
specifically applying Kapur’s entropy thresholding to enhance the accuracy and objectivity in

quantifying GFAP expression (Kapur, Sahoo, and Wong 1985; Kiani, Safabakhsh, and Khadangi
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2009). Unlike methods relying on manual or semi-automatic threshold settings, this method
dynamically determines the optimal threshold for each image based on its unique histogram. As

a result, this approach reduces potential biases and ensures a consistent analysis across samples.

3.2. Sex-specific responses in neuroinflammation

Research into sex differences in the context of long-COVID suggests that women appear to be

more susceptible to brain fog (reviewed in Sylvester et al. 2022). Moreover, in a rodent model of
ischemic injury, heightened astrocyte activation was noted in female animals compared to males
(Cordeau et al. 2008). This is potentially mediated by estrogen signaling pathways, which could
affect the degree of GFAP upregulation following injury. My findings align with these
observations, as | noted increased GFAP distribution in female hamsters in response to mild
COVID-19. The mechanisms behind these differences, however, may extend beyond hormonal
influences and include complex interactions within the neuroimmune environment, likely
influenced by both the severity of peripheral inflammation and the specific dynamics of mild

SARS-CoV-2 infection (Asadi-Pooya et al. 2022; Hanamsagar and Bilbo 2016).

3.3. Implications and broader context of findings

The observed increase in GFAP density suggests that even mild COVID-19 can trigger changes
that may negatively impact synaptic functions. GFAP plays a crucial role in cell shape,
proliferation, and synaptic plasticity (Kashon et al. 2005; McCall et al. 1996). Elevated GFAP
levels in blood correlate with lower memory scores and reduced white matter integrity in older
adults, even after controlling for Alzheimer's disease biomarkers (Bettcher et al. 2021).
Furthermore, increased plasma GFAP concentrations are linked to postoperative cognitive

dysfunction in non-cardiac surgery patients, suggesting brain cellular injury (Rappold et al.
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2016). As a result, such inflammation can interfere with normal synaptic activity, impairing

memory and learning processes and contributing to symptoms such as brain fog.

3.4. Limitations of the study

One of the primary limitations of my study came from necessary precautions in handling and
preparing high biohazard level brain samples. The samples were fixed in formalin for an
extended period (>30 days) before the slicing procedure, to ensure complete neutralization of
any viral particles. This prolonged fixation can negatively affect tissue integrity and subsequent
histological analyses. Additionally, due to safety protocols at the National Microbiology
Laboratory, sharp objects were not permitted during tissue collection. Given the animals
therefore could not be perfused, and tissue removal was hampered by the lack of allowable tools,
the brains | received were of varying quality. This issue was particularly challenging as it
hindered our ability to obtain fully intact slices from the desired bregma levels from some
samples. The prolonged fixation and suboptimal slicing adversely affected the quality of staining
and imaging, impacting the quantifiability of cellular structures in the samples. Specifically, the
staining of NeuN in the hippocampus presented challenges. The expression was not very
distinct, and cells often appeared clumped together, making it difficult to quantify or analyze
these regions compared to other brain areas where cells were more clearly defined. As a result, |
increased the number of samples (N) analyzed to mitigate these effects and ensure better results.
Additionally, 1 did not limit my imaging and analysis to traditional brain regions associated with
memory and learning, such as the cortex and hippocampus. Instead, | included multiple brain
regions to achieve a more comprehensive understanding of the COVID- 19 neuroinflammatory

response.
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Moreover, using Syrian hamsters as a model organism was both a strength and a
limitation. On the positive side, hamsters endogenously express the ACE2 receptor, which
SARS-CoV-2 uses to enter cells, making them a relevant model for studying COVID-19
(Castellan et al. 2022, 2023; Fomin et al. 2022; Frere et al. 2022; reviewed in Gruber et al.
2022; Israelow et al. 2020; Knight et al. 2021; Moreau et al. 2020; Oliveira 2020; Patil,
Mohandas, and Yadav 2021; Rosenke et al. 2020; Shou et al. 2021; Sia et al. 2020). Hamsters
are also commonly used in immunological research and typically exhibit only mild symptoms
of the disease, which aligns with the objectives of my study to model mild COVID-19
(Castellan et al. 2022, 2023; Fomin et al. 2022; Frere et al. 2022). However, a significant
limitation was the lack of detailed and updated anatomical atlases for Syrian hamsters, unlike
the extensive resources available for mice. | partially addressed this challenge by referencing
the Allen mouse brain atlas (https://mouse.brain- map.org/experiment/thumbnails/100142143)

and Golden hamster atlas (Halsey et al. 1963).
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