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ABSTRACT OF THE DISSERTATION 

Identifying genetic trends in neurodegenerative disease and determining the impact of genetic 

diversity in Alzheimer's disease pathology 

by 

 Neelakshi Soni 

Doctor of Philosophy in Mathematical, Computational and Systems Biology 

University of California, Irvine, 2023 

Professor Kim Green, Chair 

 

Alzheimer's disease (AD) is a complex neurodegenerative disorder with a multifactorial 

etiology, including genetic factors that play a significant role in disease susceptibility. 

However, in preclinical studies, the role of an individual's genetic makeup has been largely 

overlooked. To address this gap, we aimed to investigate the impact of genetic diversity in 

mouse models of AD on translational potential. In this study, we utilized a well-established  

AD mouse model and combined it with a complex genetically diverse reference panel to 

generate a novel AD mouse population. These mice carried identical high-risk human 

mutations for AD, but differed in the rest of their genome, allowing us to examine the effects 

of genetic variation on AD-related phenotypes. Our results demonstrated that genetic variation 

had analogous impact on pathological phenotypes associated with AD mutations. Mice with 

different genetic backgrounds exhibited consistent degrees of pathological changes, 

highlighting the importance of genetic diversity in AD research. Furthermore, we validated this 

complex AD model by demonstrating high degrees of genetic, transcriptomic, and phenotypic 

overlap with human AD, supporting its translational relevance. The findings of our study have 
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significant implications for AD research. By incorporating genetic diversity into mouse models 

of AD, we have created an innovative and reproducible resource for studying the mechanisms 

underlying AD. Our results suggest that preclinical models that incorporate genetic diversity 

may better reflect the complex nature of human AD, potentially leading to improved translation 

of findings from mouse models to human disease. In conclusion, our study highlights the 

importance of considering an individual's genetic makeup in the context of AD research. 

Incorporating genetic diversity in mouse models of AD can provide a more comprehensive 

understanding of the disease and improve translational potential, offering new opportunities 

for investigating AD mechanisms and developing effective therapeutic interventions.  
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BACKGROUND 

Neurodegenerative disorders: Pathology and Features   

Neurodegenerative conditions can be categorized based on their clinical manifestations, with 

the most prevalent being extrapyramidal and pyramidal movement abnormalities, as well as 

cognitive or behavioral disturbances. However, it is rare for patients to exhibit purely one type 

of symptom, as most individuals present with a combination of clinical features. Currently, the 

definitive diagnosis is determined through neuropathological examination during autopsy, 

which serves as the gold standard in diagnostics. Neurodegenerative diseases are characterized 

by the accumulation of specific proteins and vulnerability of certain anatomical regions. 

However, these diseases share common underlying processes that contribute to progressive 

dysfunction and death of neurons. These processes include proteotoxic stress, which affects the 

ubiquitin-proteasomal and autophagosomal/lysosomal systems, oxidative stress, programmed  

cell death, and neuroinflammation. It's important to note that protein abnormalities associated 

with neurodegenerative diseases can be present even before clinical symptoms manifest  and 

more than one neurodegenerative disease process can be found in an individual (Milenkovic & 

Kovacs, 2013), (Schmitt et al., 2000), (Gibb & Lees, 1988), (Dugger et al., 2014). Currently, 

diagnostic biomarkers are limited in availability, with only rare cases where a causative genetic 

mutation can be definitively linked to a disorder (Ghasemi & Brown, 2018), (Hinz & 

Geschwind, 2017), (Ghasemi & Brown, 2018). As a result, there is a pressing need for specific 

in vivo biomarkers, such as those found in biofluids and molecular imaging markers (Tcw & 

Goate, 2017), (Seeley, 2017), to be a focal point of research in this field. The neuropathology 

of Alzheimer's disease (AD) involves a complex mixture of protein abnormalities. This 

includes the presence of both amyloid-beta (Aβ) deposits in the brain tissue, referred to as 

amyloid or senile plaques, as well as tau protein inclusions within neurons, known as 
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neurofibrillary tangles (NFTs). Additionally, many cases of AD also exhibit amyloid 

angiopathy, which is the deposition of Aβ in blood vessels within the brain. It is believed that 

the earliest form of Aβ deposits are diffuse and non-compact, often referred to as "pre-amyloid" 

deposits due to their weak staining with traditional amyloid dyes (Tagliavini et al., 1988). These 

deposits may be found in various brain regions, and depending on the location, they can have 

dense cores. Dense deposits are commonly observed in the primary motor and visual cortices. 

Amyloid plaques are composed of different cellular components, including neuronal processes 

called "dystrophic neurites," as well as astroglial processes and microglia, with microglia being 

particularly abundant in association with dense deposits (Fukumoto et al., 1996). One of the 

most clinically significant types of plaques in AD are neuritic plaques, which are characterized 

by the presence of tau-immunoreactive dystrophic neurites (Dickson, 1997). Determining the 

density of neuritic plaques and the distribution of NFTs in specific brain regions is crucial for 

the neuropathological diagnosis of AD (Hyman & Trojanowski, 1997). Neuritic plaques are 

often assessed using a semiquantitative method proposed by the Consortium to Establish a 

Registry for Alzheimer's Disease (CERAD) (Mirra et al., 1991), while the topographic 

distribution of amyloid deposits is evaluated using a staging scheme which categorizes amyloid 

"phases" based on their location in the neocortex, hippocampus, striatum, brainstem, and 

cerebellum (Thal et al., 2002). These criteria were further revised to include an assessment of 

the topographic distribution of amyloid deposits rather than their density (Montine et al., 2012). 

Inflammatory response to the pathology 

Microglia during homeostatic condition i.e healthy brains 

Microglia, the primary brain resident macrophages, play essential functions in the central 

nervous system (CNS) including immune defense/response, tissue repair, and tissue 

maintenance/homeostasis. Studies have shown that colony-stimulating factor 1 receptor 
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(CSF1R) and interleukin IL-34, as well as transcription factors such as interferon regulatory 

factor 8 (IRF8) are required for microglial survival and maintenance (Masuda et al., 2014). The 

ongoing survival and maintenance of microglia population relies on the sustained activation of 

the CSF1R, a crucial factor in microglia and macrophage development (Erblich et al., 2011; 

Ginhoux et al., 2010). CSF1R is activated by endogenous ligands, such as CSF-1 and 

interleukin-34 (IL-34), which are produced in the central nervous system (CNS) and must be 

continuously released, as blocking CSF1R pharmacologically results in rapid depletion of 

microglia (Greter et al., 2012).  

Under homeostatic conditions, microglia act as the first line of defense in the brain. In this 

surveillance and immune response capacity, they detect insults/injury/pathogens via antigen 

receptor recognition, migrate to the site of interest as well as signal other cells to migrate to 

resolve injury, proliferate and phagocytose pathogens and associated tissue/cell damage. These 

processes occur via the secretion of chemokines, cytokines, and reactive oxygen species (ROS) 

as well as through a classical complement cascade (Schafer & Stevens, 2015).  Microglia also 

play an important role in tissue repair by releasing anti-inflammatory cytokines, such as 

transforming growth factor beta (TGFβ) and interleukin IL-10 (Norden et al., 2014). Microglia 

signaling through soluble/membrane-bound microglial factors (glutamate, reactive oxygen 

species, TNF-α as mentioned above) can induce programmed cell death prior to microglial 

phagocytosis of debris, reported phagocytosis of live cells (“phagoptosis”), and secretion of 

pro-survival factors (IFG-1) (Labandeira-Garcia et al., 2017).  Increased activation of 

complement C1q and C3 pathways leads to synaptic loss and phagocytosis, and studies have 

shown that microglial depletion can rescue or restore these synapses, and prevent neuronal loss 

(Presumey et al., 2017), (Cho, 2019). 

In addition to their roles in tissue surveillance, defense and repair, microglia have been shown 

to regulate other glial cell types in the brain. Microglia exhibit a bidirectional and temporal 
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communication with astrocytes, an interaction that is critically involved in the CNS immune 

response. For example, a recent study has shown that microglia regulate astrocyte activation 

(Rothhammer et al., 2018), (Palpagama et al., 2019).  Microglia have also been shown to play 

a role in oligodendrocyte precursor cell (OPC) maturation and consequent myelinogenesis in 

the postnatal and adult brain (Hagemeyer et al., 2017), (Fernandez-Castaneda & Gaultier, 

2016). 

Research studies suggest that microglia have functions outside of their role as the primary 

immune cell of the brain, or non-immune-related functions. These functions serve to support 

neuronal health through synaptic pruning, promoting normal brain connectivity and 

development, and through the release of neurotrophic factors (Ferreira & Paganoni, 2002), 

(Palay, 1956). CX3CL1, expressed on neurons, and its receptor, CX3CR1, found primarily on 

microglia, regulate synaptic connectivity, and any inefficiencies in the CX3CL1/CX3CR1 axis 

can lead to dysfunctional brain circuitry observed as excessive dendritic spines and immature 

synapses (Meucci et al., 2000), (Zhang et al., 2018), (Fuhrmann et al., 2010). Using a diphtheria 

toxin-A mouse model and CSF1R inhibitor microglial elimination paradigm, a previous study 

in our lab demonstrated that microglia are involved in altering synaptic PSD95 and 

synaptophysin expression, as well as modulating dendritic spine densities following 

hippocampal lesion (MacDonald et al., 2005), (Son et al., 2020). During lesioning, it was 

shown that microglia play a protective role in diminishing neuronal loss (Rice et al., 2015). In 

addition to their role in modulating synaptic components, microglia also aid in the regulation 

of neural precursor cells (NPCs) by phagocytosing any aberrant NPCs (Matarredona et al., 

2018), (Mosher et al., 2012). 

Microglia-neuron interactions occur in developing and adult brains through contact-mediated 

cues and the secretion of soluble factors required for CNS activity. Changes in these cell-to-

cell contacts have been hypothesized to initiate a local signaling cascade responsible for the 
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downregulation of neuronal activity (Szepesi et al., 2018). Among glial cells, astrocytes are the 

most abundant and play a significant role in synapse formation, maintenance, and elimination, 

thereby regulating the overall structure and activity of neuronal circuits. Astrocytes establish 

direct contacts with both pre- and postsynaptic neurons and release soluble factors to modulate 

synaptic transmission of excitatory and inhibitory synapses. This concept of the "tripartite 

synapse" considers astrocytes as an integrated functional unit along with two neurons (Nistico 

et al., 2017), (Farhy-Tselnicker & Allen, 2018). Microglia, on the other hand, are attracted to 

areas of synapse activity and serve as an additional component of the tripartite synapse, acting 

as a point of communication between neurons and glial cells. In a healthy brain, microglia 

exhibit a "surveying" phenotype that is actively repressed and relies on dynamic crosstalk with 

neurons (Kettenmann et al., 2011), (Biber et al., 2007), (Kierdorf & Prinz, 2017). However, 

the removal of inhibitory control from neurons is proposed to be a danger signal for microglia, 

indicating impaired neuronal function and resulting in changes in microglial morphology and 

function. This reciprocal communication between neurons and microglia involves various 

soluble factors, extracellular vesicles (EVs), and contact-dependent mechanisms, and is crucial 

for adaptive neuroplasticity and learning (Posfai et al., 2019).  

Recent RNA-seq analysis studies of microglia in a healthy adult mouse brain have identified 

microglial-specific markers: Hexb, P2ry12, S100A8, S100A9, Tmem119, Gpr34, Siglech, 

Trem2, Olfml3, Cx3cr1, Itgam, Aif1, and Adgre1, aiding in the ability to distinguish microglia 

from other myeloid cell populations (Li et al., 2019). In addition, reports have identified ~100 

genes (e.g., P2yr12, Axl, and Mertk) that are associated with the ability of microglia to sense 

changes in their microenvironment, referred to as the microglial sensome (Hickman et al., 

2013).  

Microglia during neurodegenerative disease 
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In recent years, microglial cells have come under the spotlight for playing an important role in 

disease (Gomez-Nicola & Perry, 2015). There have been extensive studies linking the 

progression of neuropathology in neurodegenerative disorders to neuroinflammation mediated 

by activated microglia (Harry & Kraft, 2008). Increased microglial cell density has been 

associated with pathology and disease progression in several neurodegenerative disorders, 

including multiple sclerosis, amyotrophic lateral sclerosis, Huntington’s disease (HD), and 

Alzheimer’s disease (AD) (Subhramanyam et al., 2019). Synaptic and neuronal loss are 

common features of neurodegeneration and recent studies indicate critical involvement of 

microglia. Furthermore, increases in microglial numbers have been correlated with white 

matter pathology, the primary readout of axonal damage in neurodegeneration  (Friese et al., 

2014), (Raff et al., 2002). Apart from cell numbers, microglia, which are typically in a resting 

state, can be activated by various pathological stimuli in the central nervous system (CNS) such 

as infection, brain trauma, stroke, and neurodegeneration (Kreutzberg, 1996). Upon activation, 

microglia undergo a transformation from ramified cells to reactive amoeboid cells. However, 

based on cellular experiments, preclinical models, and clinical investigations, chronic 

microglial activation has been suggested to have detrimental effects on the survival and normal 

functioning of neurons, as well as on neurodegeneration through stem cells (Banati et al., 

1993).  

It has been hypothesized that the dysfunctional states of microglia result in a chronic 

inflammatory environment and failed immune response as seen in various neurodegenerative 

disorders such as AD and HD (Stephenson et al., 2018). Recent studies have identified the 

reactive counterpart to the homeostatic microglia found in neurodegenerative brains, termed 

disease-associated microglia (DAM). These cells exhibit an increased expression of markers 

for macrophage activation with a concomitant downregulation of homeostatic microglial 

genes. The signature gene expression profiles for DAM are: Axl, Clec7a, Cst7, Itgax, MHCII, 



 

7 
 

CD14, CD86 and PD1L1, CSF1 (Butovsky & Weiner, 2018). Gene ontology and pathway 

analysis studies have identified that many of these genes are known to effect pathways involved 

in interferon response (Ifitm3, Irf7), lysosomal and phagosome function, lipid metabolism and 

viral defense (Oas1a, Rsad2, Zbp1) (Keren-Shaul et al., 2017), (Olah et al., 2020). 

Additionally, an increased expression of the orthologous interferon-related genes in human 

microglia, specifically Isg15, Oasl, Ifitm3, Irf7, and Ifi30, correlated significantly and robustly 

with age (Kawanokuchi et al., 2006), (Rock et al., 2005). 

Astrocytes during homeostatic conditions 

Astrocytes play crucial roles in maintaining the viability and function of the central nervous 

system (CNS), as evidenced by their involvement in synapse formation, maintenance, and 

elimination (Chung & Barres, 2012). Notably, astrocytes express a plethora of genes implicated  

in phagocytosis, arranged into three interconnected pathways that jointly activate this cellular 

process (Cahoy et al., 2008), (Mallat et al., 2005). The first pathway involves key proteins such 

as CrKII, DOCK180, Rac1, and ELMO, which govern the reorganization of the actin 

cytoskeleton necessary for encapsulating cellular debris (Kinchen et al., 2005). Additionally, 

recent research has revealed Bai1 as a phagocytic receptor expressed in astrocytes that operates 

upstream of these components (Park et al., 2007). The second pathway encompasses the c-Mer 

tyrosine kinase receptor (MerTK), working in tandem with the Integrin pathway to regulate the 

CrKII/DOCK180/Rac1 modules (Wu et al., 2005), (D'Cruz et al., 2000). The final pathway 

encompasses MEGF10, GULP, and ABCA1, which play a role in the recognition and 

engulfment of cellular debris (Yu et al., 2008). These findings raise the possibility that 

astrocytes could potentially participate in the elimination of synapses in coordination with 

specialized phagocytes, such as microglia, in the central nervous system. 
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The modulation of cerebral blood flow in response to neuronal energy demand through the 

release of vasoactive substances, including prostanoids, by astrocytes, along with the supply of 

essential metabolites such as lactate to neurons, is a critical physiological process (Allaman et 

al., 2011). Additional homeostatic functions of astrocytes include buffering potassium ions, 

water, and glutamate and regulating neurotransmitters in the synaptic clefts as well as tissue 

repair which is crucial in maintaining optimal neuronal function and intracellular signaling 

cascades in the brain (Stevens, 2008), (Bélanger & Magistretti, 2009), (Perea et al., 2009), 

(Sofroniew & Vinters, 2010). They have been shown to remove various neurotransmitters, 

including glutamate, GABA, dopamine, norepinephrine, serotonin, and acetylcholine, from the 

extracellular space through specific uptake and inactivation pathways. Astrocytes also convert 

these neurotransmitters into different substances, which are either utilized for alternative 

functions or secreted harmlessly into the extracellular space. Furthermore, astrocytes are 

involved in the regulation and production of various growth factors, such as EGF, FGF, NGF, 

and CNTF, which are essential for neurite outgrowth, synapse formation, and proper migration. 

As such, astrocytes serve as vital regulators of neurotransmission and growth factor production 

in the brain, playing a critical role in the induction and maintenance of neuronal processes 

(Ransom & Sontheimer, 1995).  Astrocytes play a crucial role in maintaining brain homeostasis 

by contributing to glycogen storage and the formation of the blood-brain barrier (BBB), making 

them important subjects of research in neurobiology. Glycogen, stored predominantly in 

astrocytes, serves as a reserve energy source that can be broken down into glucose in situations 

where glucose availability is limited compared to glucose expenditure. This glucose can then 

be utilized for glycolysis to generate lactate. Lactate is subsequently exported from astrocytes 

and taken up by surrounding neurons, a process that has been highlighted in previous studies 

(Ransom & Sontheimer, 1995). Additionally, the BBB, which is primarily formed by 

endothelial cells lining the walls of blood vessels in the brain, tightly regulates the entry of 
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molecules from the blood into the brain. Emerging evidence suggests that astrocytes, through 

their complex interactions with endothelial cells, play a critical role in the proper formation 

and maintenance of a functional BBB, thus emphasizing their significance in brain health 

(Ransom & Sontheimer, 1995). The blood-brain barrier (BBB) prevents peripheral immune 

cells, such as T cells and B cells, from entering the brain, leaving resident glial cells (astrocytes 

and microglia) responsible for immune functions within the brain. Astrocytes have been 

demonstrated to produce major histocompatibility complex (MHC) class I and II molecules, as 

well as intracellular adhesion molecules (ICAMs), indicating their capacity to function as 

antigen-presenting cells. Astrocytes can directly affect endothelial cells, leading to increased 

BBB permeability to activated and circulating T cells. Once in the brain, these T cells may  

influence the immune response and modulate brain homeostasis by secreting various pro- and 

anti-inflammatory cytokines. Astrocytes themselves are capable of producing numerous 

cytokines, including interleukins (IL), tumor necrosis factor (TNF), and interferons (IFN), 

which can have multiple effects depending on the cell type encountered  (Aschner, 1998). For 

example, IL-6 has been shown to promote neurite extension and increase the number of 

voltage-dependent sodium channels in neurons, as well as stimulate the secretion of nerve 

growth factor (NGF) by astrocytes (Sredni-Kenigsbuch, 2002). Similarly, IL-1 has been shown 

to alter the rate of neuronal signaling, and stimulate lipid peroxidation and reactive oxygen 

species production by astrocytes and microglia (Rothwell & Luheshi, 2000). Astrocytes play a 

crucial role in providing the brain with Apolipoprotein E (ApoE), a multifunctional signaling 

molecule that is vital for various brain functions. ApoE is a widely distributed 34 kD 

glycosylated protein that primarily functions as a transporter of cholesterol and phospholipids. 

In humans, there are three known isoforms of ApoE, namely ApoE2, ApoE3, and ApoE4. 

Among these isoforms, ApoE3 is the most abundant, characterized by a cysteine residue at 

position 112 and an arginine residue at position 158. In contrast, ApoE2 contains cysteine at 
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both residues, and ApoE4 possesses arginine in both positions. These isoform-specific 

variations in ApoE protein structure have been found to impact its interactions with lipids, 

receptors, and other proteins, thus influencing its functional properties (Cedazo-Mínguez & 

Cowburn, 2001). The role of ApoE in the brain goes beyond its traditional function as a lipid 

transport molecule, as recent research suggests that it plays additional roles in regulating 

astrocyte and neuronal function (Misra et al., 2001). Studies have shown that ApoE may 

regulate calcium homeostasis, impact neuronal regulation of ion-dependent receptors, 

modulate neurotransmitter release/sequestration, enhance the effects of growth factors, 

promote neuron survival and sprouting, and protect against oxidative stress (Cedazo-Mínguez 

& Cowburn, 2001), (Lee et al., 2004). ApoE also plays a role in regulating innate and adaptive 

immune responses in the brain, inhibiting neutrophil and lymphocyte proliferation, and 

reducing inflammatory signaling in astrocytes and microglia (Bouchareychas & Raffai, 2018). 

These findings highlight the complex and diverse functions of ApoE in the brain, which may 

have implications for neurodegenerative diseases and other neurological conditions. Although 

the precise mechanism by which astrocytes recognize and degrade Aβ remains unknown, 

studies have proposed that apolipoprotein E (ApoE), which is predominantly expressed in 

astrocytes, may be responsible for this cellular action (Koistinaho et al., 2004). ApoE has been 

shown to be essential for astrocytes to attract, internalize, and degrade Aβ deposits in vitro, 

indicating its crucial role in astrocyte-mediated plaque degradation. 

Reactive astrocytes, known for their distinct responses, have traditionally been categorized as 

A1 (pro-inflammatory and neurotoxic) or A2 (anti-inflammatory and pro-regenerative) based 

on previous studies (Liddelow et al., 2017); (Zamanian et al., 2012). However, recent research 

has challenged this simplified A1/A2 nomenclature, suggesting that astrocyte inflammatory 

profiles actually transition along a spectrum in response to stimulatory cues in their 

microenvironment (Al-Dalahmah et al., 2020); (Escartin et al., 2021); (Wheeler et al., 2020). 
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In support of this view, studies have shown that reactive astrocytes isolated from human Grade 

III/IV HD patients or MS patients and EAE mice exhibit diverse gene expression patterns, 

leading to the identification of several distinct "states" (Al-Dalahmah et al., 2020); (Wheeler et 

al., 2020). Using single-cell RNA sequencing, Al-Dalahmah and colleagues categorized human 

HD patient-derived astrocytes into quiescent and various reactive states based on their relative 

expression of GFAP, solute carrier family-1 member-2, metallothionein, fibroblast growth 

factor receptor-3, and glutamate-ammonia ligase (Al-Dalahmah et al., 2020). Similarly, 

Wheeler and colleagues identified a specific population of pro-inflammatory and neurotoxic 

astrocytes (MAFG+/NRF2−) that were most prevalent in pathological tissues of EAE and MS 

patients compared to healthy samples, indicating the diverse nature of reactive astrocytes 

(Wheeler et al., 2020). 

Astrocytes during neurodegenerative diseases 

While microglial cells have been implicated in the formation of Aβ plaques, recent research 

has highlighted the crucial role of astrocytes in plaque degradation and inhibition of microglial 

activation, suggesting their importance in AD pathology and providing evidence from 

ultrastructural studies and cellular mechanisms to elucidate the protective role of astrocytes in 

AD. Ultrastructural studies using three-dimensional reconstructions of human classical plaques 

at different stages of development have revealed that astrocytes play a pivotal role in plaque 

degradation (Wegiel et al., 2000).  However, the failure of astrocytes to properly degrade Aβ 

results in the accumulation of Aβ-containing neuronal debris in astrocytes and the formation 

of astrocytic plaques (Nagele et al., 2003). Furthermore, accumulated Aβ activates astrocytes 

to produce inflammatory mediators, such as interleukin 1β (IL-1β) and tumor necrosis factor-

α (TNF-α), which can induce neuronal injury (Johnstone et al., 1999). Aβ-induced TNF-α 

increases calcium-dependent glutamate release, leading to excitotoxicity and neuronal death in 

AD (Rossi et al., 2005). Oxidative stress, triggered by Aβ, has also been implicated in Aβ 
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toxicity as it stimulates the production of reactive oxygen species (ROS) and reduces 

glutathione (GSH) levels in astrocytes (Abramov et al., 2004); (Canevari et al., 2004). 

Additionally, Aβ disrupts glucose metabolism in astrocytes, impairing neuronal viability 

(Allaman et al., 2010). Impairment of glutamatergic neurotransmission associated with 

excitotoxicity has been implicated in the progression of AD. The major mediator of glutamate 

clearance in humans, glutamate transporter GLT1, is preferentially localized in astrocytes. Loss 

of GLT1 has been reported in the brains of AD patients (Tian et al., 2010). This effect may be 

partially mediated by oxidative stress and the complex balance between the MAP kinase 

signaling pathways (Matos et al., 2008).Astrocyte dysfunction in AD leads to impaired Aβ 

clearance, neuroinflammation, oxidative stress, and glutamatergic neurotransmission 

dysfunction, which contribute to the pathogenesis of AD. Apart from the characteristic 

hypertrophic astrocytes commonly found at neuritic plaques, there was also evidence of 

astroglial atrophy in different brain regions away from the plaques in a transgenic mouse model 

of Alzheimer's disease (Olabarria et al., 2010). 

Transcriptionally a significant portion of the astrocyte genes associated with reactive responses 

have been extensively studied in the context of injury and wound healing in peripheral tissues. 

Reactive astrocytes play a critical role as a prominent source of pro-inflammatory cytokines 

(such as tumor necrosis factor-α (TNF-α), IL-1β, IL-6), chemokines (such as CXCL1/10, 

CCL2/3/5), and ATP, which amplify microglial activation and infiltration of blood-borne 

leukocytes (Bianco et al., 2005); (Choi et al., 2014). These inflammatory factors can also be 

transported systemically via membrane-bound exosomes, inducing cytokine release in the liver 

and recruiting inflammatory cells to the central nervous system (CNS) (Dickens et al., 2017). 

In human-derived samples from various CNS pathologies, including Alzheimer's disease (AD), 

Huntington's disease (HD), Parkinson's disease (PD), and multiple sclerosis (MS), pro-

inflammatory and neurotoxic astrocytes have been identified (Liddelow et al., 2017). 
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Therefore, it is believed that reactive astrogliosis serves as a major driving force behind 

inflammation in neurodegenerative diseases. Studies in human AD patients have shown a 

significant increase in circulating exosomes derived from astrocytes, which are enriched with 

pro-inflammatory cytokines and complement factor complexes, suggesting their potential 

contribution to progressive inflammation and neurodegeneration (Goetzl et al., 2018). Recent 

research has further supported this notion, revealing that knockout of astrocytic STAT3 

expression in AD mice attenuates both reactive astrogliosis and overall TNF-α and IL-1β 

expression in the brain, resulting in fewer dystrophic neurons, reduced Aβ plaque load, and 

improved cognitive function (Reichenbach et al., 2019). Taken together, a wealth of evidence 

highlights the crucial role of astrocytes in driving neuroinflammation in pathological 

conditions of the CNS. Neurotrophic cytokines and growth factors are genes that undergo rapid 

downregulation. On the other hand, pro-inflammatory cytokines are genes that show persistent 

elevation (Bauer et al., 2007). Additionally, the chemokine CCL2, which is a potent 

chemoattractant for macrophages, is rapidly induced initially and then subsequently 

downregulated. The acute phase protein, Lcn2, and the proteinase inhibitor, Serpina3n, have 

been identified as common markers of reactive astrocytes induced by both MCAO (middle 

cerebral artery occlusion) and LPS exposure in a recent genomic study (Zamanian et al., 2012). 

Previous studies have shown that their expression is induced in response to various injuries, 

including inflammation, excitotoxicity (Chia et al., 2011), nerve injury (Gesase & Kiyama, 

2007), and amyotrophic lateral sclerosis (Fukada et al., 2007). Lcn2 may be a marker of the 

early phase of reactive astrogliosis, as its expression is rapidly downregulated after initial 

induction. Interestingly, deficiency of LCN2 has been associated with a stronger inflammatory 

response in mice with experimental autoimmune encephalomyelitis (EAE), a model of multiple 

sclerosis (MS) (Berard et al., 2012). These findings suggest that the effects of LCN2 on 

astrocytic inflammation may vary depending on the context. In addition to LCN2, reactive 



 

14 
 

astrocytes also secrete lactosylceramide (LacCer), which acts as an autocrine signal to activate 

the NF-κB pathway and induce the expression of pro-inflammatory proteins like IL-1β and 

CCL2 (Mayo et al., 2014). Modulating reactive astrogliosis has been shown to attenuate 

chronic inflammation and neurodegeneration in mice with EAE by several studies (Guo et al., 

2014), (Mayo et al., 2014), (Moreno et al., 2014). On the other hand, Serpina3n may serve as 

a useful marker of the more persistent reactive gliosis response, as its expression remains 

elevated for at least a week. These two markers, due to their expression in response to diverse 

injuries, hold potential as universal markers for reactive astrocytes. In addition to Lcn2 and 

Serpina3n, Ptx3, Tgm1, and Cd109 are also potential markers of reactive astrocytes. Similar to 

Serpina3n, the expression of these genes is specific to astrocytes in our expression profile 

dataset. While they show low induced expression in LPS reactive astrocytes, they are highly 

induced in MCAO reactive astrocytes, suggesting that they may serve as markers for this 

specific subtype of reactive astrocytes. Drawing an analogy from the immune system, previous 

research has revealed gene profiles that suggest reactive astrocytes can exhibit either a 

protective or destructive orientation. Gene profiles indicate that reactive astrocytes in the 

context of MCAO are more likely to be protective (Sofroniew, 2009). These astrocytes show 

heightened expression of neurotrophic factors and cytokines, such as CLCF1, LIF, and IL6, as 

well as thrombospondins, which are known to play a role in repairing and  rebuilding lost 

synapses (Christopherson et al., 2005), (Eroglu et al., 2009). On the other hand, astrocytes that 

react to lipopolysaccharides (LPS reactive astrocytes) exhibit a more robust upregulation of the 

early components of the classical complement cascade (C1r, C1s, C3, and C4), which play a 

role in synapse pruning during development (Stevens et al., 2007). It is postulated that this 

upregulation may contribute to the loss of synapses, ultimately leading to neuronal loss in 

neurodegenerative diseases (Stevens et al., 2007), (Stephan et al., 2012). Reactive astrocytes 

are often found at the margins of active demyelinating lesions in MS, where they engulf 
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inhibitory myelin debris by upregulating certain proteins like ABCA1, MEGF10, and GULP1 

(Morizawa et al., 2017). Myelin internalization induces a reactive and pro-inflammatory 

phenotype in cultured astrocytes through a NF-κB-dependent mechanism (Ponath et al., 2017). 

Furthermore, reactive astrocytes can act as antigen-presenting cells and stimulate the activation 

of naïve CD4 and CD8 T cells (Cornet et al., 2000), establishing a positive feedback mechanism 

between reactive astrocytes and immune cells in perpetuating chronic inflammation in MS. 

Similar positive feedback mechanisms between reactive astrocytes and immune cells have also 

been elucidated in human T-lymphotropic virus type 1-associated myelopathy/tropical spastic 

paraparesis (HAM/TSP), a chronic inflammatory condition (Ando et al., 2013), (Yamano & 

Coler-Reilly, 2017). Additionally, chronic inflammation is commonly associated with 

mechanosensory hypersensitivity and neuropathic pain after SCI, and positive feedback 

between distressed neurons and reactive astrocytes via chemokine signaling has been 

implicated in mechanosensory hypersensitivity and neuropathic pain. Cortical astrocytes have 

also been implicated in chronic pain after peripheral nerve injury by secreting TSP-1, which 

affects neural circuitry in the cortex (Kim et al., 2016). Reactive astrocytes play a role in 

resolving neuroinflammation by releasing anti-inflammatory and neuroprotective factors such 

as TGFβ (Norden et al., 2014), IL-10 (Bsibsi et al., 2006), (Ledeboer et al., 2002), IL-17 (Hu 

et al., 2014), insulin-like growth factor-I (IGF-I) (Garcia-Estrada et al., 1992), and glial-derived  

neurotrophic factor (GDNF) (Rocha et al., 2012). The mechanisms underlying the phenotypic 

shift in astrocytes require further investigation, but evidence suggests that NF-κB and IGF-I 

signaling pathways are involved in regulating the transition from a pro-inflammatory to an anti-

inflammatory profile in reactive astrocytes (Fernandez et al., 2007). NF-κB and IGF-I appear 

to have opposing effects, with NF-κB promoting pro-inflammatory mediator expression 

through the recruitment of forkhead box O3 (Foxo3), a pro-inflammatory transcription factor, 

and calcineurin, while IGF-I signaling promotes an anti-inflammatory and neuroprotective 
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phenotype by recruiting calcineurin and peroxisome proliferator-activated receptor-γ (PPARγ) 

to inhibit Foxo3 activation (Fernandez et al., 2012), (Choi et al., 2014). Recent studies have 

also shown that inhibiting astrocytic glycolysis with non-metabolizable 2-deoxyglucose can 

attenuate pro-inflammatory response induced by lipopolysaccharide (LPS) in mouse 

astrocytes, suggesting that targeting astrocytic glycolysis could be a potential strategy for 

limiting NF-κB-mediated inflammation in CNS pathologies (Robb et al., 2020). Overall, 

astrocytes have emerged as promising targets for modulating neuroinflammation in the CNS 

due to their crucial role in driving the innate immune response. 

Tools available to study the mechanisms behind this inflammatory response 

(focusing on AD) 

Transgenic mouse models  

Alzheimer's disease (AD), the primary cause of dementia, is typically characterized by 

progressive memory loss in the early stages, followed by impairments in executive functions 

and other behavioral disturbances such as agitation and paranoia. AD is distinguished by three 

key pathological features: senile plaques, neurofibrillary tangles, and neurodegeneration in the 

hippocampus and cortex (Holtzman et al., 2011), (Jack et al., 2016). Senile plaques, composed 

of fibrillar aggregates of Aβ, are unique to AD, while neurofibrillary tangles, consisting of 

hyperphosphorylated, fibrillar forms of tau proteins, are found in various neurodegenerative 

conditions including FTD linked to chromosome 17 (FTD-MAPT) (Holtzman et al., 2016). 

Mutations in genes such as amyloid precursor protein (APP), presenilin 1 (PSEN1), and 

presenilin 2 (PSEN2) are the main causes of autosomal dominant early-onset AD, whereas the 

APOEɛ4 allele is a significant risk factor for late-onset AD (Carmona et al., 2018). In addition 

to these, there are over 25 other loci and rare coding variants associated with AD risk (Lambert 
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et al., 2013), with some genetic associations implicating the immune system in the disease's 

development (Tansey et al., 2018). 

Amyloid pathology models: Transgenic rodents have been engineered to develop amyloid 

deposition in senile plaques, similar to what is observed in Alzheimer's disease (AD). These 

rodent models carry human mutations in APP, PSEN1, and PSEN2 genes associated with AD, 

and they exhibit similar pathology to humans (Ashe & Zahs, 2010), (Price et al., 1998), 

(Sasaguri et al., 2017), (LaFerla & Green, 2012). Mutations in APP result in increased 

production of Aβ, particularly the more aggregation-prone Aβ42 form (Golde et al., 2011). 

Mutations in PSEN1/2 affect the processing of mouse APP, but do not lead to amyloid 

deposition. However, co-expression of PSEN1/2 mutants with an APP transgene accelerates 

the development of amyloid pathology (Haass & De Strooper, 1999). These transgenic rodents 

also exhibit other features of AD, such as abnormal dystrophic neurites, astrocytosis, 

microgliosis, and molecular changes in immune activation (Spires & Hyman, 2004). 

Interestingly, behavioral alterations in these transgenic rodent models do not always correlate 

well with the accumulation of visible Aβ aggregates, and the behavioral deficits usually do not 

progress (Ashe & Zahs, 2010), (LaFerla & Green, 2012). Mouse models that drive Aβ 

production and deposition without overexpressing APP, including knock-in models, may show 

little or subtle behavioral abnormalities that better coincide with the development of amyloid 

pathology (J. Kim et al., 2013), (McGowan et al., 2005), (Saito et al., 2014). However, these 

models do not fully recapitulate the cognitive and behavioral dysfunction observed in AD, as 

they lack prominent tau accumulation, robust neurodegeneration, and neurotransmitter 

abnormalities that accompany the symptomatic phases of human AD. Therefore, while 

transgenic rodents engineered to accumulate Aβ aggregates are useful for studying Aβ 

pathology, they are not comprehensive models of AD cognitive and behavioral dysfunction, 

but rather models of Aβ aggregate pathology (Dawson et al., 2018). 
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Tau pathology models: Transgenic mice that exhibit robust neuronal tau inclusion pathology 

(tauopathy) are primarily generated through overexpression of mutations associated with 

frontotemporal dementia (FTD) caused by MAPT mutations (FTD-MAPT) (LaFerla & Green, 

2012), (Goedert et al., 2017), (McGowan et al., 2006), unlike models of amyloid-beta (Aβ) 

which do not show significant neurodegenerative changes. However, there are concerns about 

the relevance of these FTD-MAPT tauopathy models to tauopathy in Alzheimer's disease (AD). 

In fact, the tau inclusions in mice often resemble Pick bodies more than the classic 

neurofibrillary tangle pathology seen in AD. Moreover, commonly used tau transgenic mice 

are based on specific mutations (P301L or P301S) linked to FTD, but it is unclear if these 

mutations accurately represent tau dysfunction in all forms of FTD-MAPT (Strang et al., 2018). 

An alternative transgenic mouse model called the human bacterial artificial chromosome 

(BAC) hTau mouse, which expresses all human tau isoforms (wild-type) in a mouse MAPT-

knockout background, shows limited tau pathology and subtle age-dependent 

neurodegenerative changes that may be more relevant to AD tauopathy (Andorfer et al., 2005). 

Expression of the mutant tau transgene at high levels in the spinal cord leads to a motor 

phenotype (Lewis et al., 2000), while more localized expression in specific brain regions such 

as the forebrain, hippocampus, or entorhinal cortex results in tau pathology and 

neurodegeneration in those regions (de Calignon et al., 2012), (Fu et al., 2017), (Santacruz et 

al., 2005). This suggests that tau aggregation can induce neurodegeneration in various types of 

neurons. However, the reason why different neuronal populations are affected in AD and FTD, 

despite widespread expression of tau in the central nervous system (CNS), remains unclear. 

The mechanisms underlying tau-induced neurodegeneration are still not fully understood, and 

there is no consensus or comprehensive understanding of how tau dysfunction and aggregation 

drive neurodegeneration (Goedert et al., 2017). Some studies suggest that co-expression of 

mutant human tau protein and mutant amyloid precursor protein (APP) accelerates tau 
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pathology, as well as injection of aggregated Aβ into tau transgenic models (Bolmont et al., 

2007), (Götz et al., 2001), (Lewis et al., 2001), (Oddo et al., 2003). However, other reports do 

not find such synergistic interaction between Aβ or APP and tau pathology. The utility of 

animal models that contain both human mutant tau, mutant APP, and in some cases mutant 

PSEN1/2, remains uncertain, as there is ongoing controversy regarding whether these models 

exhibit synergistic interactions between the two pathologies. Ongoing studies with more 

rigorous controls, such as those supported by MODEL-AD (https://model-ad.org/), may help 

to resolve these controversies and refine our current models. 

Genetic etiology 

In a recent meta-analysis, a substantial and novel case-control study was integrated with 

existing GWASs (Bellenguez et al., 2022). Through this comprehensive approach, a total of 75 

distinct loci associated with ADD were uncovered, with 33 of them having been previously 

reported, while 42 were newly identified signals at the time of the analysis. The pathway 

enrichment analyses clarified the involvement of tau-binding proteins and APP/Aβ peptide 

metabolism in late-onset AD processes to a much greater extent than previously described  

(Kunkle et al., 2019). The study identified ADAM17, a gene known to carry α-secretase activity 

similar to ADAM10 (Deuss et al., 2008), suggesting potential deregulation of the non-

amyloidogenic pathway for APP metabolism in AD. Additionally, six other highly plausible 

genes were identified (ICA1L, DGKQ, ICA1, DOC2A, WDR81, and LIME1) that may modulate 

APP metabolism as tier 1 genes. The pathway enrichment analyses further corroborated the 

involvement of innate immunity and microglial activation in Alzheimer's disease (ADD) and 

the ingle-cell expression enrichment analysis also revealed the expression of microglia-related  

genes. Notably, three of our top-prioritized (tier 1) genes (RHOH, BLNK, and SIGLEC11) and 

two of our tier 2 genes (LILRB2 and RASGE1FC) were predominantly expressed in microglia 

(>90% of total expression across cell types. Of significance, SIGLEC11 and LILRB2 have 
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previously been implicated in Aβ peptides/amyloid plaques (T. Kim et al., 2013), (Salminen & 

Kaarniranta, 2009). LUBAC is recognized as a critical factor for the activation of NLRP3 

inflammasome, making it a crucial regulator of innate immunity which also was seen to be 

involved (Rodgers et al., 2014),(Iwai, 2021). The NLRP3 inflammasome, in turn, plays a vital 

role in the development and progression of Aβ pathology in mice (Venegas et al., 2017), and 

may also contribute to tau pathology through Aβ-induced microglial activation (Ising et al., 

2019). Additionally, LUBAC has been implicated in autophagy, with suggestions that linear 

ubiquitin chain modifications of TDP-43-positive neuronal cytoplasmic inclusions could 

potentially stimulate autophagic clearance (Nakayama et al., 2020). Lastly, LUBAC has been 

investigated for its role in regulating TNF-α signaling, particularly in TNF-α related pathways 

(Spit et al., 2019). ADAM17, also known as TNF-α-converting enzyme, plays a crucial role in 

activating TNF-α signaling (Black et al., 1997). TNIP1, the gene product of TNF-α-induced 

protein 3-interacting protein 1, is involved in inhibiting the TNF-α signaling pathway and 

nuclear factor κB activation/translocation (Verstrepen et al., 2009). Another signal associated 

with TNF-α is found at SPPL2A, one of the confirmed loci. The protein encoded by SPPL2A 

is implicated in noncanonical shedding of TNF-α, while PGRN has been identified as a TNF 

receptor ligand and antagonist of TNF-α signaling (Spitz et al., 2020), (Tang et al., 2011). 

Multiple lines of evidence have linked inhibition of TNF-α signaling with reduction of both 

Aβ and tau pathologies in vivo (He et al., 2007), (Shi et al., 2011). Although TNF-α has been 

suggested to have potential inflammatory connections through NLRP3 inflammasome 

activation, it is also involved in various brain physiological functions, such as synaptic 

plasticity in neurons, and pathophysiological processes, including synapse loss in the brain  

(Bezbradica et al., 2017), (De Strooper & Karran, 2016). Furthermore, the TNF-α signaling 

pathway and the LUBAC may play important roles in cell types other than microglia in the 

context of AD. It is noteworthy that six of the prioritized (tier 1) genes, namely ICA1L, EGFR, 
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RITA1, MYO15A, LIME1, and APP, are expressed at low levels in microglia (<10% relative to 

total expression across cell types), highlighting the complex crosstalk between different cell 

types in the brain in the development of AD (Dourlen et al., 2019). Additionally, the EGFR 

pathway is known to interact with the TNF-α signaling pathway, suggesting potential interplay 

between the two pathways in the pathogenesis of AD (Gong et al., 2018). A deeper 

understanding of the root causes of Attention Deficit Disorder (ADD) could potentially be 

gained by noting that the same genetic variants in GRN and TMEM106B are associated with 

both ADD and frontotemporal dementia. It is possible that this association is influenced by 

misdiagnosis of Alzheimer's disease (AD) and inclusion of proxy-ADD cases in the UK 

Biobank. However, GRN and TMEM106B have also been implicated in brain health and other 

neurodegenerative conditions. For example, they have been identified as potential genetic risk 

factors for age-related differences in the cerebral cortex (Rhinn & Abeliovich, 2017), cognitive 

impairment in amyotrophic lateral sclerosis (Vass et al., 2011), and Parkinson's disease 

(Baizabal-Carvallo & Jankovic, 2016), (Tropea et al., 2019). Moreover, both GRN and 

TMEM106B have been linked to neuropathological features of AD. Collectively, these findings 

suggest a potential continuum between neurodegenerative diseases, wherein common 

pathological mechanisms involving GRN and TMEM106B may be at play (Mendsaikhan et al., 

2019), (Li et al., 2020), (Yang et al., 2020). Notably, both GRN and TMEM106B are implicated  

in defective endosome/lysosome trafficking and function, a defect also observed in AD 

(Paushter et al., 2018), (Feng et al., 2021). A recent study has estimated that fewer than 100 

common genetic variants may account for the entire risk of Alzheimer's disease (AD) (Zhang 

et al., 2020). If this estimate is accurate, our study may have already identified a significant  

portion of these common variants. However, there are compelling reasons to continue efforts 

to fully understand the genetic component of AD. Firstly, there may be additional, unknown 

genetic locations that contain common variants that modulate the risk of AD. Secondly, 
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identifying rare variants with very low frequencies is challenging due to the limited sample 

sizes of available data for sequencing in AD research. It is worth noting that many genes 

associated with rare variants linked to AD risk also have common variants associated with AD 

risk. These genes include TREM2, SORL1, ABCA7, ABCA1, PLCγ2, and ADAM10 (Holstege 

et al., 2020). Thirdly, gene-gene and gene-environment interactions have not been extensively 

studied yet. Therefore, increasing the sample size of genome-wide association studies (GWAS) 

and improving imputation panels, as well as utilizing more complex analyses, will likely 

enhance the statistical power and enable the characterization of associations with rare or 

structural variants. Lastly, GWAS conducted on populations with diverse ancestries will be 

crucial in identifying potential new genetic risk factors, refining fine-mapping approaches, and 

developing specific genetic risk scores (GRS) that are more effective for populations of non-

European ancestries. 

Caveats of using congenic mice to study pleotropic disease 

The primary objective of developing animal models for neurodegeneration is to identify crucial 

points in the disease process that can serve as potential therapeutic targets. However, clinical 

trials based on successful outcomes in animal models for neurodegenerative diseases such as 

Alzheimer's disease (AD), Amyotrophic lateral sclerosis (ALS), Frontotemporal dementia 

(FTD), and Parkinson's disease (PD) have largely failed. This lack of success can be attributed 

to various factors in both preclinical and clinical studies, including inadequate preclinical study 

designs, limitations in animal models, overly optimistic interpretations of preclinical data, lack 

of target engagement in humans, and challenges in conducting clinical trials without 

informative biomarkers (Berry et al., 2014). In the field of Alzheimer's disease (AD) research, 

despite successful outcomes in mouse models, the translation of these findings to clinical trials 

has been disappointing (Pistollato et al., 2016); (Zeiss, 2015). This issue came to a head in 2012 

with the failure of trials involving two promising anti-amyloid β antibodies, bapineuzumab and 



 

23 
 

solanezumab, leading to questions about the central role of the amyloid hypothesis in AD, as 

well as the reliability of mouse models (Selkoe & Hardy, 2016). Despite adhering to target-

driven research methodology, efforts to develop AD therapies have faced challenges. A recent 

report sheds light on how past setbacks may have arisen due to an evolving understanding of 

the relationship between amyloid fibrillogenesis, pharmacokinetics and pharmacodynamics of 

different anti-amyloid antibodies, and the accuracy of amyloid imaging modalities in reflecting 

cognitive decline in humans (Sevigny et al., 2016). The study utilized amyloid β transgenic 

(Tg2576) mice to establish a connection between the binding properties of the antibody (for 

oligomeric and fibrillar forms) with dose-dependent clearance of histopathologic plaques, 

which in turn correlated with dose-dependent reduction in plaque burden and reduced clinical 

decline in patients. In the field of behavioral neuroscience, it has been proposed that 

introducing heterogeneity in the environment and testing procedures can improve 

reproducibility by increasing variation within experiments compared to between experiments  

(Richter et al., 2010). Despite being crucial for our understanding of Alzheimer's disease (AD), 

traditional transgenic mouse models have several limitations. These include potential mis- or 

over-expression of transgenic proteins compared to endogenous proteins, compensatory 

mechanisms in response to knocked-out or over-expressed genes during development, and 

unintended disruption of endogenous genes by the transgenic construct. Moreover, most 

transgenic lines are generated on standard genetic backgrounds that may not accurately reflect 

disease phenotypes. Importantly, the timing of transgenic promoter-driven expression may not 

mimic disease onset, limiting the ability to study disease mechanisms in a realistic context. 

Additionally, legal restrictions on availability and use, particularly for therapy development 

projects by for-profit companies, further limit the utility of these models for the research 

community (Bubela & Cook-Deegan, 2015). The majority of mouse models used in 

Alzheimer's disease (AD) research are limited to a single or very few genetic backgrounds. 
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Previous studies have demonstrated that modifying the genetic background of mice can have a 

substantial influence on AD-related traits (Onos et al., 2016). However, there has been a lack 

of comprehensive evaluation of AD mutations using genetically diverse mouse strains, 

including wild-derived strains like CAST/EiJ. Furthermore, using quantitative trait loci (QTL) 

mapping to identify specific genetic variations that affect the phenotype has limitations in terms 

of statistical power, often resulting in the identification of large genetic intervals instead of 

pinpointing specific variations. This encompasses individuals with mixed genetic backgrounds, 

which can complicate the interpretation of research findings. Previous studies in mice have 

shown that the genetic background can strongly influence levels of amyloid-beta (Ab) protein, 

with mapping studies identifying genomic regions that impact amyloid burden (Ryman et al., 

2008), (Sebastiani et al., 2006). However, these studies have not thoroughly examined how 

genetic background affects cognitive performance (Jackson et al., 2015), (Sipe et al., 1993)) 

Studies have shown that genetics play a significant role in cognitive decline in human 

populations, so its been hypothesized that genetic background also plays a crucial role in 

modifying cognitive decline in animal models of Alzheimer's disease (AD) (Gatz et al., 1997). 

Including genetic diversity in AD mouse models would likely enhance the translational validity 

of the findings. 

Using Genetic diversity in mouse models to recapitulate human population 

in disease 

A crucial obstacle in genomic medicine is determining the causal relationship between human 

genetic variants and disease. To address this challenge, it is essential to establish a 

comprehensive catalogue of mammalian gene function, which serves as a foundational 

platform for deciphering gene-disease associations. However, refining current approaches is 

necessary to gain a more nuanced understanding of the intricate relationship between specific 
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human variants and disease. Rare diseases and Mendelian disorders pose a particularly 

daunting task, as there are numerous variants of uncertain significance in both known and 

unknown disease genes (Ramoni et al., 2017). To tackle this issue, the mouse model emerges 

as a critical tool for attributing a specific gene or variant to a disease (Wangler et al., 2017), 

(Lloyd et al., 2020). Mouse genetics centers worldwide have already established CRISPR 

pipelines for generating mice carrying human disease-associated coding variants. These 

initiatives, such as the Rare Disease Models and Mechanisms programs, are being implemented  

globally (Boycott et al., 2020) (https://j-rdmm.org; http://solve-rd.eu/rdmmeurope/). Through 

phenotyping of these mutant mice, the validity of the variant in question can be tested. 

Furthermore, comprehensive phenotyping of these mutants can unveil pleiotropy, expanding 

our understanding of co-morbidities, enhancing diagnosis, and potentially improving treatment 

options. Additionally, these pipelines provide invaluable models for pre-clinical testing and 

therapeutic development. Expanding existing pipelines to analyze genetic variants associated 

with non-coding sequences, which are increasingly recognized as significant contributors to 

human disease, poses a formidable challenge due to the potentially vast array of variants in 

non-coding elements (CNEs). However, a promising starting point could be to initially focus 

on conserved CNEs. Mouse pan-genome functional data, particularly from null mutations, are 

already making a considerable impact in deciphering the significance of human variants. 

Integrating data and developing ontologies across mouse and human, along with appropriate 

software tools, is critical (Smedley & Robinson, 2015), (Robinson et al., 2014). Automated 

variant prioritization tools like Exomiser, which compare clinical phenotypes with those 

observed in mice, are proving invaluable, and the inclusion of mouse and fish model phenotype 

data in Exomiser has been shown to increase the validation rate of variants in the National 

Institutes of Health Undiagnosed Disease Programme by 10-20% (Gall et al., 2017).  The 

interactions between genetic context (G × G interactions) and environmental context (G × E 
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interactions, including ageing) play a significant role in shaping gene-phenotype and gene-

disease relationships. While genome-wide mutation resources are valuable for understanding 

gene function and disease at a fundamental level, they may not fully capture the phenotypic 

consequences of genetic background. However, environmental impacts can be taken into 

account in phenotype platforms. To better understand the complexities of genetic context, 

mouse genetics offers a range of resources that utilize diverse inbred mouse lines, including 

wild-derived inbred lines (Li & Auwerx, 2020), (Nadeau & Auwerx, 2019).  In addition to the 

mouse inbred lines, there are two types of tools that are commonly used in research. The first 

type is recombinant inbred (RI) lines, which are genetically identical and include panels such 

as the BXD recombinant inbred panel (Ashbrook et al., 2021) and the Collaborative Cross (CC) 

lines (Churchill et al., 2004). The BXD lines are valuable for mapping quantitative trait loci 

(QTLs) with high resolution, as they encompass millions of common sequence variants, 

surpassing the genetic diversity of many human populations. These lines have been extensively 

phenotyped for a wide range of traits, including omics datasets and classic phenotypes, making 

them a valuable resource for research. Recently, the number of BXD strains has been expanded, 

providing even more power and resolution for mapping studies (Ashbrook et al., 2021). 

Additionally, crossing BXD lines to generate a diallel cross (DAX) of BXD F1 lines allows for 

studying epistasis and evaluating complex genetic models, as well as studying dominance 

effects. Moreover, BXDs can be crossed with single gene models to map modifiers of disease 

traits. For example, Neuner et al. demonstrated the use of isogenic F1s generated by crossing 

the 5XFAD Alzheimer's disease (AD) model with 27 BXD lines, revealing wide variability in 

cognitive phenotypes among the F1 strains, reflecting the genetic diversity observed in human 

populations. By computing genetic risk scores based on human genes associated with AD risk, 

they showed that allele dosage at these loci was significantly associated with cognitive 

outcomes across the 27 lines, indicating that the modifying effects of genetic background in 
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BXDs recapitulate the effects of genetic context in humans. Expanding the number of lines 

used in these studies will allow researchers to identify additional loci, refine mapping efforts, 

and identify underlying genetic factors that modify AD risk, including those that contribute to 

resilience. Importantly, incorporating genetic diversity into model systems not only increases 

the complexity of genetic pathways and their interactions, but also provides an improved 

platform for pre-clinical testing of personalized therapeutic interventions. The CC lines have 

been extensively researched for various disease phenotypes, and they offer high-resolution 

mapping capabilities, which have been utilized to investigate the genetic basis of different traits 

(Shusterman et al., 2013). Additionally, the Hybrid Mouse Diversity Panel, which combines 

inbred and RI strains, has been used to localize diverse traits (Bennett et al., 2010), (Patterson 

et al., 2017). 

Another class of mouse tools for QTL analyses involves the generation of outbred populations 

using pseudo-random breeding schemes. These populations include Heterogeneous Stocks 

(HS) (Solberg et al., 2006) and Diversity Outbred (DO) Populations (Churchill et al., 2012). 

HS mice are created by intercrossing inbred or recombinant inbred lines followed by mating 

schemes that minimize inbreeding. The DO population, a type of HS, is generated by random 

mating of partially inbred CC lines. Both types of outbred populations have been employed to 

map disease traits (Valdar et al., 2006), (Svenson et al., 2012). Moreover, commercially 

available outbred populations have been used to map specific disease traits, and when coupled 

with high-throughput phenotyping pipelines, they have been used at scale to discover and map 

a wide range of disease loci (Nicod et al., 2016). The integration of diversity resources in mouse 

research, along with large-scale efforts to develop and characterize null mutant (and other 

monogenic alleles) resources such as IMPC, will be crucial to fully capitalize on these 

advancements. Phenotypic characterization of comprehensively studied single gene mutants is 

essential in transitioning from identifying trait loci to identifying causal genes, providing 
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important validation and biological insights. These single gene mutants serve as a critical 

foundation for combining resources, such as BXDs with disease models, to systematically 

investigate modifier effects on a gene-by-gene basis, as demonstrated above. These modifier 

loci would then become targets for further rounds of analysis, where null mutants at the 

modifier genes would be subjected to additional BXD/G analysis. Through this iterative 

process, common modifier loci between BXD/G crosses would begin to reveal genetic 

networks, and these common modifiers would themselves become priority targets for further 

BXD/G analysis. In conjunction with F1s generated from diallel crosses of BXD (Ashbrook et 

al., 2021), this approach would unveil numerous networks related to pleiotropy and disease 

mechanisms. The magnitude of this undertaking would necessitate significant investment and 

a global effort, but it would be a decisive step towards unraveling the genetic networks 

underlying diseases and supporting genomic and precision medicine. In 2003, Zambrowicz and 

Sands published a groundbreaking paper that conducted a retrospective review of mouse 

knock-out models for the top 100 best-selling drugs, revealing a strong correlation between 

phenotypic effects and known drug efficacy (Zambrowicz & Sands, 2003). This highlighted 

the value of mice as a powerful tool for target discovery and disease modeling. Recent analysis 

of gene-disease associations has further supported the predictive power of animal model 

disease-phenotype data for identifying novel therapeutic targets (Ferrero et al., 2017). 

However, there has been frustration with the lack of translation from pre-clinical studies to 

human therapies (Justice & Dhillon, 2016). To address this challenge, the biomedical sciences 

community has recognized the importance of validity and reproducibility in mouse models, 

including model characterization, variation control, and appropriate statistical analysis. It's 

crucial to understand that mouse models can play critical roles at different stages of the 

translational process, from mechanistic studies to pre-clinical studies to therapeutic 
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development. The strict notion of "predictive validity" in drug responses of model organisms 

should be reconsidered in this context.   
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CHAPTER 1. Identification of conserved trends in health and 

neurodegenerative disease with microglial depletion  

Portions of Chapter 1 of this thesis/dissertation is a reprint of the material as it appears in 

(Crapser, Ochaba, et al., 2020), used with permission from Joshua Crapser. Portions of Chapter 

1 of this thesis/dissertation is a reprint of the material as it appears in (Arreola et al., 2021), 

used with permission from Miguel Arreola. 

Background 

Microglia facilitate loss of PNNs in the Huntington’s disease brains 

Huntington's disease (HD), an autosomal dominant neurological disorder, is caused by an 

abnormal expansion of CAG triplet repeats in exon 1 of the huntingtin (HTT) gene, resulting 

in an elongated polyglutamine (Q) tract in the mutant huntingtin protein (mHTT) ("A novel 

gene containing a trinucleotide repeat that is expanded and unstable on Huntington's disease 

chromosomes. The Huntington's Disease Collaborative Research Group," 1993), (Lobanov et 

al., 2022). While unaffected individuals typically have 16-20 triplet repeats, affected patients 

have ≥40 CAGs, and the age of symptom onset generally correlates inversely with repeat length 

(Duyao et al., 1993), (Labbadia & Morimoto, 2013). The disease is characterized by 

progressive movement abnormalities (chorea, dystonia) and cognitive-behavioral impairments, 

accompanied by selective death of medium spiny neurons in the striatum and cortical atrophy 

(Ross & Tabrizi, 2011). Pathologically, mHTT accumulates in various cell types and forms, 

partly due to failures in protein quality control networks, as evidenced by accumulation of 

ubiquitin and other post-translationally-modified proteins, as well as disruptions in autophagy 

(Ochaba et al., 2016), (Kurosawa et al., 2015). Despite its monogenic origin, the specific 

contributions of different cell types in the brain to HD are still being elucidated. Microglia, 

which are resident myeloid phagocytes comprising about 12% of brain cells, actively survey 
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the brain parenchyma for deviations from homeostasis every 24 hours (Nimmerjahn et al., 

2005). It is now well established that microglia play critical roles in neurodegeneration and 

injury (Li & Barres, 2018), and ongoing research continues to uncover the full functional 

spectrum and unique characteristics of microglia among immune cells in development, aging, 

and disease (Bennett et al., 2018), (Mrdjen et al., 2018). Previously, a pharmacological method 

was developed to selectively eliminate nearly all (∼99%) microglia from the mouse brain for 

extended periods of time by inhibiting the colony-stimulating factor 1 receptor (CSF1R) 

signaling, which is essential for microglial survival (Elmore et al., 2014), (Dagher et al., 2015). 

This approach, using CSF1R inhibitors formulated in chow, allows for non-invasive and 

uninterrupted drug delivery to achieve long-term elimination of microglia during treatment 

(Asai et al., 2015), (Rice et al., 2015), (Acharya et al., 2016), (Feng et al., 2016), (Spangenberg 

et al., 2016), (Stafford et al., 2016), (Szalay et al., 2016), (Li et al., 2017). In HD, activation of 

microglia, a type of immune cell in the brain, is detected years before clinical symptoms appear 

and is correlated with dysfunction of neurons in the striatum, both in early and advanced stages 

of the disease (Tai et al., 2007), (Pavese et al., 2006), (Politis et al., 2011). Post-mortem analysis 

of brains from individuals with HD shows increased microglial activity in regions where 

neurons are lost, and this phenomenon is also observed in mouse models of the disease (Sapp 

et al., 2001), (Simmons et al., 2007). Unlike their conventional role in responding to stress 

signals and toxins in neurodegeneration, microglia in HD are altered by the presence of mutated 

huntingtin protein (mHTT) alone, resulting in changes in gene expression and increased 

production of inflammatory molecules (Benraiss et al., 2016). Furthermore, engraftment of 

human glial progenitor cells expressing mHTT in mice leads to hyperexcitability of neurons in 

the striatum and motor impairments (Osipovitch et al., 2019). To further investigate the role of 

microglia in HD, we used a CSF1R inhibitor (CSF1Ri), a drug that depletes microglia, in a 

mouse model of the disease called R6/2 mice. These mice express a mutated form of human 
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huntingtin protein and exhibit motor and behavioral deficits. We found that treatment with 

CSF1Ri resulted in improved grip strength and memory, reduced accumulation of mHTT, and 

restored protein clearance system pathway function in the R6/2 mice. At the molecular level, 

we observed impaired neuronal development pathways and an interferon signature, which is 

also seen in human HD, in the striatum of R6/2 mice, and these changes were diminished after 

microglial depletion. Additionally, despite a reduction in the volume of the caudoputamen, a 

region of the brain affected in HD, we observed increased densities of neuronal and neurite 

cytoskeletal elements in the R6/2 mice after CSF1Ri treatment at 11 weeks. This was 

accompanied by astrogliosis and increased deposition of extracellular matrix chondroitin 

sulphate proteoglycans (CSPGs), which are components of glial scars and inhibit axon growth 

(Hsu et al., 2008), (Ohtake et al., 2016). Interestingly, we also observed increased PNN 

densities, specialized structures associated with interneurons, in the brains of non-transgenic 

littermates after microglial depletion, suggesting that microglia play a role in regulating PNN 

formation in both health and disease (Fawcett et al., 2019). Overall, our findings highlight the 

critical role of microglia in the pathogenesis of HD and provide evidence that targeting 

microglial activation and function may have therapeutic potential for this devastating 

neurodegenerative disorder. 

Microglia facilitate loss of perineuronal nets in the Adult-onset leukoencephalopathy with 

axonal spheroids and pigmented glia diseased brains 

ALSP, also known as hereditary diffuse leukoencephalopathy with spheroids, is a rare 

autosomal dominant neurodegenerative disease affecting the white matter of the brain. It is 

characterized by the presence of patchy lesions in the frontal and parietal white matter, leading 

to thinning of the corpus callosum and subsequent cortical atrophy (Kondo et al., 2020). 

Genetic studies have identified mutations in the tyrosine kinase domain of the colony-

stimulating factor 1 receptor (CSF1R) as the underlying cause of ALSP (Konno et al., 2018). 
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CSF1R is primarily expressed in microglia, and mutations in CSF1R have been shown to 

impair its kinase activity (Rademakers et al., 2011). However, the exact cellular mechanisms 

by which these mutations lead to ALSP are still unclear, with some studies suggesting a 

dominant-negative effect and others suggesting haploinsufficiency (Hoffmann et al., 2014), 

(Adams et al., 2018). Recent findings have shown that haploinsufficiency of CSF1R alone can 

cause ALSP in clinical populations, leading to the development of CSF1R+/− mice as a disease 

model (Konno et al., 2014). These mice exhibit similar behavioral and histopathological 

deficits as patients with ALSP, including depression, seizures, cognitive deficits, abnormal 

myelination, and neurodegeneration (Chitu et al., 2015). Mutations in other genes highly 

expressed in microglia, such as Trem2 and Tyrobp, have also been implicated in other 

leukodystrophies and neurodegenerative disorders, collectively termed microgliopathies  

(Guerreiro et al., 2013), (Meuwissen et al., 2016). The aim of the study was to investigate the 

impact of loss of one allele of the Csf1r gene on microglial and parenchymal homeostasis. Our 

findings revealed that deletion of one copy of Csf1r specifically in myeloid cells in adult mice 

resulted in a disruption of microglial homeostasis, as evidenced by the loss of P2RY12 

expression, a marker of microglial function. This microglial dyshomeostasis was accompanied 

by a decrease in synaptic markers and dysregulation of extracellular matrix (ECM) 

components, particularly a loss of perineuronal nets (PNNs), indicating that these downstream 

effects are originating from adult microglia. We observed similar microglial phenotypes, 

including loss of P2RY12 expression and hyper-ramification, in a mouse model of adult-onset 

leukoencephalopathy with axonal spheroids and pigmented glia (ALSP) that carries a 

constitutive heterozygous mutation in Csf1r (CSF1R+/−). In CSF1R+/− mice, we also 

observed impaired behavioral performance in novel object recognition (NOR) and novel place 

recognition (NPR) tasks, along with decreased synaptic markers and PNNs. Notably, complete 

elimination of microglia from adult CSF1R+/− mice reversed the deficits in PNNs and synaptic 
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markers. Furthermore, we compared the genetic monoallelic loss of Csf1r with low-grade 

chronic CSF1R inhibition and found significant overlap in gene expression changes, indicating 

that partial disruptions to CSF1R signaling, whether through pharmacological or genetic 

means, result in similar downstream signaling abnormalities. Surprisingly, low-grade CSF1R 

inhibition in CSF1R+/− mice was able to reverse microglial dyshomeostasis, restore cognition, 

and prevent the loss of synaptic markers and PNNs, rather than exacerbating these alterations. 

Additionally, analysis of aged CSF1R+/− mice revealed significant loss of myelin basic protein 

(MBP) staining in the corpus callosum (cc) and ECM structures in the somatosensory cortex 

(SS Ctx), with PNNs being rescued when treated with low-grade CSF1R inhibition. These 

findings suggest that CSF1R signaling plays a crucial role in maintaining microglial 

homeostasis, specifically regulating microglial effects on synapses and the ECM where 

synaptic connections are embedded, and may serve as a potential target for modulating 

microglial phenotype (Arreola et al., 2021). 

Microglia and the regulation of perineuronal nets 

In the adult brain, the space (~20% of the total volume) between neurons and glial cells is 

occupied by the ECM. This matrix is composed of a network of proteins and polysaccharides 

(e.g., glyocosaminoglycans, proteoglycans, glycoproteins, and fibrous proteins) and acts as a 

physical barrier and regulator of many neural processes in the CNS, including neurite 

outgrowth, synaptogenesis, synaptic stabilization and plasticity (Lam et al., 2019). 

Metalloproteinases (MMPs) and serine proteases are involved in modulating both cognitive 

and neurodegenerative processes through ECM proteolysis (Ziemianska et al., 2012).  

Microglia have been implicated to play a pivotal role in extracellular matrix (ECM) remodeling 

in various neurological disorders. During an ischemic stroke, loss of hippocampal neuronal IL-

33 or microglial IL-33 receptors lead to impaired spine plasticity, dysregulation of impaired  

ECM engulfment and a concomitant accumulation of ECM proteins in contact with synapse—
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all of which regulate memory consolidation (Nguyen et al., 2020). Numerous substrates, both 

secreted by microglia or already present like metalloproteinases (MMP), neuromelanin, α-

synuclein, TLRs, known to degrade the ECM have been studied as potential/candidate targets 

for intermediation of neuronal damage and microglial activation (Kim & Joh, 2006), 

(Konnecke & Bechmann, 2013). 

Perineuronal nets (PNNs) are condensed ECM structures that provide scaffolding for neuronal 

synapses, and studies have shown that these structures are directly involved in neuronal 

plasticity and memory as they are present throughout the brain, especially around fast-spiking 

parvalbumin interneurons (Carulli et al., 2020). After the developmental stage is completed, 

PNNs form around parvalbumin (PV)+ GABAergic interneurons to provide synaptic stability 

by “locking” synapses in place (Wen et al., 2018). There are studies analyzing PNN structure 

in the both healthy and diseased brain using WFA-immunolabelling. All levels of the entorhinal 

cortex show that WFA is more loosely distributed in the diseased cortex, suggesting presence 

of degraded PNNs (Pantazopoulos & Berretta, 2016). 

Synaptic structure and function are regulated by four key elements: pre- and post-synaptic 

compartments, glial cells, and the ECM, including critical components such as CSPGs/PNNs. 

Interestingly, most synaptic abnormalities are usually accompanied by PNN impairments as 

observed in various psychiatric and neurodegenerative disorders (Pantazopoulos & Berretta, 

2016), (Baig et al., 2005), (Colton et al., 2006). Analysis of in vivo PNNs in the hippocampus 

of quadruple knockout mouse deficient for the ECM molecules tenascin-C (TnC), tenascin-R 

(TnR), neurocan and brevican revealed a reduction of PNN size and complexity in the CA2 

region along with a significant increase in the ratio of excitatory synapses to inhibitory 

synapses. The gene expression analysis revealed alteration in the genes Gpc3, Gabrq, Gad2, 

Wnt7, Syt9, Sod3, Dnm3, Cript, Sema4c, Calr, Cplx3, Col4a3, Col27a1, Adamts13, Grin2d, 

Col1a2, Spon2 and Rapsn (Gottschling et al., 2019). The broad objective of my thesis is to 
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explore the role of microglia in regulating PNNs and other aspects of the ECM under both 

homeostatic and disease states, and to identify any potential mechanisms by employing RNA-

seq with mouse genetics and histology. 

CSF1R signaling and microglial depletion using CSF1R inhibitors 

CSF1R is a receptor critical for the survival and maintenance of microglia, including cell 

proliferation, survival, and differentiation. Studies have shown that CSF1R is required during 

development for survival; mice devoid of this receptor are born without microglia and only 

survive to week 6 of the postnatal period (Erblich et al., 2011), (Spangenberg et al., 2019)]. 

Developing microglia upregulate this receptor in two phases: (1) during chromatin remodeling 

of the macrophage promoter with the help of transcriptional factors PU.1, Runx1, and C/EBP, 

and (2) when macrophage genes are upregulated, and transcriptional neutrophil genes are 

downregulated following assembly of the transcription factors Egr1 and Egr2. This mechanism 

prevents multipotent cells that require growth factors such as IL-3 from expressing CSF1R 

(Spooner et al., 2009). CSF1R is also required for macrophage proliferation as it induces CSF1 

dose-dependent amplification of protein synthesis. Activation of the receptor leads to a 

signaling cascade involving phosphorylation of the ITAM cytoplasmic domains of DAP12, 

eventually ending with activation of cell cycle genes and nuclear translocation of β-catenin 

(Hamerman et al., 2009). Akt/PI3K pathways are known to modulate macrophage survival with 

the help of CSF1. Loss of PI3K results in reduced macrophage numbers without any effects on 

cell proliferation (Linton et al., 2019), (Yu & Cui, 2016).  

Several studies by our lab and others have provided extensive evidence on the critical 

importance of CSF1R function to microglial survival (Spangenberg et al., 2019). 

Pharmacological inhibition of the CSF1R receptor results in rapid elimination of nearly all 

microglia in the CNS  (Wesolowski et al., 2019). There are several CSF1R inhibitors 

(PLX3397, PLX5622) that can cross the blood-brain barrier, and when orally administered can 
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result in the depletion of up to ~99% of microglia (Ali et al., 2020); the extent of depletion is 

dependent on dose, and microglia remain depleted for the duration of treatment (Elmore et al., 

2014). In these studies, conducted on adult mice, despite overt microglial loss, we observe no 

cognitive deficits or peripheral cell infiltration, even with a treatment duration of 6 months 

(Spangenberg et al., 2019). Thus, the use of CSF1R inhibitors has emerged as an effective tool 

to ablate the microglial compartment and gain further understanding of microglial function in 

the healthy and diseased brain. A study conducted by our lab revealed that the elimination of 

microglia in 5xFAD mice led to a reduction in brain-wide inflammatory signaling, as evidenced 

by RNA analysis of several inflammation-related genes (Spangenberg et al., 2016). 

Specifically, we observed decreases in transcripts associated with microglia reactivity, such as 

C1q, Tlr2, Tlr3, Tlr4, Tlr7, Ccl3, Nlrp3, and Pdcd1, as well as reductions in anti-

inflammatory/phagocytic markers, including Tgfb1, Tgfbr1, Tgfbr2, Mrc1, and Itgb2. 

Moreover, our results demonstrated that the elimination of microglia had a positive impact on 

hippocampal-dependent cognitive tasks. These findings are consistent with previous studies 

that have shown that modulating microglial function in Alzheimer's disease models can restore 

or improve memory (Kiyota et al., 2010), (Parachikova et al., 2010), (Gabbita et al., 2012), 

(Yamanaka et al., 2012). 

 

Data 

During disease or injury, microglia alter their morphology and phenotype to adopt an activated 

state. Preclinical disease models show that disease progression can be exacerbated by 

inflammation, indicating crosstalk can happen between systemic inflammation and microglia 

in the CNS (Perry et al., 2010). To further understand the mechanism between this interaction, 

we chose to examine microglia in two neurological disorders characterized by activated 

microglia: Huntington’s and Adult-Onset Leukoencephalopathy with Axonal Spheroids and 
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Pigmented Glia (ALSP) in both healthy and diseased brains (Kempthorne et al., 2020a), (Yang 

et al., 2017). Notably, as detailed below, we find a common pathological feature of both 

diseased brains; microglia mediated loss of PNN’s that are not associated with typical 

inflammatory states of microglia. 

Chapter 1.1. Identifying the novel role of microglia in PNN regulation in the 

homeostatic and HD mouse brain. 

Mutations in the huntingtin gene (mHTT) lead to an expansion of the trinucleotide CAG region 

(Aziz et al., 2011), and this polyglutamine stretch in the protein HTT causes HD.  Since 

microglial activation has been shown to correlate with neuronal dysfunction and HD severity 

(Palpagama et al., 2019), we were interested in investigating the role of microglia in a mouse 

model of HD utilizing CSF1R inhibitors to deplete the microglial tissue. Joshua Crapser 

performed the following experiments and collected the data. I executed the transcriptional 

analyses.   

This study used transgenic R6/2 mice, a common mouse model of HD. These mice express the 

human huntingtin gene with ~150 CAG repeats, which results in 75% of the endogenous 

huntingtin transgene expression level. The R6/2 line is a rapidly progressing disease model that 

displays severe motor and behavioral deficits by 8-12 weeks of age, with initial signs of disease 

appearing as early as 3 weeks (Carter et al., 1999), (Luesse et al., 2001). To eliminate microglia, 

6-week-old R6/2 mice or non-transgenic (NT) littermate controls were treated with the CSF1R 

inhibitor, PLX3397 (Pexidartinib) (Cannarile et al., 2017), (Elmore et al., 2014), and either 

placed on a diet containing 275 mg/kg chow PLX3397 or in the vehicle (n=6/group) until 

sacrifice at 11 weeks (Figure 1A). Immunohistochemistry with ionized calcium binding 

adaptor molecule 1 (IBA1), a common myeloid cell marker, was used to access microglial 

densities. We observed elevated microglial densities in the striatum and cortex of the R6/2 
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brain (Figure 1B-C). Although microglial densities were elevated, the microglia were negative 

for IB4 marker, a marker for cell activation, and we detected no differences in microglial 

morphology, indicating that microglia in the HD brain are not classically activated (data not 

shown). CSF1Ri leads to a significant reduction in the number of the microglia in both 

genotypes across all regions of the tissue (Figure 1B-C). Following microglial elimination, we 

observed several rescues of disease-associated alterations including: grip strength, object 

recognition deficits, mHTT accumulation, astrogliosis, and striatal volume loss (Crapser, 

Ochaba, et al., 2020); data not shown).   

Although this analysis will not be discussed in detail in this advancement, we observed a 

significant loss of striatal volume in R6/2 (Figure 1D-E), which we hypothesized could be a 

result of ECM degradation in HD; thus, we next expanded our analysis to the ECM. To 

investigate the ECM, we performed immunohistochemical analysis on PNNs, proteoglycans 

associated with the ECM. These reticular dendrosomatic structures can encase largely 

parvalbumin (PV)-expressing interneurons (Miyata et al., 2012), (Yutsudo & Kitagawa, 2015) 
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and are thought to “lock” synapses in place 

 

Figure 1: (A) Experimental design (n = 5–6/group) following baseline measurements, 6-week-old non-transgenic 

or R6/2 mice were treated with vehicle (Control, R6/2) or 275 mg/kg PLX3397 (PLX3397, R6/2+PLX3397) for 5 

weeks to attain microglial depletion through CSF1Ri. (B) Representative IBA1+ whole-brain images (×20) from 

non-transgenic and R6/2 mice treated with vehicle or PLX3397 confirmed R6/2 microgliosis and microglial 

depletion (n = 5–6/group). (C) Quantification of IBA1+ microglia revealed significant increases in the R6/2 

striatum (P < 0.01) and motor cortex (P < 0.05), with a trending increase in the somatosensory cortex (P = 0.06) 

but no change in the piriform cortex compared to control. PLX3397 significantly depleted microglia in both 

genotypes and in all regions (two-way ANOVAs with Tukey’s post hoc test; n = 4–6/group). (D) Representative 
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images of cresyl-violet stained coronal sections used for stereological assessment of striatal volume (n =  5–

6/group, six sections/mouse separated by 240-μm intervals, spanning the anterior caudoputamen). (E) 

Quantification of stereological analysis reveals a significant reduction in R6/2 striatal volume versus control (P 

< 0.01) that is prevented with PLX3397 (P < 0.01) (two-way ANOVA with Tukey’s post hoc test; n = 5–

6/group). (F-I) Striatal and cortical images (×20) of WFA+ PNN staining (with IBA1+, F and H) quantified as 

integrated density (G and I) revealed significant reductions in the motor (P < 0.001) and somatosensory (P 

< 0.01) cortices, which were restored by microglial depletion with PLX3397 (P <  0.05, P < 0.001) (two-way 

ANOVAs with Tukey’s post hoc test; n = 5–6/group). Surprisingly, PLX3397 in healthy non-transgenic controls 

significantly increased WFA+ PNN density in every region examined: striatum (P < 0.01), motor cortex (P 

< 0.0001), somatosensory cortex (P < 0.0001), and piriform cortex (P < 0.01) (two-way ANOVAs with 

Tukey’s post hoc test; n = 5–6/group). Quantification of mean WFA+ intensity co-localizing with striatal 

parvalbumin-expressing GABAergic interneurons (×63; J and K) revealed significant (P < 0.01) and trending (P 

= 0.085) reductions in R6/2 and R6/2+PLX3397 mice respectively, indicating loss of interneuron-associated PNN 

integrity (two-way ANOVA with Tukey's post hoc test; n = 5–6/group). This data was collected and analysed by 

Joshua Crapser. 

 during development (Wen et al., 2018).  Of note, reports have shown that there is a ~75% 

decrease in PV interneurons in HD brains (Reiner et al., 2013). Here, we used the lectin marker 

Wisteria floribunda agglutinin (WFA) to immunolabel PNNs. Interestingly, microglial 

elimination in control littermates resulted in brain-wide increases (specifically, the striatum, 

somatosensory cortex, and motor cortex) in PNN density (Figure 1F-G), suggesting that 

microglia play an important role in mediating PNNs in the healthy brain. R6/2 somatosensory 

and motor cortex showed a loss in the PNN counts compared to the control mouse brain (Figure 

1H-I). PV-expressing interneurons in HD striatum showed a deficit in WFA staining intensity, 

suggesting a loss of encapsulating PNNs (Figure 1J-K). Depleting microglia showed a rescue 

in the deficits seen above, including disease-associated striatal volume loss (Figure 1D-K), 

underscoring their role as coordinators of brain ECM remodeling which appears to contribute 

to neurodegeneration in HD. These results, for the first time, demonstrate that 1) microglia 

regulate basal levels of PNNs in the homeostatic brain, and 2) microglia in R6/2 mice are 

responsible for the pathological degradation of the PNNs. However, the exploration of the 

aforementioned behavioral and molecular rescues is out of the scope of this advancement.  

Here, I will focus on my contribution to the project, which set out to 1) identify microglial 

signatures that affect PNNs in both the homeostatic and R6/2 mouse diseased brain, and 2) 

define the gene expression changes that accompany the pathogenesis of the disease and how 
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these are impacted by the elimination of microglia in order to identify microglia’s involvement 

in HD. 

To understand the role microglia play in this disease at the transcriptional level, I analyzed raw 

RNA-seq reads generated using Illumina on bulk striatal tissue (Figure 2A,H). After a series 

of quality control steps that involved discarding low-quality reads, trimming adaptor sequences 

using TRIMMOMATIC (Bolger et al., 2014) and BBMAP (Bushnell et al., 2017), sorting for 

rRNA contamination with SORTMERNA (Kopylova et al., 2012) and elimination of poor-

quality bases, I aligned the raw reads to the reference mm10 genome using STAR (Dobin et 

al., 2013) to produce featureCounts. Downstream differential gene expression of RPKMs 

revealed effects of CSF1Ri on R6/2 mice including dysregulation of excitatory/inhibitory 

balance (GAD1, GAD2 (Consortium, 2017), Scn4b (Miyazaki et al., 2014), (Oyama et al., 

2006), Slc7a11) (Figure 2G,K). We also observed CSF1Ri rescued disease-associated 

suppression of Isl1 and Cacna2d2 (Figure 2G,K). Isl1 is a gene involved in motor neuron 

development (Liang et al., 2011), and a previous study has shown that the conditional knock-

out of this gene using Six3-cre transgene leads to striatal cholinergic interneuron loss 

(Elshatory & Gan, 2008).  Interestingly, mutations in Cacna2d2 decrease Ca2+ channel subunit 

expression, which are implicated as important regulators of synapse formation (Geisler et al., 

2015), (Pippucci et al., 2013).  Aligning with the histological data we found no evidence of 

overt inflammation in R6/2 striatal tissue compared to WT; statistically significant changes 

(FDR< 0.1) were not observed in cytokine transcript levels (Il6, Il1β, Ifnγ, Tnfα) or other glial 

inflammatory readouts, such as astrocyte marker (S100β, C3) transcript expression, during 

differentially expressed gene (DEG) analysis using edgeR (McCarthy et al., 2012), (Robinson 

et al., 2010). However, we did find a conserved downregulation of the adenosine A2a receptor 

(Adora2a) (Blum et al., 2018) along with a dysregulated interferon (IFN) signature in R6/2 

compared to WT mice (altered T-cells and interferon signaling: ↑ Twist1, Ebi3, Tal1, Ccl19, 
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Irf7, Irf4, Bst2, Ifit3, Psmb8; ↓ CD4, Alcam, Tcf7, Mcam, Ccl25, Il18; (Figure 2J)). These 

alterations have been reported in human HD and murine models of HD, respectively 
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Figure 2: (A)Schematic design for mRNA extraction and RNA-seq data analysis (B) Striatal inflammatory gene 

expression assessed with a NanoString immune panel revealed non-overlapping clustering of samples in each 

group by principal component analysis (PCA; n = 3/group). (C and D) Volcano plots of differentially expressed 

genes (DEGs) in R6/2 versus control striatum (C) indicated a lack of inflammatory transcription at an FDR of < 

0.1, but (D) confirmed loss of the microglial gene signature with PLX3397 in R6/2 striatum (n =  3/group). 

Statistical significance is denoted by *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, ns = not significant. 

Error bars indicate SEM. (E) PCA of striatal gene expression as determined by mRNA-seq confirmed similar 

non-overlapping clustering of control and R6/2 samples but a divergent effect of PLX3397  (n = 3/group). 

(F and G) Volcano plots of control versus R6/2 DEGs (F) confirmed an absence of inflammatory transcript 

upregulation in the R6/2 striatum and (G) a loss of microglial gene expression with PLX3397 (FDR ≤ 0.05; n 

= 3/group). (H) Pathway analysis (IPA) of 860 control versus R6/2 DEGs and 1380 control versus 

R6/2+PLX3397 DEGs (FDR ≤ 0.1; n = 3/group) revealed a distinct interferon signature and suppressed neuronal 

development and neuritogenesis pathways in the R6/2 striatum that c losely resembled the human Huntington’s 

disease caudate, and which were partially resolved following PLX3397. (I) Top significant predicted upstream 

regulators included HTT, IFNγ, l-DOPA, IRF7, and TRIM24, with associated activation  z-scores of 2.151 (P 

< 8.31 × 10−22), 3.727 (P < 1.01 × 10−15), −5.654 (P < 1.19 × 10−20), 4.589 (P < 7.47 × 10−13), and −3.970 (P 

< 3.58 × 10−12), respectively. (J) A heat map of control versus R6/2 DEGs (FDR < 0.1) that were reversed with 

treatment by unadjusted P-value (P < 0.05) to indicate potential mediators of beneficial PLX3397 effects (n 

= 3/group). (K) IPA predicted IFNγ as the major cytokine upstream regulator in the R6/2 striatum, signalling 

that, along with IFNα, is no longer enriched in R6/2+PLX3397 striatum.  All RPKM values can be searched and 

visualized at http://rnaseq.mind.uci.edu/green/R62_PLX/gene_search.php . 

(S. W. Lee et al., 2018). Of note, changes in T-cell transcripts (Tal1, Ccl25) showed a partial 

rescue when the R6/2 mice were treated with CSF1Ri, along with decreased accumulation of 

several pathologic mHTT species (Figure 2J). Although microglia rarely contain nuclear 

mHTT themselves (Jansen et al., 2017), these findings suggest they may play a role in driving 

HD progression. To validate the absence of the specific inflammatory signal mentioned before, 

we used a NanoString inflammatory panel consisting of ~700 preselected genes examining 

bulk striatal tissue collected from 3 mice per group at the 11-week timepoint (Figure 2B-D). 

To gain insight on the alterations of the IFN signature we observe in the R6/2 mouse model of 

HD—alterations which have also been reported in both AD-like neurodegeneration as well as 

aging human (Mathys et al., 2017), (Galatro et al., 2017)—we next explored the correlations 

between common pathways in human and mouse HD. To accomplish this, we compared the 

activation z-score of pathways in human control vs. HD caudate (z-score overall = 41.23; gene 

expression data from (Hodges et al., 2006) and control vs. R6/2 striatal tissue (Figure 2H). 

Here, we observed similarities between the human disease and mouse model of HD, notably 

the presence of a dysregulated IFN signature (Figure 2H). This gene signature was partially 

rescued when microglial loss driven by CSF1Ri resolved IFNα and IFNγ, but not IFNβ, in 

http://rnaseq.mind.uci.edu/green/R62_PLX/gene_search.php
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control vs. R6/2 microglial depleted samples (Figure 2H). IFN-involved toll-like receptor 

signaling (TLR4, 7, 9) and downstream IFN effector pathways (STAT1) were also 

downregulated (Figure 2H). HTT, IFNγ, L-dopa, the type I IFN regulator IRF7 and TRIM24 

were identified as the top enriched pathways (Figure 2I). Given these, pathway analysis using 

Ingenuity Pathway Analysis (IPA) predicted IFNγ, known as a potent microglial activation 

stimulator (Monteiro et al., 2017), as the primary cytokine regulator of disease DEGs (Figure 

2J). However, with an upregulation of a microglial activation inhibitor known to block IFN-

induced transcription (Goldmann et al., 2015), USP18 (Figure 2G,J), we believe there are 

some compensatory mechanisms involved as well. Since the pro-inflammatory NFκβ pathway 

was upregulated in the human HD caudate but not R6/2 striatal tissue (Figure 2H), and the IL6 

and IL1B transcripts were not detected, we believe the R6/2 mouse model may not fully 

recapitulate the neuroinflammation observed in the end stages of human HD (Yang et al., 

2017), (Crotti & Glass, 2015). A comparison of WT vs. R6/2 (FDR<0.1) and R6/2 vs. R6/2 + 

PLX3397 (p<0.05) mice using IPA revealed potential molecular targets of microglial 

depletion-related rescue of R6/2 mice including TGF-β1 (Figure 2G, J). TGF-β1 is known to 

upregulate astrocytic CSPG, a component of the ECM, production stimulating neural stem cell 

survival via neuritogenesis (Tham et al., 2010).  

Chapter 1.2. Microglial dysfunction caused by CSF1R haploinsufficiency drive PNN loss 

in mouse model of ALSP.  

After discovering a novel role for microglia in regulating PNNs in the healthy adult brain and 

showing that disease states could induce further microglia mediated PNN loss, we next turned 

to a second model of neurodegeneration: one that stems from loss of function mutations arising 

from microglia. In the adult brain, CSF1R is expressed primarily by microglia, and genome-

wide linkage analyses have identified mutations in CSF1R that lead to Adult -Onset 
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Leukoencephalopathy with Axonal Spheroids and Pigmented Glia (ALSP), also known as 

Hereditary Diffuse Leukoencephalopathy with Spheroids (HDLS). This rare autosomal 

dominant disorder is a neurodegenerative disease characterized by extensive white matter loss. 

ALSP is one example of how disruption in microglial-specific genes can lead to CNS disorders 

resulting in neurodegeneration, implicating microglia in brain disease and providing tools for 

us to investigate and understand how microglia drive disease. Miguel Arreola performed the 

following experiments and collected the data. I ran the transcriptional analyses.   

Here, we employed both genetic and pharmacological approaches to manipulate CSF1R to 

identify and explore the role of partially disrupted CSF1R signaling on microglial homeostasis 

and CNS function. For our genetic approach, we used Csf1r haploinsufficient (CSF1R+/-) mice. 

These mice exhibit executive dysfunction, psychosis and progressive memory decline 

mimicking ALSP patients (Sundal & Wszolek, 1993) with reports of cognitive deficits 

beginning as early as 7 months of age (Chitu et al., 2020), (Chitu et al., 2015).  For our 

pharmacological approach, we used CSF1R inhibition (CSF1Ri), which is highly dynamic and 

can be administered in a dose-dependent manner; low levels of inhibition can modulate 

microglial activity/function, while high levels of inhibition can deplete the brain of almost all 

microglia. 6-month-old WT and CSF1R+/- mice were treated with the CSF1R inhibitor, 

PLX5622 (150ppm in chow), and sacrificed at eight months old (Figure 3A).  

In this study, after validating the effects of PLX5622 chow through quantification of CSF1R 

expression (Figure 3B), we observed a significant increase in microglial densities throughout 

the CSF1R+/- mouse brain (Figure 3C). Morphological changes were also observed in 

CSF1R+/- mice., These include increased complexity of microglial process branching and 

reduced P2RY12 protein expression (Figure 3D-F), a characteristic seen in microglial cells 

under conditions of non-homeostasis or murine disease (Keren-Shaul et al., 2017), (Krasemann 

et al., 2017). Additionally, these morphological changes have been reported in affected white 
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matter brain regions of human patients with Csf1r mutations (Kempthorne et al., 

2020b).  Microglia in CSF1R+/- mice also lacked amoeboid morphology and CD68 

immunopositivity (data not shown), indicating a lack of classic activation.  

 

Figure 3: (A) Experimental design (n=8-10/group) following baseline measurements WT and CSF1R +/- mice 

were treated with 150 ppm PLX5622 for two months beginning at 6 months of age. Mice were sacrificed at 8 

months of age. (B) Relative expression levels of CSF1R normalized to GAPDH via qPCR. Expression levels of 

CSF1R in CSF1R+/- was reduced ~50% compared to WT mice (p < 0.0001). Statistical analysis used two-tailed 

t-test. (C)Quantification of IBA1+ cells / FOV in Cortex, Hippocampus, and Thalamus. 25-30% increase 

in IBA1+ cells were found in Somatosensory Cortex, Hippocampus, and Thalamus. Treatment with 150 ppm 

PLX5622 reduced IBA1+ cells by 25% in both WT and CSF1R+/- mice. (D)Morphological analysis of branch 

patterns revealed decreased number of primary and secondary branches in  CSF1RI microglia compared to 
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WT.  CSF1R+/- microglia had increased numbers of primary, secondary, and tertiary branching which were 

reduced to WT levels by CSF1Ri. (E, F) Representative 20x image of the Somatosensory cortex reveals a 

marked decrease in microglial P2RY12 immunopositivity in CSF1Ri and CSF1R+/- mice. CSF1Ri of 

CSF1R+/- mice revealed an increased expression of P2RY12 expression. Statistical analysis used a two-way 

ANOVA with Sidak multiple comparisons correction. Significance * p< 0.05; ** p < 0.01, *** p < 0.001, # 0.05 

< p < 0.1. (G) Representative 20x images of Somatosensory Cortex from WT, CSF1Ri, CSF1R+/-, and CSF1Ri-

CSF1R+/-   mice immunostained for WFA. (H) Quantification of WFA area coverage revealed significant 

decrease in WFA coverage in CSF1R+/- Somatosensory cortex and a trending recovery in the CSF1Ri-

CSF1R+/-    group. (I) Representative 20x confocal images of aggrecan immunostaining, another component 

ECM perineuronal nets quantification of which (J) revealed similar significant decreases in are coverage in 

CSF1R+/- group and significant recovery in CSF1Ri-CSF1R+/- group. Representative 20x image of 

somatosensory cortex revealed significant decrease in Synaptophysin (K,L), SV2A (M,N) in myeloid-specific 

CSF1R knockout mice. This data was collected and analysed by Miguel Arreola. 

As discussed previously, non-classically activated microglia in HD are associated with loss of 

PNNs in the ECM; thus, we wanted to examine if such changes occur in CSF1R+/- mice. We 

found significant reductions in cortical PNNs, as seen by WFA (Figure 3G,H) and Aggrecan 

(Figure 6I,J) staining in CSF1R+/- mice compared to their WT counterparts, suggesting a 

similarity in microglial phenotype across diseases with similar downstream effects on the 

ECM compartment (directly or indirectly effected by microglia) and the synapse. Although not 

explored in detail here, it is important to note that cognitive deficits in CSF1R+/- mice (i.e., 

lifelong loss of CSF1R) can be rescued with low dose CSF1Ri (PLX5622 – 150 ppm; data not 

shown), suggesting microglial involvement. Surprisingly, low dose CSF1R signaling inhibition 

also led to the recovery and normalization of microglial phenotypes (densities, morphologies, 

P2RY12 expression; Figure 3D-F), PNNs (Figure 3G-J) and presynaptic puncta (Figure 3K-

N).  

To explore microglial homeostasis at the transcriptional level, I performed RNA-

seq data analysis on micro-dissected cortices of each mouse group: wildtype (WT), CSF1Ri, 

CSF1R+/-, and CSF1Ri-CSF1R+/-. For quantification, I generated Fragments Per Kilobase of 

transcript per Million mapped reads (FPKM) for each gene. I then used an FDR value of 0.05 

to filter and compare the data. Differentially expressed genes (DEGs) were then identified 

between the various groups to help identify the molecular underpinnings of  a given treatment 

or genotype. Comparing DEGs between the WT and CSF1Ri mice (Figure 4B) and WT 

and CSF1R+/- mice (Figure 4C), we observed a 34% (412 genes) overlap (Figure 4A). We also 
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observed a downregulation in expression levels of myeloid-expressed genes in WT vs. 

CSF1Ri (Figure 4B) and CSF1R+/- (Figure 4C) mice vs. CSF1Ri-CSF1R+/- (Figure 4D) mice, 

consistent with the ~20% microglial depletion seen with CSF1Ri. In line with 

immunohistochemical analysis, RNA-seq revealed that classic activation markers for microglia 

were not enriched in CSF1R+/- , supported by a lack of changes in inflammatory gene transcripts 

(e.g., Cst7, Axl, Clec4a1, Tnf, Ifitm3 or Ldl were previously reported in damage-associated 

microglia (DAM)) (Keren-Shaul et al., 2017) (data not shown).  

 

Figure 4: (A) Venn diagram displaying the number of differentially expressed genes (DEGs, numbers provided) 

generated in transcriptional comparisons between CSF1Ri mice and CSF1R+/- mice in comparison with WT 

mice. (B-D) Volcano plots displaying the fold change of genes (log2 scale) and their p-values (-log10 scale) 

between WT vs CSF1Ri mice (B), WT vs CSF1R+/- mice (C) and CSF1R+/- vs CSF1Ri-CSF1R+/- (D). (E) Heatmap 

of DEGs between CSF1R+/- and CSF1Ri-CSF1R+/- mice. (F) GO terms for biological processes and  (G) GO 

Terms for Disease Pathways for genes differentially expressed in WT vs CSF1R+/- mice.(H) Top biological 

processes gene ontology (GO) term enrichment for upregulated genes from the heatmap  (E). 

WT vs. CSF1R+/- comparison revealed top DEGs including the circadian rhythm-

associated gene NOCT, as well as LAMP1, FAM43b, Prr18, and Wrnip1 (Figure 4C). Gene 
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ontology (GO) analysis of DEGs of WT vs. CSF1R+/- mice shows enrichment in the following 

Biological Processes: axonogenesis, axon development, axon guidance, and nervous system 

development, and Disease Perturbations: Spinal Cord Injury, Down Syndrome, and 

Huntington’s disease (Figure 4F-G). These enrichments indicate that loss of functional 

CSF1R signaling is associated with alterations in axon-associated processes and neurological 

disorders. Furthermore, RNA-seq data analysis highlighted dramatic increases in neuronal- and 

synaptic-associated genes (Syn2, Begain, Rims3) with CSF1Ri in CSF1R+/- cortices (Figure 

4D). CSF1Ri-treated CSF1R+/- mice compared to CSF1R+/- mice exhibited a significant 

upregulation of DEGs associated with synaptic function and morphology, such as regulation 

of synaptic transmission, dendritic spine morphogenesis, postsynaptic density assembly, and 

neuron projection morphogenesis (Figure 4H). In line with this, we performed 

immunohistochemical analysis on synaptic components to validate the findings of the RNA-

seq analysis and observed a downregulation of presynaptic markers (Synaptophysin, 

Sv2a) with disease (Figure 6A-D). These findings implicate that CSF1R or microglia have a 

role in modulating synaptic elements (Terry et al., 1991), which could be the cause of cognitive 

decline in CSF1R+/- mice.  

To better interpret and explore the relationships behind gene expression changes, we next 

performed weighted gene co-expression network analysis (WGCNA) (Zhang & Horvath, 

2005), (Langfelder & Horvath, 2008) and identified 16 independent modules (Figure 5A). 

These modules divided genes into groups depending on their correlation to either genotype (i.e. 

CSF1R+/-), as seen in the brown module (Figure 5B, E), or treatment (i.e. CSF1Ri), as seen in 

the dark grey module (Figure 5C, F), or in some cases, their differential expression between 

both genotype changes and treatment effects, as seen in the midnight blue module (note: 
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correlation scores >0.5; shown as red dotted lines) 

 

Figure 5: (A) Signed bicor network shows the effects of genotype, treatment, age and gender which are separated 

into distinct colored modules. (B) Correlation of modules generated by weighted gene correlation network 

analysis (WGCNA) to the genotype (Z-score cut-off: +/-0.5). (C) Correlation of modules generated by WGCNA 

to the treatment (Z-score cut-off: +/-0.5) (D) Cell-type enrichment heatmap displays genes associated with 

specific cell types within a given color module. Values provided indicate the number of genes within the net work 
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associated with that a specific cell type. *** = 6+ genes. ** = 3+ genes. (E,H) CSF1R+/- signature: Module 

eigengene trajectory and heatmap of gene expression value in brown (E), as well as gene ontology (GO) term 

enrichment for brown (H). (F,I) CSF1Ri signature: Module eigengene trajectory and heatmap of gene expression 

value in dark grey (F), as well as gene ontology (GO) term enrichment for dark grey (I). (G,J) CSF1Ri 

signature: Module eigengene trajectory and heatmap of gene expression value in midnight blue (G), as well as 

gene ontology (GO) term enrichment for midnight blue (J). (K) Interactive plot between hub genes extracted from 

the dark grey module showing a distinct CSF1Ri signature. (L) Heatmap of genes found in the dark grey module 

normalized to the average microglial numbers found within a group. (M) List 

of genes displaying increased expression mice that are upregulated CSF1Ri-CSF1R+/- compared to 

CSF1R+/- mice. (N) List of downregulated genes between WT and CSF1R+/- mice normalized for number of 

microglia. 

(Figure 5C, G). Calculating and plotting the eigengene values as well as performing GO 

analysis of the modules revealed the following, respectively: the brown module (associated 

with the CSF1R+/- genotype) was enriched with genes that are expressed in pyramidal neurons 

(Figure 5D) and associated with axonogenesis, neuron projection morphogenesis, and nervous 

system development pathways (Figure 5H); the midnight blue module (associated with both 

CSF1R+/- genotype and CSF1Ri treatment) was not associated with any specific cell type 

(Figure 5D), however, it was strongly enriched for genes associated with translation pathways 

(Figure 5J). The dark grey module (associated with CSF1Ri treatment) contained microglial-

associated genes (Figure 5D) including C1qa, C1qb, Cd53, Ctss, Gpr34, P2ry12, Tmem119, 

and Siglech as well as other immune genes (Figure 5I,K-N).   Upon normalizing the gene 

expression levels to microglial densities of corresponding mice, we saw a downregulation of 

microglial genes, which could account for the non-homeostasis in CSF1R+/- mice (Figure 5L-

N). These findings along with our immunohistochemical data suggest that the phenotypic state 

of microglia observed in CSF1R+/- mice is due to a loss of microglial homeostatic signature, 

rather than a reactive or activated signature. 

Given the loss of PNNs in CSF1R+/- mice, we sought to identify microglial expressed genes 

that could account for the loss of PNNs in CSF1R+/- mice.  Loss of PNNs by microglia is likely 

mediated either by the release of enzymes that degrade PNN components, direct phagocytosis, 

or both. I identified genes implicated in potential degradation or phagocytic machinery that 

were upregulated in CSF1R+/- mice including MMP14, Ctss, C1qa, C1qb, C1qc, Trem2, 
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MerTK, MEGF10, APOE, TM2D3, LRRK2, CD200, CCRL2, LRP1, CD68, CD14, mTOR, 

TLR4. 

 

Figure 6: (A) Representative 63x immunofluorescent images of  MMP-14+ and IBA1+ in Control and 

iCSF1R+/- somatosensory cortex. (B) Quantification of colocalized area displayed increased area of colocalized 

MMP-14 in iCSF1R+/- microglia.  (C,D) WT mice were aged to 4 months at which point they received injection of 

recombinant MMP-14 and Penicillinase in contralateral cortices. 10 days post injection (d.p.i.) mice were 

sacrificed and brains were harvested. (E) Representative 20x confocal immunofluorescent staining of WFA 

or (G) Aggrecan in the respective injection area. (F) Quantification of WFA+ area and (H) Aggrecan+ area 

revealed significant decreases in MMP-14 injection site compared to Penicillinase injection site. Statistical 

analysis used a two-way ANOVA with Sidak multiple comparisons correction or Two-Tailed T-Test. Statistical 

analysis used a two-tailed paired T-Test for MMP-14 injection comparisons. Significance * p< 0.05; ** p < 0.01; 

*** p < 0.001. This data was collected and analysed by Miguel Arreola. 

We focused on MMP-14, a key enzyme involved in the degradation of ECM components that 

has recently been implicated in microglial-mediated ECM changes (Langfelder & Horvath, 

2008). An immunofluorescent analysis in CSF1R+/- mice presented elevated MMP-14 

expression (Figure 6A,B). Thus, we then sought to investigate MMP-14 involvement further. 

To accomplish this, recombinant MMP-14 was injected into one cortical hemisphere of 4-

month-old (mo) WT mice and sacrificed 10 days post injection (Figure 6C,D). Penicillinase 

was injected to serve as a control. Of note, we found that injection of recombinant MMP-

14 was sufficient to induce PNN degradation as seen by a significant decrease in 

immunofluorescent staining of two key components of PNNs: WFA (Figure 6E,F) and 

Aggrecan (Figure 6G,H). We postulate that increased MMP-14 levels could initiate a cascade 

of aberrant MMP activity by cleaving inactive forms of other MMPs and thus perpetuate ECM 

breakdown by microglia in the CNS of CSF1R+/- mice.   
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Conclusions 

Our results clearly demonstrate that 1) microglia regulate PNN levels under homeostatic 

conditions, and 2) microglia facilitate PNN loss across multiple disease states, suggesting that 

microglial-mediated PNN loss and ECM remodeling could be a universal feature of 

neurodegenerative diseases, and an important facet of the pathogenesis.  In the healthy brain 

PNNs are important for a number of processes in the CNS, including regulation of GABAergic 

cell function, protection of neurons from oxidative stress, and closure of developmental critical 

period plasticity windows (Wen et al., 2018). Microglia have been implicated in learning and 

memory in the adult brain. Thus, the regulation of PNNs by microglia provides an important 

mechanism that can drive disease progression in neurodegenerative and neurodevelopmental 

disorders, both of which can be linked to downstream cognitive and behavioral deficits. My 

work has highlighted that a non-classical activation state of microglia appears to be responsible 

for PNN loss in disease, and are associated with a lack of microglial homeostasis rather than a 

pro-inflammatory phenotype. Furthermore, I identified microglial MMP14 as a potential PNN 

degrading candidate, which was confirmed via direct infusion of the enzyme into the adult 

mouse brain.  However, it is likely that microglia possess multiple mechanisms to regulate 

PNNs in the healthy adult brain (where MMP14 is not expressed), along with other degrading 

and phagocytic proteins/enzymes that could contribute to PNN loss in different disease states.  

The remainder of my thesis will utilize diverse genetic backgrounds combined with AD 

pathology to identify if this conserved pathology we see across different neurodegenerative 

disorders can be replicated and find the putative mechanisms involved if so. 
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CHAPTER 2. Utilizing genetic diversity to discern its effect on healthy and 

diseased brains in the 5xFAD Mouse Model of Amyloidosis 

Background 

Alzheimer's disease (AD) is one of the most common causes of dementia, affecting more than 

6.5 million Americans and 32 million globally ("2022 Alzheimer's disease facts and figures," 

2022), (Gustavsson et al., 2023). AD is characterized by neuropathological lesions, which 

consist of amyloid-beta (Aβ) plaques followed by tau neurofibrillary tangles (Selkoe, 1991). 

Other changes associated with this neurodegenerative disorder include cerebral atrophy, 

neuroinflammation, neuronal cell loss, and cognitive dysfunction (Hardy & Higgins, 1992). 

Although age is the biggest risk factor for developing AD, previous studies have alluded that 

an individual’s genetic makeup can play a large role in AD susceptibility (Neuner et al., 2019). 

Heritability of AD is estimated to be around 50-80% and does not differ by sex as confirmed 

by a population-based twin study of dementia (Gatz et al., 2006). Age of onset separates the 

two primary types of AD and various genetic risk variants have been identified for each. Rare 

mutations or pathological variants in amyloid precursor protein (APP), presenilin 1 (PSEN1) 

and presenilin 2 (PSEN2) have been identified as the cause of autosomal dominant or, familial 

AD (Lanoiselée et al., 2017) that only comprise of 1-6% of all dementia causing AD cases in 

comparison to the more common sporadic/late-onset AD (LOAD) (Drummond & Wisniewski, 

2017). Moreover, common variants in these genes unfortunately do not have a strong impact 

on susceptibility for LOAD (Gerrish et al., 2012). There is a complex causative genetic 

architecture in play for LOAD and early genome-wide association studies (GWAS) have 

identified several single nucleotide polymorphisms that alter the risk of developing sporadic 

AD; including protein apolipoprotein E (APOE), a well-established genetic risk variant for 

LOAD, estimated to have ~6% of total phenotypic variance (Ridge et al., 2013)). The modern 
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era of GWAS has helped in identifying novel significant associations of 40 single-nucleotide 

polymorphisms (SNPs) mapped to 21 risk genes including ABCA7, ADAM10, bridging 

integrator 1 (BIN1), CD33, clusterin (CLU), complement receptor 1 (CRI), CTSB, CTSD, 

ephrin type-A receptor 1 (EPHA1), GAB2, HLA-A, INPP5D, ITGAX, MAPT, membrane-

spanning 4-domains, subfamily A (MS4A), LILRB2, LIPC, TREM2, and phosphatidylinositol 

binding clathrin assembly protein (PICALM) loci (Misra et al., 2018), (Marioni et al., 2018), 

(Nazarian et al., 2019), (Jansen et al., 2019), (Kunkle et al., 2019), 

http://dx.doi.org/10.1007/s13273-021-00130-z ) which individually are believed to have 

smaller effect sizes. Like other common genetic diseases and disorders, AD is now believed to 

be polygenic in nature and Polygenic Risk Scores (PRS) for AD offer unique possibilities for 

reliable identification of individuals at high and low risk of AD (Escott-Price et al., 2015), 

(Chouraki et al., 2016), (Desikan et al., 2017), (Escott-Price et al., 2017). PRS can reduce large 

numbers of potentially contributing SNPs to one variable assessing disease risk prior to onset 

and it’s hoped that eventually these would indicate shared etiology between SNPs leading to 

AD (Baker & Escott-Price, 2020), (Clark et al., 2022). Variation in an individual’s genome can 

introduce minor fluctuations in any-or-all individual level risk scores which may influence the 

stability or confidence of population studies estimates  (Chen et al., 2020). Considering humans 

are genetically diverse, understanding the role of diversity in disease onset and progression 

could play a critical role in understanding disease process. Notably, individuals with different 

genetic dispositions could have different impact on certain pathways of potential therapeutic 

interventions. To complement human studies, genetic diversity should be an important 

consideration in optimizing the development of mouse models for AD. Heritability of the 

disease is believed to be dependent on inherited DNA variants which were identified by a two-

stage meta-analysis of genome-wide association studies (GWAS) eleven new Alzheimer’s 

associated susceptible loci, including HLA-DRB5–DRB1, INPP5D, and MEF2C that have 
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been implicated in immune response and inflammation pathways (Lambert et al., 2013). 

Standardized animal models of diseases used in the past by researchers to study the biological 

impacts of pathology in the brains of plaque and tangle laden brains are now being used to 

evaluate the impact introduction of GWAS identified risk variants has on aged brains during 

disease progression.  However, current transgenic AD mouse models have largely ignored this 

component, with most preclinical models deriving from a single or few genetic backgrounds, 

leading to a lack of allelic heterogeneity and hybrid vigor. One of the most common genetic 

backgrounds that AD models have been backcrossed to is the C57BL6/J  background (Onos et 

al., 2016). C57BL6/J is a Jackson (JAX) laboratory-generated inbred lab strain that has been 

the most widely used since the early 1950s due to its high reproducibility. Additionally, 

C57BL6/J is also the most cited and well-characterized laboratory strain used in biomedical 

research and hence was selected by the Mouse Genome Sequencing Consortium (MGSC) as 

the reference mouse genome in 1999 (Waterston et al., 2002). The potential of incorporating 

genetic variation in AD mouse models is immense since the influence genetic diversity has on 

disease is unknown and researchers have started taking advantage of the level of naturally 

occurring genetic variation in the form of genetically distinct wild-derived strains specifically 

to quantify plaque-associated myeloid responses, elevating the demand and underscoring the 

importance of genetically diverse models (Onos et al., 2019). With raised standards for genetic 

mapping of complex traits along with expectations for high mapping resolution for genetic 

variant identification, various new mouse model are being developed (Churchill et al., 2012). 

The first transgenic mouse reference panel was developed in hopes of determining the genes 

resulting in resilience to AD termed the AD-BXDs where the resulting fully isogenic F1 

hybrids were used to monitor the phenotypic outcomes as a result of orthologous human high-

risk FAD mutations with different genomes. This study showed a significant overlap between 

the AD-BXD reference panel and the human AD at phenotypic, genomic, and transcriptional 
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levels as observed by the conserved variations between the mice and human patients, the 

influence of allelic distribution across a set of 21 sporadic LOAD associated loci on cognitive 

function as well as the upregulated inflammatory pathways and downregulated neuronal 

signatures respectively (Neuner et al., 2019). Given the impact that the introduction of genetic 

diversity in the form of these bi-parental crossed BXD mice (Peirce et al., 2004), (Taylor et al., 

1999) has on the translatability of human AD in mice, we hypothesized that more complex 

multi-parent families such as the CC mice would mimic a human population better in terms of 

heterogeneity and would hence lead to an improved translational model of human AD. 

Furthermore, to control for the environmental heterogeneity, population structure, and rare 

alleles while keeping the sample size and power during studies, heterozygous stocks like the 

Diversity Outbred (DO) mice were designed using a Recombinant Inbred (RI) panels which 

has the same eight founder strains known as the Collaborative Cross (CC) inbred strains 

(Svenson et al., 2012), (Churchill et al., 2012). These RI panels (i.e, BXDs and CCs) as well 

as the resulting heterozygous stocks (i.e, DO) mice have since been utilized to study various 

disease  processes in the context of genetically diverse strains. Hence to test this hypothesis 

and to better understand and recapitulate the contribution of genetic diversity to human AD 

while utilizing mouse disease models, we crossed the well-established 5xFAD transgenic AD 

mouse model with five different CC lines. These CC mouse lines are the products of an eight-

way funnel breeding design involving the JAX mouse founder strains: A/J, C57BL/6J, 

129S1/SvImJ, NOD/ShiLtJ, NZO/HiLtJ, CAST/EiJ, PWK/PhJ, and WSB/EiJ (Threadgill et 

al., 2011). In this breeding scheme, each founder strain equally contributes to the autosomal 

genomes of these CC lines resulting in independent recombination accumulated during 

breeding. This F1 hybrid panel is a novel resource raised in controlled environments with 

different allelic contributions across the genome except all the F1 progenies carry an identical 

high-risk FAD mutation in the human APP and PSEN1 transgenes. To accomplish this, we 
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developed a mouse reference genome panel that combines two resources: (1) the 5xFAD 

transgenic line on an otherwise fully inbred C57BL/6J (B6) genetic background  (Oakley et al., 

2006) and (2) the collaborative cross (CC) genetic reference panel (Threadgill et al., 2011). 

This panel allowed us to explore the ability of these models to recapitulate genetic diversity 

and the human AD signature, as well as identify genetic modules that contribute to AD 

susceptibility and/or resilience as the CC panel segregates for around 52 million sequence 

variants including high-risk AD genes. Here, we wanted to test the validity of these AD-CCs 

as a systemic resource for testing AD susceptibility and the genetic variants responsible for it. 

This study provides an in-depth transcriptional, immunohistochemical, and biochemical 

analysis of the effect of genetic diversity on AD pathogenesis.  We found that inclusion of 

diversity resulted in changes in the development of plaque pathology. Accompanying this we 

observed, altered glial and reactive astrocytic response along with differences in gene 

expression across the different CC lines. Notably, the highest tissue damage in response to 

plaques was seen in C57BL6/J as confirmed by brain and plasma neurofilament light chain 

(NƒL) levels.  

Alzheimer's disease brain 

Neuroinflammation along with amyloid-β plaque and tau neurofibrillary tangle deposition are 

well-known hallmarks of AD pathology. Presence of reactive astrocytes and activated 

microglia surrounding amyloid plaques have been used as identifying characteristics of 

inflammation, indicating that inflammation and microglia, the primary immune cells of the 

brain, may play an important role in disease progression (Mandrekar-Colucci & Landreth, 

2010). Several studies have implicated microglia in AD; however, the mechanism by which 

this occurs remains largely unknown (Jawhar et al., 2012), (Buskila et al., 2013). Our lab 

recently identified a novel role in the homeostatic and HD brain, in which microglia modulate 

PNNs, ECM structures that help stabilize synapses (Crapser, Spangenberg, et al., 2020). Since 
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synaptic loss is observed in AD, we were interested in investigating whether PNN loss is 

present in mouse models of AD and human AD post-mortem tissue, and whether loss of 

microglia results in any PNN changes.  

To explore the role of microglia in modulating PNNs, we utilized CSF1Ri to deplete microglia 

in the 5xFAD mouse model. As previously shown, PNN loss was apparent in vehicle-treated 

5xFAD mice compared to vehicle-treated WT at 4 mo. However, CSF1Ri-treated 5xFAD mice 

exhibited dramatically reduced PNNs compared to vehicle-treated 5xFAD mice, while PNN 

levels in CSF1Ri-treated 5xFAD were comparable to vehicle-treated WT levels (data not 

shown).  

Immunolabelling of postmortem cortical tissue from clinically and neuropathologically 

diagnosed AD and non-demented control human brains was performed for ACAN+ PNNs 

(aggrecan 7D4), dense-core plaques (Thio-S), and microglia (IBA1+). Aggrecan was chosen 

rather than WFA because prolonged postmortem delay (PMD) of tissue collection/fixation after 

death (which can occur in human specimens) can lead to decreased reactivity of WFA lectin 

but not for aggrecan (Morawski et al., 2012), (Virgintino et al., 2009).  Data in the AD 

postmortem brains corroborated our previous murine 5xFAD findings showing a similar brain-

region dependent relationship between PNNs and plaques (data not shown). Aggrecan was 

present inside the plaque core and around the microglia, and a close spatial association was 

observed in the nearby intact PNNs (data not shown).  

Genome-wide association studies have provided strong indications of microglial involvement 

in AD. Several variants that increase AD risk have been identified, and several of these variants 

are microglial-associated genes: Trem2, CR1, HLA–DRB1, CD33, MS4A6A, and BIN1 (Kim, 

2018). is the transmembrane protein CR1(CD35), was found to be over-expressed in 

cerebrospinal fluids of AD patients (Daborg et al., 2012) and implicated in regulating the 

complement cascade activation through binding with the complement factors C3b and C4b 
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(Brouwers et al., 2012). Activated microglia show an increased CR1 expression and evidence 

of its detrimental effects on neurons has been provided  (Crehan et al., 2013). Complement 

factor C3 can induce pathogenic phagocytosis by interacting with Mac-1, a microglial receptor 

overexpressed in AD individuals (Strohmeyer et al., 2002). CD33, a risk factor gene for AD is 

over-expressed in microglia and positively correlated with plaque burden in diseased brains, 

which once inactivated can mitigate Aβ pathology (Griciuc et al., 2013), (Jiang et al., 2014), 

(Butler et al., 2021). Membrane spanning four-domain subfamily A members 4A and 6A 

(MS4A4A, MS4A6A) have recently been associated with altered sTrem2 (proteolytically 

cleaved TREM2) levels in patient CSF and an increased plaque score in AD patients  (Karch 

et al., 2012), (Proitsi et al., 2014), (Allen et al., 2012), (Ramirez et al., 2016). BIN1 remains 

one of the earliest genes to be linked to AD across multiple backgrounds in both genome-wide 

associated studies (Harold et al., 2009), (Seshadri et al., 2010) and epigenome-wide association 

studies (Chibnik et al., 2015), (Yu et al., 2015), (De Jager et al., 2014). Although the underlying 

mechanisms behind BIN1’s contribution to AD remains unknown, BIN1 is correlated to 

amyloid plaque and neurofibrillary tangle pathologies and involved in the regulation of  

neuronal activity (Voskobiynyk et al., 2020), (Beecham et al., 2014). 

Microglia have been linked to neuronal loss in AD where the studies have showed a deficit in 

the classical complement system C1q (Perry & O'Connor, 2008) and C3 (Ricklin et al., 2010), 

which can be associated to synaptic refinement and plasticity. C3-dependent microglial 

phagocytosis (Schafer et al., 2012)] for synapse pruning through complement localization 

happens during development (Stevens et al., 2007), normal ageing (Stephan et al., 2013) and 

neurodegeneration  (Howell et al., 2011), (Rosen & Stevens, 2010) The normative immune 

pathway involves the upregulation of microglial-localized C1q to act as a recognition molecule 

and trigger activation of downstream C3, which is associated with neuropathological 

alterations and demyelination in AD patients (Michailidou et al., 2015). 
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Data 

Immunohistochemical and biochemical characterization of the collaborative cross (CC) 

lines of the 5xFAD mouse model.  

To study and improve translation validity of AD mouse models, we decided to explore the role 

of genetic diversity as a variable for influencing disease-associated outcomes in 5xFAD mice, 

a model that recapitulates the human disease in terms of Aβ42 accumulation, cognitive decline, 

and neuronal deficits (Illouz et al., 2017), (Oakley et al., 2006), (Youmans et al., 2012). This 

was accomplished by using the F1 progeny of six different transgenic lines to cross: (1) fully 

inbred C57BL6/JJ (B6) background (WT and 5xFAD transgenes) with (2) a Collaborative 

cross (CC) genetic panel, which combines the genomes of eight genetically diverse founder 

strains: A/J, C57BL6/JJ, 129S1/SvImJ, NOD/LtJ, NZO/HlLtJ, CAST/EiJ, PWK/PhJ, and 

WSB/EiJ (Figure 7A,B). Breeding was facilitated by the Transgenic Mouse Facility at UCI, 

in combination with MODEL-AD. Compared to AXB/BXA and BXD (the most commonly 

used inbred mouse panels), that accounts for only 13% of variance, the CC panel is known to 

capture ~ 90% of the known variation present in laboratory mice. Moreover, the CC panel uses 

over 1,000,000 potential ‘outbred,’ but completely reproducible, genomes to create a series of 

1,000 “engineered” inbred (RI) mice strains utilizing the generation of recombinant inbred 

intercrosses (RIX) (Chesler et al., 2008). In this study, UNC/Jax generated more than 70 new 

recombinant inbred mouse lines using a funnel breeding scheme. This genetic variation 

provides significant power in assigning causality to genetic variation seen in human 

populations, which we postulated to help us better understand the intricacies of the biological 

networks underlying human AD.  
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Figure 7: (A) Allelic representation of the mice generated using a breeding scheme where the C57BL6/J female 

mice heterozygous for the dominant 5xFAD transgene were bred to males from five different Collaborative cross 

strains (CC002, CC006, CC013, CC017, CC037) to generate genetically diverse F1 offspring with homozygous 

C57BL6/J as controls. (B) Experimental paradigm where the mice were sacrificed at the 4-month and 12-month 

time points, and the tissue harvested was used for both immunohistochemical analysis and bulk RNA sequencing 
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for Cortex and Hippocampus and just Hippocampus, respectively. 

 

Figure 8: (A-B) Schematic representation of Immunohistochemical analysis performed on F1 progeny of 

collaborative cross lines (CC002, CC006, CC013, CC017, CC037) with the 5xFAD transgene dominant 

C57BL6/J allele. The mice were sacrificed at the 4-month and 12-month timepoints, and half of the brains 

harvested were used for the staining. b. Representative whole brain images of 4 -month and 12-month wild-type 

and 5xFAD transgene carrying C57BL6/J mice stained for dense-core plaques using Thioflavin-S (green). C. 
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Representative somatosensory cortex 20X confocal images of 4-month 5xFAD transgene carrying F1 progeny of 

collaborative cross mice (CC002, CC006, CC013, CC017, CC037) for Thioflavin -S (Thio-S, green) and 

immunolabeled with 6E10 for diffused plaque (6e10, red). Scale ba r = 100µm. D. At 4-months in cortex, 

quantification of Thio-S+ plaques revealed a slight increase in CC002 X 5xFAD line compared to CC006 X 

5xFAD and CC017 X 5xFAD. However, Thio-S+ plaque load (e) and average plaque volume (f) saw no significant 

differences across the lines. G. Quantification of 6e10+ area (%) revealed that 5xFAD transgenic C57BL6/J mice 

had more diffused plaque coverage compared to CC006 X 5xFAD. H. Representative subiculum 20X confocal 

images of 4-month 5xFAD transgene carrying F1 progeny of collaborative cross mice (CC002, CC006, CC013, 

CC017, CC037) for Thioflavin-S (Thio-S, green) and immunolabeled with 6E10 for diffused plaque (6e10, red). 

Scale bar = 100µm.  I. At 4-months in subiculum like cortex, quantification of Thio-S+ plaques revealed a 

significant increase in CC002 X 5xFAD line compared to all the other lines except CC013 X 5xFAD. J. 

Quantification of Thio-S+ plaque load percentage revealed that 5xFAD and CC002 X 5xFAD were significantly 

more than CC017 X 5xFAD and CC037 X 5xFAD and CC006 X 5xFAD was also significantly lower than CC002 

X 5xFAD. K. The average Thio-S+ plaque volume in 5xFAD was seen to be significantly increased compared to 

all the other lines except CC002 X 5xFAD, a line that was also significantly more than CC017 X 5xFAD and 

CC037 X 5xFAD L. 6e10+ area (%) showed a significant reduction in the CC006 X 5xFAD line compared to 

5xFAD and CC013 X 5xFAD and CC037 X 5xFAD. M. Representative somatosensory cortex 20X confocal images 

of 12-month 5xFAD transgene carrying F1 progeny of collaborative cross mice (CC002, CC006, CC013, CC017, 

CC037) for Thioflavin-S (Thio-S, green) and immunolabeled with 6E10 for diffused plaque (6e10, red). Scale bar 

= 100µm. Quantification of Thio-S+ plaques (N) and Thio-S+ plaque load (O) revealed that 5xFAD is 

significantly more susceptible to plaque formation compared to the other F1 progenies of collaborative cross 

lines. P. CC006 X 5xFAD had significantly increased average Thio-S+ plaque volume compared to CC002 X 

5xFAD and CC013 X 5xFAD. Q. However, 6e10+ area was consistent across all the lines at 12-month time point 

in the cortex. R. Representative subiculum 20X confocal images of 12-month 5xFAD transgene carrying F1 

progeny of collaborative cross mice (CC002, CC006, CC013, CC017, CC037) for Thioflavin-S (Thio-S, green) 

and immunolabeled with 6E10 for diffused plaque (6e10, red). Scale bar = 100µm. S. Quantification of Thio-S+ 

plaque number showed that 5xFAD and CC002 X 5xFAD were significantly more plaque su sceptible than CC006 

X 5xFAD, CC013 X 5xFAD and CC017 X 5xFAD. t. Similarly, plaque load for 5xFAD, CC002 X 5xFAD and 

CC037 X 5xFAD were significantly more plaque susceptible than CC006 X 5xFAD, CC013 X 5xFAD and CC017 

X 5xFAD. U. The subiculum average plaque volume at the 12-month timepoint showed CC002 X 5xFAD, CC013 

X 5xFAD and CC037 X 5xFAD are significantly higher than 5xFAD. V. The 6e10+ area at 12-month timepoint 

in subiculum showed that CC013 X 5xFAD has significantly more diffused plaques compared to 5xFAD, CC006 

X 5xFAD and CC037 X 5xFAD. No significant changes were seen between males and females across all the 

comparisons made. Data are represented as mean ± SEM. Statistical significance is denoted by * p<0.05, ** 

p<0.01, ***p<0.001, ****p<0.0001 via two-way ANOVA tests for all quantifications. 

 To investigate the impact of genetic diversity on plaque development, we stained diffuse and 

dense core plaques in CC X 5xFAD transgene carrying lines at both the 4-month and 12-month 

timepoints (Figure 8A). As expected, there is an increase in pathology, especially in the dense 

core plaques once age and genotype are factored in across all the lines. Representative stains 

for the homozygous C57BL6/J line are shown at 4-month and 12-month timepoints (Figure 

8B). I observe that at both ages there is consistent plaque burden across all CC x 5xFAD lines 

(Figure 8C-J), indicating stable transgene expression in all CC lines which I validated using 

Thy1 expression data. Amyloid plaques exhibit features that could be broadly characterized as 

dense core or diffuse, which can be readily detected using Thio-S (labels the beta sheets in the 

fibrillar Aβ aggregates) or 6e10 (binds to the amino acid residues of Aβ and APP), respectively. 
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Quantifications in the cortex at 4-month timepoint (Figure 8C-G) reveal that the CC002 X 

5xFAD line has the highest amount of dense core plaques, especially when compared to the 

CC006 X 5xFAD line, which has the lowest. (Figure 8D). However, there are no significant 

changes in the plaque load (Figure 8E) or average volume (Figure 8F) of dense core plaques. 

Consistent with dense core plaque data, CC006 X 5xFAD has the least number of diffuse 

plaques in comparison to 5xFAD at this timepoint (Figure 8G). Previous studies have reported 

a spatially and temporally defined pattern of plaque formation in specific neocortical and 

hippocampal regions henceforth hippocampus has a higher plaque load in comparison to the 

cortex (Reilly et al., 2003).  In concordance, the hippocampus at 4-month timepoints (Figure 

8H-L) shows a significant increase in plaque pathology in CC002 X 5xFAD line compared to 

all the other lines (Figure 8I). 5xFAD has the second highest plaque load after CC002 X 

5xFAD, while CC037 X 5xFAD has the lowest (Figure 8J). Congenic C57BL6/J 5xFAD has 

the highest average plaque volume while CC017 X 5xFAD and CC037 X 5xFAD have the 

least (Figure 8K). CC006 X 5xFAD mice have reduced diffuse plaque volume compared to 

5xFAD while CC013 X 5xFAD and CC037 X 5xFAD have the most (Figure 8L). Similarly, 

staining at the 12-month timepoint in the cortex reveals that 5xFAD show the most pathology 

with respect to dense core plaque number and load (Figure 8M-O). Average plaque volume is 

highest in CC006 X 5xFAD (Figure 8P) but there are no significant changes in diffuse plaques 

during this timepoint in the cortex (Figure 8Q). Stain quantifications in the hippocampus of 

12-month-old mice reveals CC006 X 5xFAD, CC013 X 5xFAD and CC017 X 5xFAD are 

significantly more resistant to plaque formation than 5xFAD (Figure 8R-S). A similar pattern 

of plaque susceptibility is seen in 5xFAD when compared to the other mice for plaque load 

(Figure 8T). CC002 X 5xFAD have a higher average plaque volume than 5xFAD (Figure 8u), 

while diffuse plaques appear higher in CC013 X 5xFAD compared to CC006 X 5xFAD 

(Figure 8v). From this, we conclude that congenic C57BL6/J 5xFAD has a tendency to form 
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more plaques compared to the other tested lines, and identified CC006 X 5xFAD and CC013 

X 5xFAD as lines that may be more resistant to plaque formation. 

 

Figure 9: (A-D) Cortical soluble fraction quantification at 4-month revealed a slight increase in Aβ40 of 

CC037 X 5xFADmice in comparison to 5xFAD. No significant changes were seen in insoluble Aβ40 (C) and 

soluble (B) and insoluble (D) Aβ42 in cortex at this time point. Soluble fraction quantification at 4-month in 

subiculum showed no change in Aβ40 (E) and Aβ42 (F) but insoluble fraction quantification in 5xFAD for 

Aβ40 (G) and Aβ42 (H) showed an increase compared to some of the other collaborative cross lines (CC006 

X 5xFAD and CC037 X 5xFAD). I. At 12-month soluble fraction quantification in the cortex showed that 

5xFAD had more Aβ40 compared to CC013 X 5xFAD and CC017 X 5xFAD whereas CC037 X 5xFAD had 

more soluble Aβ42 fraction compared to all the other lines except 5xFAD (J). K. 5xFAD and CC037 X 

5xFADalso had the most insoluble Aβ40  fraction at 12-month in cortex compared to all the other lines, but 

only CC037 X 5xFAD had the most insoluble Aβ42 fraction except when compared to CC013 X 5xFAD (L). 

M. There were no significant differences in the subiculum Aβ40 soluble fraction quantification at the 12 -

month timepoint. N. At the 12-month timepoint, CC002 X 5xFAD had significantly more soluble Aβ42 fraction 

in subiculum compared to its 5xFAD and CC013 X 5xFAD counterparts. However, 5xFAD seem to have the 

most insoluble Aβ40 (O) and Aβ42 (only in comparison to CC002 X 5xFAD and CC017 X 5xFAD) (P) fraction 

in the subiculum at 12-months. No significant changes were seen between males and females across all the 
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comparisons made. Data are represented as mean ± SEM. Statistical significance is denoted by * p<0.05, ** 

p<0.01, ***p<0.001, ****p<0.0001 via two-way ANOVA tests for all quantifications. 

To explore the effect genetic diversity has on overall Aβ levels we assayed detergent 

soluble and insoluble fractions of Aβ40 and Aβ42 from micro-dissected cortices and 

hippocampi. At the 4-month timepoint, CC037 X 5xFAD produces more Aβ40 than 5xFAD 

(Figure 9A). However, there are no differences at this timepoint in the cortices for 

insoluble Aβ40 and soluble/insoluble Aβ42, as well as soluble Aβ40 and Aβ42 in the 

subiculum (Figure 9C-F). We observe elevated insoluble Aβ40 and Aβ42 levels in 5xFAD 

relative to CC006 X 5xFAD and CC037 X 5xFAD (Figure 9G-H). In the cortex at the 12-

month timepoint, 5xFAD mice have higher levels of soluble Aβ40 than CC013 X 5xFAD 

and CC017 X 5xFAD, and higher levels of Aβ42 than all the other lines (Figure 9I-J). 

5xFAD and CC037 X 5xFAD have elevated insoluble Aβ40 levels in comparison to all the 

other lines whereas, CC013 X 5xFAD has the lowest insoluble Aβ42 fraction level with 

respect to CC037 X 5xFAD in the cortex at the 12-month timepoint (Figure 9K-L). No 

differences are detected in the 12-month-old hippocampal Aβ40 soluble fraction (Figure 

9M). In the subiculum at the 12-month timepoint, we observe a decrease in 5xFAD and 

CC013 X 5xFAD soluble Aβ42 fraction; however, insoluble Aβ40 and Aβ42 levels are 

higher in 5xFAD compared to CC002 X 5xFAD and CC017 X 5xFAD (Figure 9N-P). We 

notice conserved trends in the plaque quantification through Aβ quantification where 

5xFAD and CC037 X 5xFAD are the most susceptible to plaque formation, and CC006 X 

5xFAD and CC013 X 5xFAD are the most plaque resistant lines. To determine the 

correlation between plaque load and microglial as well as astrocytic counts, I quantified the 



 

70 
 

IBA1+ microglia (Figure 10) along with S100b+ and GFAP+ astrocytes (Figure 11) at 

both time points across the two regions compared to their WT counterparts.  

Figure 10: Representative somatosensory cortex (A) and subiculum (B) 20X confocal images of 12-month wild-

type and 5xFAD transgene carrying F1 progeny of collaborative cross mice (CC002, CC006, CC013, CC017, 

CC037) for dense-core plaques using Thioflavin-S (Thio-S, green) and immunolabeled microglia (IBA1, red). 

Scale bar = 100µm. C-F. Quantification of number of microglial cells normalized to the wild -type C57BL6/J at 

the 4-month timepoint C. Wild-type had the most microglia in Cortex at the 4-month timepoint when compared to 

the other lines except CC017 X C57BL6/J whereas CC013 X 5xFAD had lower microglia compared to 5xFAD 

and CC017 X 5xFAD D. CC013 X C57BL6/J had significantly lower microglial cells at 4months in the subiculum 

when compared to CC017 X C57BL6/J, however all the lines except CC013 X 5xFAD had more microglia than 

CC006 X 5xFAD. E. In cortex at 12-months CC013 X C57BL6/J had more microglial cells in comparison to 

CC006 X C57BL6/J, CC002 X C57BL6/J and C57BL6/J. 5xFAD was found to have significantly more microglia 

than CC017 X 5xFAD and CC006 X 5xFAD, which is a line that was also significantly lower than CC013 X 

5xFAD. F. In subiculum at the 12-month timepoint CC013 X C57BL6/J was found to have significantly more 

microglial cells than CC006 X C57BL6/J and CC002 X C57BL6/J and C57BL6/J. CC017 X C57BL6/J was also 

significantly higher in the microglial cell count than CC002 X C57BL6/J and C57BL6/J. 5xFAD and CC013 x 

5xFAD were the two lines that had higher microglial counts than CC006 x 5xFAD. No significant changes were 

seen between males and females across all the comparisons made. Data are represented as mean ± SEM. 

Statistical significance is denoted by * p<0.05, ** p<0.01, ***p<0.001, ****p<0.0001 via t wo-way ANOVA tests 

for all quantifications. 

 

Mounting evidence has implicated glial cells in the modulation of neurons as well as 

synaptic elements in both the healthy and diseased brain, which in turn may affect learning 

and memory (Paolicelli et al., 2011), (Rice et al., 2015), (Elmore et al., 2014), (Elmore et 

al., 2018).  It’s been hypothesized that once in close proximity to plaques, microglia 
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become activated or undergo morphological changes and surround plaques, releasing 

cytokines and chemokines which cause inflammation hence contributing to disease 

progression (Bandyopadhyay, 2021), (Dzamba et al., 2016), (Nordengen et al., 2019). This 

implicates microglia as a key component in Alzheimer’s disease, hence we explored 

microglial densities in both the wildtype and 5xFAD progenies to characterize any strain 

related effects (Figure 10A-B). To get an accurate measure of relative change, we 

normalized the quantifications across all lines with respect to average microglial density of 

C57BL6/J (Figure 10C-F), which is higher at 4-month timepoint in cortex in comparison 

to all the other groups in WTs. CC013 X 5xFAD mice show a slight reduction in 

comparison to 5xFAD, and CC017 X 5xFAD has the highest normalized microglial density 

(Figure 10C). In the subiculum, CC013 X C57BL6/J has the lowest normalized microglial 

density, while CC006 X 5xFAD and CC013 X 5xFAD were the lines with the lowest 

microglial densities when compared to other 5xFAD lines (Figure 10D). In conclusion we 

observe a strong positive correlation between the microglial quantifications and plaque 

pathology quantifications, as C57BL6/J and 5xFAD show higher levels of microglial 

densities and CC006 X C57BL6/J and CC013 X C57BL6/J as well as CC006 X 5xFAD 

and CC013 X 5xFAD have lower normalized microglial density quants at the 4-month 

timepoint.  

At the 12-month timepoint in the cortex CC013 X C57BL6/J mice have higher normalized 

microglial densities in comparison to C57BL6/J mice. Also, CC006 X 5xFAD and CC017 

X 5xFAD groups have lower normalized microglial densities compared to 5xFAD (Figure 

10E). The hippocampus shows that CC013 X C57BL6/J has the highest normalized 

microglia density compared to C57BL6/J, whereas CC006 X C57BL6/J has the lowest. 

Additionally, CC006 x 5xFAD mice exhibit lower normalized microglial counts compared 

to 5xFAD, which are the highest of all groups (Figure 10F). Altogether at the 12-month 
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timepoint, C57BL6/J and 5xFAD show higher levels of microglial densities and CC006 X 

C57BL6/J as well as CC006 X 5xFAD and CC013 X 5xFAD have lower normalized 

microglial density quants. 

 

Figure 11: A-B. Representative somatosensory cortex (A) and subiculum (B) 20X confocal images of 12-

month wild-type and 5xFAD transgene carrying F1 progeny of collaborative cross mice (CC002, CC006, 

CC013, CC017, CC037) for dense-core plaques using Thioflavin-S (Thio-S, green) and immunolabeled 

reactive astrocytes (GFAP in red and s100β in blue). Scale bar = 100µm. C. At the 4-month timepoint in 

cortex, the s100β+ cell density quantification showed that CC013 X C57BL6/J had more reactive astrocytic 

cells than all the other lines except CC037 X C57BL6/J and that CC037 X C57BL6/J also had significantly 

more reactive astrocytic cells than C57BL6/J and CC013 X C57BL6/J. It also revealed than CC013 X 5xFAD 

had more reactive astrocytic cells than 5xFAD, CC002 X 5xFAD and CC017 X 5xFAD. D. Quantification of 

GFAP+ cell density in cortex at 4-months was significantly more in CC002 X C57BL6/J compared to 

C57BL6/J and that CC017 X 5xFAD had significantly lower GFAP+ cell density in comparison to 5xFAD 

and CC002 X 5xFAD. E. In the subiculum at the 4-month time point the quantification of s100β+ cell density 

showed that C57BL6/J had significantly more reactive cells in comparison to all the other lines except CC037 

X C57BL6/J. CC013 X C57BL6/J had the lowest amount of s100β+ cell density compared to all the other 

lines. CC002 X 5xFAD had significantly lower reactive astrocytic cells in comparison to CC0017 X 5xFAD, 

CC006 X 5xFAD and 5xFAD, which was a line found to also be significantly more compared to CC013 X 

5xFAD. F. Quantification of GFAP+ cell density revealed than CC002 X C57BL6/J had more reactive 

astrocytic cells than CC013 X C57BL6/J. However, no significant changes were seen in lines carrying the 

5xFAD transgene. G. When s100β+ cell density was quantified in the cortex at the 12-month timepoint, CC017 
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X C57BL6/J seemed to have lower reactive astrocytic cell count compared to CC037 X C57BL6/J, CC002 X 

C57BL6/J and CC013 X C57BL6/J, which is also a line having significantly more cell density quantification 

in comparison to C57BL6/J. CC017 X 5xFAD also showed a significant reduction in the reactive astrocytic 

cell density in comparison to CC013 X 5xFAD and CC002  X 5xFAD. H. Quantification of GFAP+ cell density 

in cortex at the 12-month timepoint revealed that CC013 X C57BL6/J had more cell density in comparison 

to CC006 X C57BL6/J and CC017 X C57BL6/J. 5xFAD controls were found to have the most reactive 

astrocytic cell density except when compared to CC006 X 5xFAD and CC017 X 5xFAD had the least amount 

of GFAP+ cell density compared to all the other lines. I. At the 12-month timepoint in the subiculum 

quantification of s100β+ cell density revealed that C57BL6/J and CC013 X C57BL6/J had more reactive 

astrocytic cells in comparison to CC002 X C57BL6/J, CC006 X C57BL6/J and CC017 X C57BL6/J. CC017 

X 5xFAD was found to have the lower reactive astrocytic cells when compared to all the other lines except 

in comparison to 5xFAD, a line that had significantly lower s100β + cell density to CC037 X 5xFAD. J. 

Quantification of GFAP+ cell density at the 12-month timepoint in subiculum revealed that CC037 X 

C57BL6/J had significantly more reactive astrocytic cells in comparison to CC013 X C57BL6/J and 

C57BL6/J. CC017 X 5xFAD was found to have the least reactive astrocytic cell density in comparison to all 

the other lines except in comparison to CC013 X 5xFAD. No significant changes were seen between males 

and females across all the comparisons made. Data are represented as mean ± SEM. Statistical significance 

is denoted by * p<0.05, ** p<0.01, ***p<0.001, ****p<0.0001 via two-way ANOVA tests for all 

quantifications. 

 

To characterize the effect of genetics on the densities of astrocytes, we stained for astrocytic 

markers at both the 4-month and 12-month timepoints in the cortex and hippocampus using 

s100β; a biomarker expressed by most astrocytes and GFAP; a biomarker that’s expressed 

by only reactive cortical and all hippocampal astrocytes (Figure 11A-B). The cortex at the 

4-month timepoint shows an increase in s100β+ cell density for CC006 X C57BL6/J and 

CC037 X C57BL6/J in comparison to C57BL6/J and CC013 X C57BL6/J. Interestingly, 

CC006 X 5xFAD has higher s100β+ cell density than 5xFAD (Figure 11C). Staining for 

GFAP+ cell density in the cortex at 4-months reveals highest astrocytic density in CC002 

X C57BL6/J. Additionally, the lowest GFAP+ cell density in CC017 X 5xFAD is seen 

when compared to 5xFAD (Figure 11D). In the subiculum, C57BL6/J has the highest 

s100β+ cell density in comparison to all the other lines, while CC013 X C57BL6/J has the 

lowest. Similarly, 5xFAD has the highest s100β+ cell density in comparison to CC013 X 

5xFAD, however, CC002 X 5xFAD has the lowest density overall (Figure 11E). CC013 

X C57BL6/J was found to have the lowest GFAP+ in WT mice, and no significant 

differences are observed between 5xFAD transgenic lines (Figure 11F).  

Similar labelling at the 12- month timepoint revealed that CC013 X C57BL6/J has the 

highest s100β+ cell density in the cortex while C57BL6/J and CC017 X C57BL6/J have 
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the lowest in WT groups. CC017 X 5xFAD has lowest s100β+ cell density and CC013 X 

5xFAD the highest (Figure 11G) in the 5xFAD groups. CC013 X C57BL6/J has the highest 

GFAP+ cell density in cortex at the 12-month timepoint across WT groups. In 5xFAD 

groups, CC017 X 5xFAD has the lowest GFAP+ cell density in comparison to all the other 

lines, suggesting a markedly altered astrocytic response to plaques, and 5xFAD the highest 

(Figure 11H). In the subiculum, the s100β+ cell density is higher in C57BL6/J compared 

to other WT groups. In 5xFAD groups s100β+ cell density highest in CC037 X 5xFAD 

mice, and lowest in CC017 X 5xFAD mice (Figure 11I). GFAP+ cells in the subiculum at 

12 months do not vary greatly between groups, other than a reduced density in CC017 X 

5xFAD mice in comparison to all the other lines (Figure 11J). From the astrocytic staining 

I discovered that CC017 consistently had lower cell density compared to all the other cell 

lines for both WTs and AD-CC groups, revealing a profoundly altered astrocytic response 

to plaques. 

 

Figure 12: A-D. Measurement of NƒL in cortical insoluble fraction (A) via Meso Scale Discovery technology 

revealed significant changes only in the 5xFAD transgene carrying samples at the 4 -month timepoint. CC013 

had lower NƒL in comparison to all the other lines except CC006 X 5xFAD, a lin e that is also found to have 

lower NƒL than 5xFAD, CC017 X 5xFAD and CC037 X 5xFAD. Plasma NƒL (B) level was significantly more 

in C57BL6/J compared to CC006 X C57BL6/J, CC013 X C57BL6/J and CC017 X C57BL6/J. 5xfAD also had 

the highest NƒL levels across the lines with CC013 X 5xFAD having the least in comparison to others except 

in comparison to CC006 X 5xFAD. Surprisingly the NƒL levels in cortical insoluble fraction (C) at the 12-

month timepoint revealed the opposite with significant changes only seen in the non-5xfAD transgene 

carrying samples. CC037 X C57BL6/J had significantly more NƒL levels in comparison to C57BL6/J, CC002 

X C57BL6/J and CC017 X C57BL6/J. Significant changes in the plasma NƒL levels (D) were only seen in 

5xFAD transgene carrying samples with CC013 X 5xFAD having the lower NƒL levels in comparison to 

CC017 X 5xFAD, CC002 X 5xFAD and 5xFAD. 5xFAD also had higher NƒL levels than CC006 X 5xFAD in 

the plasma. No significant changes were seen between males and females across all the comparisons made. 
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Data are represented as mean ± SEM. Statistical significance is denoted by * p<0.05, ** p<0.01, 

***p<0.001, ****p<0.0001 via two-way ANOVA tests for all quantifications. 

Recently, certain clinical blood-based biomarkers have emerged that can help track 

cognitive decline and neuro-damage in mouse models of AD. One such biomarker is 

Neurofilament light chain (NƒL), which has also been implicated as a strong measure for 

the determination of plaque load and risk of developing dementia (Benedet et al., 2019), 

(E. H. Lee et al., 2022). To gain insight into the brain damage caused by age and the 5xFAD 

transgene on these strains we measured NƒL levels in both the plasma and insoluble 

fraction of the cortex of 4- and 12-month-old mice. No differences are observed in cortex 

NƒL levels of WT groups at 4 months of age, but increased NƒL levels are found in 5xFAD 

groups, consistent with the presence of plaques increasing NƒL (Figure 12a). Of the 

5xFAD groups, 5xFAD on the C57BL6/J background has the highest NƒL levels, and 

CC013 X 5xFAD the lowest. Plasma NƒL at this 4-month timepoint mirrored the cortical 

NƒL levels, with levels being robustly increased in most 5xFAD groups compared to WT 

(Figure 12b). 5xFAD also has the highest plasma NƒL levels across all the lines with 

CC006 X 5xFAD and CC013 X 5xFAD having the least (Figure 12b).  

By the 12-month timepoint, NƒL levels in the cortical insoluble fraction no longer differ 

between 5xFAD groups (Figure 12c). Notably, plasma NƒL levels mirror the effects seen 

at the 4-month timepoint, with the most plasma NƒL in 5xFAD mice, and the least in CC006 

X 5xFAD and CC013 X 5xFAD (Figure 12d). Overall, the NƒL levels correlate well with 

the plaque load seen in Figure 2; where 5xFAD and CC037 have the highest levels and 
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CC006 and CC013 have the lowest levels for both plaques and plasma NƒL. 

 

Figure 13: Representative somatosensory cortex (A) and subiculum (B) 20X confocal images of 4-month 

wild-type and 5xFAD transgene carrying F1 progeny of collaborative cross mice (CC002, CC006, CC013, 

CC017, CC037) for dense-core plaques using Amylo-glo (Amylo-glo, blue) and immunolabeled perineuronal 

nets (WFA in red and Aggrecan in green). Scale bar = 100µm. C. In cortex, the total WFA area 

quantifications were the least in CC006 X C57BL6/J and CC013 X C57BL6/J than all the other lines. It also 

revealed than CC002 X 5xFAD had more total WFA area in comparison to 5xFAD, CC013 X 5xFAD and 

CC017 X 5xFAD. D. Quantification of average WFA mean intensity in cortex was significantly more in 

C57BL6/J and CC037 X C57BL6/J compared to CC013 X C57BL6/J and that CC037 X 5xFAD had 

significantly higher average WFA mean intensity in comparison to CC002 X 5xFAD, CC013 X 5xFAD and 
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CC017 X 5xFAD. E. In the subiculum the quantification of total WFA area in CC037 X C57BL6/J was 

significantly more in comparison to C57BL6/J. CC002 X 5xFAD had significantly lower total WFA area in 

comparison to CC0013 X 5xFAD, CC037 X 5xFAD. F. Quantification of average WFA mean intensity in 

subiculum revealed than CC013 X C57BL6/J had more intensity compared to CC002 X C57BL6/J, CC017 X 

C57BL6/J and CC037 X C57BL6/J which is also lower in intensity in comparison to C57BL6/J. CC017 X 

5xFAD had the least average WFA mean intensity in comparison to 5xFAD and CC013 X 5xFAD. 

Representative somatosensory cortex (G) and subiculum (H) 20X confocal images of 12-month wild-type and 

5xFAD transgene carrying F1 progeny of collaborative cross mice (CC002, CC006, CC013, CC017, CC037) 

for dense-core plaques using Amylo-glo (Amylo-glo, blue) and immunolabeled perineuronal nets (WFA in 

red and Aggrecan in green). Scale bar = 100µm. I. In cortex, the total WFA area quantifications were the 

least in CC013 X C57BL6/J than all the other lines expect CC037 X C57BL6/J. CC017 X C57BL6/J was also 

found to have lower area in comparison to C57BL6/J and CC02 X C57BL6/J. It also revealed that CC013 X 

5xFAD had the least total WFA area in comparison to all the other lines. CC002 X 5xFAD was higher in 

total WFA area in comparison to 5xFAD, CC017 X 5xFAD and CC037 X 5xFAD. J. Quantification of average 

WFA mean intensity in cortex was significantly more in C57BL6/J compared to all the other lines. CC013 X 

C57BL6/J and CC037 X C57BL6/J were also lower in average WFA mean intensity in comparison to CC002 

X C57BL6/J. CC013 X 5xFAD had the least average WFA mean intensity across all the lines. CC017 X 

5xFAD had more average WFA mean intensity in comparison to CC006 X 5xFAD and CC037 X 5xFAD. K. 

In the subiculum the quantification of total WFA area in CC013 X C57BL6/J was signi ficantly lower in 

comparison to C57BL6/J, CC002 X C57BL6/J and CC006 X C57BL6/J. CC013 X 5xFAD had significantly 

lower total WFA area in comparison to all lines except 5xFAD. CC0017 X 5xFAD was also lower in area in 

comparison to CC002 X 5xFAD and CC006 X 5xFAD. L. Quantification of average WFA mean intensity in 

subiculum revealed that CC013 X C57BL6/J had more intensity compared to CC002 X C57BL6/J. CC002 X 

5xFAD had the lower average WFA mean intensity in comparison to 5xFAD and CC006 X 5xFAD. No 

significant changes were seen between males and females across all the comparisons made. Data are 

represented as mean ± SEM. Statistical significance is denoted by * p<0.05, ** p<0.01, ***p<0.001, 

****p<0.0001 via two-way ANOVA tests for all quantifications. 

To evaluate ECM damage, we stained for perineuronal nets markers at both the 4-month 

and 12-month timepoints in the cortex and hippocampus using WFA; lectin protein that 

binds specifically to certain sugars in the extracellular matrix of PNNs and Aggrecan; 

proteoglycan molecule that is a major component of PNNs used to visualize the overall 

structure of PNNs (Figure 13A,B,G,H). The cortex at the 4-month timepoint shows an 

increase in total WFA area for CC002 X C57BL6/J and CC037 X C57BL6/J in comparison 

to CC006 X C57BL6/J and CC013 X C57BL6/J. Interestingly, CC006 X 5xFAD and 

CC013 X 5xFAD also have lower total WFA area in comparison to 5xFAD and CC002 X 

5xFAD (Figure 13C). Staining for average WFA mean intensity in the cortex at 4-months 

reveals higher intensity in C57BL6/J and CC037 X C57BL6/J and lower in CC006 X 

C57BL6/J and CC013 X C57BL6/J. Additionally, the lowest average WFA mean intensity 

is also seen in CC006 X 5xFAD and CC013 X 5xFAD in comparison to 5xFAD and CC037 

X 5xFAD (Figure 13D). In the subiculum, CC037 X C57BL6/J has the highest total WFA 

area in comparison to all the other lines, while C57BL6/J has the lowest. Similarly, 5xFAD 
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has the lowest total WFA area in comparison to CC013 X 5xFAD and CC037 X 5xFAD 

which are the highest (Figure 13E). CC013 X C57BL6/J is found to have the highest 

average WFA mean intensity and CC037 X C57BL6/J the lowest among subiculum of WT 

mice, and CC017 X 5xFAD was the lowest among the 5xFAD transgenic lines (Figure 

13F).  

Similarly labelling in the cortex at the 12- month timepoint reveals CC013 X C57BL6/J as 

the line with the lowest total WFA area in comparison to C57BL6/J and CC002 X 

C57BL6/J having the highest among the WT groups.  Similarly, 5xFAD and CC013 X 

5xFAD have the lower total WFA area and CC002 X 5xFAD the highest (Figure 13I) in 

the 5xFAD groups. CC013 X C57BL6/J has the lowest average WFA mean intensity in 

cortex at the 12-month timepoint across WT groups in comparison to C57BL6/J which is 

the highest. Similarly, in 5xFAD groups CC013 X 5xFAD has the lowest average WFA 

mean intensity in comparison to all the other lines, suggesting a markedly altered ECM 

structure with respect to perineuronal nets response to plaques, and 5xFAD the highest 

(Figure 13J). In the subiculum, the total WFA area is higher in C57BL6/J compared to 

other WT groups and CC013 X C57BL6/J has the lowest. In 5xFAD groups total WFA 

area is the highest in CC002 X 5xFAD mice, and lowest in 5xfAD and CC013 X 5xFAD 

mice (Figure 13K). Average WFA mean intensity in the subiculum at 12 months do not 

vary hugely between groups, other than a reduced density in CC002 X C57BL6/J and 

CC002 X 5xFAD mice in comparison to their matched counterparts (Figure 13L). From 

the PNN staining we discovered that CC006 and CC013 even though started with 

comparable quants at the 4-month timepoint showed a stark reduction by the 12-month 

timepoint compared to all the other cell lines for both WTs and AD-CC groups, revealing 

a profoundly strain dependent ECM alteration.   
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Chapter 2.2. Identify the transcriptional changes associated with PNN alterations in CC 

and CC x 5xFAD mouse lines.   

To complement and validate the biochemical experimental data, as well as to provide critical 

evidence to support whether microglia could be major regulators of PNNs, I performed 

transcriptional analyses to computationally link this phenotypic variance to founder strains.  

Generating Custom Transcriptome: To accomplish this, I have been analyzing bulk mRNA 

collected from both WT and 5xFAD CCXC57BL6/J mouse lines to determine the underlying 

relationship between PNN loss and microglial dysfunction on a transcriptional level. Having 

no reference genomes available for the CC lines, I first tried aligning the sample FASTQ files 

to the genomes of the founder strain pooled together. This resulted in >50% transcript dropout 

due to the presence of the excessive transcripts from the eight founder strains, making it 

impossible to get any significant statistics after downstream processing. I then reconstructed 

genomes using GBRS, a suite of tools that uses the multiparent populations RNA-seq data 

directly and simultaneously reconstructs the individual diploid genome and quantifies the total 

and allele-specific expression. However, due to limitations of the software and the 

extensiveness of the background strain, the genome created showed only ~80% likeness when 

compared to the actual haplotype information provided by JAX (Figure 14A), which again 

would have led to loss of data. To make the constructed genome more robust and decrease loss 

of data, instead of changing the custom genome using GBRS, I decided to use the 

aforementioned haplotype file for each of the CC lines we were interested in and manually 

picked the region of interest from the Founder strains based on the chromosome number and 

location provided. I then used that data to select the transcripts we would be interested in. This 
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custom transcriptome for all the required CC lines was then used to align our samples to.
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Figure 14: (A) Comparison between haplotype mosaic of the sequenced representative provided by JAX and 

generated by GBRS using the sample fastq files, showing only an 80% overlap. (B) Example of volcano plots 

generated for CC06 versus C57BL6/J mice (as proof of principal) for both males and females resulting in ~7000 

DEGs (FDR ≤ 0.05; n = 6-8/group). Heatmaps of genetic changes in form of the number of differential genes 

between the F1 progeny of the collaborative cross and wild -type C57BL6/J mice in the cortex at the 4-month 

timepoint and hippocampus at the 4-month as well as the 12-month timepoint. Insets of samples separated by sex 

attached where the color shows the total number of differential genes between the comparisons . C. Circular 

heatmap depicting module-trait relationships generated to explore relationships between age as a variable from 

WGCNA (red represents positive correlation and blue represents negative correlation) and the cell type 

enrichment analysis (dark maroon symbolizes high enrichment and pale-yellow shows no enrichment) along with 

the GO-Elite pathway analysis (pathways with the highest combined score for each module selected.  D. Module 

eigengene plots with the most significant differences are selected when comparing 4 -month and 12- month 

timepoint for the F1 progeny of CC017 and wild-type C57BL6/J mice. The bar plot colors are associated to the 

module colors. E. Module eigengene plot for the LightGreen module shown across the lines to understand effects 

of directionality pertaining to the positive and negative correlation. The analysis only includes the non -transgenic 

mice i.e.no 5xFAD samples were included. Statistical significance is denoted by * p<0.05, ** p<0.01, 

***p<0.001, ****p<0.0001. 

Statistical expression analysis: Once the custom transcriptome for the CC lines (CC06 shown 

as prelim data) was constructed with the required incorporated transgene and indexed, I used 

EMASE (Expectation-Maximization for Allele Specific Expression) (Raghupathy et al., 2018) 

and aligned our samples to their corresponding references to quantify allele specific expression 

at the gene and isoform levels. This would have generated not only the Total TPM (Transcripts 

per million) but contributions of the founder strains to the allele expression. However, the 

power due to the excessive number of strains led to allelic bias in the data. To ascertain the 

non-transgenic genetic changes between the different WT F1 progenies, we visualized total 

number of differential genes with heatmaps for the CC X C57BL6/J mice in the cortex at the 

4-month timepoint and the hippocampus at the 4-month and 12-month timepoint. We 

normalized the scales across the three comparisons to visualize the relative changes across the 

brain regions and timepoints which reveal that in the hippocampus at 12-months, the 

homozygous C57BL6/J mice were genetically the most divergent from the other CC X 

C57BL6/J mice. To further investigate whether the changes observed were sex driven or not, 

we re-analyzed the sex-differentiated cohort of mice, and comparisons were plotted as 

heatmaps (Figure 14B). We explored the relationships of these genes’ expression through 

changes seen in the network built using consensus weighted gene co-expression network 

analysis (cWGCNA) on the different non-transgenic heterozygous CC X C57BL6/J lines 
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(WT). The resulting network consisted of seventeen independent modules or communities of 

genes related to one another by their co-expression across 4-month and 12-month of age. We 

determined functional pathways represented by each consensus network module using gene 

ontology analysis (GO-Elite) on the genes comprised and based on the highest z-score we 

assigned primary ontology to each of the modules. Additionally, we assessed the cell-type 

nature of each module by determining if certain cell-type-specific protein markers were 

enriched within. Having a highly powered network with a significant correlation 0.1 and -0.1 

being observed at FDR < 0.05 for most lines; we discerned a significant correlation of specific 

modules with certain cell-types/traits with the highest enrichment threshold assigned at 0.6. 

This revealed both lines and modules that are of unique interest, including the Myelination 

(Salmon) module that is enriched for oligodendrocytes (OLG) and the Neuropeptide Receptor 

Activity (Purple) module enriched for interneurons (INT) as well as CA1 (P_CA1) and 

somatosensory cortex pyramidal neurons (P_SS) (Figure 14C). Strikingly, a large fraction of 

the seventeen modules are significantly correlated to CC017 X C57BL6/J. Wanting to 

distinguish alterations caused by ageing, all module eigengenes were compared and plotted 

across the two different time points; 4- and 12-month; in the hippocampus. Based on their 

trajectories, these modules are classified as down-regulated (Green: Animal Organ 

Morphogenesis, Blue: Cell Action Potential, LightGreen: Synapse Maturation); up-regulated 

(LightYellow: Protein Localization, Pink: mRNA Metabolic Process, RoyalBlue: tRNA 

Transcription, Turquoise: Protein Enzyme Binding, Tan: Endothelial Cell Differentiation, 

Salmon: Myelination, Brown: Response to lipoteichoic acid, Cyan: Actin Nucleation, Purple: 

Neuropeptide receptor activity) and non-significant (Black, GreenYellow, Yellow, Magenta, 

Red) (Figure 14D). Interestingly, the synapse maturation module (LightGreen) is significantly 

regulated with respect to age and across the lines (Figure 14E). In summary, the analysis of 

WT (CC X C57BL6/J) F1 progeny of more than 400 brain tissues allows us to quantify gene 
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differences and construct a highly powered robust gene co-expression network, showing a 

replicated pattern of alterations correlated to age across lines; none of which are sex driven.

 

Figure 15: A. Volcano plot of DEGs, displaying fold change of gene expression (log 2 scale) and P values (−log10 

scale) at 12-month timepoint in hippocampal tissue between wild-type vs 5xFAD. B. Circular heatmap depicting 

module-trait relationships generated to explore relationships between genotype (wild -type vs 5xFAD) as a 

variable from WGCNA (red represents positive correlation and blue represents negative correlation) and the cell 

type enrichment analysis (dark maroon symbolizes high enrichment and pale-yellow shows no enrichment) along 

with the GO-Elite pathway analysis (pathways with the highest combined score for each module selected). C. 

Circular heatmap depicting module-trait relationships generated to explore relationships between age (4 -month 

vs 12-month) as a variable from WGCNA (red represents positive correlation and blue represents negative 

correlation) and the cell type enrichment analysis (dark maroon symbolizes high enrichment and pale -yellow 

shows no enrichment) along with the GO-Elite pathway analysis (pathways with the highest combined score for 

each module selected). The analysis includes all groups including wild-types and 5xFAD transgene carrying 

samples. Statistical significance is denoted by * p<0.05, ** p<0.01, ***p<0.001, ****p<0.0001.  

 Assessing the genotypic impact of 5xFAD transgene on genetically diverse strains is 

fundamental in understanding the link between dysregulated biological processes and AD 

susceptibility of a strain. To characterize gene expression differences induced by the transgene 

between lines, RNA-seq analysis was performed comparing CC X C57BL6/J (WT) and CC X 

5xFAD (AD-CCs) mice. Differentially expressed genes for 12-month-old hippocampal tissue 

comparing transgenic mice and their wild-type counterparts were visualized using volcano 

plots (grey: non-significant; green: |log2FoldChange| >1; red: FDR < 0.05 and blue: 
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|log2FoldChange| >1 & FDR < 0.05) (Figure 15A). To further explore the gene expression 

changes as a function of the genotype (presence and absence of 5xFAD), age (4- and 12-month-

old), and gender (males and females), cWGCNA was performed; consistent to the WT datasets. 

We further discerned whether functional networks of these correlated genes are enriched for 

specific cell-types (with the highest enrichment threshold assigned at 0.6) and gene-ontology 

pathways (GO-Elite). The investigation of module-trait relationships resulted in seventeen 

different modules containing genes related to one another by their co-expression across 

genotype (Figure 15B) and age (Figure 15C), where the significant correlation 0.1 and -0.1 is 

observed at FDR < 0.05 for most lines. This unveiled modules of interest, one of which is 

Synapse pruning, and microglial migration (Yellow); the only module significantly up 

regulated as a result of genotype and enriched for microglial markers. Comparing the two 

networks, we find that most of the modules are significantly correlated to age, as opposed to 

the strain. Inferring that changes induced by pathology are largely conserved across diverse 
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backgrounds.

 

Figure 16: A. Heatmaps generated using curated gene lists (genes were included based on association of previous 

work) for all samples (wild-type and 5xFAD transgene carrying) across all lines. B-E.  PC1 calculated from the 

heatmap generated for a. was used for bar eigengene plots across AD-related (B), astrocytic (C), microglial (D) 

and neuronal (E) gene lists for wild-type and 5xFAD transgenic collaborative cross lines. F-I. delta eigengene 

plots as bar plots across AD-related (F), astrocytic (G), microglial (H) and neuronal (I) gene lists for wild-type 

and 5xFAD transgenic collaborative cross lines. J-M. Dot plot of Pearson coefficients for correlation between 

plasma NƒL levels in 12d. and AD-related (J), astrocytic (K), microglial (L) and neuronal (M) gene lists for wild-

type and 5xFAD transgenic collaborative cross lines. 

Having looked at certain pathological and histological markers through IHC and assays, we 

decided to further investigate their transcriptional associations. Accordingly, four separate 

custom gene lists were curated using genetic databases distinguished by their AD-related, 

astrocytic, microglial or neuronal functions. We generated heatmaps using these curated lists 

across all the lines comprised of CC X C57BL6/J (WT) and CC X  5xFAD (AD-CCs) groups 
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(Figure 16A). These lists were utilized in calculating the eigengene value (PC1) for each of 

the sample using the principal component analysis which we then visualized using bar plots for 

all the groups (Figure 16B-E). Wanting to explore the correlation between these trends due to 

5xFAD transgene overexpression, we computed delta eigengene values (5xFAD – WT) using 

wild-types as the basal values (Figure 18F-I). The AD-related eigengene values indicate that 

CC006 X C57BL6/J is the lowest, while CC017 X C57BL6/J is the highest. We observe a 

conserved trend among the transgenic groups, with CC006 X 5xFAD exhibiting the lowest 

AD-related eigengene value, while the remaining lines had similar levels (Figure 16B). The 

AD-related gene deltas are negative, indicating a genetic downregulation, with CC017 showing 

the greatest reduction and CC037 the least. (Figure 16F). The eigengene values of astrocytic 

genes are lowest in CC006 and highest in CC037, for both the wild type and AD-CC groups. 

This is supported by the downregulation of the astrocytic eigengene delta in CC006, whereas 

CC017 shows the highest upregulation (Figure 16C,G). Microglial eigengene shows a stark 

genotypic bias with WTs having negative PC values and all the AD-CCs having positive which 

is to be expected since the genes included were upregulated in the transgenic lines across all 

strains, due to the profound microglial response to plaques. Again, the lowest eigengene levels 

are seen in CC006 X C57BL6/J and CC006 X 5xFAD while the highest are observed in 

5xFAD, validated by upregulation in the microglial gene deltas with CC006 being the least and 

C57BL6/J being the highest (Figure 16D,H). Lastly, the neuronal eigengene levels are the 

lowest for CC006 X C57BL6/J and CC006 X 5xFAD and the highest in C57BL6/J as well as 

CC017 X C57BL6/J (Figure 16E). The neuronal gene deltas show a downregulation across all 

lines with CC017 being the largest and CC006 and CC013 being the least (Figure 16I). Finally, 

we correlated the plasma NƒL levels at the 12-month timepoint to the eigengene values to see 

trends that could have been overlooked. We visualized Pearson coefficients for correlation 

between plasma NƒL levels using dot plots linking the wild-types to their 5xFAD transgenic 
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counterparts for AD-related, astrocytic, microglial and neuronal gene lists. C57BL6/J and 

CC037 show a positive correlation between the AD-related genes and the plasma NƒL levels. 

The negative correlation observed in CC017 between astrocytic eigengene values and plasma 

NƒL levels indicates that the upregulation of certain genes may be responsible for the reduced 

astrocytic response. C57BL6/J has a negative correlation between the plasma NƒL levels and 

the microglial eigengene values. Similarly, CC006 has the largest negative correlation with 

respect to the neuronal eigengene values and plasma NƒL levels (Figure 16J-M). Collectively, 

this data shows a strong correlation between the pathology seen and the transcriptional analysis 

conducted, where the lines C57BL6/J and CC037 seem to be plaque susceptible and CC006 

and CC013 more plaque resistant. 

Chapter 2.3. Mapping novel neuropathological-associated genetic loci to human 

Alzheimer’s disease cases. 

 

Figure 17: Heatmap generated from DEG lists showcased in the volcano plots (16A) separated based on fold 

change of gene expression (log2 scale) i.e., up and down regulation to display the overlap (%) to human amp -AD 

modules. The size and color of the color depends on the number and directionality of genes overlapping between 

the lists. The analysis includes all groups including wild-types and 5xFAD transgene carrying samples. Statistical 

significance is denoted by * p<0.05, ** p<0.01, ***p<0.001, ****p<0.0001. 

 

Homozygous C57BL6/J strain has the greatest number of differentially expressed up-regulated 

genes (2181) in comparison to the other lines. Notably, a large overlap is seen between the up-

and down-regulated genes across the strains suggesting a conserved trend. We extended our 
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analysis to identify directional coherence by determining significant overlap between the 30 

modules from the Accelerating Medicines Partnership Program for Alzheimer’s Disease 

(AMP-AD) to our separated up- or down-regulated differential gene lists. Using Fisher test, 

correlation was computed (P.Value) and the extent of overlap was dependent on the percentage 

of genes overlapping. Both up- and down-regulated gene lists for the CC006 and CC037 

showed significant overlap with the AMP-AD modules, especially with Myelination, Neuron, 

glial development (Cluster 4) as well as Organelle Biogenesis (Cluster 5) insinuating greater 

transcriptional similarities between the lines (CC006, CC037) and human AD (Figure 17). 

Conclusions 

AD is influenced by multiple genetic and environmental factors which are known to play a role 

in the development of AD, however, no single gene has been identified as the sole cause of the 

disease. These causative genetic variants may interact with each other and with environmental 

factors to increase the risk of developing the disease (Dunn et al., 2019).  While researchers 

have made significant progress in identifying genetic risk factors for the disease, there is still 

much to learn about the complex interplay of genetic and environmental factors that contribute 

to the development of AD (Rojas-Rueda et al., 2021). To determine the mutual influence 

among variables (genetic and age) we introduced a genetically diverse population of mice – 

the AD-CCs - that have been generated by crossing eight genetically diverse founder strains, 

followed by inbreeding to create a panel of over 100 recombinant inbred strains to mimic the 

complex genetic makeup of human Alzheimer's disease (AD). Specifically, the genetic 

variation that was observed in the AD-CC exhibited a preserved epidemiological pattern that 

is also seen in human FAD patients (Prince et al., 2012), (Eratne et al., 2018), (Gao et al., 1998), 

(Livingston et al., 2017). Additionally, the transcriptional alterations across the AD-CCs 

compared to the WTs, especially at advanced stages of aging, exhibit a significant degree of 
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similarity with transcriptional changes seen in human patients with AD compared to age-

matched controls. This overlap is observed in terms of the upregulation of inflammatory 

pathways (cellular response to interleukin) and the downregulation of neuronal signatures 

(dysregulation of mRNA cleavage), indicating the presence of shared molecular mechanisms 

between mice and humans. The findings of this study highlight the significant influence of 

genetic background in determining an individual's vulnerability to disease. Moreover, given 

the limited success in translating research using previous AD mouse models into effective 

treatments, the AD-CC panel presents itself as a valuable resource for identifying modifier 

genes that may have more relevance to human patients. Like the AD-BXD model (Neuner et 

al., 2019) our panel aims to provide valuable insights into not only the genetic basis of AD, but 

also its molecular and pathological phenotypes, as well as the response to interventions. Our 

hypothesis was that enhanced genetic background diversity could have a substantial impact on 

the development of complex pathological traits, thereby improving the translational relevance 

of animal models to human diseases and providing valuable insights into the pathways that 

regulate disease pathogenesis. 

This diverse genetic panel enables us to investigate the relationship between phenotypic traits 

and genetic pathways and mechanisms that overlap between normal ageing and disease. 

Comparing the genetic mapping results across different lines would reveal the specific 

genotypes that contribute to modifying a phenotype, regardless of disease status. Moreover, it 

could identify AD-specific modifiers that exhibit allelic interactions with the 5xFAD transgene. 

With this goal in mind, our results surprisingly demonstrate concurrences as a result of diversity 

despite robust transcriptional alterations due to plaque formation. In particular, the lines appear 

to have analogous total soluble and insoluble Aβ40 and Aβ42 levels across brain regions and 

ages. In addition, single-cell transcriptome analysis of human datasets has been invaluable in 

establishing the correlation between genomic signals and immune-specific microglial gene 
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modules (Luquez et al., 2022). Genetic and molecular data indicate that microglia play a crucial 

role in Aβ accumulation, and recent research has also implicated an association with an 

astrocytic gene module  (Fakhoury, 2018), (Rostami et al., 2021). Similarly, we observed 

parallels in glial responses, gene expression and NƒL levels in cortex and plasma. 

Additionally, with respect to the neuropathological diagnosis of AD, no differences were 

observed between sexes in terms of the plaque quantities across different ages and brain regions 

within the lines. Remarkably, plaque load was highest in 5xFAD congenic on C57BL6/J mice, 

with CC006 X 5xFAD and CC013 X 5xFAD being resistant to plaque production. Although 

its yet to be determined whether microglia are causal, contributory, or consequential to plaque 

formation (Stalder et al., 1999), (Zhao et al., 2017), (Casali et al., 2020), (Bolmont et al., 2008), 

CC006 X C57BL6/J was found to have the lowest microglial density across brain regions and 

age, suggesting a potential link between microglial density and AD-like pathology.  

Another significant factor of the glial response was the alterations observed in reactive 

astrocytes due to plaques, with CC017 demonstrating the most substantial reduction in S100β 

and GFAP astrocytes across genotype and age. Despite this, there was an unexpected increase 

in the expression of astrocytic genes, while genes associated with AD and neurons were 

significantly downregulated. This suggests that the presence of plaques triggered an immune 

response and a process to remove toxic substances, but this response may not be sufficient to 

prevent damage or clear the plaques, leading to a decrease in the number of astrocytes. There 

are several possible explanations for this, including direct toxicity of plaques on astrocytes, the 

disease process itself leading to astrocyte loss, or a decrease in the brain's ability to repair and 

regenerate due to the loss of astrocytes, as has been suggested in prior research (Yshii et al., 

2022), (Liddelow et al., 2017), (Robel et al., 2015). 
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Genetic diversity may also influence the brain's susceptibility to damage caused by plaque 

pathology (Shulman et al., 2013). As previously noted, there is evidence of varying levels of 

initial dysregulation of neuronal processes induced by plaques across different lines, providing 

support for this idea. Our findings suggest that cortex and plasma NƒL can serve as a reliable 

biomarker of brain injury, which is closely associated with cortical thinning and cognitive 

decline in AD populations even in the presence of plaques (Bacioglu et al., 2016), (de Wolf et 

al., 2020), (S. Lee et al., 2022). We observed a strong correlation between plaque load and NƒL 

levels, as evidenced by the brain insoluble fraction's NƒL levels correlating with those in the 

plasma. Notably, CC006 X 5xFAD and CC013 X 5xFAD exhibited the lowest NƒL levels 

across age, indicating a strong association between NƒL levels and plaque load. Furthermore, 

this data also revealed a link to plaque resistance and glial response as CC017 X 5xFAD was 

shown to have the least astrocytic activation but higher NƒL damage. Collectively, these results 

highlight how plaques can induce variation in damage on clinically relevant endpoints. 

Ultimately, these results evidentiate C57BL/6 as an appropriate genetic background model for 

simulating AD, as it allows for the permissive development of plaques, along with suitable 

glial and gene expression changes in response to these plaques. Additionally, this background 

generates the highest level of plasma NƒL per plaque, which is indicative of damage. In contrast 

to previous data (Neuner et al., 2019), our findings suggest that the introduction of eight 

different founder strains had a modulatory effect, unlike when crossing the DBA/2J strain with 

C57BL/6J, which appeared to produce mice with greater pathogenic diversity. However, 

regardless of this compensatory adjustment we saw some significant variation in the glial 

response and functions across genotypes. A previous study compared the C57BL6/J mouse 

strain with three wild-derived mouse strains (CAST/EiJ, WSB/EiJ, and PWK/PhJ), and the 

results of the Weighted Gene Co-expression Network Analysis (WGCNA) indicated 

significant differences in the transcriptomic profile and functional diversity of microglia 
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subtypes. These differences suggest that natural genetic variation may impact the microglia's 

initial response, response efficiency, and return to surveillance state, which is supported by our 

study's findings. (Yang et al., 2021). Nevertheless, there is evidence indicating that there is a 

consistent presence of plaque accumulation among these genotypes, which suggests that the 

C57BL6/J strain is resilient to neurodegeneration. (Onos et al., 2019). 

An alternative explanation for the incongruity may be hybrid vigor and a potential solution 

could involve introducing the transgene into homozygous CC lines. While this approach may 

provide more insight into the disparity in the results, it is known to be experimentally 

challenging. In addition, a heterozygous population may be more representative of the human 

population. 
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COLLABORATIONS 

Portions of Chapter Collaborations of this thesis/dissertation is a reprint of the material as it 

appears in (Hohsfield et al., 2020),(Hohsfield et al., 2021) , used with permission from Lindsay 

Hohsfield. Portions of Chapter Collaborations of this thesis/dissertation is a reprint of the 

material as it appears in (Henningfield et al., 2022), used with permission from Caden 

Henningfield. 

Effects of long-term and brain-wide colonization of 

peripheral bone marrow-derived myeloid cells in the CNS 

 

(Hohsfield et al., 2020) 

Data 

Our investigation detected changes in myeloid cell expression, where we studied the impact of 

long-term peripheral myeloid cell engraftment at the transcriptional level. Previous studies 

have shown that microglial heterogeneity is region-specific and can be detected through RNA 

sequencing of bulk tissue in distinct brain regions. Therefore, we performed RNA sequencing 

analysis on three brain regions: cortex, hippocampus, and thalamus/striatum. The gene 

expression results can be found at http://rnaseq.mind.uci.edu/green/long-term_monocytes/. 

To identify gene expression changes due to irradiation and the brain-wide presence of 

monocytes, we compared the transcriptomes of GFP-BM REPOP mice to controls (WT CON), 

which revealed 2695 differentially expressed genes (DEGs) across all brain regions. The effects 

were most prominent in the thalamus (2401 DEGs), followed by the hippocampus (370 DEGs), 

with few DEGs detected in the cortex (36 DEGs; Figure C1:A). We further analyzed 

transcriptional changes due to irradiation alone (WT-CON vs. GFP-BM CON) and the presence 

of monocytes (GFP-BM CON vs. GFP-BM REPOP; Figure C1:A) and presented the results 

as volcano plots (Figure C1:B-D). Our observations showed that the hippocampus and 

thalamus were more susceptible to irradiation-induced gene changes compared to the cortex, 

http://rnaseq.mind.uci.edu/green/long-term_monocytes/
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which remained relatively unchanged. Additionally, the most significant transcriptional 

changes due to monocyte infiltration occurred exclusively in the hippocampus. Therefore, our 

findings demonstrate that different brain regions exhibit selective vulnerabilities to irradiation 

and the infiltration of monocytes. Finally, we were able to develop a unique long-term 

monocyte-related signature using the DEGs identified in the transcriptional comparison 

between WT CON vs. GFP-BM REPOP mice across all three brain regions. Among the genes 

most prominently upregulated in monocyte-engrafted mice were Apobec1, the chemokine 

receptor Ccr1, the C-type lectin Mrc1, and several members of the Ms4a cluster (Ms4a6b, 

Ms4a6c, and Ms4a7). To gain a more comprehensive understanding of the transcriptional 

changes associated with microglial-monocyte replacement and irradiation in three different 

brain regions, we conducted a weighted gene co-expression network analysis (WGCNA). We 

identified 22 distinct modules, each given a color-based name (Figure C1:4F) and analyzed 

their correlations with one another (Fig. S2B). We focused on modules that showed the highest 

correlation with monocyte presence in the brain and identified the darkgreen module (Figure 

C1:G–I), which consistently increased in GFP-BM REPOP mice across all three brain regions. 

Cell-type enrichment analysis demonstrated that darkgreen genes are myeloid-enriched and 

include peripheral myeloid-related genes. Pathway analyses showed that darkgreen genes are 

involved in response to other organisms, defense response to protozoa, response to external 

stimuli, defense response, and positive regulation of cytokine production. The functional 

protein-protein interaction network of genes in the darkgreen module highlighted those 

involved in defense response (Figure C1:I). We also identified several modules associated 

with irradiation across all three brain regions, including the salmon module (Figure C1:J–K), 

which is significantly enriched with interneuron genes and involved in cellular processes, gene 

expression, metabolism of RNA, processing of capped intron-containing pre-mRNA, mRNA 

splicing, and RNA polymerase II transcription. Our findings are consistent with the known 
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effects of irradiation on DNA damage and repair, with recent studies showing that splicing 

factors are recruited to sites of DNA damage. Several modules suggest that monocyte 

engraftment leads to a partial recovery of irradiation-induced effects, particularly in the 

hippocampus. We identified the brown module (Figure C1:L–N), which is highly enriched for 

astrocyte-expressed genes and involved in cilium organization, plasma membrane bounded cell 

projection assembly, cilium assembly, and cell projection organization. The functional protein-

protein interaction network of genes in the brown module highlighted those involved in cilium 

organization. Analysis of cell enrichment showed that the brown module had a high 

concentration of genes expressed in astrocytes (astro) (Figure C1:O). The most significant  

Gene Ontology (GO) terms found in this module were related to the organization of cilia, the 

assembly of cell projections bounded by the plasma membrane, and the organization of cell 

projections. The genes in the brown module were mapped onto a protein-protein interaction 

network to highlight those involved in cilium organization (shown in red) (Figure C1:N). Our 

results indicate that irradiation and the presence of repopulating monocytes alter astrocyte and 

neuronal-related genes in the brain and exhibit distinct effects in different brain regions, 

including the cortex and hippocampus.  
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Figure C1: a Venn diagrams displaying the number of differentially expressed genes (DEGs, numbers provided) 

generated in transcriptional comparisons between mice (control, WT CON; irradiated, GFP-BM CON; 

monocyte-engrafted, GFP-BM REPOP) in the hippocampus (HC, gray), cortex (CTX, red), and thalamus + 

striatum (THAL, tan). b–d Volcano plots displaying the fold change of genes (log2 scale) and their p values 

(−log10 scale) between WT CON vs GFP-BM REPOP in the cortex (b), hippocampus (c), and thalamus + striatum 

(d). Plots are further separated by the effect of irradiation and presence of monocytes alone. e Heatmap of the 
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monocyte signature (selected DEGs conserved in all three brain regions in monocyte -engrafted mice). f Signed 

bicor network shows the effects of brain region (BrainRegion), irradiation, and treatment, which are separated 

into distinct colored modules. g–i Monocyte signature: Module eigengene trajectory of darkgreen (g), heatmap 

of gene expression value in darkgreen (h), and a STRING interaction map of darkgreen (i). Red nodes indicate 

genes enriched in the gene ontology (GO) term defense response. (j–k) Irradiation: Module eigengene trajectory 

of salmon (j) and heatmap of gene expression value in salmon (K). l–n Effects of monocytes specific to the 

hippocampus: Module eigengene trajectory of red (l), heatmap of gene expression value in red (m), and a STRING 

interaction map of red (n). Red nodes indicate genes enriched in the GO term cilium organization. o Cell -type 

enrichment heatmap displays genes associated with specific cell types within a given color module. Values 

provided indicate the number of genes within the network associated with that a specific cell type. *** = 6+ 

genes. ** = 3+ genes. 

Conclusion 

 Monocytes are myeloid cells that can differentiate into tissue-specific macrophages in various 

organs, including the central nervous system (CNS). Their role in the CNS and their long-term 

effects on the brain are not well understood. A study developed a paradigm to achieve near-

complete and long-term engraftment of peripheral-derived myeloid cells (monocytes) in the 

brain. The study found that monocytes can outcompete endogenous microglia under specific 

conditions and can fill the microglial niche in the brain. However, monocytes remain 

phenotypically, transcriptionally, epigenetically, and functionally distinct from their microglial 

counterparts, and this difference can have long-term consequences on the brain (Cronk et al., 

2018), (Bennett et al., 2018), (Lund et al., 2018), (Shemer et al., 2018). The study evaluated 

mice for transcriptional, cellular, and behavioral changes six months following monocyte 

engraftment into the CNS. The vulnerable brain regions to irradiation were determined through 

transcriptional analysis, revealing the thalamus and hippocampus as the most affected. Further 

analysis showed that only the hippocampus experienced significant translational changes in 

response to monocyte infiltration. WGCNA analysis identified several modules that reversed 

the effects of irradiation after monocyte engraftment, exclusively in the hippocampus. Pathway 

analysis revealed mechanisms involving cilium organization and assembly. A recent study 

using granulocyte colony-stimulating factor (GCSF) receptor knockout mice and BM 

transplant showed that BM cells responding to G-CSF promoted brain repair and neural 

progenitor cell proliferation in the irradiated brain (Dietrich et al., 2018). Engrafted monocytes 
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exhibited a distinct gene signature compared to microglia following 6 months of recovery from 

CSF1Ri administration and 10 months after irradiation. The monocyte signature included 

upregulation in Ccr1, Ms4a6b, Ms4a6c, Ms4a7, AU020206, Apobec1, Lyz2, Mrc1, Tmem221, 

Tlr8, Lilrb4a, Msr1, Nnt, and Wdfy1, coinciding with downregulation of Siglech, Itgam, Selpig, 

Lag3, Slc2a5, Mlph, Crybb1, Ccl21a, and Ccl21b. Tlr8, predominantly expressed on peripheral 

blood leukocytes, was the only gene that overlapped between brain-extracted monocytes and 

engrafted monocytes (Cronk et al., 2018). This finding highlights the critical role that 

extraction techniques and time in the brain play in monocyte gene expression. The study found 

that irradiation reduced astrocyte and MAP2 numbers, which are important for neural plasticity 

and normal neuronal cytoskeletal structure, while monocyte engraftment elevated astrocyte 

numbers past control levels in both the cortex and hippocampus (Sterpka & Chen, 2018), (Yuan 

& Sun, 2013). The study also found alterations in synaptic markers, with brain region-specific 

vulnerability to irradiation and monocyte engraftment. The study showed that irradiation 

caused alterations in behavior, specifically in locomotive activity and working memory, and 

that monocyte engraftment did not significantly alter cognitive function (Cronk et al., 2018). 

Overall, the study suggests that monocyte-astrocyte crosstalk could be possible and that 

replacing microglia with monocytes may help facilitate primary cilia integrity lost due to 

irradiation (Chen et al., 2017). However, further work is needed to explore these long-term 

engrafted monocyte-synapse interactions.  

 

Subventricular zone/white matter microglia reconstitute the 

empty adult microglial niche in a dynamic wave 

 

(Hohsfield et al., 2021) 

Data 

We analyzed the mRNA transcript levels of whole brain hemispheres from control, 14 day 

PLX3397-treated, 7 day recovery, and 28 day recovery samples using a Nanostring Immune 
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Profiling panel, which includes approximately 700 genes related to immunology (Figure C2: 

J), in order to gain insight into the transcriptional profile of WM repopulating cells. By 

comparing the gene expression profile of the initial repopulating cells in 14 day PLX3397-

treated brains (which lack microglia) to 7 day recovery brains, we found that the most 

upregulated genes in the latter are related to myeloid cell activation/priming, pathogen sensing, 

and monocyte-macrophage signaling, such as Mrc1, C3ar1, Ccl12, Clec7a, Ccr2/Ccl2, Cybb, 

and Ccl9, instead of homeostatic microglia signature genes (Figure C2:K). Furthermore, 

comparing 28 day recovery brains to controls, we detected increased expression of several 

genes associated with myeloid cell signaling (Ccl8, Cmah, Ly9, Lyz2, Tlr8, C4b), especially 

major histocompatibility complex I (H2-D1) and II (H2-Aa, H2-Ab1, Cd74) components and 

microglial priming (Clec7a, Cybb) (Figure C2:L). 

 

 

Figure C2: (J) Control, 14 day PLX3397, 7 day recovery, and 28 day recovery mouse hemispheres were collected 

and analyzed for bulk-tissue gene expression changes using Nanostring Immune Profile. (K–L) Volcano plots 

displaying the fold change of genes (log2 scale) and their significance  (y axis, -log10 scale) between 14 day 

PLX3397 depleted vs. 7 day recovery mice (K) and control vs 28 day recovery (L). Data are represented as mean 

± SEM (n=3–5). *p < 0.05, ** p < 0.01, *** p < 0.001; significance symbols represent comparisons between 

groups: control *, 0d #, 3d ⋄, 7d Δ, 14d Φ. CC, corpus callosum; CP, caudoputamen; CTX, cortex; HC, 

hippocampus; LV, lateral ventricle; SVZ, subventricular zone; WM, white matter. 

In order to investigate the changes in gene expression that occur in the SVZ during the early 

stages of WM repopulation, we dissected the SVZ from control, 14 day PLX3397-treated, and 

5 day recovery mice and conducted RNA-seq analyses on bulk tissue gene expression (Figure 

C3:A). The gene expression data is available for exploration at 

http://rnaseq.mind.uci.edu/green/alt_repop_svz/gene_search.php. A comparison of control vs. 
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5 day recovery mice revealed 227 differentially expressed genes (DEGs) (FDR < 0.05) between 

the two groups, with the majority of DEGs being downregulated microglia-enriched/related 

genes, reflecting the reduced pool of myeloid cells in the CNS during the early stages of 

repopulation (Figure C3:B). On the other hand, upregulated non-myeloid enriched DEGs in 

depleted vs. 5 day recovery mice (Figure 6B) consisted of genes involved in cell cycle 

regulation, DNA transcription/recombination/repair/expression, cell 

adhesion/migration/proliferation, and development. Gene ontology (GO) analysis of DEGs 

between control and 5 day recovery SVZ tissue identified the following top four enriched 

pathways: myeloid cell differentiation, leukocyte immunity, leukocyte activation, and 

leukocyte chemotaxis and phagocytosis (Figure C3:C). Specifically, focusing on myeloid 

genes, we found that P2ry12, Siglech, Trem2, Cd33, and Cx3cr1 were least enriched during 

initial repopulation, whereas Ccl12, Cd52, Lyz2, Itgb2, and Cd84 were highly enriched (Figure 

C3:D). To further investigate the biological significance of these findings and the impact of 

the loss of one of these critical genes/signals on early repopulation dynamics, we administered 

an antibody against CCL12, the most highly upregulated gene during early WM repopulation 

(Figure C3:E). Our results demonstrate that neutralization of CCL12 leads to a significant 

reduction in repopulating cell numbers at 7 day recovery, but not total distance of cell spreading 

(Figure C3:F–H), indicating that this chemokine may play an important role in early 

repopulating cell proliferation or survival. Overall, these findings shed light on the crucial role 

of the SVZ and signaling during the early stages of WM repopulation. 
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Figure C3: (A–D) Transcriptional analysis of SVZ tissue during early WM repopulation. (A) Bulk tissue RNA-

seq analysis was performed on micro-dissected SVZ tissue from control, 14 day PLX3397, and 5 day recovery 

brains (n=5). (B) Heatmap of DEGs between 14 day PLX3397 (Elim) and 5 day recovery SVZ tissue. Gene 

expression data can be explored at http://rnaseq.mind.uci.edu/green/alt_repop_svz/gene_search.php. (C) Gene 

ontology chord plot of DEGs between control and 5 day SVZ tissue. (D) Plot highlighting expression (% of 

control) changes in myeloid-associated genes in depleted (14d PLX3397) and repopulated (5d recovery) SVZ 

tissue. (E–H) Neutralization of CCL12 during WM repopulation. (E) Experiment schematic of CCL12 

neutralization study: 2-month-old WT mice were treated for 14 days with PLX3397 (600 ppm) and then placed 

on control diet for 7 days allowing for WM repopulation. Four i.p. injections were administered of anti -CCL12 

antibody or goat IgG (Isotype control) at 1 day recovery, 3 day recovery, 5 day recovery, and  6 day recovery. (F) 

Representative whole brain images of IBA1+ cell (green) deposition following treatment. (G–H) Quantification 

of number of total IBA1+ cells and total distance traveled by IBA1+ wavefront in (F). Total distance was 

calculated by measuring the length from the ventricular edge of SVZ to the leading edge of the IBA1+ cell 

wavefront. 

Our next objective was to gain understanding of the transcriptional profile of WM repopulating 

cells once they have taken residence in the brain. Additionally, we explored whether any 

phenotypic and transcriptional alterations in these cells had functional consequences by 

examining their response to immune challenge through LPS administration (Figure C4:A). To 
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achieve this, we conducted RNA sequencing (RNAseq) on FACS-sorted CD11b+CD45int 

cells from control and 28-day recovery mice at 6 and 24 hours after LPS-induced immune 

challenge. RNA-seq analysis was conducted on FACS-sorted CD11b+CD45int cells to 

establish a high-resolution transcriptome profile in the presence and absence of LPS. Gene 

expression data is available at 

http://rnaseq.mind.uci.edu/green/alt_repop_lps/gene_search.php. Unlike the GLOBAL 

repopulation, where there are few transcriptional differences between control and repopulating 

cells (25 DEGs in GLOBAL vs. control), we identified 69 DEGs in WM repopulated myeloid 

cells compared to control microglia in the absence of LPS (logFC > 1, FDR > 0.05; Figure 

C4:B). The top five enriched pathways in DEGs between control and 28 day repopulated cells 

were regulation of cellular component size, negative regulator of chemotaxis, ameboidal-type 

cell migration, negative regulation of response to external stimulus, and wound healing (Figure 

C4:C). To compare the gene expression profile of these cells with other myeloid cell subsets, 

we used previously established myeloid cell signatures, including homeostatic microglia, 

HSC/BM-derived myeloid cells, BAMs/CAMs, DAMs/MGnD/ARMs, PAMs/ATMs, and 

WAMs. Repopulating cells showed robust enrichment of DAM and WAM-associated genes, 

including Clec7a, Axl, Apoe, Cst7, Ctsd, and Ly9 (Figure C4:D). AXL and CLEC7A, recently 

identified as WAM markers, were immunostained in repopulating myeloid cells, particularly 

in the early stages of repopulation and in cells located at the wavefront, but were not detected 

in microglia from control brains (Figure C4:E–F). In addition, Sall1, a transcription factor 

unique to microglia, showed a reduction in expression in repopulating compared to homeostatic 

microglia. After observing distinctive differences in transcriptomes between control and 28-

day recovery isolated microglia at 0 hr LPS (in the absence of LPS), we proceeded to examine 

their gene expression patterns at 6 hr and 24 hr following LPS challenge. Principal component 

analysis demonstrated strong correlations between biological replicates, with samples 
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clustering into six distinct groups (Figure C4:G). Using K-means clustering, we identified 

nine gene clusters (Figure C4:H) and found that Cluster 3 contained genes that were 

significantly different between control and repopulating cells across all time points, including 

genes associated with clearance, cell growth/differentiation, stress, inflammation, and 

senescence. Clusters 2, 5, 7, and 8 showed differential responses to LPS at the 24 hr timepoint 

between control and repopulating cells (Figure C4:I). GO term analysis of Cluster 3 showed 

enrichment in phagopore assembly site membrane, extrinsic component of membrane, and 

endosome pathways. Cluster 8 showed enrichment in negative regulation of glucocorticoid 

secretion, negative regulation of interleukin-1 mediated signaling pathway, and connective 

tissue replacement involved in inflammatory response wound healing pathways. These 

findings suggest that WM repopulating cells are transcriptionally and functionally distinct from 

adult homeostatic microglia and share similarities with a subset of WAMs, which are absent in 

the adult mouse brain but constitute 20% of microglia in the aged mouse brain. Further 

investigations are required to determine if these WM repopulating cells exist in the naïve brain 

as WAMs or if CSF1Ri treatment induces this phenotype. Additionally, more research is 

necessary to explore the contributions and potential cross talk with astrocytes and  other cell 

types during repopulation. 
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Figure C4: (A) Two-month-old WT control or 28 day recovery mice were given intraperitoneal injections of either 

PBS or LPS (0.33 mg/kg) and then collected at 6 or 24 hr post injection. Controls, which were mice that did not 

receive LPS, are referred to as 0 hr post LPS. Myeloid cells were extracted from whole brain hemispheres, isolated 

using FACS gating for CD11b+CD45int and processed for RNA-seq. (B) Volcano plots displaying the fold change 

of genes (log2 scale) and their significance (y axis, -log10 scale) between control vs. 28 day recovery mice. (C) 

Gene ontology chord plot of DEGs between control and 28 day recovery myeloid cells. (D) Heatmap showing 
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expression of genes enriched in DAM, HSC/BM-derived cells, canonical microglia, BAM, PAM, and WAM 

signatures in control and 28 day repopulating myeloid cells. (E–F) Representative immunofluorescence 20x 

images of IBA1+ (red) and AXL+ (green, I) or CLEC7A+ (green, J) cells shown in areas with high repopulating 

cell deposition in control, 7, 14, and 28 day recovery mice. (G) Principal component analysis plot of extracted 

control and 28 day recovery cells, across time (0 hr, 6 hr, 24 hr) and treatment (+/ - LPS), depicting the separation 

of groups into six clusters. (H) Heatmap of selected time-series cluster analysis of control and 28 day recovery 

cells. Provided number indicates number of genes per cluster. (I) Time-series cluster analysis of control vs. 28 

day recovery myeloid cell response (during WM repopulation) to LPS challenge following 14 day PLX3397 (600 

ppm in chow; from H). Clusters showing distinct responses to LPS between control and 28 day WM repopulated 

cells, across time, were plotted as eigengene values, along with the top represented genes within each cluster. 

Data are represented as mean ± SEM (n=3–5). *p < 0.05, ** p < 0.01, *** p < 0.001. CP, caudoputamen; CC, 

corpus callosum; CTX, cortex; LV, lateral ventricle; PirCTX, piriform cortex. Gene expression data can be 

explored at http://rnaseq.mind.uci.edu/green/alt_repop_lps/gene_search.php. 

In order to discern whether the phenotypic and transcriptional variances observed in WM 

repopulating microglia are due to a delayed recovery of the microglial phenotype (temporary) 

or sustained changes after a longer period of recovery (indicative of a distinct cell subtype), we 

subjected 2-month-old wild-type mice to treatment with PLX3397 for 14 days followed by 3 

months of recovery (Figure C5:A-B). Our morphological analysis of IBA1+ cells revealed 

that WM repopulating cells maintain reduced cell density (Figure C5:C) and amoeboid-like 

cell features, including larger cell body size (Figure C5:D), reduced number of processes 

(Figure C5:E), and reduced process length (Figure C5:F). Furthermore, our bulk tissue 

RNAseq analysis (Figure C5:H) demonstrated that transcriptional differences persist in the 

brain even three months after CSF1Ri withdrawal (Figure C5:I). Similar to previous WM 

repopulation timepoints, differential expression gene (DEG) analysis revealed a 

downregulation of the homeostatic-associated microglial gene P2ry12 and upregulation of the 

DAM/WAM-associated genes Clec7a (Figure C5:I-J). Gene ontology (GO) term analysis 

indicated that upregulated DEGs are involved in neuron projection development, axon 

guidance, synaptic transmission, and synaptic potential, which provides evidence that WM 

repopulating cells may play a vital role in axonal homeostasis. Taken together, our findings 

suggest that WM repopulating microglia constitute a distinct population of myeloid cells rather 

than a delayed recovery of the microglial phenotype. 

http://rnaseq.mind.uci.edu/green/alt_repop_lps/gene_search.php
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Figure C5: Two-month-old WT mice treated with vehicle or PLX3397 (600 ppm in chow) for 14 days. Chow was 

then withdrawn, and animals were allowed to recover on control diet for three months, assessing the long-term 

effects of filling the brain with WM repopulated myeloid cells. (H-L) Transcriptional analysis of 3-month recovery 

WM repopulation brain tissue. (A) Bulk tissue RNA-seq analysis was performed on whole brain hemispheres from 

control and 3-month recovery brains. (I) Volcano plot displaying the fold change of DEGs (log2 scale) and their 

significance (y axis, -log10 scale) between control vs. 3 month recovery. (J) Quantification of relative expression 

(FPKM, fragments per kilobase of transcript per million) for microglial -associated genes in control and 3 month 

recovery brain tissue. (K-L) Gene ontology analysis of upregulated (K) and downregulated (L) DEGs between 

control and 3 month recovery mice. Data are represented as mean ± SEM (n=3-4). * p < 0.05, ** p < 0.01. DG, 

dentate gyrus; SS CTX, somatosensory cortex; Pir CTX, piriform cortex. 

Conclusion 

Microglia are important cells in the central nervous system (CNS) and their origins were once 

controversial. It is now known that microglia come from yolk sac-derived erythromyeloid  

progenitors (Ginhoux & Prinz, 2015). Adult microglia require CSF1R signaling for survival, 

and when CSF1R inhibitors are used to eliminate microglia, subsequent withdrawal of the 

inhibitors results in rapid microglial repopulation from surviving microglia (Elmore et al., 

2014), (Zhan et al., 2019), (Najafi et al., 2018). This makes it difficult to study the contribution 

of specific myeloid cell subtypes to the adult CNS, so a paradigm without notable surviving 
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microglia was developed (Elmore et al., 2018). Researchers have achieved 99.98% microglial 

depletion in the brain using sustained high-dose CSF1Ri administration, leading to the 

identification of a CNS myeloid cell subset that repopulates the brain parenchyma from 

SVZ/WM areas without contributions from the periphery. This type of repopulation is called 

WM repopulation and involves specific spatiotemporal patterns and a dynamic migratory wave 

of proliferating cells. Previous attempts to achieve an empty microglial niche have fallen short, 

and incomplete microglial elimination leads to repopulation from surviving microglia, 

including cortical microglia. Peripheral BM-derived myeloid cells do not contribute to CNS 

myeloid cell repopulation in the absence of toxin, irradiation, or injury (Lund et al., 2018), 

(Bruttger et al., 2015). Cells that repopulate the brain after damage initially appear in specific 

neuroanatomical niches, starting in the SVZ, before spreading throughout the brain via WM 

tracts. The caudoputamen is closely associated with these niches, which may explain why 

certain areas see more repopulating cell deposition. This distribution pattern is similar to the 

colonization and distribution of microglia during development, with microglia entering the 

brain via ventricular routes and remaining restricted in WM zones before migrating out to the 

rest of the brain (Tay et al., 2017), (Ueno et al., 2013), (Verney et al., 2010), (Ginhoux et al., 

2013). These findings highlight important anatomical structures that facilitate cell migration in 

an empty microglial niche, which play a role in both development and adult brain function. 

However, the repopulating cells are not believed to be microglial precursors. We used a 

microglial depletion and repopulation method to identify a unique subset of myeloid cells in 

the SVZ/WM area that serve as the source for WM repopulating cells. Our novel paradigm 

replaces microglia with Cx3cr1+ myeloid cells originating from the SVZ and associated WM 

areas, allowing us to study their biology and adaptation to extrinsic environmental cues from 

grey matter. SVZ/WM myeloid cells are initially resistant to CSF1R inhibition due to unique 

properties of the SVZ environment, but once WM repopulating cells take up residence in other 
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areas, they become susceptible to CSF1Ri treatment (Lavin et al., 2014), (Lavin et al., 2014). 

The local niche or microenvironment plays a role in establishing macrophage identity, and a 

combination of factors may contribute to the uniqueness of SVZ/WM microglia and their 

enhanced survival (Easley-Neal et al., 2019), (Zheng et al., 2017). It remains unclear if 

PLX3397 concentration levels are lower in specific brain regions. Previous research suggests 

that while CSF1 and CSF1R are critical for macrophage survival, other factors like GM-CSF 

and IL-3 may also play a role (Rojo et al., 2019), (Pixley & Stanley, 2004). Recent studies on 

mice and zebrafish indicate that certain microglia populations may be partially resistant to 

CSF1R and rely on alternative survival factors. A recent study found a CSF1R-resistant 

microglial population, but its contribution to repopulation is unclear, as the overall repopulation 

dynamics were like the control group (Zhan et al., 2020). Therefore, this identified population 

is unlikely to significantly contribute to WM repopulation. Recent studies have shown the 

existence of unique microglial cells in brain-specific regions, such as the SVZ/WM, with 

distinct identities and properties (Zhan et al., 2020), (Li et al., 2019), (Stratoulias et al., 2019), 

(Tan et al., 2020). These cells maintain altered phenotypes and responses to LPS, suggesting 

that they are highly distinct from other microglia. SVZ microglia are less branched, express 

surface markers associated with an alternatively active phenotype, and exhibit unique gene 

expression patterns. In humans, microglia in the SVZ exhibit a more activated phenotype 

compared to other brain regions. WM microglia have also been reported to display unique 

properties, including an amoeboid morphology and enriched expression of genes related to 

microglial priming, phagocytosis, and migration (Ribeiro Xavier et al., 2015), (Staszewski & 

Hagemeyer, 2019). Therefore, it appears that WM repopulating myeloid cells share many 

characteristics with SVZ/WM microglia. After being established in the brain, the gene 

expression profile of white matter (WM) repopulating cells displays a higher enrichment for 

DAM genes such as Clec7a, Axl, Ly9, Apoe, and Itgax. Recently, a single-cell RNAseq analysis 
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uncovered a microglia-specific cluster in the WM, specifically a group of microglia associated 

with the WM (WAMs) that rely on TREM2 signaling (Safaiyan et al., 2021). The similarities 

between WAMs and WM repopulating cells are notable. WAMs demonstrate a downregulation 

in homeostatic microglial genes (P2ry12, Hexb) and an upregulation in DAM-associated genes 

(Apoe, B2m, Lyz2, and Clec7a), cathepsins, and major histocompatibility complex (MHC) class 

II-related genes (H2-D1, H2-K1), which are also observed in WM repopulating cells. These 

cells are found in the corpus callosum, a WM region near the subventricular zone (SVZ), 

according to droplet-based single-cell RNAseq analysis. The WAM signature genes include 

Lpl and Itgax, which are also elevated in 28-day WM repopulating cells. Additionally, WM 

repopulating cells and WAMs express markers connected with phagocytic activity, such as 

CLEC7A and AXL (Safaiyan et al., 2021). Researchers have identified an early postnatal 

phagocytic subset of microglia located in the WM, referred to as PAMs, which also share a 

gene signature with DAMs (Li et al., 2019). WM repopulating cells seem to closely resemble 

WAMs, although PAMs/ATMs may represent the developmental equivalent of this cell 

population. These findings reinforce the identification and presence of a unique microglia 

population in the WM. However, further research is necessary to investigate whether surviving 

SVZ/WM microglia exist in their naive state as WAMs or whether CSF1Ri treatment induces 

this WAM-like phenotype. The study found a subtype of myeloid cells that originate from the 

SVZ and are resistant to CSF1Ri, which repopulate the microglial-depleted brain with distinct 

properties compared to homeostatic microglia. These cells have similar phenotypic and 

transcriptional profiles to DAMs and WAMs, suggesting the complexity and diversity of 

myeloid cells in the adult brain. This model system provides new insights into myeloid cell 

homeostasis and dynamics in the brain, which could aid in understanding aging and age-related 

disorders (Sirkis et al., 2021). Manipulating or enhancing WM microglial function may be 

therapeutically beneficial, especially in microglial-related diseases. 
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Microglia-specific ApoE knock-out does not alter 

Alzheimer's disease plaque pathogenesis or gene expression 

 

(Henningfield et al., 2022) 

 Data 

 

Figure C6: Few RNA changes associated with microglial-specific ApoE knock-out. Volcano plot showing higher 

expression of inflammatory and other AD associated genes in the hippocampus of 5xFAD mice (n = 7) compared 

to control mice (n = 3) at 12 months of age (a). Volcano plot showing very few changes in gene expression between 

5xFAD (n = 7) and 5xFAD/Csf1r-Apoe-KO (n = 5) mice at 12 months of age (b). Correlation of modules 

generated by weighted gene correlation network analysis (WGCNA) to the AD genotype (Z-score cut-off: ±0.4; * 
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= green module; # = turquoise module) (c). Correlation of modules generated by WGCNA to Apoe genotype (Z-

score cut-off: ±0.4) (d). Cell-type enrichment heatmap displays genes associated with specific cell types within a 

given color module (e). Values provided indicate the number of genes within the network associated with that of 

a specific cell type. *** = 6+ genes. ** = 3+ genes. Module eigengene trajectory of gene  expression value in 

turquoise (f) and green (g) modules. Interactive plot between hub genes extracted from the turquoise module 

showing a distinct AD signature (h). Interactive plot between hub genes extracted from the green module showing 

a distinct signature associated with Apoe knockout (i) 

In order to investigate the effect of microglial-specific ApoE knock-out on overall gene 

expression in 5xFAD mice, bulk-tissue RNA sequencing of the mouse hippocampus was 

conducted. Consistent with expectations, inflammatory genes were found to be upregulated in 

5xFAD mice compared to Control mice at 4 and 12 months of age, including disease-associated 

microglia (DAM) genes such as Cst7, Clec7a, and Itgax (Figure C6:a). However, knocking 

out microglial-specific ApoE in 5xFAD mice did not result in significant changes in gene 

expression at the bulk-tissue level at 4 and 12 months of age (Figure C6:b). Weighted gene 

co-expression network analysis (WGCNA) was employed to explore changes in network gene 

expression, revealing 15 independent modules. Correlation analysis showed that the turquoise 

module was highly correlated with AD genotype (Figure C6:c,f) , consisting of 1398 genes, 

while the green module was highly correlated with both AD and Apoe KO genotypes, 

consisting of 392 genes(Figure C6:d,g). The turquoise module displayed gene network 

changes associated with microglia and was strongly upregulated in both 5xFAD and 

5xFAD/Csf1r-Apoe-KO mice, while the green module was only downregulated in 5xFAD 

mice and consisted of genes associated with axonogenesis, microtubule bundle formation, and 

chromatin remodeling (Figure C6:e). Hub microglial genes such as Clec7a, Ctsl, and Ctsh 

with pathway analyses identified GO terms such as viral gene expression and viral transcription  

for turquoise module (Figure C6:h). Hub genes of the green module included Eif4g3, Ncoa1, 

and Huwe1 (Figure C6:i). 

Conclusion 
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In this study, we aimed to investigate the role of microglial-expressed ApoE in AD by using a 

mouse model that specifically eliminates microglial-Apoe expression. Previous studies on 

ApoE's role in AD used global ApoE knock-out mouse models, which did not differentiate the 

role of microglial-expressed ApoE from astrocytic-expressed ApoE (Bales et al., 1999), 

(Krasemann et al., 2017), (Meilandt et al., 2020). Differentiating these roles is essential because 

astrocytes have the ability to interact with Aβ plaques in an ApoE-dependent way and 

internalize Aβ peptides (Koistinaho et al., 2004), (Matsunaga et al., 2003). To create the mouse 

model, we crossed Csf1r-cre mice with a 5xFAD mouse model and Apoefl/fl mice, resulting 

in progeny with Apoe expression knocked-out of microglia. Previous research has 

demonstrated that global knock-out of Trem2 or Apoe reduces plaque-associated microgliosis 

in various mouse models of AD  (Bales et al., 1999), (Krasemann et al., 2017), (Meilandt et al., 

2020), but this effect was not observed in the model utilized in this study. Furthermore, the 

dysfunctional transcriptional phenotype of microglia in AD is driven by the interaction between 

TREM2 and ApoE (Krasemann et al., 2017). In Alzheimer's disease (AD), the association 

between ApoE and Aβ has been extensively studied (Spangenberg et al., 2019). Studies have 

shown that eliminating ApoE globally or specifically in microglia reduces the number of Aβ 

plaques, but does not change plaque or cerebral amyloid angiopathy (CAA) load or the levels 

of soluble and insoluble Aβ1–40 and Aβ1–42 (Ulrich et al., 2018), (Holtzman et al., 2000). 

Interestingly, microglial-expressed ApoE appears to be necessary for microglial interaction 

with Aβ plaques, which may be important for plaque compaction. Additionally, reducing ApoE 

signaling prior to plaque deposition was shown to prevent Aβ accumulation, while its reduction 

after the emergence of plaques resulted in an increase in average plaque size (Bolmont et al., 

2008), (Condello et al., 2015). These findings are consistent with the results of microglia-

specific ApoE knock-out (Huynh et al., 2017). To investigate whether this finding holds true 

in our knockout model, we conducted bulk-RNA sequencing on hippocampal tissue and found 
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minimal changes in gene expression between 5xFAD mice and 5xFAD mice with intact 

microglial-specific ApoE. This lack of change included genes known to be associated with 

DAM (Cst7, Trem2, Ctss, Itgax, etc.). In addition, we did not observe a decrease in Apoe 

mRNA with microglial-specific ApoE knock-out in 5xFAD mice. These findings suggest that 

ApoE produced by microglia may not be required for the transcriptional shift into a DAM state. 

However, it is important to note that bulk-tissue RNA sequencing has limitations as it reflects 

the average gene expression across various cell types in the hippocampus. It is worth 

mentioning that microglia may use ApoE produced by other brain cells, such as astrocytes, as 

we detected ApoE protein in plaque-associated microglia in 5xFAD/Csf1r-Apoe-KO mice. We 

utilized weighted gene co-expression analysis (WGCNA) to investigate potential causes for 

changes in plaque size and neuritic dystrophy. Our genetic network analysis identified 15 

distinct modules, with the turquoise and green modules showing the most notable results. The 

turquoise module was significantly associated with the AD genotype (5xFAD vs. non-5xFAD), 

while the green module was strongly associated with both the AD and Apoe KO genotypes 

(microglial-ApoE intact vs. microglial ApoE KO). Interestingly, within the green module, we 

observed that the expression of genes associated with this network was downregulated in 

5xFAD mice, but upregulated in mice with microglial-specific ApoE knock-out. Our analysis 

of gene ontology terms revealed that these genes are involved in neuronal processes such as 

axonogenesis, microtubule bundle formation, and chromatin remodeling. These findings 

suggest that microglial-specific ApoE may promote these neuronal functions (Lane-Donovan 

et al., 2016), potentially explaining the observed decrease in neuritic dystrophy in mice with 

this knock-out compared to 5xFAD controls. In mouse models of Alzheimer's disease, the 

absence of ApoE results in increased neuritic dystrophy and synaptic loss. However, reducing 

APOE signaling after initial plaque deposition in APOE*ε4 APP/PS1–21 mice can attenuate 

neuritic dystrophy, suggesting a time-specific role of ApoE in the disease (Huynh et al., 2017). 
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Microglial-specific knock-out of ApoE in 5xFAD mice showed a trend towards a decrease in 

the ratio of dystrophic neurites to plaque volume, indicating that microglial-expressed ApoE 

may contribute to neuronal damage in Alzheimer's disease. Through genetic network analysis, 

the turquoise and green modules were identified, with the green module being highly correlated 

with both Alzheimer's disease and Apoe KO genotypes. Genes associated with this network 

were downregulated in 5xFAD mice but upregulated with microglial-specific ApoE knock-out, 

suggesting that microglial-specific ApoE may promote neuronal functions such as 

axonogenesis, microtubule bundle formation, and chromatin remodeling, which could be a 

reason for the observed downward trend in neuritic dystrophy. In mice and human brain tissue 

with a genetic risk factor for Alzheimer's disease (APOE*ε4), there is a reduction in synaptic 

proteins. The same reduction was observed in microglial-specific ApoE knock-out mice and 

5xFAD microglial-specific ApoE knock-out mice. This loss of synaptic markers was not 

exacerbated in the latter group. Additionally, staining of tissue with a homeostatic microglial 

marker revealed a loss in intensity associated with microglial-expressed ApoE knock-out, 

mirroring the synaptic protein findings (Liraz et al., 2013), (Love et al., 2006), (Yong et al., 

2014). Dysregulation of microglial homeostasis through partial inhibition of Csf1r also results 

in a reduction in P2ry12 expression and synaptic proteins (Arreola et al., 2021). Therefore, 

microglial-expressed ApoE knock-out may dysregulate microglial homeostasis, potentially 

leading to changes in synapse maintenance and development outside of AD. Our study suggests 

that microglial-expressed ApoE may not significantly affect the development of AD, 

particularly in regards to microglial reaction to plaques and disease-associated gene expression. 

However, it's important to note that targeting ApoE in mice may not have the same effects as 

targeting human APOE variants, and the role of microglial-expressed ApoE in tau pathology 

requires further investigation. Recent studies suggest that global ApoE knock-out and 

microglial depletion may have protective effects on brain atrophy induced by tau, and removing 
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APOE*ε4 from astrocytes may reduce tau pathology and neurodegeneration (Shi et al., 2019), 

(Shi et al., 2017). Therefore, it's crucial to explore the impact of microglial-specific knock-out 

of ApoE in tauopathy models. 

Selective targeting and modulation of plaque associated microglia via systemic 

dendrimer administration in an Alzheimer’s disease mouse model. 

Data 
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Figure C7: Volcano plot looking at differentially expressed genes (DEGs) between WT/D45113 and WT/Veh 

groups show no changes in gene expression between the groups (a). Volcano plot examining the DEGs between 

12-month-old 5xFAD/Veh mice compared to WT/Veh mice reveals upregulation of classical AD inflammatory 

genes (Clec7a, Itgax, Cst7, etc.) (b). Volcano plot examining the DEGs between 12-month-old 5xFAD/D45113 

mice and 5xFAD/Veh mice reveals downregulation of microglial and inflammatory genes (Itgax, Itgam, Cxcl9, 

etc.) (c). Heatmap of individual FPKM values of the DEGs between the 12-month-old 5xFAD/D45113 group and 

5xFAD/Veh group for all mice analyzed via bulk RNA-seq (D). Gene ontology analysis on three distinct 

populations of DEGs (e). Sixteen weighted gene connectivity network analysis (WGCNA) modules graphed 

according to correlation to D45113 treatment (f) and 5xFAD genotype (g). Module eigengene expression 
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trajectory of gene expression value in blue (h), darkturquoise (i), and pink (j). Heatmap of genes within its 

respective module (k-m) and subsequent GO analysis terms and p-value for the blue (n), darkturquoise (o), and 

pink (p) modules. Statistical analysis for (h-j) used a one-way ANOVA with Tukey’s multiple comparison test. 

Significance indicated as * p < 0.05; ** p < 0.01; *** p < 0.001.  

 

Figure C8: WGCNA dendrogram highlighting 48 modules (a). Interactive plot between hub genes extracted from 

the  blue (b), darkturquoise (c), and pink (d) modules. Cell-type enrichment heatmap which displays gene network 

associations with different cell-types (e).      
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In order to verify the impact of D-45113 treatment on IHC changes, we conducted bulk RNA 

sequencing (RNA-seq) on microdissected hippocampi from WT/Veh, WT/D-45113, 

5xFAD/Veh, and 5xFAD/D-45113 mice. The differentially expressed genes (DEGs) were 

compared between WT/D-45133 and WT/Veh, and no significant changes were found between 

the two groups, indicating that D-45113 does not affect hippocampal gene expression in the 

WT mice (Figure C7:a). Inflammatory genes were found to be upregulated in 5xFAD/Veh 

mice compared to WT/Veh, in line with previous research (Forner et al., 2021), with genes 

such as Cst7, Itgax, and Clec7a being highly upregulated (Figure C7:b). On the other hand, 

5xFAD/D-45113 mice showed significant gene expression changes compared to 5xFAD/Veh 

mice, with marked downregulation of genes associated with microglia and inflammation such 

as Itgam, Itgax, and Cxcl9 (Figure C7:c). A clustered heatmap was generated for the 777 DEGs 

identified between 5xFAD/D-45113 and 5xFAD/Veh mice based on fragments per kilobase of 

exon per million mapped fragments (FPKM) values (Figure C7:d), and three gene clusters 

were identified based on the direction of expression changes: genes that are downregulated 

with D-45113 treatment, genes that are upregulated in 5xFAD/Veh mice but rescued in 

5xFAD/D-45113 mice, and genes that are upregulated with D-45113 treatment. Gene ontology 

(GO) analysis was performed on the three gene clusters, and the associated GO terms, P-value, 

adjusted P-value, and genes were listed in a table (Figure C7:e). The GO terms for the group 

of genes that are downregulated with D-45113 treatment are linked to synapses and neurons, 

with the top GO term being related to the regulation of dendritic spine morphogenesis. The top 

GO terms for the second group of genes, which are upregulated in 5xFAD/Veh mice but 

downregulated in 5xFAD/D-45113, are related to inflammation, with response to interferon-

gamma being the top GO term. The GO terms associated with the third group, which contains 

genes that are upregulated with dendrimer administration, are linked to ion transport and 

homeostasis, but the adjusted P-values of the top GO terms are not significant. Overall, it seems 
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that D-45113 treatment may affect inflammatory and dendritic and neuronal gene expression 

in the hippocampi of these mice. To investigate the impact of dendrimer treatment on gene 

networks, we conducted weighted gene co-expression network analysis (WGCNA) on the gene 

expression dataset and identified 48 independent modules (Figure C8:a). Correlations of each 

module to either D-45113 treatment (Figure C7:f) or 5xFAD genotype status (Figure C7:g) 

were calculated, and 16 modules were graphed. The blue module was highly correlated with 

the 5xFAD genotype, while the darkturquoise and pink modules were correlated with D-45113 

treatment. Eigengene expression for the blue, darkturquoise, and pink modules was counted 

and plotted (Figure C7:h.i.j), and genes from each module were displayed as a heatmap 

(Figure C7:k,l.m). The blue module, which consists of 1294 genes, was highly upregulated in 

the 5xFAD/Veh and 5xFAD/D-45113 groups, and the GO terms associated with this module 

were related to inflammation (Figure C7:n). Furthermore, the blue module showed gene 

network changes associated with microglia (Figure C8:b). The module colored in 

darkturquoise contains a total of 520 genes and shows significant upregulation in 5xFAD/D-

45113 mice. The gene ontology (GO) terms associated with this module are neutrophil 

activation and degranulation (Figure C7:o). On the other hand, the pink module is made up of 

500 genes and exhibits downregulation in 5xFAD/D45113 mice. The GO terms related to this 

module are associated with synaptic transmission (Figure C7:p). These findings strengthen 

the possibility of a correlation between D-45113 treatment and alterations in neurons and 

synapses. 

Conclusion 

Dendrimers are dynamic nanomolecules used for drug delivery in cancer and brain when BBB 

is compromised (Santos et al., 2018). However, traditional PAMAM dendrimers face 

challenges in passing BBB (Zhu et al., 2019). Invasive methods like CSF, intracerebral, and 

intracerebralventricular injection are efficient but have limitations (Dong et al., 
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2018),(Pardridge, 2022). Non-invasive methods like nasal drug administration, exosome 

delivery, and nanoparticle delivery are promising but have toxicity, dosing, and drug 

conjugation problems (Dong et al., 2018),(Heidarzadeh et al., 2021),(Ozsoy et al., 

2009),(Saraiva et al., 2016). PAMAM hydroxyl-terminated dendrimers have potential to 

bypass partially impaired BBB and target PAMs. This study aims to investigate if these 

dendrimers can selectively target and treat PAMs in the context of AD. Targeting specific 

subsets of microglia, particularly PAMs, is crucial to understand the role of microglia in AD 

pathogenesis. TREM2 is a key regulator of microglial-plaque association in AD, and its 

downstream effectors have emphasized the role of TREM2 in promoting microglial association 

with plaques (Gratuze et al., 2021), (Gratuze et al., 2018), (Jay et al., 2017), (Jay et al., 2015), 

(C. Y. D. Lee et al., 2018),(Lee, Meilandt, et al., 2021),(Pardridge, 2022),(Wang et al., 2015). 

However, the impact of this association on the brain remains uncertain. Dendrimers targeting 

only the most phagocytic microglia in AD have potential to be very promising in this regard. 

These dendrimers may target microglia only when needed in disease, making them beneficial.  

In this study, we demonstrate that PAMAM hydroxyl dendrimers can be used to deliver a drug 

payload to PAMs in a mouse model of Alzheimer's disease (AD). They show that treatment 

with D-45113, a dendrimer conjugated with Dasatinib, leads to a rescue in behavioral deficits, 

a reduction in Aβ levels, and changes in microglial gene expression in 12-month-old 5xFAD 

mice (Zhang et al., 2019). We suggest that these findings suggest that microglia play an 

important role in controlling Aβ levels in AD and that dendrimers can be a valuable tool for 

delivering therapeutics to PAMs. Previous studies have successfully conjugated dendrimers 

with siRNAs, ASOs, and other drugs, making them essential for delivering therapeutics across 

the blood-brain barrier and directly to PAMs (Dong et al., 2018). They suggest that future 

studies employing dendrimers in plaque + tau mouse models will be crucial to understanding 

the interaction between microglia and the two primary histopathological hallmarks of AD. 



 

121 
 

Ultimately, the PAMAM hydroxyl dendrimers can selectively target a subset of microglia, 

providing a valuable screening tool for potential drug candidates that impact microglia and 

resulting in higher precision and personalized medicine for AD patients (Bemiller et al., 

2017),(Gratuze & Holtzman, 2021), (Lee, Turpin, et al., 2021). 
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METHODS 

RNA sequencing (RNA-Seq) is a high-throughput sequencing method that provides 

comprehensive insights into the transcriptome of a cell. RNA-Seq has advantages over previous 

methods, such as Sanger sequencing and microarrays, due to its higher coverage, greater 

resolution, and ability to detect novel transcripts and alternatively spliced genes. RNA-Seq can 

be used to investigate various RNA populations, including total RNA, pre-mRNA, noncoding 

RNA, and mRNA transcripts. Recent advances in RNA-Seq workflows have enabled 

researchers to better understand the functional complexity of transcription. High-throughput 

next-generation sequencing (NGS) technologies have revolutionized transcriptomics by 

eliminating challenges posed by hybridization-based microarrays and Sanger sequencing-

based approaches (Tomita et al., 2004). RNA-Seq involves isolating RNA, converting it to 

cDNA, preparing the sequencing library, and sequencing it on an NGS platform. However, 

experimental details such as biological and technical replicates, sequencing depth, and desired 

coverage across the transcriptome should be considered before performing RNA-Seq to 

balance high-quality results and time and monetary investment. The first step in transcriptome 

sequencing is isolating RNA from a sample, and it must be of high quality for a successful 

RNA-Seq experiment (Thompson et al., 2007). The quality of RNA is measured by an RNA 

Integrity Number (RIN) based on the ratios of 28S to 18S ribosomal bands using gel 

electrophoresis. Low-quality RNA can negatively affect sequencing results and lead to 

incorrect biological conclusions. High-quality RNA is crucial for RNA-Seq experiments, but 

degraded RNA may be unavoidable in certain cases like autopsy or paraffin-embedded tissues. 

The effect of degraded RNA on sequencing results should be carefully considered  (Rudloff et 

al., 2010). After RNA isolation, the next step in transcriptome sequencing is creating an RNA-

Seq library, which can vary based on RNA species and NGS platforms. This involves isolating 

desired RNA, reverse-transcribing it to cDNA, fragmenting or amplifying cDNA, and ligating 
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sequencing adaptors. There are choices in library construction and experimental design that 

must be carefully made based on specific needs. The accuracy of detection for specific RNAs 

depends on library construction. Each stage can be manipulated to enhance the detection of 

certain transcripts while limiting the ability to detect others (Christodoulou et al., 2011). All 

RNA-Seq preparation methods involve converting RNA to cDNA as most sequencing 

technologies require DNA libraries. Traditional cDNA synthesis protocols generate libraries 

from each cDNA strand uniformly, which means that strand orientation information of the 

original RNA is lost (Parkhomchuk et al., 2009). This maximizes reverse transcription 

efficiency but is problematic for distinguishing overlapping transcripts on opposite strands. To 

address this issue, alternative library preparation protocols have been developed to yield strand -

specific reads (Vivancos et al., 2010), (Mills et al., 2013). One such strategy involves ligating 

adapters in predetermined directions to single-stranded RNA or the first-strand of cDNA, but 

this approach is laborious and results in coverage bias. A preferred strategy is to incorporate a 

chemical label, such as deoxy-UTP (dUTP), during the synthesis of the second-strand cDNA, 

which can be enzymatically removed (Lister et al., 2008). This approach facilitates 

distinguishing the second-strand cDNA from the first strand and preserves strandedness. 

However, caution should be exercised when assessing antisense transcripts near highly 

expressed genes as a small proportion of reads (∼1%) from the opposite strand may still be 

observed (Zeng & Mortazavi, 2012). To construct RNA-Seq libraries in a cost-effective 

manner, it is worth considering assaying multiple indexed samples in a single sequencing lane 

(Smith et al., 2010). With modern sequencing technology, a single run can generate a large 

number of reads, up to 750 million paired-end reads per lane on an Illumina HiSeq 2500. This 

makes it possible to analyze increasingly complex samples. However, oversampling can occur 

with minimal improvement in data quality for lower complexity samples when using high 

sequencing depths, which limits the cost-effectiveness of this approach. Therefore, a more 
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affordable and efficient solution is to use unique 6-bp indices, or "barcodes," to identify each 

RNA-Seq library and enable the pooling and sequencing of multiple samples in the same 

reaction. Depending on the application, coverage for 2-20 samples can be achieved  

(Consortium et al., 2007), (Blencowe et al., 2009). To accurately quantify gene expression of 

moderately to highly expressed transcripts, around 30-40 million reads are needed. For full-

sequence diversity of complex transcript libraries, including rare and lowly-expressed  

transcripts, up to 500 million reads may be required (Fu et al., 2014). Thus, it is important to 

consider the required sequencing depth to answer experimental questions confidently and use 

NGS resources efficiently for any given study. 

 

Sequencing Platforms for Transcriptomics 

When conducting an RNA-Seq experiment, selecting the appropriate sequencing platform is 

critical and contingent on the specific research objectives. Several commercial next-generation 

sequencing (NGS) platforms are currently available, with other platforms under active 

development (Metzker, 2010). High-throughput sequencing platforms can be categorized as 

either ensemble-based, which sequence many identical copies of a DNA molecule, or single-

molecule-based, which sequence a single DNA molecule. These sequencing techniques and 

platforms differ in various ways, potentially influencing downstream data analysis and 

interpretation. 

Illumina dominates the sequencing industry, utilizing an ensemble-based sequencing-by-

synthesis approach that provides relative RNA expression levels of genes (Bentley et al., 2008). 

Low sequencing error rates, less than 1%, are a significant benefit of ensemble-based platforms 

and are crucial when sequencing miRNAs, where high error rates can result in loss of reads or 

misalignment. Illumina's HiSeq platform is the most widely applied NGS technology for RNA-

Seq, offering a standard for NGS sequencing. The recently released MiSeq, a desktop 
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sequencer with lower throughput, provides faster turnaround times for transcriptome 

sequencing on a smaller scale. Single-molecule-based platforms, such as PacBio, allow single-

molecule real-time sequencing, which avoids amplification bias and yields long reads, with 

average lengths of 4200 to 8500 bp, allowing for the detection of novel transcript structures 

(Eid et al., 2009),  (Au et al., 2013), (Sharon et al., 2013). However, the high error rate of ∼5% 

presents a disadvantage, with misalignment and loss of sequencing reads being prevalent due 

to the difficulty of matching erroneous reads to the reference genome (Eid et al., 2009). 

Another crucial factor to consider when selecting a sequencing platform is transcriptome 

assembly. Longer sequencing reads enable more accurate and unambiguous assembly of 

transcripts, which is necessary for detecting splicing isoforms. PacBio's extremely long reads 

are optimal for de novo transcriptome assembly, while Moleculo's technology can produce 

reads up to 8500 bp long (Carneiro et al., 2012). Although not widely adopted, it can aid 

transcriptome assembly. Illumina's MiSeq protocols can also produce slightly longer reads, up 

to 350 bp, which can improve both de novo and reference transcriptome assembly. 

 

Transcriptome Analysis 

RNA-Seq enables a high-resolution view of the global transcriptional landscape and presents 

new informatics challenges and applications as sequencing technologies and protocol 

methodologies continue to evolve. In addition to surveying gene expression levels, RNA-Seq 

can uncover novel gene structures, alternatively spliced isoforms, and allele-specif ic 

expression (ASE) (Montgomery et al., 2010), (Pickrell et al., 2010), (Battle et al., 2014), 

(Lappalainen et al., 2013). This section aims to introduce the analytical techniques used to gain 

a deeper understanding of the intricate complexity of transcriptomes. Single- and bulk-cell 

transcriptional profiling have been used to study microglia across development and disease 

(Srinivasan et al., 2020); (Tay et al., 2018); (Hammond et al., 2019). 
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Read Alignment: Compared to mapping DNA sequencing reads, mapping RNA-Seq reads to 

the genome poses a greater challenge due to the presence of splice junctions in many reads. 

Traditional read mapping algorithms like Bowtie (Langmead et al., 2009) and BWA (Li & 

Durbin, 2009) are not suitable for this purpose as they cannot handle spliced transcripts. To 

address this issue, one approach is to supplement the reference genome with sequences from 

exon-exon splice junctions obtained from known gene annotations (Mortazavi et al., 2008). An 

alternative and preferred strategy is to use a "splicing-aware" aligner, which can distinguish 

between a read aligning across an exon-intron boundary and one with a short insertion. Several 

splicing-aware mapping tools have been developed specifically for RNA-Seq data, including 

GSNAP (Wu & Nacu, 2010), MapSplice (K. Wang et al., 2010), RUM  (Grant et al., 2011), 

STAR (Dobin et al., 2013), and TopHat (Trapnell et al., 2009), each with its own advantages 

in terms of performance, speed, and memory usage. Choosing the best aligner depends on these 

factors and the objectives of the RNA-Seq study. The performance of these aligners has been 

systematically evaluated by the RNA-Seq Genome Annotation Assessment Project (RGASP3), 

which has identified significant differences in alignment yield, basewise accuracy, mismatch 

and gap placement, and exon junction discovery (Engstrom et al., 2013). 

Transcript Assembly and Quantification: Once RNA-Seq reads are aligned, the mapped 

reads can be assembled into transcripts using computational programs that infer transcript 

models from read alignments to the reference genome (Trapnell et al., 2010), (Li et al., 2011), 

(Roberts, Pimentel, et al., 2011), (Mezlini et al., 2013). Alternatively, de novo reconstruction 

can be used to assemble contiguous transcript sequences with the use of a reference genome or 

annotations (Robertson et al., 2010), (Grabherr et al., 2011), (Schulz et al., 2012). However, 

reconstructing transcripts from short-read data remains a major challenge, and there is no gold 

standard method for transcript assembly due to various factors that can affect assembly quality, 

including gene complexity, degree of polymorphisms, alternative splicing, dynamic range of 
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expression, sequencing errors, gene annotation, and inference of isoforms (Steijger et al., 

2013).  

Gene expression levels can be estimated using computational tools like Cufflinks (Trapnell et 

al., 2010), FluxCapacitor (Montgomery et al., 2010), (Griebel et al., 2012), and MISO (Katz et 

al., 2010), which quantify expression by counting the number of reads that map to full-length 

transcripts. Alternatively, tools like HTSeq can quantify expression without assembling 

transcripts by counting the number of reads that map to an exon (Anders et al., 2013), (Roberts, 

Trapnell, et al., 2011). However, to accurately estimate gene expression, read counts must be 

normalized to correct for systematic variability, such as library fragment size, sequence 

composition bias, and read depth (Oshlack & Wakefield, 2009). The RPKM metric normalizes 

a transcript's read count by both the gene length and the total number of mapped reads in the 

sample, while the FPKM metric accounts for the dependency between paired-end reads in the 

RPKM estimate for paired-end reads (Trapnell et al., 2010). Another technical challenge for 

transcript quantification is the mapping of reads to multiple transcripts resulting from genes 

with multiple isoforms or close paralogs. One solution is to exclude all reads that do not map 

uniquely, but this strategy is not ideal for genes lacking unique exons. Alternatively, tools like 

Cufflinks  (Trapnell et al., 2012) and MISO (Katz et al., 2010) construct a likelihood function 

that models the sequencing experiment and estimates the maximum likelihood that a read maps 

to a particular isoform to correct for "read assignment uncertainty" (Griffith et al., 2010). 

Quality Assessment and Technical Considerations: During the RNA-Seq analysis pipeline, 

it is crucial to carefully identify and correct various sources of bias that can occur throughout 

the experimental process. These biases can arise during RNA extraction, sample preparation, 

library construction, sequencing, and read mapping (Kleinman & Majewski, 2012), (Lin et al., 

2012), (Pickrell et al., 2012), (t Hoen et al., 2013). To ensure high-quality reads, the quality of 

the raw sequence data in FASTQ-format files should be assessed using software tools such as 
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the FASTX-toolkit [http://hannonlab.cshl.edu/fastx_toolkit], FastQC 

[http://www.bioinformatics.babraham.ac.uk/projects/fastqc] software, and RobiNA  (Lohse et 

al., 2012) package. Important parameters to evaluate include sequence diversity of reads, 

adaptor contamination, base qualities, nucleotide composition, and percentage of called bases. 

Technical artifacts can arise at the sequencing stage or during RNA-Seq library construction, 

such as higher error rates at the 5′ read end due to mispriming events introduced by random 

oligos (Lin et al., 2012). Corrective measures such as trimming the ends of reads should be 

taken whenever possible to improve the quality of read alignments. 

After aligning the reads, additional parameters should be evaluated to account for biases that 

occur at the read mapping stage. These include the percentage of reads mapped to the 

transcriptome, the percentage of reads with a mapped mate pair, coverage bias at the 5′ - and 

3′-ends, and the chromosomal distribution of reads. Misalignment can occur when a read spans 

the splicing junction of an alternatively spliced gene, especially if the reference transcriptome 

contains an incomplete annotation of isoforms (Kleinman & Majewski, 2012), (Pickrell et al., 

2012). To evaluate sample integrity, the correlation of single-nucleotide variants (SNVs) 

between the DNA and RNA reads (t Hoen et al., 2013) should be investigated if genotype 

information is available. Discordant variants would be observed between DNA and RNA 

sequencing data in the case of a swapped sample, whereas more significant patterns of allele -

specific expression would be observed than expected for a single individual in the case of a 

mixture of samples. 

Differential Gene Expression: The main goal of gene expression experiments is to identify 

transcripts that exhibit differential expression across various conditions. Statistical methods 

have been developed to test for differential expression using microarray data, where probe 

intensities can be approximated by a normal distribution (Cui & Churchill, 2003), (Smyth, 

2004), (Grant et al., 2005). However, these methods cannot be directly applied to RNA-Seq 
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data, which is discrete and does not fit a normal distribution (Marioni et al., 2008). Initially, a 

Poisson distribution was used to model read count data, but this assumption resulted in high 

false-positive rates due to underestimation of sampling error (Anders & Huber, 2010), 

(Langmead et al., 2010), (Robinson & Oshlack, 2010). Negative binomial distribution models 

have been shown to best fit the distribution of read counts across biological replicates, 

accounting for overdispersion or extra-Poisson variation. 

To handle sources of variability in RNA-Seq data, complex statistical models have been 

developed that model overdispersion across technical and biological replicates. One source of 

variability is differences in sequencing read depth, which can create artificial differences 

between samples. To correct for this, raw read count data is transformed into FPKM or RPKM 

values. However, highly expressed genes can significantly alter these values, so statistical 

models that use highly expressed genes as covariates have been proposed (Robinson & 

Oshlack, 2010). Another source of variability is unequal distribution of sequencing reads across 

genes, which can be corrected using a two-parameter generalized Poisson model (Srivastava & 

Chen, 2010). 

Various statistical methods have been designed specifically for detecting differential 

expression in RNA-Seq data (Trapnell et al., 2013), such as Cuffdiff, baySeq (Hardcastle & 

Kelly, 2010), DESeq (Anders & Huber, 2010), DEGseq (L. Wang et al., 2010), and edgeR 

(Robinson et al., 2010). However, each model makes specific assumptions that may not hold 

true for the observed data, so careful interpretation of the results is necessary (Bullard et al., 

2010). Replicates are crucial for measuring variability and improving model estimations, with 

biological replicates preferred over technical replicates (Auer & Doerge, 2010). Using 

multiplexed RNA-Seq libraries and ERCC spike-in controls can improve the accuracy of 

measurements of differential gene expression (Liu et al., 2014). 
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Weighted Gene Co-expression Network Analysis: Gene expression data can have diverse 

expression profiles, which can be identified through dimension reduction techniques such as 

principal component analysis (PCA) and clustering analysis. PCA identifies the dimensions 

with the highest variation, but it may not reflect true expression profiles. Cluster analysis 

groups genes with similar expression profiles and can be unsupervised or supervised. 

Supervised methods find genes that classify samples into known classes. Network analysis 

takes a global approach to study interconnectedness between genes, as biological functions 

arise from complex interactions between cell constituents. Gene networks provide potential to 

identify disease-causing genes for therapeutic interventions (Schadt et al., 2005), (Chen et al., 

2008). Weighted Gene Co-expression Networks (Zhang & Horvath, 2005) is a primary method 

to infer gene networks.  

The foundation of WGCNA is the concept of a scale-free network, which has been observed 

in numerous empirical studies, and is believed to be present in metabolic networks across all 

organisms (Carlson et al., 2006), (Dong & Horvath, 2007), (Gargalovic et al., 2006), (Zhang 

& Horvath, 2005), (Horvath et al., 2006). In a scale-free network, gene connectivity, 

represented by p(k), follows a power law distribution, p(k) ∼ k −γ (Barabasi & Albert, 1999), 

(Ravasz et al., 2002). The existence of highly connected nodes, or hubs, is a critical 

characteristic of a scale-free network, as they participate in a large number of metabolic 

reactions and integrate all substrates into a single, interconnected web. Although scale-free 

networks are robust against random failures, they are vulnerable to coordinated (Albert et al., 

2000). Therefore, identifying hub molecules involved in specific diseases could pave the way 

for developing new drugs that target those hubs (Barabasi & Bonabeau, 2003). 

Consensus Network: From a gene-centric perspective, modules are clusters of highly 

interconnected genes that may form a biological pathway. However, from a systems biology 

standpoint, functional modules act as mediators between individual genes and emergent global 



 

131 
 

properties. These modules are fundamental system components, represented as nodes in a 

network, and described using network language to define their relationships. Co-expression 

modules can form a biologically meaningful meta-network that reveals a higher-order 

organization of the transcriptome. Meta-modules refer to modules in a meta-network of 

modules. Meta-network analysis is a dimension reduction technique that reduces a gene co-

expression network involving thousands of genes to a smaller meta-network involving module 

representatives, where each module is represented by one eigengene (Ravasz et al., 2002). The 

resulting network is known as an eigengene network, and it captures far more information than 

a simple catalog of module memberships (individual genes) (Langfelder & Horvath, 2007). 

Eigengene networks are useful in describing module relationships in a single data set (single 

eigengene network analysis) or comparing module relationships across different data sets 

(differential eigengene network analysis). To facilitate differential eigengene network analysis, 

methods have been proposed for finding consensus modules (Horvath et al., 2006), (Horvath 

& Dong, 2008). The approach for detecting consensus modules relies on a consensus 

dissimilarity measure that compares topological overlap matrices of different data sets. The 

consensus matrix can also be defined using the topological overlap matrix (TOM), which 

typically leads to more robust and larger modules (Oldham et al., 2006). Like the single 

network case, the consensus gene dissimilarity is defined as the 1 minus the consensus TOM 

(Li & Horvath, 2007), (Yip & Horvath, 2007). 

The dissimilarity is used as input to average linkage hierarchical clustering. Based on the 

module memberships derived from the clustering analysis, further analysis of module 

preservation can be defined as scaled connectivity of preservation network at the gene level 

and module level. The preservation network's whole network preservation can also be defined 

as the scaled density of the preservation network at both the gene level and the module level. 
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MasigPro: A statistical method for identifying differentially expressed genes in microarray 

time-course experiments has highlighted the availability of various methods for identifying and 

clustering gene expression patterns, decoding gene regulatory networks, and detecting 

differentially expressed genes (Bar-Joseph, 2004). However, the latter task is challenging as 

only a few methodologies exist for finding statistical profile differences between experimental 

groups. A method proposed to identify differentially expressed genes between two cell-cycle 

microarray datasets using a difference measure between continuous representations of time-

series expression data, which works best for long time series (Bar-Joseph et al., 2003). 

ANOVA-based models have also been suggested, but they are not appropriate for analyzing 

quantitative variables or experiments with unbalanced designs (Park et al., 2003). Regression 

approaches are a more flexible solution as they treat time as a quantitative variable, allowing 

for the detection of differentially expressed genes and changes in trends. Regression modeling 

to identify differential gene profiles in an inducible transgenic model, but their approach is 

tailored to specific properties of the data under study. To address this limitation, a general 

regression-based approach called maSigPro (microarray Significant Profiles) was proposed as 

a two-step regression strategy that allows for the adjustment of model parameters according to 

the specific interests of the researcher and the data under study (Xu et al., 2002). The method 

involves a two-step regression approach, where experimental groups are defined by dummy 

variables. The first regression fit adjusts a global model and identifies differentially expressed 

genes, while the second step applies a variable selection strategy to identify statistically 

significant profile differences between experimental groups. This approach provides a versatile 

procedure for studying specific pattern differences among experimental groups and genes 

(Harrell et al., 1984). 

The two-regression steps approach is chosen because it is more appropriate than fitting a unique 

model in multicollinear scenarios. The goodness of fit criterion, high R-squared, is used for 
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gene selection, providing the possibility of selecting genes for which good models could be 

obtained. However, the researcher must decide on the R-squared threshold based on the 

research objectives (Harrell et al., 1984). 

Validation of the models is essential because regression approaches rely on several 

assumptions such as independence of the observations, homoscedasticity, and normality. The 

maSigPro package is validated for the detection of profile differences, including 

heteroscedasticity and influential values present in the data (Bar-Joseph, 2004). 

The proposed method can be applied to simple gene expression responses, a reduced number 

of time points, and experiments with larger numbers of time points. For experiments with larger 

numbers of time points, a piecewise regression or splines regression approach could be applied. 

The method detects significant profile differences without multiple pairwise comparisons, 

allowing for unbalanced designs and heterogeneous sampling times. The variable definition of 

the models enables the analysis of not only genes with temporal expression changes between 

experimental groups, but also the magnitude of these differences. The proposed method can be 

extended to include additional variables or reduced by removing variables. 

NanoString: The NanoString nCounter system has gained popularity as a gene expression 

profiling method in various research fields (Veldman-Jones et al., 2015). This system enables 

direct measurement of gene expression without the need for cDNA preparation and polymerase 

chain reaction (PCR) analysis, allowing for more efficient sample preparation and expression 

profiling of up to 800 targets, such as in validation studies or when focusing on specific gene 

types (Geiss et al., 2008). However, data analysis remains a challenge, requiring proprietary 

software or an experienced data analyst for processing and normalization, as well as selecting 

and implementing appropriate differential expression analysis methods. While certain R 

libraries have addressed specific steps in the nCounter analysis pipeline, including quality 
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control, normalization, and differential expression analysis, an all-in-one open-source package 

is currently unavailable (Canouil et al., 2020), (Waggott et al., 2012), (Wang et al., 2016). 

The NanoString nCounter system is a cost-effective and straightforward method for profiling 

specific nucleic acid molecules in complex mixtures. The system utilizes color-coded barcodes 

that can hybridize directly to target molecules, and the expression level of a target molecule is 

measured by counting the number of times the barcode for that molecule is detected by a digital 

analyzer. The system can detect low abundance molecules without the need for amplification 

and can quantify up to 800 different targets simultaneously, making it ideal for miRNA 

profiling and targeted mRNA expression analysis (Geiss et al., 2008). The NanoString 

nCounter system provides more accurate quantification of mRNA expression than polymerase 

chain reaction (PCR)-based methods and microarrays, particularly in formalin-fixed paraffin-

embedded samples, where RNA degradation is common (Reis et al., 2011). 

Identifying differential expression (DE) for mRNAs or miRNAs across experimental  

conditions is a fundamental task in molecule expression studies. Current methods for DE 

detection in nCounter data, such as NanoStringNorm (Waggott et al., 2012) and NanoStriDE 

(Brumbaugh et al., 2011), are based on t-tests, which are not the most appropriate method for 

analyzing count data produced by the nCounter Analyzer. To address this issue, a novel DE 

detection method, NanoStringDiff, has been developed, which utilizes a generalized linear 

model of the negative binomial family to characterize count data and allows for multi-factor 

design (Robinson & Smyth, 2008). The method incorporates size factors calculated from 

positive controls, housekeeping genes, and background levels obtained from negative controls 

in the model framework, enabling the full utilization of all normalization information provided 

by the nCounter Analyzer. The NanoStringDiff method provides more accurate and powerful 

results in DE detection compared to existing methods, as demonstrated by simulations and real 

data analysis (Robinson & Smyth, 2007). 
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