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ABSTRACT OF THE DISSERTATION 

 

Cellular Excitability Changes in the Entorhinal Cortex and the Retrosplenial Cortex Across 

Stages of Pathology in Alzheimer’s Disease  

by 

Katrina Lee Bartas 

Doctor of Philosophy in Mathematical, Computational and Systems Biology 

University of California, Irvine, 2024 

Associate Professor Kevin T. Beier, Chair 

 

 

Alzheimer’s disease (AD) is a devastating neurodegenerative disorder that is growing in 

prevalence and is impactful on individuals and society as a whole. Treatment options are limited, 

and there is no known cure; a better understanding of this disease, particularly at its early stages, 

is essential for the betterment of human health. This dissertation investigates how neuronal 

communication is disrupted throughout disease progression in AD, how these changes may be 

explained molecularly, and how disease-associated changes appear to occur in a brain-region 

specific manner. 

Chapter 1 of this work reviews prior AD research, and how methods we utilize such as 

neuronal tracing and transcriptomic analysis have previously been applied to the research of this 

disease. Following this summary of previous work, we explore a rabies-based viral tracing method, 

the results of which can reflect cellular excitability (Chapter 2). While this component of the 

dissertation did not focus on AD, the methodology and insights into cellular communication, 

communication between brain regions, and how gene expression can influence these factors 

informs the rest of this work, particularly Chapter 4.  
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In Chapter 3, we delve into the molecular changes present in the entorhinal cortex (ENT). 

We utilize a mouse model of AD, and noted cellular and neuronal communication pathways that 

were disrupted in disease. We saw some overlap of these changes with those observed in 

previously published human AD data, particularly in glutamatergic signaling. 

Chapter 4 synthesizes and extends the work done in earlier chapters: we first utilize the 

rabies-based viral tracing method characterized in Chapter 2, the results of which identified the 

retrospenial cortex (RSC) as an important input region to the ENT in AD mice. We followed up 

with multi-omic analysis of the RSC and the ENT over time in the AD mouse brain, as well as 

sequencing of tissue from patients with or without cognitive deficits. Glutamatergic neurons were 

once again seen to have gene expression changes implicating cellular excitability in disease.  

Combined, these projects implicate cellular excitability in both the ENT and the RSC, but 

suggest that changes in the RSC may precede those in the ENT. While further research is needed 

and questions remain (Chapter 5), this work has yielded insights into brain-region specific 

molecular changes in AD, and highlights the RSC as a promising target for future study.   
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CHAPTER 1: Introduction and background 

  Chapter 1 of this dissertation aims to provide an overview of previous research relevant to 

the next three chapters. Alzheimer's disease’s prevalence, pathology, and available treatments are 

described, along with an overview of relevant previous work: transcriptomic or epigenomic 

analysis of postmortem tissue from AD patients and from an AD mouse model. Neuronal tracing 

methods are then briefly reviewed, with a focus on rabies-virus-based work and previous 

utilization of this technique applied to mouse models of AD.   

1.1 Alzheimer’s disease 

Prevalence and impact 

 Alzheimer’s disease (AD) is a progressive neurological disorder characterized by memory 

loss, personality changes, and other behaviors associated with cognitive decline. As of 2024, it is 

estimated that there are 6.9 million Americans living with AD, and this figure is projected to double 

by 2050 as the U.S. population ages1. Even more common than AD, is mild cognitive impairment 

(MCI), which is approximately twice as common as AD2.  The estimated rate of conversion from 

MCI to AD varies based on the study, but around 10% of MCI cases convert to AD within 1.5 to 

10 years3. Even before symptoms of MCI or AD appear, there are preclinical changes occurring in 

the brain. These preclinical changes can include increases in the hallmarks of AD pathology, 

intraneuronal tau tangles and extra cellular beta-amyloid (Aβ) plaques, which have been proposed 

as biomarkers of preclinical AD4. In the early stages of AD, tau and amyloid accumulate in brain 

regions including the entorhinal cortex and the hippocampus, and spread as disease develops 

further. This accumulation continues as the preclinical state continues through to MCI, which may 

eventually convert to AD dementia and thus more severe pathological changes, including neuronal 

degeneration5 and worsening neuroinflammation6. In the later stages of AD symptoms worsen, 
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with reduced cognitive abilities, mood changes, and physical limitations due to neurodegeneration 

impacting a person’s independence and ability to continue their normal activities1.  

There is an apparent gender gap in AD, with women making up 4.2 million of the 6.9 

million Americans with AD, and men making up 2.7 million; this difference is projected to 

increase over the next few decades1,2. This stark difference is partially explained by the increased 

lifespan of women compared to men, as AD risk for both men and women increases with age. 

Differences in incidence between men and women of the same age are unclear, with some studies 

reporting differences to be insignificant7,8, an increase in incidence in men9, or an increase in 

incidence in women10,11. Despite this uncertainty, there are clear sex and gender differences in AD 

stemming from both biological factors and societal norms. For example, APOE genotype can 

strongly impact a person’s risk of developing AD and seems to have a stronger effect in women; 

a non-biological factor, lower educational attainment, is also a risk factor for AD, which has 

historically more greatly impacted women, as reviewed by Rocca et al.12. Regardless of the 

underlying cause, the outsized impact of AD on women is further increased by caregiving 

responsibilities that typically fall to women, with approximately two thirds of caregivers for 

patients with dementia being women1. 

The impact and disruption of AD extends beyond the physical toll it takes on the patient 

themselves, extending to affect their quality of life, families, and caregivers. As AD dementia 

progresses, medical attention and caregiving needs increase as independence in daily life is lost. 

The economic burden of AD, including medical, non-medical, caregiving, lost productivity, and 

other intangible costs, was estimated to be $958 billion worldwide in 2010, has only increased in 

recent years with the increase in AD incidence, and is projected to increase to $9.1 trillion 

worldwide by 205013. The impact of this disease on patients, their loved ones, and society as a 
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whole cannot be overstated, but despite the prevalence of AD, there is no cure and treatment 

options are limited.  

Treatment and available therapeutics 

Until 2021, the only therapeutics available for AD treatment only addressed symptoms of 

the disease, and there had not been any new FDA approvals in almost 20 years (citation). FDA 

approved drugs donepezil, rivastigmine, and galantamine inhibit the acetylcholinesterase enzyme 

in an effort to improve cognition of patients with AD by increasing levels of acetylcholine. Until 

recently, acetylcholinesterase inhibitors were typically prescribed for mild to moderate AD, while 

in more severe cases memantine, a NMDAR antagonist, was the drug of choice14. While there has 

since been some hope and increased availability of options with the FDA approval of three 

monoclonal antibodies, aducanumab, lecanemab, and most recently donanemab, these treatment 

options are limited in impact and can result in serious side effects, as others have reviewed15. Their 

approval sparked controversy and critique, aducanumab has since been discontinued by its 

manufacturer, and the remaining two approaches slow disease progression but do not reverse it. 

New approaches, beyond the focus of current treatments, are needed. Ongoing clinical trials offer 

some insight into commonly targeted pathways, with potential treatment options most commonly 

targeting neurotransmitter receptors, inflammation and immunity, or amyloid16.  

In the development and research of treatments for AD, it is important to consider a 

multitude of patient populations and therapeutic targets, as recent therapies targeting amyloid have 

shown to be limited in effect, and gender differences, while not thoroughly discussed in recent 

clinical trials, are evident: men appeared to benefit more than women from donanemab17,18. 

Additionally, a majority of patients participating in these clinical trials have been white. In the 

donanemab trial, 91.5% of participants were white17, while in the lecanemab trial, 80% of 
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participants were white18. Meanwhile, the population of the United States grows increasingly 

diverse, with a third of Americans projected to be a race other than white by 206019. Given these 

limitations, in addition to study of therapeutic targets other than amyloid, further study of gender-

specific effects, and trials including more diverse populations would be beneficial to the 

therapeutic landscape in AD. 

Disease progression and pathogenesis  

While clinical diagnosis of AD has historically been based on symptoms of cognitive 

impairment, neuropathological staging based on amyloid and tau pathology have been established: 

Thal staging, and Braak staging, respectively20. Thal staging quantifies the spread of Aβ, one of 

the hallmarks of AD and a popular target for therapeutics. Thal staging consists of five stages, 

starting at phase 1, corresponding to the earliest stage of amyloid pathology, and going up to phase 

5, corresponding to late stages of disease and widespread Aβ deposits. In phase 1, Aβ deposits are 

sparse and spatially confined, typically in the neocortex. In phase 2, Aβ plaque formation is evident 

in the entorhinal cortex and hippocampus. Further along in phase 3, plaques spread to the 

diencephalon and the striatum. In the late phases of Thal staging, accumulation of Aβ spreads 

further throughout the brain to regions including the cerebellum and brain stem21. While some 

presence of Aβ, is normal, Aβ accumulation is considered a biomarker for early stages of AD, and 

often appears before symptoms of cognitive impairment are apparent. Aβ is a product of cleavage 

of the amyloid precursor protein (APP), and issues arise when these proteins aggregate into 

plaques. This aggregation is more likely to occur with higher levels of Aβ42 rather than Aβ4022, a 

longer form of Aβ by just two residues. Of particular interest in relation to these plaques, is the 

potential role of Aβ in glutamate excitotoxicity, with previous studies demonstrating a link 
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between hyperactive neurons and proximity to Aβ plaques23, and similarly linking glutamate 

reuptake suppression to Aβ-mediated hyperactivation24. 

Similar to Aβ, tau is a protein that is present in cognitively normal brains. In disease, tau 

becomes hyperphosphorylated and aggregates into neurofibrillary tangles (NFTs) within neurons. 

These NFTs begin to form before cognitive impairment is evident and have a consistent pattern of 

spread across patients. As NFTs accumulate, neurodegeneration of affected cells eventually 

follows25. While the amyloid cascade hypothesis asserts that Aβ is the driver of NFT accumulation, 

this hypothesis is becoming less widely accepted in favor of more complex hypotheses26, and the 

relationship between tau and amyloid is unclear. Tau pathology thus has its own system of staging 

distinct from amyloid; there are 6 Braak stages and these are typically referred to as stages I-VI. 

Like Thal staging, specific brain regions tend to be impacted earlier, and as disease progresses, 

NFTs spread to the rest of the brain in a somewhat predictable manner. In stage I, NFTs appear in 

the entorhinal cortex, and in stage II, they spread further within the entorhinal cortex and into the 

hippocampus. Stage III is characterized by NFTs in the inferior temporal cortex, and stage IV and 

stage V, by NFTs in the association cortices. The final and most severe stage, stage VI, is defined 

by widespread NFTs in previously mentioned brain regions, and also the establishment of NFTs 

in the primary sensory cortex. Tau pathology has previously been linked to decreased cognitive 

performance, while in the same study Aβ plaques were seen to have only a moderate correlation, 

making NFTs a promising therapeutic target27. As such, tau is the fifth most common target in AD 

drug development, after neurotransmitter receptors, inflammation, amyloid, and synaptic 

plasticity16.  

Both amyloid and tau are widely studied and highly associated with AD, but their effects 

on specific cell types and more general molecular mechanisms underlying AD remain unclear. To 
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this end and with the development and increased usage of new single-cell technologies, there has 

been a multitude of recent studies that aim to characterize cell-type specific changes in the brains 

of patients with AD compared to cognitively normal patients. This expansion of high-dimensional 

data has enabled rapid progress in the study of the molecular underpinnings of AD, and could be 

channeled toward the discovery of new biomarkers and therapeutic targets. 

Previous cell-type specific study of AD using transcriptomic and epigenomic data   

 Previous sequencing of post-mortem tissue from AD patients has largely focused on brain 

regions that have previously been implicated in AD, including the prefrontal cortex28, the ENT29,30, 

and the middle temporal gyrus31. While studies of single-cell sequencing data in AD vary in focus, 

some themes and consistencies across studies have emerged. Neuroinflammation, a common 

therapeutic target, has proven to be of particular interest, with multiple studies delving into gene 

expression differences in glial cells that are activated in the brain’s immune response to AD. In 

particular, microglia32,33 and astrocytes34,35, have been the focus of multiple transcriptomic studies, 

and, along with exploration in mouse models36, these works have led to the identification of 

disease-associated microglia (DAM) and astrocytes (DAA) subtypes, and the elucidation of their 

transcriptomic profiles compared to cells in healthy individuals.  

 Given the prevalence of AD in women, sex differences are another topic of interest, which 

have been observed across gene expression in multiple cell types, with oligodendrocytes and 

neurons having particularly drastic differences in one study37, and another highlighting sex-

differences in cholinergic neurons specifically38. Other work has expanded insights into the 

differential role APOE genotype plays in women; LRP10 expression in AD was found to not only 

have sex-specific patterns in AD, but also showed a relationship to APOE4 dosage39. 
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There has recently been such an abundance of RNA sequencing data, even single-cell RNA 

sequencing data, that multiple attempts at creating databases have been created to make these 

datasets more accessible for researchers40–42, most recently with the development of ssREAD43, 

which also includes spatial transcriptomic data. While sequencing experiments will no doubt 

continue and the amount of available data will increase, the aggregation of previously published 

datasets is a great tool, as new insights can be mined through reanalysis with new bioinformatic 

methods. For example, this repurposing of data has been channeled towards finding novel 

therapeutic targets44 or biomarkers45 based on proteomic and transcriptomic data. 

 In addition to transcriptomic studies, multi-omic studies or studies that incorporate both 

snRNA-seq and single-nucleus assay for transposase accessible chromatin sequencing (snATAC-

seq) data have been performed to assess disruptions in epigenetic gene regulation in AD46–48, 

though these multi-omic studies are not as common as single modality studies. Utilization of 

snATAC-seq allows for insights into differences in non-coding regions of the genome, and allows 

for the direct analysis of AD genome-wide association study (GWAS) loci, as done previously46. 

There have been efforts to create multimodal atlases of AD data, with the Allen Institute’s Seattle 

AD Brain Cell Atlas (SEA-AD) incorporating multi-omic data from 84 donors with varying levels 

of pathology31, and thousands of sequencing experiments performed on individuals in the 

Religious Orders Study (ROS) or the Rush Memory and Aging Project (MAP)49 being valuable, 

publicly available resources for researchers looking to study gene expression and regulation in 

AD. 

While post-mortem sequencing analysis of brain tissue from donors has yielded a multitude 

of insights into AD, these studies are inherently limited by vast variability, both genetic and 

environmental, between patients, and only provide a single time point per person. To gain an 
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understanding of disease progression in brain tissue, from preclinical to late-stage AD dementia, 

samples from a variety of stages are necessary. At stages before diagnosis, this is especially 

difficult in patients, as we cannot be certain which individuals will progress or would have 

progressed to MCI and then to AD. With these limitations, the utilization of animal models of AD 

is a natural next step, as tissue samples can be taken, and corresponding analyses done at multiple 

points in disease in genetically identical animals. Pathology in these transgenic models occurs in 

a more predictable manner, so the uncertainty of whether or not disease would have occurred is 

eliminated. While the translational aspect of this research adds a layer of uncertainty when 

applying this research back to human disease, animal models open new possibilities to probe the 

changes that occur in AD, especially when studying early disease states or preclinical AD.  

1.2 5xFAD mouse model of Alzheimer’s disease 

 To develop mouse models of AD, many scientists have looked towards the causes of 

familial AD (FAD). While genetics do play a role in late onset AD (LOAD), most cases of LOAD 

are sporadic and thus the cause or causes are not clear. In contrast, in FAD, autosomal dominant 

mutations within APP and presenilins 1 (PS1) and 2 (PS2) consistently cause AD as patients age. 

While NFTs are also associated with AD, models based on the proteins implicated in FAD model 

amyloid and not tau pathology in AD, as APP cleavage results in Aβ, and PS1 plays a role in this 

cleavage.  

The first transgenic mouse model of AD incorporated one of these FAD APP mutations, 

and expression of this mutant human protein was driven by the platelet-derived growth factor-β 

promoter. The resulting model, the PDAPP mouse50, showed human Aβ deposits, gliosis, reduced 

synaptic density, and memory deficits that worsened with age. This and other mouse models have 

since, despite their limitations, yielded valuable insights into AD: experimentation in the mouse 
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brain gave insight into the role of Aβ42 as a seed for amyloid deposition, APOE’s role in plaque 

pathology, and the investigation of immunotherapeutic approaches to AD51.  

In the years since the development of the PDAPP mouse, many more mouse models of AD 

have been developed. One widely used model that incorporates more mutations implicated in FAD, 

accelerating plaque development, is the 5xFAD mouse model, which we utilize in experiments 

described in chapters 3 and 4 of this dissertation.  

Genetic makeup of 5xFAD compared to C57BL/6 mice 

In this work, we utilized the 5xFAD mouse model of AD, which utilizes mutations in the 

APP and PSEN1 (which encodes PS1) genes known to cause FAD. Five FAD mutations are 

included in transgenes in the 5xFAD mouse model, hence the name. Three of these mutations 

affect APP: K670N/M671L, I716V, and V717I; two affect PS1: M146L and L286V52. The genetic 

background of 5xFAD mice was originally the B6.SJL mouse, but 5xFAD mice with the popular 

C57BL/6 lab strain as background have been created and seen widespread use. Expression of these 

transgenes is driven by the neuron-specific components of the Thy1 promoter, enabling the 

expressed proteins to accumulate in the brain specifically.  

Pathology and disruptions occur earlier in female 5xFAD mice due to the utilization of 

Thy1. This sex difference is attributed to an estrogen response element within Thy1, causing even 

higher expression of transgenes and thus amyloid pathology in female versus male 5xFAD mice53.  

Pathogenesis and behavior of 5xFAD mice 

5xFAD mouse brains reflect the amyloid pathology typically found in the brains of AD 

patients, and their behavior over time also reflects symptoms of AD such as memory impairment. 

Amyloid pathology progression reflects the pattern of spread seen in humans, with Aβ plaques 

first accumulating in young 5xFAD mice in parts of the cortex and subiculum, spreading further 
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in these regions and to the hippocampus in middle age, and eventually developing in the thalamus 

and brain stem in aged mice52. NFTs were not observed. Neuroinflammation was observed as early 

as 2 months of age, with activated astrocytes and microgliosis being observed with the 

establishment of the first Aβ plaques. Spatial memory in 5xFAD mice compared to controls was 

evaluated using spontaneous alternation performance in the Y-maze, with impairments in this task 

being evident by 4-5 months of age, reflecting the memory deficits seen in AD patients. Neuronal 

degeneration and loss were noted at 9 months of age, evidenced by both a reduction in synaptic 

marker expression, and visual inspection of and neuron counting in stained brain sections52.  

Other differences noted in 5xFAD mice compared to controls include impaired long-term 

potentiation (LTP) at 4 months of age, decreased weight at 12 months of age, and increasing 

differences in gene expression with age54. Unsurprisingly given differential transgene expression 

by sex, a previous study of many aspects of 5xFAD mouse behavior and pathology noted that 

differences between controls and 5xFAD mice were often driven by differences in female mice 

rather than males, including weight gain, motor learning, number of plaques, and microglial 

density54. This study provides further evidence that the female 5xFAD mouse phenotype is 

impacted earlier in age than males.  

Usage of 5xFAD mice in previous transcriptomic studies 

Just as there has been an explosion in single-cell RNA sequencing (scRNA-seq) studies in 

post-mortem tissue from AD patients, there has been a similar, though not as drastic, increase in 

the availability of such data from 5xFAD mice (as other models are available and also widely 

used). In 5xFAD mice specifically, focus on glial cells involved in the immune response to AD, 

astrocytes and microglia, were again a focus of multiple studies35,36,55–59. Microglia-focused work 

further explored DAMs and contrasted them to microglia clusters identified as white matter 
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associated (WAMs), which had different patterns of gene expression and abundance suggesting a 

protective role for WAMs in aging, and potential conversion of WAMs to DAMs in AD59. Further 

suggesting a protective role of some microglia populations in AD, were experiments showing that 

microglia depletion in AD mice could be linked to bleeding and calcification in the brain58. 

Astrocytes, specifically DAAs, were observed to have some overlap in gene expression with 

previously profiled DAMs, and be located adjacent to Aβ plaques in the AD mouse brain35. There 

has also been recent study of oligodendrocytes in 5xFAD mice, suggesting the existence of a 

subpopulation of disease-associated oligodendrocytes (DAOs), which reflected the transcriptional 

changes seen in DAMs and DAAs60. Transcriptomic analysis of other mouse models and brain 

regions has also been widely performed, including some studies utilizing spatial transcriptomic 

techniques61–64.   

1.3 Viral tracing of neural circuits in the mouse brain 

Another advantage to the utilization of mouse models in AD and neuroscience research 

more generally is the ability to clearly define anatomical connectivity between brain regions using 

techniques that are not possible in human subjects. Recombinant viral vectors have proven to be 

useful tools in the characterization of neural circuit anatomy, providing insights into the inputs to 

or outputs of the injection site using retrograde or anterograde tracers, respectively. Circuit tracing 

was first accomplished with Herpes simplex virus (HSV)65, but has since expanded to include 

many other, less cytotoxic, viruses; these viral vectors can be modified for optimal characteristics 

such as reduced cytotoxicity, and when used in tandem with particular transgenic mouse lines, can 

be utilized to obtain cell-type specific information. Commonly used viruses in circuit tracing 

include HSV, canine adenovirus-2 (CAV2), adeno-associated virus (AAV), rabies virus (RABV), 

and pseudorabies virus (PRV)66. Typically, in anterograde tracing, a brain region of interest is 
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injected with a viral tracer. After enough time has passed to allow for the virus to infect other cells 

and for the marker gene to be expressed, imaging and quantification of the marker, typically a 

fluorescent protein such as GFP or mCherry, is conducted. Brain regions with a high expression 

of the marker gene are determined to be outputs of the injection site, or brain regions that receive 

projections from the injection site. Retrograde tracing is performed in a similar manner, with the 

injection site being the output, and brain regions with high marker gene expression being likely 

inputs. These techniques have enabled the mapping of neural circuitry throughout the mouse brain, 

with efforts to map the entire connectome, such as the Allen Mouse Brain Connectivity Atlas67, 

publicly available for download and analysis.  

RABV tracing overview 

In chapters 2 and 4 of this dissertation, multiple tracing experiments are performed to gain 

insights into neuronal communication and how it changes with experience or disease. The viral 

tracer we elected to use is a RABV-based tracer that allows for genetic targeting of starter cells 

and maps exclusively monosynaptic connections68. Inputs are identified via expression of a 

fluorescent protein only if there is a direct connection to initially infected cells, and cells are only 

infected to begin with if they are expressing a particular gene marker, which can be induced in a 

genetically defined population of interest.  The specificity and efficiency of this technique enable 

the discovery of inputs to the injection site without the ambiguity that is inherent in anterograde 

tracing other retrograde tracing methods. 

Previous results from RABV tracing in mouse models of AD 

Given that RABV tracing experiments begin with an injection into a brain region of 

interest, many of these studies have focused on brain regions that have known roles in the 

progression of AD. As the hippocampus is a brain region affected early on in AD, a previous 
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mouse brain connectivity study using monosynaptic RABV tracing in the APP-KI mouse model 

focused on inputs to hippocampal CA1 neurons69, finding that APP-KI mice had an overall 

decreased connectivity strength compared to controls. Further study of inputs to excitatory neurons 

in a different subregion of the hippocampus in the 5xFAD mouse model resulted in similar 

findings; there appeared to be a decrease in overall connectivity in the AD model mice with age 

and compared to controls, with authors noting sex-specific differences that varied with age: female 

5xFAD mice displayed higher connectivity than males at early timepoints, but lower connectivity 

in middle-age70. Two earlier studies in the APP/PS1 mouse model of AD also focused on the 

hippocampus, with one study focusing solely on synaptic plasticity within the hippocampus itself. 

In this work, bilateral stereotaxic injections were performed to label and image hippocampal CA3 

inputs to CA1 neurons, in an effort to assess dendritic spine density and morphology. There was a 

decrease in spine density in 6 month old APP/PS1 mice compared to controls, but morphology 

differences were not deemed to be of consequence71. The second aforementioned study focused 

on neurons in the hippocampus expressing somatostatin and showed a similar effect on dendritic 

spines, with the authors noting axon loss and decreased dendritic spine density in the mouse model 

of AD compared to controls72. As we will discuss in chapter 2 of this dissertation, RABV tracing 

experiments may reveal information about not only anatomical connectivity, but potential changes 

in the activity of input cells as well. With this potential for insights into cellular activity in addition 

to anatomical connectivity, and current information about this type of change in AD being difficult 

to study in patients, further study using this method in mouse models of AD is justified, with an 

expansion of study into brain regions beyond the hippocampus. Based on previous study of the 

ENT’s role in AD and our analyses in chapter 3, the ENT was a natural target for study using 

RABV tracing. Utilization of this technique led to discovery of the retrosplenial cortex (RSC) as 
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an important input to the ENT early on in AD pathology in the 5xFAD mouse model. Thus, the 

focus of chapter 4 is on the RSC’s gene expression in 5xFAD mice compared to that of the ENT, 

and its potential role in the early stages of AD. 
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CHAPTER 2: Exploring relationships between cellular excitability and 

connectivity 

In this chapter, rabies-based viral tracing and computational analysis is used to explore the 

differences in brain connectivity that follow drug administration in mice. While the focus of this 

dissertation is the study of AD, and this study focused on drugs of abuse, the ventral tegmental 

area, and drug-induced changes in mouse brain connectivity, the insights into RABV tracing here 

inform experiments done in Chapter 4 and later justification for studying the RSC. We observe 

here that RABV tracing results are vastly different between mice treated with drugs of abuse versus 

saline, and that RABV counts data can differentiate between cell types in the output region.  

Of particular interest in the context of our study of AD, was the identification here of a 

correlation between the basal expression of calcium ion channel genes to RABV count differences 

after drug exposure.  Inhibition of expression of one such gene, Cacna1e, in the NAcLat reduced 

RABV-labeled inputs. Together, this implies that RABV count differences are indicative of a 

change in cellular excitability. This finding of a relationship between RABV tracing, connectivity, 

and cellular excitability inform our understanding of tracing experiments done in chapter 4, and, 

in addition to other experiments assessing excitability, justify our choice to study the retrosplenial 

cortex later in this work. 

Chapter 2 of this dissertation was previously published in eLife. Dr. Kevin T. Beier 

performed the viral tracing experiments, I performed the majority of computational analyses of the 

data, Pieter Derdeyn assisted with network constructions and projection portraits, Dr. May Hui 

assisted with figure preparation, Dr. Guilian Tian, Jose J. Vasquez, Dr. Cindy M. Yamamoto, and 

Ghalia Azouz performed CRISPRi experiments, and Dr. Kevin T. Beier and I wrote the 

manuscript.  
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2.1 Introduction 

 The ventral tegmental area (VTA) contains dopamine cells (VTADA) that play key roles in 

several behavioral processes, including reward, aversion, and motor control1–3. VTADA cells are 

heterogeneous, with recent studies identifying subpopulations of VTADA cells that differentially 

contribute to adaptive and pathological behaviors4–7. Numerous studies have mapped the input-

output architecture of VTA cells generally, as well as subpopulations of constituent DAergic, 

GABAergic, and glutamatergic cells7–12. These studies have helped us to understand the biased 

input and discrete output logic of the VTA, as well as generate hypotheses regarding the function 

of circuits including the VTA.  

In addition to normal adaptive behaviors, VTADA cells critically contribute to a variety of 

behaviors related to substance use disorder (SUD), including reward, sensitization, and withdrawal 

elicited by drugs of abuse13–18. For a variety of drugs of abuse, even a single exposure triggers 

long-lasting changes in synaptic plasticity onto VTADA cells19,20. These changes include both a 

long-lasting enhancement of excitatory synaptic strength onto VTADA cells20, and development of 

inhibitory synaptic plasticity21,22. These changes are essential for a variety of drug-induced 

behaviors, linking plasticity at VTADA cells with downstream behavioral changes22–24. 

Furthermore, the changes in excitatory synaptic plasticity specifically occur onto some cell types 

and not others5, indicating that these adaptations are likely cell-type and pathway-specific. 

However, it remains unknown which sets of inputs are modified, and if these changes are 

consistent across abused drugs. Furthermore, synaptic plasticity is not the only type of long-lasting 

change that can be induced by drugs of abuse. Unfortunately, even less is known about how other 

forms of experience-dependent changes, including elevations in input activity, may contribute to 

addiction-related behaviors.  
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We recently showed that a single dose of cocaine causes long-lasting changes in cellular 

activity in inputs to VTADA cells15,16. These changes occur from the globus pallidus external 

segment (GPe) and bed nucleus of the stria terminalis (BNST) projections to the VTA that 

contribute to drug-induced reward and sensitization, or withdrawal anxiety, respectively15,25. 

Notably, while these studies focused on inputs from the GPe and BNST, the viral mapping results 

also demonstrated the existence of other input changes to the VTA that were not pursued in those 

studies. These unexplored connections may provide critical information about how drugs alter 

connectivity onto VTADA cells, which in turn contributes to drug-induced behavioral changes15,16. 

In this study, we explore the brain-wide changes in rabies-labeled inputs to VTA cells 

elicited by a variety of different drugs, including drugs of abuse, an anesthetic mixture of 

ketamine/xylazine (K/X), and fluoxetine, a psychoactive but non-abused control substance. Our 

study provides a first-of-its-kind exploration into how even a single drug exposure can change 

brain-wide connectivity patterns, in addition to highlighting some concerns about the potential 

effects of K/X anesthesia on motivated behavior. 

2.2 Methods 

Experimental Procedures 

Animals: Mice were housed on a 12-hour light–dark cycle with food and water ad libitum. 

Males and females from a C57/BL6 background were used for all experiments in approximately 

equal proportions. Mice were approximately 3-4 months of age at the time of experiments. All 

surgeries were done under isoflurane or ketamine/xylazine anesthesia. All procedures complied 

with the animal care standards set forth by the National Institute of Health and were approved by 

the University of California, Irvine’s Institutional Animal Care and Use Committee (IACUC). 
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Stereotaxic surgery: Mice were anesthetized with 3-4% isoflurane and maintained during 

surgery at 1-1.5% isoflurane, or with a mixture of ketamine (100 mg/mL) and xylazine (5 mg/mL). 

Mice were secured in a stereotaxic apparatus (Stoelting). Under aseptic conditions, guide holes 

were drilled, and viruses were infused into the target sites using a glass capillary attached to a 

microinjection pump (WPI, UMP3T). 100 nL of AAVs or 500 nL of EnvA-pseudotyped RABV 

were infused at a rate of 1.6 nL/s. The glass capillary remained in place for 5 min following the 

infusion to allow for virus diffusion. After infusion, the surgical incision sites were closed with 

either sutures or Vetbond tissue adhesive (Patterson Veterinary). Vetameg (flunixin, Patterson 

veterinary) was administered for pain management and topical bacitracin was applied to prevent 

infection at the incision site. 

For viral injections mapping experiments from a defined cell type, 100 nL of a 1:1 volume 

mixture of AAV5-CAG-FLExloxP-TCB and AAV8-CAG-FLExloxP-RABV-G was injected into the 

VTA of DAT-Cre26, GAD2-Cre27, or vGluT2-Cre mice28. Thirteen days later, animals were given 

a single injection of a drug of abuse, fluoxetine, or saline. The following day, 500 nL of EnvA-

pseudotyped RABV was injected into the VTA. Animals were sacrificed five days later. For 

cTRIO experiments shown in Figure 2.4, during the first surgery AAV5-CAG-FLExFRT-TCB and 

AAV8-CAG-FLExFRT-RABV-G were injected into the VTA, and CAV2-FLExloxP-Flp was 

injected into an output site (NAcLat, amygdala, NAcMed, mPFC) during the same surgery. All 

other procedures were the same as above. RABV-labeled cells throughout the brain were manually 

quantified, as done previously7,10,15. 

The injection coordinates and volumes used were as follows: 

VTA: 100 nL AAV and 500 nL RABV, AP –3.2, LM 0.4, DV –4.2 

NAcMed: 250 nL, AP +1.78, L0.4, DV –4.1 
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NAcLat: 250 nL, AP +1.45, LM 1.75, DV –4.0 

Amygdala: 500 nL, AP –1.43, LM 2.5, DV –4.5 

mPFC: 1 mL into mPFC (two injections of 500 nL, one at AP +2.15, LM 0.27, DV –2.1 

and another at AP +2.15, L0.27, DV –1.6 

The titers of the viruses used, based on quantitative PCR analysis, were as follows:  

AAV5-CAG-FLExloxP-TC, 2.4 x 1013 genome copies (gc)/mL;  

AAV8-CAG-FLExloxP-G, 1.0 x 1012 gc/mL; 

AAV5-CAG-FLExFRT-TC, 2.6 x 1012 gc/mL;  

AAV8-CAG-FLExFRT-G, 1.3 x 1012 gc/mL;  

CAV-FLExloxP-Flp, 5.0 x 1012 gc/mL.  

The titer of RABVDG was estimated to be 5.0 x 108 colony forming units (cfu)/mL based 

on serial dilutions of the virus stock followed by infection of the 293-TVA800 cell line. 

Drug administration: Cocaine was administered (intraperitoneal injections) at a dose of 15 

mg/kg, morphine at 10 mg/kg, methamphetamine at 2 mg/kg, amphetamine at 10 mg/kg, nicotine 

at 0.5 mg/kg, and fluoxetine at 10 mg/kg. 

Quantification of RABV data: RABV mapping data were analyzed as described 

previously7,10. All RABV mapping data included were previously published7,10,15, except for input 

tracing from mice treated with a single dose of methamphetamine. A total of 118 samples were 

included in this study (Table 2.1). Exclusion criteria included mice in which fewer than 200 input 

cells were labeled, or in cases where injections were mistargeted (e.g., starter cells in the substantia 

nigra pars compacta). Experimenters were blinded to the experimental condition when data 

quantification was being performed. For starter cell center of mass calculations, we mapped the 
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distribution of starter neurons, as defined by TVA-mCherry expression along the A-P axis, and in 

the sections at the center point along this axis, defined the center of labeling in along the M-L axis.   

CRISPRi experiments 

Plasmid construction: The CRISPRi system was adapted from Kumar’s method29. pJEP317 

pAAV-U6SaCas9gRNA(SapI)-EFS-GFP-KASH-pA was obtained from Addgene and was used as 

a template to clone pJEP317-pAAV-U6-Cacna1eAC-EFS-GFP-KASH-pA using the Q5 Site-

directed mutagenesis kit (primers: 5’-acctccgtaaGTTTTAGTACTCTGGAAACAG-3’ and 5’-

atgaacccttGGTGTTTCGTCCTTTCCAC-3’) to insert the gRNA sequence 

(AAGGGTTCATACCTCCGTAA) for Cacna1e. The gRNA sequence was selected from the IDT 

Predesigned Alt-R™ CRISPR-Cas9 guide RNA resource 

(https://www.idtdna.com/site/order/designtool/index/CRISPR_PREDESIGN). The plasmid for 

CRISPRi (pJEP309-pAAV-EFS-dSaCas9-KRAB-Dio-pA), pAAV2-8, and pAAV2-5 were 

obtained from Addgene. pHelper plasmid was a gift from Matthew Banghart at the University of 

California, San Diego.   

AAV production, purification, and titering: Generation of AAVs from plasmids and AAV 

Purification by Iodixanol Gradient Ultracentrifugation were carried out as described on Addgene’s 

website with minor modifications. Briefly, pHelper, pAAV2-5/pAAV2-8 and pJEP309/pJEP317-

pAAV-U6-Cacna1eAC-EFS-GFP-KASH-pA plasmids were transfected into HEK293T cells 

using PEIMAX (Polysciences, cat# 24765-100). The molar ratio for pHelper:pAAV2-5:transfer 

plasmid was 1:1:1, and the ratio of total plasmids to PEIMAX was 1:3. 72 hrs post-transfection, 

cell lysate and medium precipitated with PEG were purified by iodixanol gradient. Purified AAVs 

were titered using primers against viral ITRs (5’-GGAACCCCTAGTGATGGAGTT-3’ and 5’-

CGGCCTCAGTGAGCGA-3’).  

https://www.idtdna.com/site/order/designtool/index/CRISPR_PREDESIGN


 

24 

 

Viral injection: Prior to surgery, DAT-Cre mice were anesthetized with isoflurane (4% 

induction, 1-1.5% maintenance) and secured on a stereotaxic frame for precise localization of 

injection sites. For assessment of in vivo genome editing, two conditions were generated. For the 

experimental condition, 600 nL of a 1:1:1 volume mix of AAV8-EFS-dSaCas9-KRAB-

Dio, AAV9-CamKII-0.4-Cre-SV40 (Addgene, cat# 05558-AAV9) and AAV5-U6-Cacna1eAC-

EFS-GFP-KASH was injected into the NAcLat. For a no gRNA control condition, 400 nL of a 1:1 

volume mix of AAV8-EFS-dSaCas9-KRAB-Dio and AAV9-CamKII-0.4-Cre-SV40 was infused 

into the NAcLat.  

For mapping inputs to VTA cells in mice with Cacna1e downregulation in NAcLat, during 

a single surgery, 300 nL of a of a 1:1 volume mix of AAV5-FLExloxP-TC and AAV5-FLExloxP-

RABV-G was injected into the VTA bilaterally, 600 nL of a 1:1:1 volume mix of AAV8-EFS-

dSaCas9-KRAB-Dio, AAV9-CamKII-0.4-Cre-SV40, and AAV5-U6-Cacna1eAC-EFS-GFP-

KASH was injected into the left NAcLat, and 400 nL of a 1:1 volume mix of AAV8-EFS-dSaCas9-

KRAB-Dio and AAV9-CamKII-0.4-Cre-SV40 was injected into the right NAcLat. This study 

design enabled controls within the same mice to prevent systematic biases due to differences in 

treatment of the mice. After 14 days, RABVDG was injected into the VTA. Mice were sacrificed 

five days later, and brains processed as described below. 

Brain section preparation, imaging, and cell counting: Five days after RABV injection, 

mice underwent transcardial perfusion with 1x PBS followed by 4% formaldehyde in 1x PBS. 

Brains were extracted and post-fixed in 4% formaldehyde for 24 hours, and then dehydrated with 

30% sucrose in 1x PBS. Brains were cut into 60 µm slices using a cryostat and mounted on 

Superfrost PlusTM microscope slides (Fisher, cat # 1255015). Once the brain sections were fully 

dried on the slide, they were rehydrated in 1xPBS containing DAPI at a dilution of 1:1000 
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(ThermoFisher, cat# D1306). After 10 minutes, the liquid was removed, and Fluoromount-G 

(SouthernBiotech, cat# 0100-01) was applied to the sections. Coverslips (Thermo Scientific, cat# 

152460) were used to cover the brain sections on the slides. Images of the entire slides were 

captured using an Olympus IX83 microscope, and manual cell counting was performed on the 

acquired images.  

Determination of CRISPRi-mediated knockdown efficiency: To determine the efficacy of 

CRISPRi knockdown of Cacna1e expression levels, 10 days following AAV injections into the 

NAcLat, NAcLat brain tissue was dissected out from the brains of injected mice, and tissue was 

pooled (5 mice for Cacna1e gRNA and 3 mice for no gRNA control). Total RNA was extracted 

with TRIzol, and 50 ng of total RNA was used for RT-qPCR using the Luna Universal One-Step 

RT-qPCR Kit (New England Biolabs, cat# E3005L) following the manufacturer’s 

instructions. Phosphoglycerate Kinase 1 (PGK1) was used as the housekeeping gene for 

normalization of Cacna1e mRNA levels. 

Dimensionality reduction of RABV input data 

For RABV input mapping experiments, quantified inputs cells were binned into 22 regions: 

Cortex (anterior cortex), NAcMed, NAcLat, NAcCore, DStr, VP, PO, Septum, BNST, EAM, EP, 

GPe, PVH, LHb, MHb, CeA, LH, ZI, DR, LDT, PBN, and DCN. Altogether, this dataset consists 

of the input cell counts for these 22 regions across 118 mouse brains, with n=4 or 5 for each 

condition.  

RABV input tracing data were reported as the percentage of total quantified labeled RABV 

inputs, as reported previously7,10. These data were further scaled using Z-score normalization. 

Principal Component Analysis (PCA) was then implemented on these normalized data using the 

scikit learn library in Python with default parameters30. Weights for PCA models were visualized 
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as heatmaps, reflecting the contribution of each feature to each principal component. To test for 

differences between groups visualized in PC space, we assessed the value for each brain for each 

PC and if comparing 2 conditions, used an unpaired t-test, and if >2 conditions, a one-way 

ANOVA and if p < 0.05, followed by pairwise t-tests with multiple comparisons corrections 

(Dunnett or Tukey, as appropriate). Input values were the first 3 principal components, and 

significant differences between conditions for each principal component (drugs versus controls, 

for example) were denoted as having a p-value of less than 0.05. Results are reported where 

relevant in the text or in Table S2 (available to download on eLife). 

Uniform Manifold Approximation and Projection (UMAP), implemented using the UMAP 

library in Python, was used to generate alternative visualizations of the RABV input data31. To 

choose and standardize our UMAP parameters across analyses, we investigated which methods 

placed mouse brains of the same type and treatment close together most consistently. For the 

distance metric parameter, the metrics we found to perform best were Euclidean and cosine, but 

we chose to use the Euclidean metric for consistency with previous analyses32. For the number of 

neighbors parameter, we chose a large number, ⅓ the size of each of our datasets, for a more global 

view of the data. Other parameters were kept at the default values. To account for the stochasticity 

of individual embeddings, we applied UMAP 20 times to each data set and found the results to be 

very similar, as found in previous analyses32. The results were then presented as correlograms. 

Clustered heatmaps and plots of these data were made using a combination of the Python packages 

seaborn33 and matplotlib34. The seaborn clustermap function was implemented with default values, 

including Euclidean distance as the distance metric. 

Each PCA and UMAP representation of data show each animal as a point, and each point 

is colored by the relevant condition, either genotype or drug administered. To better visualize the 
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distribution of a given condition in PCA and UMAP space, we overlaid the points with ellipsoids. 

Ellipsoids were centered at the average coordinate of a condition and stretched one standard 

deviation along the primary and secondary axes. 

Brain Region Selection in the Allen Mouse Brain Atlas 

To compare our data with connectivity data from the Allen Institute, we converted our 22 

brain regions into regions or groups of regions defined by the Allen Atlas. This was necessary as 

our region annotations defined while doing cell counts of the RABV data were at times different 

from the Allen Mouse Brain Atlas-defined regions. 22 brain regions were used for RABV analyses, 

but these were reduced to 20 brain regions (NAcMed, NAcLat, and NAcCore were merged into 

the NAc) for comparison with Allen Atlas data. In several cases, multiple Allen-defined regions 

were used to constitute a single region that we defined, as in the case of the cortex. A summary of 

these conversions is as follows: 

Table 2.1. Brain region names and abbreviations used throughout chapter 2. 

Full brain region name Standard abbreviation Allen abbreviations 

Cortex Anterior cortex PL, ILA, ORB, GU, AI, MOs, MOp 

Nucleus accumbens (medial) NAcMed ACB 

Nucleus accumbens (lateral) NAcLat ACB 

Nucleus accumbens (core) NAcCore ACB 

Dorsal striatum DStr STRd 

Ventral pallidum VP PALv 

Preoptic area PO MPO, LPO 

Septum Septum LSX, MS 

Bed nucleus of the stria terminalis BNST BST 

Extended amygdala area EAM 

MEA, AAA, NLOT, COA, MA, 

BMA, EPv, NDB 

Internal globus pallidus EP GPi 

External globus pallidus GPe GPe 

Paraventricular nucleus of the 

hypothalamus PVH PVH 
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Lateral habenula LHb LH 

Medial habenula MHb MH 

Central nucleus of the amygdala CeA CEA 

Lateral hypothalamus LH LHA 

Zona incerta ZI ZI 

Dorsal raphe nucleus DR DR, PAG 

Laterodorsal tegmental nucleus LDT LDT 

Parabrachial nucleus PBN PB 

Deep cerebellar nuclei DCN CBN 

It is important to note that these conversions are approximate, and brain-region specific 

results should be interpreted with caution, as there are known differences between atlases used in 

this work35. 

Allen Mouse Brain Connectivity Atlas projection portrait construction 

Projection portraits of the VTA were made using data from the Allen Mouse Brain 

Connectivity Atlas36, as described previously32. Briefly, data from 20 input brain regions, as 

defined in the above table, were downloaded and used for analyses. Cre-based and non-Cre-based 

experiments representative of each brain region were chosen for visualization. Labeled cell bodies 

at the site of injection often spread into adjacent brain regions or only covered a part of a region. 

Several experiments were chosen to account for this variation and give a better estimate for each 

region’s projections. Experiment IDs are recorded in Table S1 in our previous work32. 

Connectivity of brain regions of interest to the VTA was visualized by showing a representative 

slice of the VTA and coloring the image based on high or low connectivity according to averaged 

AAV tracing data. AAV tracing data were averaged across experiments and across brain regions 

that grouped together according to weights assigned by PCA, as shown in Figures 2.1, 2.3, and 

2.4. 
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Data for projection portraits and for subsequent network construction was accessed using 

the python Allen SDK package, developed and maintained by the Allen Institute for Brain 

Science.  

Gene Expression Data Access and Processing 

Gene expression data was downloaded from the Allen Institute’s Anatomic Gene 

Expression Atlas (AGEA)37, an in situ hybridization dataset which has annotated expression of 

19,932 genes to every brain region defined in the Allen Mouse Brain Atlas. We used code written 

by Eli Cornblath (https://github.com/ejcorn/mouse_abi_tool) to access and download gene 

expression data for our regions of interest, as done in a previous study38. To ensure only high-

quality data were included in our analyses, we filtered experiments based on metrics used in 

previous analyses of this dataset39. We retained genes for which there were data from coronal 

sections, or where the Pearson correlation coefficient across experiments was over 0.5 for a 

particular gene in our regions of interest. This filtering left us with 4,283 unique genes for the 36 

Allen-defined brain regions to be aggregated to compare with our 22 quantified input sites from 

the RABV mapping data. We averaged data among brain regions that were defined differently in 

the atlas versus our RABV quantifications, which resulted in a total of 20 brain regions for 

comparative analyses, as detailed above. Data were normalized using a scaled sigmoid function, a 

method that is robust to outliers and was used in previous analyses of these data40. 

Gene expression data analysis and comparison to RABV data 

To investigate how basal gene expression might be correlated to connectivity changes after 

drug exposure, we used processed data from the AGEA. For each experimental condition, the 

RABV data for the drug-treated animals were compared to those of the saline-treated controls. To 

quantify this comparison, we computed a ratio, as used in Figures 2.6 and S2.7-2.9, by dividing 

https://github.com/ejcorn/mouse_abi_tool
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the average RABV counts in each brain region for the experimental condition by the average 

RABV counts in each brain region for the saline condition. This resulted in a vector of 22 ratios 

for each experimental condition, one ratio for each brain region. We also computed a difference, 

as used in Figures 2.5 and S2.4-S2.6, by subtracting the average RABV counts in each brain 

region for the experimental condition by the average RABV counts in each brain region for the 

saline control condition. This resulted in a vector of 22 differences for each drug comparison, one 

difference for each brain region.  

We calculated the correlation of the condition-control differences with gene expression 

data for each region. The Spearman correlation coefficient between the gene expression across 

regions and our RABV differences was used because the correlative relationship between these 

values cannot be assumed to be linear. A similar method was used in previous analyses39. A high 

positive correlation between a gene and an experimental condition ratio was interpreted as a greater 

likelihood of a brain region to exhibit RABV labeling changes after drug exposure if this gene is 

highly expressed before drug exposure. A negative correlation between a gene and an experimental 

condition ratio was taken to mean this region would be more likely to exhibit RABV labeling 

changes after drug exposure if the gene expression level is low. 

We performed GO analysis on the top 50 most highly correlated genes and on the top 50 

most negatively correlated genes. GO analysis was performed using the EnrichR package41. Lists 

of genes with highly positive or negative correlations to our condition differences were compared 

to GO annotations using the coding language R. The 2021 version of two databases were queried: 

GO Biological Process and GO Molecular Function. GO enrichment analysis results were 

visualized in dot plots using the package ggplot2, as shown in Figures 2.5 and S2.4-S2.6. The 
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‘overlap’ term on the x-axis of these plots means the number of genes in the correlated gene lists 

that were also within the list of genes for the corresponding GO term.  

We next compared the drug/isoflurane ratios for a group of addictive drugs to gene 

expression of subsets of genes of interest (Figure 2.6, S2.7). Similar analyses were done for 

ketamine and fluoxetine (Figure S2.8, S2.9). The subgroups of genes used were synapse-related 

genes42, ion-channel related gene43, neurotransmitter receptor-related genes44, differentially 

expressed genes related to substance dependence GWAS45, and exo- and endocytosis-related 

genes46. Other subsets of genes of interest were defined using the Guide to Pharmacology 

database47. Correlation coefficients (Spearman's ρ) and p-values are reported in the figures. 

2.3 Results 

Dimensionality reduction methods identify differences in inputs of VTA cell populations 

We and others previously showed that DAergic, GABAergic, and glutamatergic cells in 

the VTA receive inputs from similar brain regions, with some quantitative differences that varied 

depending on the study10,12. In our work we also showed that connectivity differences in the VTA 

are largely a consequence of spatial organization of cells within the VTA7,10,32. The fact that the 

distributions of these three VTA cell populations are largely spatially overlapping may explain 

why the global inputs to each population are similar. However, one limitation in interpreting these 

studies is that they focused on individual comparisons of input counts on a per region basis. While 

this is a common approach in analyzing viral tracing data, and useful for both hypothesis 

generation and testing, it fails to account for the higher-level organization of input patterns. Our 

goal here is to go beyond considering single brain regions and better understand the holistic 

connectivity patterns of different cell populations or drug treatment conditions.  
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Our first goal was to explore the potential differences in input patterns generated using 

RABV tracing to each of the DAergic, GABAergic, and glutamatergic neuron populations in the 

VTA using principal component analysis, PCA. A schematic of the experiment is shown in Figure 

2.1A, with representative images of brain regions of interest in Figure 2.1B. A standard 

representation of these data, a bar plot, is shown in Figure 2.1C. PCA embedding resulted in the 

three cell populations clustering into largely distinct groups (Figure 2.1E). We considered the first 

two principal components (PCs), which explain the most variance in the data. In PC space, DAT-

Cre brains were characterized by low PC1 and low PC2 values, GAD2-Cre brains by high PC1 

values, and vGluT2-Cre brains by high PC2 values. The differences we noted were statistically 

significant: PC1 values of GAD2-Cre compared to DAT-Cre brains were significantly different 

(One-way ANOVA p = 0.010, DAT-Cre vs. GAD2-Cre multiple comparisons adjusted p = 0.0087; 

Figure 2.1F) and PC2 values of DAT-Cre compared to vGluT2-Cre brains were significantly 

different (One-way ANOVA p = 0.016, DAT-Cre vs. vGluT2-Cre multiple comparisons adjusted 

p = 0.016; Figure 2.1G). An advantage of PCA over other dimensionality reduction approaches is 

that, because it is a linear approach, the weights of each feature’s contribution to each PC can be 

clearly interpreted. In this case, we can infer which brain regions contribute most to the positive 

and negative dimensions of each PC. For example, in our data, DAT-Cre and GAD2-Cre brains 

were separated along PC1. Brain regions that contributed to the positive dimension of PC1 were 

the BNST, entopeduncular nucleus (EP), GPe, central amygdala (CeA), and zona incerta (ZI) 

(Figure 2.1D). These inputs were enriched onto GABAergic cells relative to DA cells (Figure 

2.1C). To identify where in the VTA these input populations projected, we assembled projection 

portraits of these inputs to the VTA as we did previously32. This approach uses axonal projection 

data available from the Allen Mouse Brain Connectivity Atlas to generate spatial heatmaps that 
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show “hotspots” of innervation in the midbrain36. We first selected experiments where GFP was 

expressed in the input regions of interest. Pixel values representing projection density were pulled 

from a representative coronal slice containing the VTA for each region. For a given set of inputs 

of interest, we averaged together their projections to the VTA to see if the group had any common 

spatial trends (Figure 2.1H). The projection portrait of the positive PC1 inputs indicated that they 

preferentially project dorsally and laterally to areas surrounding the VTA (Figure 2.1I). In 

contrast, the regions that contributed most strongly to the negative dimension of PC1 were the 

anterior cortex, nucleus accumbens medial shell (NAcMed), ventral pallidum (VP), preoptic area 

(PO), septum, lateral habenula (LHb), medial habenula (MHb), and lateral hypothalamus (LH). 

These inputs were more highly labeled in DAT-Cre mice. The projection portrait of these inputs 

highlights the whole VTA and not surrounding regions (Figure 2.1J). While the distribution of 

starter cells in the VTA in DAT-Cre and GAD2-Cre mice is spatially overlapping7, this analysis 

indicates that inputs with biases onto DA cells target the VTA itself while those biased onto 

GABAergic cells preferentially target areas dorsal and lateral to the VTA.  

While DAT-Cre and GAD2-Cre conditions were separated along PC1, DAT-Cre and 

vGluT2-Cre conditions were separated along PC2. Regions that contributed to the positive 

dimension of PC2 included the LHb, MHb, EP, ZI, and deep cerebellar nuclei (DCN) as well as 

the cortex, while those contributing to the negative dimension included the NAcMed, nucleus 

accumbens lateral shell (NAcLat), nucleus accumbens core (NAcCore), dorsal striatum (DStr), 

and GPe (Figure 2.1K-L). The MHb and LHb both project medially in the VTA, whereas the 

NAcMed, NAcLat, NAcCore, DStr, and GPe all project laterally32. The projection portrait 

corresponding to the positive dimension of PC2 highlights the area dorsal of the VTA, as well as 

the medial aspect of the VTA (Figure 2.1K), while those corresponding to the negative dimension 
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highlight the ventrolateral aspect of the ventral midbrain, including the substantia nigra pars 

reticulata (SNr) (Figure 2.1L). These results are consistent with the medial-lateral projection 

gradient that principally divides the projections into the VTA, with inputs from the basal ganglia 

projecting to the lateral portion of the VTA and the habenula projecting to the medial portion32. 

As inputs from the MHb and LHb contribute positive weights to the PC2 axis and vGluT2-Cre 

brains have the most positive PC2 values, it suggests that most of the vGluT2-expressing cells in 

the VTA are located within the medial portion of the VTA. This is consistent with previous reports 

using immunohistochemistry and in situ hybridization48,49. In addition, the EP, ZI, and DCN all 

project predominantly to the red nucleus, and the cortex also innervates the red nucleus, which 

contains glutamatergic neurons and is located dorsal to the VTA (Figure 2.1K). While injections 

for our viral mapping studies targeted the VTA and most starter neurons were within the VTA, 

there were some starter neurons in vGluT2-Cre brains located in the red nucleus. In contrast, this 

was not the case in DAT-Cre brains10. As these starter populations were also largely spatially 

overlapping, the data indicate that inputs with biases onto glutamatergic cells target the 

dorsomedial aspect of the VTA, while those with a relative bias onto DA cells preferentially target 

the ventrolateral aspect of the VTA.  

While PCA is particularly useful due to the interpretability of the weights of the PCs, it 

cannot capture non-linear relationships in high-dimensional data, which are common in complex 

systems like in neuroscience. To examine the overall relationship of input patterns between DAT-

Cre, GAD2-Cre, and vGluT2-Cre cell populations, we performed a second analysis on inputs from 

each population using Uniform Manifold Approximation and Projection, UMAP, which can 

capture more complex relationships than PCA. We found that DAT-Cre and GAD2-Cre brains 

were the most separated in UMAP space, with vGluT2-Cre brains located between them (Figure 
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2.1M). This is consistent with the overlap in neurotransmitters released by these cells: cells 

expressing DA markers such as tyrosine hydroxylase (TH) and traditional GABAergic markers 

such as GAD2 are nearly mutually exclusive, while there is considerable overlap between cells 

expressing DA markers and glutamatergic markers, as well as cells expressing GABAergic 

markers and glutamatergic markers10,12,50–52. Note that while DA neurons have been found to co-

transmit DA and GABA53,54, this occurs through a non-canonical GABA synthesis pathway, and 

therefore DA cells do not express typical markers of GABAergic cells, such as GAD2, used to  

Figure 2.1: Dimensionality reduction of RABV input tracing to 3 different VTA cell types.  

(A) Schematic and timeline of viral injections into mice. 
(B) Representative images of the BNST, GPe, and DCN of DAT-Cre, GAD2-Cre, and vGlut2-Cre 

mice. Green indicates RABV-labeled cells. Scale, 200 mm. 
(C) Bar plot showing percent of RABV-labeled cells in each input region for DAT-Cre, GAD2-

Cre, and vGlut2-Cre mice.  

(D) Heatmap of the contributions of each brain region, or feature, in the data to PCs 1 through 3.  
(E) PCA of input labeling from brains from DAT-Cre, GAD2-Cre, and vGlut2-Cre mice. For this 

and other figures, ellipsoids were centered at the average coordinate of a condition and stretched 
one standard deviation along the primary and secondary axes. 

(F) Box plot comparisons of PC1. One-way ANOVA p = 0.010, pairwise t-tests DAT-Cre vs. 

GAD2-Cre multiple comparisons adjusted p = 0.0087, DAT-Cre vs. vGluT2-Cre p = 0.46, GAD2-
Cre vs. vGluT2-Cre p = 0.19. n=8 for DAT-Cre, n = 13 for GAD2-Cre, and n = 7 for vGluT2-Cre.  

(G) Box plot comparisons of PC1. One-way ANOVA p = 0.016, pairwise t-tests DAT-Cre vs. 
GAD2-Cre multiple comparisons adjusted p = 0.65, DAT-Cre vs. vGluT2-Cre p = 0.016, GAD2-

Cre vs. vGluT2-Cre p = 0.051.  

(H) Schematic of how projection portraits are constructed. A representative slice of the VTA is 
considered for experiments from the Allen Mouse Brain Connectivity Atlas with injections into 

relevant brain regions that provide input to the VTA. Projection density values in this slice are 
averaged and visualized to obtain the projection portrait in the VTA for that group of regions.  

(I) Projection portrait of the VTA based on inputs from regions with a high positive contribution 

to PC1: BNST, EP, GPe, CeA, and ZI.  
(J) Projection portrait of the VTA based on inputs from regions with a large negative contribution 

to PC1: anterior cortex, NAcMed, VP, PO, septum, LHb, MHb, and LH.  
(K) Projection portrait of the VTA based on inputs from regions with a high positive contribution 

to PC2: LHb, MHb, EP, ZI, DCN, and anterior cortex.  

(L) Projection portrait of the VTA based on inputs from regions with a large negative contribution 
to PC2: NAcMed, NAcLat, NAcCore, DStr, and GPe.  

(M) UMAP embedding of input labeling of brains from DAT-Cre, GAD2-Cre, and vGlut2-Cre 
mice.  

(N) Correlogram generated using the average Euclidean distance of data points from each other 

from 20 UMAP embeddings.  
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define the Cre line in our study. 

Since individual UMAP embeddings are stochastic depending on initial seeding 

conditions, we examined the average Euclidian distance between pairs of brains in 20 UMAP 

embeddings and plotted the averaged results as a correlogram. This showed that DAT-Cre and 

vGluT2-Cre brains were more like one another, and the GAD2-Cre brains were the most distinct 

from the other conditions (Figure 2.1N). These results are thus consistent with the known 

neurochemical overlap between these cells and indicate that DAT-Cre and vGluT2-Cre label more 

overlapping cells with each other than with GAD2-Cre. In sum, these results serve to demonstrate 

that we can recapitulate the locations of different neurochemically-defined cells in the VTA based 

on PCA and projection portraits based on information from RABV input mapping data. They also 

provide a validation of our approach for dissecting the relationships between input patterns and 

different cell types within the VTA, as the conclusions about the relationship between input regions 

and cell types agree with other studies using different, complementary methodologies. 

A single injection of a drug of abuse changes brain-wide input patterns to VTADA cells 

With our dimensionality reduction approaches validated on our cell type-specific RABV 

data, we next applied them to examining how drugs of abuse may alter VTA input patterns. We 

first assessed whether the psychoactive but non-addictive fluoxetine altered brain-wide input 

patterns relative to saline-injected mice. We found no clear differences in inputs between these 

conditions, and they overlapped completely in PC space – with no significant differences between 

PC1, PC2, or PC3 between the saline and the fluoxetine brains (p > 0.05 for PC1-3) - indicating 

fluoxetine did not alter brain-wide input patterns to VTADA cells (Figure 2.2A-F). We therefore 

combined these groups for additional statistical power and tested whether a single administration 

of one of several drugs of abuse caused changes in brain-wide input patterns to VTADA cells, first 
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considered as a single group. When comparing combined controls to the drugs group, we observed 

a statistically significant difference in input patterns, including a reduction in inputs from the DStr 

and elevation in inputs from the GPe following drug injection (Figure 2.2G). In order to more 

fully assess which input sites may differentiate the control- versus drug-treated groups, we again 

used PCA. We observed separation between the control and drug groups principally along PC2, 

with no separation along PC1 and minimal separation along PC3 (Figure 2.2H-I). There was no  

Figure 2.2: PCA can deconvolve drug-induced effects from experimental variation.  

(A) Bar graph representation of inputs from DAT-Cre mice anesthetized with isoflurane and 

treated with a single injection of saline or fluoxetine. N = 4 for saline, n = 5 for fluoxetine. Two-

way ANOVA, p = 0.91. 
(B) PCA plot showing PC1 and PC2 of brains from saline or fluoxetine-treated mice. 

(C) PCA plot showing PC2 and PC3 of brains from saline or fluoxetine-treated mice. 
(D) Box plot of PC1, p = 0.75. n = 4 for saline, n = 5 for fluoxetine. 

(E) Box plot of PC2, p = 0.78. 

(F) Box plot of PC3, p = 0.81. 
(G) Bar graph representation of inputs from DAT-Cre mice anesthetized with isoflurane and 

treated with a single injection of saline or fluoxetine (controls), or one of the drugs of abuse 
cocaine, methamphetamine, amphetamine, nicotine, or morphine. n = 9 for control, n = 24 for 

combined drugs of abuse. Two-way ANOVA, p = 0.0001; unpaired t-tests with Sidak corrections 

for multiple comparisons: DStr, p = 0.0051, GPe, p = 0.0036. 
(H) PCA plot showing PC1 and PC2 of brains from control or drug-treated mice. 

(I) PCA plot showing PC2 and PC3 of brains from control or drug-treated mice. 
(J) Box plot of PC1, p = 0.78. n = 9 for control, n = 24 for drugs. 

(K) Box plot of PC2, p = 0.0009. 

(L) Box plot of PC3, p = 0.024. 
(M) Heatmap of the contributions of each brain region to PC1 through PC3 for data shown in 

panels E-F. 
(N) Distribution of the starter cell center of mass along the medial-lateral axis for each 

experimental condition. Saline n = 4, fluoxetine n = 5, cocaine n = 5, methamphetamine n = 4, 

amphetamine n = 5, nicotine n = 5, morphine n = 5. 
(O) PC1 vs. PC2 for control vs. drug conditions as shown in E, with each point colored according 

to the medial-lateral coordinate of the center of mass of starter cells for each brain. 
(P) PC2 vs. PC3 for control vs. drug conditions as shown in F, with each point colored according 

to the medial-lateral coordinate of the center of mass of starter cells for each brain. 

(Q) Linear regression between the x-coordinate of the center of mass of starter cells for each brain 
vs. PC1. r2 = 0.770, p = 1.62e-7, 

(R) Linear regression between the x-coordinate of the center of mass of starter cells for each brain 
vs. PC2. r2 = 0.308, p = 0.082. 

(S) Linear regression between the x-coordinate of the center of mass of starter cells for each brain 

vs. PC3, r2 = 0.085, p = 0.638. 
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significant difference between drugs and controls in PC1 (p = 0.78; Figure 2.2J). The differences 

in PC2 and PC3 were statistically significant: as we observed visually, the control group's PC2 and 

PC3 values were significantly different from the drug group’s PC2 and PC3 values (p = 0.0009 

and p = 0.024 for PC2 and PC3, respectively; Figure 2.2K-L). The positive axis of PC2, which 

was enriched in drug-treated brains, was driven by inputs from EAM, EP, GPe, LH, and PBN, 

while the negative axis was driven by the NAcMed, NAcCore, DStr, septum, and MHb (Figure 

2.2M). Notably, the most negative weights for PC2, namely the NAcMed, NAcCore, DStr, septum,  

and MHb are all reduced in drug-treated brains (Figure 2.2G). Conversely, the most positive 

weights, namely the EAM, EP, GPe, LH, and PBN, are all increased in drug-treated brains (Figure 

2.2G). Therefore, while PCA allows us to observe trends consistent with traditional methods, we 

can also observe the relationship between the percentage of inputs among different brains, and also 

identify relationships that are not immediately apparent in the data when presented as bar graphs. 

For example, while the BNST, CeA, and ZI do not show clear differences in control vs. drug-

treated brains in the bar graphs, they are all positive weights in PC2 and thus, likely change in 

concert with regions such as the GPe and PBN (Figure 2.2G-M). 

Importantly, unlike traditional bar graph approaches, PCA allows us to isolate technical 

variation from the experiments, enabling us to focus more clearly on changes induced by the 

relevant variable, here treatment with a control substance or drug of abuse. For example, PC1 does 

not distinguish control vs. drug-treated brains (Figure 2.2H, J), indicating this variable was 

inherent to the way the experiment was performed and not related to drug or control treatment. 

The strongest negative weights for PC1 were the NAcLat, NAcCore, DStr, and GPe, while the 

strongest positive weights for PC1 were the VP, PO, LHb, and DR (Figure 2.2M). This is 

consistent with connectivity differences along the medial-lateral axis of the VTA, which underlies 
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many of the connectivity differences to different VTADA subpopulations7,10,32. To assess whether 

PC1 may reflect differences the location of starter cells in the VTA, we first assessed whether there 

was a systematic difference in starter cell location between conditions. We noted a high level of 

overlap in starter cell distribution between conditions (Figure 2.2N), indicating that this alone 

likely did not explain differences between control and drug-treated groups. We then assessed 

whether brain to brain variation in starter cell distribution could explain the effects observed along 

PC1. We therefore colored each point in PC space according to the assessed center of injection for 

each experiment. We noted a clear medial-lateral gradient along PC1, but not PC2 or PC3 (Figure 

2.2O-P). To test the significance of this relationship, we performed linear regression analysis, 

comparing the x-coordinate of the injection center relative to location along PC1, PC2, or PC3 for 

each brain. We observed a highly significant positive correlation with PC1, a slightly positive but 

non-significant correlation with PC2, and no correlation for PC3 (Figure 2.2Q-S). These results 

show that PC1 reflects variation in the injection site within the VTA, while PC2 reflects changes 

induced by drugs of abuse, allowing us to isolate the changes in input connectivity induced by 

administration of a single drug of abuse. 

With our integrative methodology validated on cell type specific RABV data and 

demonstrating that drugs of abuse alter brain-wide input patterns to VTADA cells, we applied our 

approaches to explore the effects of each drug specifically, as well as potential effects of the 2x 

use of the K/X anesthetic mixture. We first asked two questions: 1) How do injections of different 

drugs of abuse change the connectivity patterns onto VTA cells? 2) How do these potential drug-

induced differences relate to differences between unique cell types in the VTA? To answer these, 

we first assessed experiments with ten separate experimental conditions: 2 conditions of GAD2-

Cre mice, and 8 conditions of DAT-Cre mice. The GAD2-Cre mice were all anesthetized with 
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isoflurane and administered either saline or cocaine one day prior to RABV injection. The DAT-

Cre mice were given either isoflurane or K/X-based anesthesia. The K/X-anesthetized mice were 

administered saline. The isoflurane anesthetized mice were administered either saline, fluoxetine, 

amphetamine, cocaine, methamphetamine, morphine, or nicotine. RABV mapping was performed 

from targeted VTA cells in all cases, and the brain-wide inputs were quantified. We then performed 

PCA on the combined RABV tracing datasets, which showed that brains from GAD2-Cre mice 

were in the positive dimension of PC1, while those from DAT-Cre mice were in the negative 

dimension (Figure 2.3A), regardless of the substance administered. This difference in PC1 was 

highly statistically significant (One-way ANOVA p < 0.0001; all conditions pairwise comparisons 

with GAD2-Cre, multiple comparisons adjusted p < 0.0001; Figure 2.3B). The positive dimension 

of PC1 received contributions from largely the same sets of regions as in the previous analysis of 

DAT-Cre, GAD2-Cre, and vGluT2-Cre brains, which included the BNST, EP, ZI, CeA, as well as 

the DCN (Figure 2.3H, 2.1D). Given that the same set of brain regions differentiated DAT-Cre 

and GAD2-Cre brains along PC1 in both datasets, this suggests that the intrinsic differences in 

inputs to different cell populations in the VTA are more pronounced than differences induced by 

drugs of abuse, fluoxetine, or the method of anesthesia. Notably, these patterns were unlikely to 

be obtained by chance; scrambling the sample identity and percentage of RABV-labeled cells in 

each input site resulted in groups that overlapped in both PCA and UMAP space (Figure S2.1). 

To specifically explore potential drug-induced differences in input labeling onto VTADA 

cells, we removed GAD2-Cre brains from the dataset. Results and representative images are shown 

in Figure 2.3J-K. In PCA analyses of these brains only, PC1 and PC3 largely failed to differentiate 

the conditions, with no significant differences observed (Figure 2.3C-G), while PC2 significantly 

differentiated the conditions (One-way ANOVA p = 0.0093; saline vs. drugs multiple comparisons 
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adjusted p = 0.034; Figure 2.3F). The most negative weights to PC1 were contributed by the basal 

ganglia inputs that project to the SNr, located ventrolaterally to the VTA (Figure 2.3I, L) while 

positive contributors came from brain regions that projected more medially (LHb, MHb, dorsal 

raphe (DR)) and centrally to the VTA (ventral pallidum (VP), PO, extended amygdala area (EAM), 

paraventricular nucleus of the hypothalamus (PVH), and LH) (Figure 2.3I, M). This is consistent 

with a gradient along the medial-lateral axis32. As it did not differentiate the conditions, this axis 

likely represents experimental variations in the location of starter cell populations within the 

VTA7,10,32. The regions with the largest positive contribution to PC2 included the EAM, 

parabrachial nucleus (PBN), DR, EP, and LH, with lesser contributions from the GPe, DCN, ZI, 

CeA, and BNST (Figure 2.3I, N). These regions were over-represented in animals treated with a 

single administration of a drug of abuse. Notably, this group of inputs contains brain regions that 

are involved in the brain’s stress response such as the PBN, EAM, CeA, and BNST, and have been 

implicated in drug-induced behaviors55,56. For example, we recently showed the importance of the 

GPe in conditioned place preference and locomotor sensitization and the BNST in drug-induced 

withdrawal15,25. The regions with the largest negative contribution to PC2 included the NAcMed, 

NAcCore, DStr, Septum, and MHb (Figure 2.3I, O). These regions were underrepresented in 

animals given a single administration of a drug of abuse. These results together demonstrate that 

drugs of abuse cause long-lasting changes in input populations to DA cells, and that we can identify 

which sets of inputs distinguish drug-treated vs. control-treated brains. These changes may be 

functionally important, as we previously demonstrated the functional role of two inputs that we 

identified as differing between drug-treated and control conditions.  

Lastly, we wanted to explore the overall relationship between input changes induced by 

different drugs. As before, we used UMAP to explore the higher-level organization of these  
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Figure 2.3: Dimensionality reduction analysis of brains from animals treated with a single 

drug exposure.  

(A) PCA plot showing PC1 and PC2 of brains from DAT-Cre and GAD2-Cre mice. DAT-Cre 
mice were anesthetized with K/X and treated with saline or anesthetized with isoflurane and treated 

with saline or one of the drugs cocaine, methamphetamine, amphetamine, nicotine, morphine, or 

fluoxetine. GAD2-Cre mice were anesthetized with isoflurane and treated with saline or cocaine.  
(B) Box plot of PC1, One-way ANOVA p < 0.0001, pairwise t-tests DAT-Cre saline vs. DAT-Cre 

fluoxetine multiple comparisons adjusted p = 0.99, DAT-Cre saline vs. DAT-Cre K/X p = 1.0, 
DAT-Cre saline vs. DAT-Cre drugs p = 0.23, DAT-Cre saline vs. GAD2-Cre p < 0.0001, DAT-

Cre fluoxetine vs. DAT-Cre K/X p = 1.0, DAT-Cre fluoxetine vs. DAT-Cre drugs p = 0.46, DAT-

Cre fluoxetine vs. GAD2-Cre p < 0.0001, DAT-Cre K/X vs. DAT-Cre drugs p = 0.31, DAT-Cre 
K/X vs. GAD2-Cre p < 0.0001, DAT-Cre drugs vs. GAD2-Cre p < 0.0001. n = 4 for DAT-Cre 

saline and DAT-Cre K/X, n = 5 for DAT-Cre fluoxetine, n = 24 for DAT-Cre drugs, n = 17 for 
GAD2-Cre. 

(C) PCA plot showing PC1 and PC2 of brains from DAT-Cre mice anesthetized with isoflurane 

and treated with cocaine, methamphetamine, amphetamine, nicotine, morphine, fluoxetine, or 
saline, or anesthetized with K/X and treated with saline.  

(D) PC2 and PC3 of the same group of brains as shown in panel B.  
(E) Box plot of PC1, One-way ANOVA p = 0.81. 

(F) Box plot of PC2, One-way ANOVA p = 0.0093, pairwise t-tests DAT-Cre saline vs. DAT-Cre 

fluoxetine multiple comparisons adjusted p = 0.94, DAT-Cre saline vs. DAT-Cre K/X p = 0.87, 
DAT-Cre saline vs. DAT-Cre drugs p = 0.034, DAT-Cre fluoxetine vs. DAT-Cre K/X p = 0.99, 

DAT-Cre fluoxetine vs. DAT-Cre drugs p = 0.10, DAT-Cre K/X vs. DAT-Cre drugs p = 0.27. 
(G) Box plot of PC3, One-way ANOVA p = 0.086.  

(H) Heatmap of the contributions of each brain region to PC1 through PC3 for data shown in panel 

A.  
(I) Heatmap of the contributions of each brain region to PC1 through PC3 for data shown in panels 

B and C.  
(J) Bar plot showing percent of RABV-labeled cells in each input region for the DAT-Cre mice 

shown in panel B.  

(K) Representative images of brain slices from DAT-Cre mice showing, from top to bottom, the 
NAc, BNST, GPe, and PBN. Scale, 500 mm. 

(L) Projection portrait of the VTA based on inputs from regions with a large negative contribution 
to PC1, based on data from panel E: NAcCore, NAcLat, DStr, GPe.  

(M) Projection portrait based on inputs from regions with a high positive contribution to PC1, 

based on data from panel E: LHb, DR, VP, PO, EAM, LH.  
(N) Projection portrait based on inputs from regions with a high positive contribution to PC2, 

based on data from panel E: EAM, PBN, DR, EP, LH, GPe, ZI.  
(O) Projection portrait based on inputs from regions with a large negative contribution to PC2, 

based on data from panel E: NAcMed, NAcCore, DStr, Septum, MHb.  

(P) UMAP embedding of data from the brains of DAT-Cre mice shown in panels B and F. 
(Q) Correlogram showing average Euclidean distance of data points over 20 UMAP embeddings 

of the data presented in panel J. Experiment conditions from bottom to top and left to right are 
labelled 1-10 and are ordered as follows: GAD2-Cre cocaine, GAD2-Cre saline, saline, fluoxetine, 
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cocaine, nicotine, amphetamine, meth, K/X, and morphine. 
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conditions to compare the relationship of holistic input patterns between groups. We found that 

the mice anesthetized with isoflurane and treated with saline overlapped with the isoflurane-

anesthetized, fluoxetine-treated group, but not the K/X-anesthetized and saline-treated group 

(Figure 2.3P). These conditions were segregated from animals treated with the drugs of abuse - 

psychostimulants, morphine, and nicotine. Our analysis of the relationships between individual 

conditions, generated using the Euclidian distances between points in 20 UMAP embeddings as 

before, demonstrated that the expected control conditions formed a cluster (saline, fluoxetine) 

distinct from the other groups. Interestingly, the K/X-anesthetized animals were more closely 

associated with the mice treated with addictive drugs, in particular morphine, than with controls 

(Figure 2.3Q). This suggests that drugs of abuse cause similar changes in brain-wide input patterns 

to one another in DAT-Cre mice, and that input patterns in K/X-anesthetized animals more closely 

resemble morphine-treated mice than saline-treated mice. This indicates that the method of 

anesthesia, either using isoflurane or K/X, results in different patterns of input labeling. Given the 

similarity of input patterns in K/X-anesthetized mice to isoflurane-anesthetized mice treated with 

a drug of abuse but not saline, we suspect that two doses of K/X-anesthesia as is required for 

RABV circuit mapping experiments triggers changes in input patterns in rodent brains that last at 

least the five-day duration of these experiments. 

Anesthetic doses of K/X cause long-lasting changes in inputs to VTADA→NAcLat and 

VTADA→Amygdala cells 

To examine how differences in anesthesia methods may impact brain-wide input patterns, 

we performed some more targeted comparisons. When comparing only two groups using PCA – 

isoflurane-anesthetized animals to K/X-anesthetized animals – these conditions completely 

segregated (Figure 2.4A). While the difference in PC1 was not quite significant (p = 0.086), the 
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difference in PC2 was significant (p = 0.037). This separation was driven by positive weights from 

the VP, PO, EAM, PVH, LH, and PBN along PC1, which were more strongly represented in the 

K/X-anesthetized mice and whose combined projection portrait broadly targets the VTA (Figure 

2.4A, C, P, U), and the NAcLat, DStr, GPe, and PVH along PC2, which were also more strongly 

represented in the K/X-anesthetized mice whose combined projection portrait targets ventrolateral 

to the VTA (Figure 2.4A, C, P, V). A similar separation of conditions was observed using UMAP 

(Figure 2.4B). 

Next, we wanted to assess which VTADA cells may be impacted by whether the animals 

received isoflurane or K/X-based anesthesia. To test this, we performed cell type-specific Tracing 

of the Relationship between Inputs and Outputs (cTRIO) for each of four different VTADA 

subpopulations: those projecting to the NAcMed, NAcLat, amygdala, or mPFC, and receiving K/X 

anesthesia and saline, isoflurane and saline, or isoflurane and cocaine. The differences in input 

patterns between conditions were most pronounced for VTADA→NAcLat cells, where the 

isoflurane- and K/X-treated groups segregated, both in PCA and UMAP space (Figure 2.4D-F). 

Groups appeared to differ along both PC1 and PC2, though differences in PC2 were not statistically 

significantly different, with K/X-treated brains being characterized by lower PC1 values which 

received contributions principally from the anterior cortex, NAcMed, NAcLat, NAcCore, septum, 

PVH, and MHb, as well as higher PC2 values which received contributions from the VP, PO, 

EAM, LHb, and LH (PC1, One-way ANOVA p = 0.0003, saline vs. cocaine multiple comparisons 

adjusted p = 0.011, k/x vs. cocaine multiple comparisons adjusted p = 0.0002; Figure 2.4D, Q, W, 

X). The following comparisons in PC1 were statistically significant: cocaine versus isoflurane 

controls (p = 0.011) and cocaine versus K/X anesthesia (p = 0.001). Notably, K/X, saline-treated 

mice and isoflurane, cocaine-treated mice segregate from one another in both PCA and UMAP  



 

48 

 

Figure 2.4: Dimensionality reduction analysis of brains from animals anesthetized with 

isoflurane and treated with either cocaine or saline, or anesthetized with ketamine/xylazine 

and treated with saline.  

(A) PCA plot of input data from VTADA cells from mice anesthetized either with isoflurane or K/X 

and given saline. Box plot comparisons of PC1 and PC2 are shown to the right for this plot and D, 

G, J, and M. PC1, p = 0.086, PC2, p = 0.037, unpaired t-tests. N = 4 for both. 
(B) UMAP plot of input data from VTADA cells from mice anesthetized either with isoflurane or 

K/X and given saline.  
(C) Bar plot showing percent of RABV-labeled cells in each input region from mice anesthetized 

either with isoflurane or K/X and given saline.  

(D) PCA plot of RABV input mapping experiments to VTADA→NAcLat cells in mice anesthetized 

with isoflurane and given saline or cocaine, or anesthetized with K/X and given saline. PC1, One-

way ANOVA p = 0.0003, pairwise t-tests saline vs. cocaine multiple comparisons adjusted p = 
0.011, saline vs. K/X p = 0.071, K/X vs. cocaine p = 0.0002. PC2, One-way ANOVA p = 0.16. 

n=4 for saline and K/X, n = 5 for cocaine. 

(E) UMAP plot of input mapping experiments to VTADA→NAcLat cells.  

(F) Bar plot showing percent of RABV-labeled cells in each input region for cTRIO experiments 

from VTADA→NAcLat cells.  

(G) PCA plot of input mapping experiments to VTADA→Amygdala cells. PC1, One-way ANOVA 

p = 0.48. PC2, One-way ANOVA p = 0.30. n=4 for saline, n = 5 for K/X and cocaine. 

(H) UMAP plot of input mapping experiments to VTADA→Amygdala cells.  

(I) Bar plot showing percent of RABV-labeled cells in each input region for cTRIO experiments 

from VTADA→Amygdala cells.  

(J) PCA plot of input mapping experiments to VTADA→NAcMed cells. PC1, One-way ANOVA 

p = 0.64. PC2, One-way ANOVA p = 0.27. n=4 for saline and K/X, n = 5 for cocaine. 

(K) UMAP plot of input mapping experiments to VTADA→NAcMed cells.  

(L) Bar plot showing percent of RABV-labeled cells in each input region for cTRIO experiments 

from VTADA→NAcMed cells.  

(M) PCA plot of input mapping experiments to VTADA→mPFC cells. PC1, One-way ANOVA p 

= 0.67. PC2, One-way ANOVA p = 0.97. n=4 for saline and cocaine, n = 5 for K/X. 

(N) UMAP plot of input mapping experiments to VTADA→mPFC cells.  

(O) Bar plot showing percent of RABV-labeled cells in each input region for cTRIO experiments 

from VTADA→mPFC cells.  

(P-T) Heatmap of the contributions of each brain region to PC1 to PC3 for data shown in (P) panel 

A, (Q) panel D, (R) panel G, (S) panel J, (T) panel M.  
(U) Projection portrait of regions with high PC1 contributions in all VTADA cells: VP, PO, EAM, 

PVH, LH, PBN.  
(V) Projection portrait of regions with high PC2 contributions in VTADA cells: NAcLat, DStr, GPe, 

PVH.  

(W) Projection portrait of regions with low PC1 contributions in VTADA→NAcLat cells: cortex, 

NAcMed, NAcLat, NAcCore, septum, PVH, MHb.  

(X) Projection portrait of regions with high PC2 contributions in VTADA→NAcLat cells: VP, PO, 

EAM, LHb, LH. 
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space, indicating that the K/X-induced changes are distinct from those induced by cocaine (Figure 

2.4D-F). The similarity in projection portraits for weights that contribute more to the K/X-treated 

group in VTADA→NAcLat (Figure 2.4U, V) and all VTADA neurons (Figure 2.4W, X) suggests 

that largely overlapping DA cells may be targeted for each set of experiments and is consistent 

with the observation that VTADA→NAcLat neurons comprise the majority of VTADA neurons, as 

noted in previous studies7,10. These results thus serve as another proof of principle of the reliability 

of our approach to pull out similar results from different datasets. 

In addition to VTADA→NAcLat cells, we observed some segregation of isoflurane and 

K/X-treated conditions in VTADA→Amygdala cells (Figure 2.4G-I, R). The lack of clear 

differentiation in PCA space, with only PC3 showing significant differences between the 

isoflurane control group and K/X anesthesia (One-way ANOVA p = 0.014, saline vs. K/X multiple 

comparisons adjusted p = 0.0078; Figure S2.2) makes it difficult to interpret which input sites 

may be contributing to the differentiation in conditions that we observe. In the VTADA→NacMed  

and VTADA→mPFC subpopulations, the separation between isoflurane-saline, isoflurane-

cocaine, and K/X-saline conditions was much less pronounced (Figure 2.4J-O, S-T), and not to 

be significant; indeed, similar separations were observed by chance (Figure S2.3). Notably, 

when considering inputs to all VTADA cells, the projection portraits that indicate the inputs most 

highly elevated or depressed in K/X-treated mice highlight either the entire VTA, or the 

ventrolateral aspect of the VTA (Figure 2.4U, V). These projections are consistent with the 

locations of the VTADA→Amygdala and VTADA→NAcLat cells, respectively, within the VTA. 

In contrast, the portraits do not highlight the medial or ventromedial aspects of the VTA, which 

is the location of VTADA→mPFC and VTADA→NAcMed cells32,57. These results together 
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indicate that K/X anesthesia impacts inputs that preferentially target VTADA→NAcLat or 

VTADA→Amygdala cells.  

Exploring gene expression patterns that predict changes in RABV input labeling 

We next wanted to explore if drug-induced changes in input connectivity might be related 

to gene expression profiles in cells located in the input sites. The AGEA data are from all cells in 

the input regions and are not limited to those projecting to the VTA and show only baseline gene 

expression patterns and not those following drug administration. Nonetheless, these analyses can 

be a valuable starting point in associating spatial gene expression data with patterns of RABV-

labeled inputs from VTADA cells. To do this, we calculated the correlation of gene expression data 

from the Allen Gene Expression Atlas (AGEA) with the difference (Figure 2.5) or the ratio 

(Figure 2.6) between inputs labeled in each region in experimental conditions and 

isoflurane/saline-treated controls. After filtering AGEA data for only high-quality experiments, 

we were left with 4,283 genes to which we could calculate correlations within our 22 input brain 

regions of interest.  

We first identified genes or pathways that may be linked to elevations or depressions in 

RABV labeling for each condition. We selected genes that were highly positively or negatively 

correlated to differences between 1) isoflurane-saline controls and 2) isoflurane- psychostimulant, 

morphine, nicotine, or fluoxetine, or 3) K/X-saline mice. We used the top 50 genes in the AGEA 

that were either positively or negatively correlated (Spearman's ρ) to differences in RABV 

labelling and performed gene ontology (GO) analyses. Starting with drugs of abuse in aggregate, 

the 50 most positively correlated genes (Spearman’s ρ > 0.47, p < 0.05) were most significantly 

associated with inhibitory ligand-gated chloride channels (Figure 2.5A), suggesting that higher 

basal expression of these genes may be related to larger changes in connectivity induced by drugs 
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Figure 2.5: Gene ontology (GO) analysis of top 50 genes within the Allen Gene Expression 

Atlas correlated with differences in RABV input labeling obtained from experimental vs. 

control mice.  

(A-B) GO from an average of the addictive drug conditions vs. saline-treated controls, all 

anesthetized using isoflurane.  
(C-D) GO from K/X-anesthetized vs. isoflurane-anesthetized saline-treated mice.  

Panels A and C show molecular function-related gene classes whose expression was positively 
correlated with RABV labeling differences, and panels B and D show GO analyses that reflect 

biological process-related gene classes whose expression was negatively correlated with RABV 

labeling differences.  
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of abuse. Conversely, there were many more genes that were strongly negatively correlated to 

drug-induced changes in RABV labeling. The 50 most negatively correlated genes (Spearman’s ρ 

< -0.68, p < 0.001) were most closely associated with negative regulation of long-term synaptic 

potentiation (Figure 2.5B), suggesting that regulation of synaptic plasticity in input cell 

populations may be a key indicator of the likelihood of a drug of abuse altering RABV input 

labeling. We repeated this analysis of the top 50 genes with each individual drug: cocaine, 

methamphetamine, amphetamine, morphine, and nicotine. In addition to findings in aggregate, 

other interesting classes of genes that were negatively associated (Spearman’s ρ < -0.50, p < 0.05) 

with individual drug-induced changes in RABV labeling include regulation of synapse structural 

plasticity (methamphetamine), regulation of calcium ion transport (nicotine), cellular response to 

Ca2+ ions (cocaine), and regulation of potassium ion transporters (nicotine) (Figure S2.4), which 

relate to synaptic and cellular processes of plasticity and intrinsic excitability. There were fewer 

than 50 genes that were significantly positively correlated, but the top 50 genes (Spearman’s ρ > 

0.36, p < 0.12) were associated with terms including anion channels (cocaine, amphetamine, 

methamphetamine) and syntaxin binding (cocaine, amphetamine, nicotine) (Figure S2.5). We also 

explored which gene expression patterns may be related to input changes driven by K/X anesthesia. 

Anion channel activity, particularly GABA receptor expression, again shows up as one of the most 

significant associations to the top 50 most positively correlated genes (Spearman’s ρ > 0.37, p < 

0.10) (Figure 2.5C), while negatively correlated genes were associated with a variety of metabolic 

processes (Figure 2.5D). Notably, these gene expression patterns were not correlated with input 

changes induced by fluoxetine (Figure S2.6).  

To further assess which classes of genes were the most closely related to the differences in 

drug evoked RABV labeling relative to controls, we performed linear regressions of the ratios of 
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RABV labeling in experimental vs. control conditions relative to the mean of the log normalized 

expression of AGEA RNA in situ hybridization data for a particular class of genes. We observed 

an overall significant and slightly negative correlation between the RABV labeling ratio and the 

gene expression mean (r = -0.30, p = 2.1 x 10-3) for all 4,283 genes (Figure S2.7A). This genome-

wide negative correlation is a useful reference to compare to correlation coefficients of subsets of 

genes. Among the gene expression classes that we examined, the most significant association was 

between the change in RABV-labeled inputs and ion channel gene expression (r = -0.56, p = 1.3 x 

10-9; Figure 2.6A), consistent with our results from GO analyses. The next most significant classes 

were neurotransmitter receptors (r = -0.46, p = 1.9 x 10-6) and synapses (r = -0.42, p = 1.6 x 10-5), 

followed by genes that have been linked to SUDs through Genome-Wide Association Studies 

(GWAS; r = -0.33, p = 7.7 x 10-4) as well as endo/exocytosis genes (r = -0.30, p = 2.3 x 10-3). Each 

of the above relationships showed a negative correlation of RABV ratios with gene expression 

(Figure 2.6B-C, S2.7B-C). Except for endo/exocytosis genes, each class had a more negative, 

significant correlation than our genome-wide reference. As a further comparison, we observed that 

the relationships between RABV labeling ratios and gene classes that are likely irrelevant to 

RABV labeling, such as mitochondrial genes (r = -0.24, p = 1.4 x 10-2), sugar transporters (r = -

0.26, p = 1.0 x 10-2), and tumor-associated genes (r = -0.18, p = 7.0 x 10-2) were weaker and less 

significant than our classes of interest (Figure S2.7D-F). 

As the class of ion channel genes was the most strongly correlated to drug-induced 

differences in RABV-labeled input patterns, we assessed which ion channels are most closely 

linked to RABV labeling differences between conditions. The most significant relationship was 

between Ca2+ channel genes (r = -0.57, p = 4.4 x 10-10), followed by Cl- (r = -0.39, p = 6.1 x 10-5), 

K+ (r = -0.30, p = 2.9 x 10-3), and Na+ channels (r = -0.11, p = 0.30; Figure 2.6D-G). The 
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Figure 2.6: Relationship between RABV labeling ratio in addictive drug/saline-treated 

groups and mean basal gene expression of gene subgroups, subtypes of ion channels, and 

neurotransmitter receptors. Linear regressions are shown for all five examined drugs against 
different gene classes expressed by brain region within the Allen Gene Expression Atlas, including 

(A) ion channel-related genes, (B) neurotransmitter-related genes, (C) synapse-related genes, (D) 

Ca2+ channels, (E) Cl- channels, (F) K+ channels, (G) Na+ channels, (H) glutamate receptors, (I) 

acetylcholine receptors, (J) GABA receptors, (K) glycine receptors. 
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expression levels of these channels, in particular Ca2+ channels, are linked to regulating a variety 

of cellular processes, including immediate early gene expression networks as well as cellular 

excitability. Ligand-gated channels (r = -0.40, p = 4.1 x 10-5) were more strongly related with 

RABV labeling than voltage-gated ion channels (r = -0.33, p = 7.4 x 10-4) or other types of ion 

channels (r = -0.13, p = 0.21; Figure S2.7G-I). Among the ligand-gated channels, the glutamate 

receptors were the most strongly correlated (r = -0.49, p = 3.1 x 10-7; Figure 2.6H). The next most 

strongly correlated gene classes were acetylcholine receptors (r = -0.36, p = 2.4 x 10-4), GABA 

receptors (r = -0.31, p = 1.8 x 10-3), and glycine receptors (r = 0.32, p = 1.4 x 10-3) (Figure 2.6I-

K). Notably, glycine receptors were the only class of genes that we analyzed that was positively 

correlated with RABV labeling. Similar patterns were observed for K/X anesthetized mice (Figure 

S2.8), but not with isoflurane-anesthetized, fluoxetine-treated mice (Figure S2.9). These results 

together indicate that the basal expression levels of a variety of ion channels, particularly Ca2+ and 

ligand-gated ion channels, may be related to driving elevations or depressions in RABV labeling 

following a single injection of a variety of drugs of abuse, or K/X anesthesia.  

As the correlation between RABV labeling ratios and Ca2+ channel gene expression is 

negative, lower expression of Ca2+ genes is linked to an elevation in drug-induced RABV input 

labeling. This relationship could be explained by several mechanisms. One, expression of Ca2+ 

channel genes could be inhibitory towards the drug-induced change in RABV transmission. 

Alternatively, lower Ca2+ channel gene expression levels could indicate more potential for a drug-

induced rise in gene expression level. To differentiate between these possibilities, we performed 

CRISPR-based gene expression modulation of the voltage-gated calcium ion channel Cacna1e 

using CRISPRi, which reduces gene expression through blocking DNA transcription without 

cutting DNA58 (Figure 2.7A-B). Cacna1e was chosen as it was one of the Ca2+ channel genes used 
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in Figure 2.6D that had a strong negative correlation with RABV labeling. Three different adeno-

associated viruses (AAV) were co-injected into the NAcLat, an input site to the VTA, in DAT-Cre 

mice. These viruses expressed 1) Cre, 2) Cre-dependent dCas9, 3) Cre-dependent small guide 

RNA (gRNA) targeting Cacna1e. A two AAV mixture lacking the AAV expressing the gRNA 

was used as a control. The three AAV experimental mix was administered into the NAcLat in one 

hemisphere, while the two AAV control mix was injected into the other hemisphere. During the 

same surgery, AAVs expressing Cre-dependent TVA-mCherry and rabies virus glycoprotein were 

bilaterally injected into the VTA, so that RABV mapping could be done in both hemispheres 

(Figure 2.7C-D). Because the NAcLat, NAcCore, and GPe unilaterally project to the VTA in the 

same hemisphere, and not the contralateral VTA7,10,15,25, the ratio of labeled inputs in these sites 

on a single hemisphere can be used to assess the relative labeling in the NAcLat in experimental 

and control conditions within each mouse.   

We first validated that our CRISPRi strategy reduced Cacna1e gene expression. We designed our 

gRNA to cause only a mild reduction in Cacna1e expression to more naturally mimic potential 

changes in gene expression. We found that our CRISPRi perturbation reduced gene expression by 

~20% (Figure 2.7E). This knockdown of Cacna1e in the NAcLat via CRISPRi resulted in 

decreased RABV-labeled inputs from the NAcLat compared to control mice where the shRNA 

was not included (Figure 2.7F). These results indicate that reduced levels of Cacna1e lower the 

number of RABV-labeled inputs from the NAcLat, suggesting that expression levels of Cacna1e 

are directly related to RABV-labeled inputs. This means that expression of this gene is not 

inhibitory towards RABV transmission. Therefore, a more likely hypothesis is that a low basal 

gene expression of Ca2+ channels allows for greater changes in the expression of these genes 

following drug exposure. 
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Figure 2.7:  Inhibition of Cacna1e expression in the NAcLat reduces RABV-labeled inputs 

from the NAcLat onto VTADA cells.  

(A) Schematic of viral injections performed. 

(B) Schematic of connectivity in relevant brain regions and explanation of the normalized input 
metric. 

(C) Representative image of fluorescence in starter cells in the VTA. Scale, 1 mm. 
(D) Representative image of fluorescence in the NAcLat after either administration of no gRNA 

(left) or gRNA targeting Cacna1e (right). Scale, 1 mm. 

(E) qPCR results showing slight inhibition of Cacna1e in the NAcLat. 
(F) Difference in RABV-labeled inputs after CRISPRi-mediated knockdown of Cacna1e 

compared to controls, and no gRNA. 

2.4 Discussion 

Here we explored the long-term consequences of a single injection of a variety of abused 

drugs on the connectivity of VTADA cells. We first confirmed that dimensionality reduction 

approaches could adequately differentiate the connectivity between different cell populations in 

the VTA, and showed which inputs differentiate DAergic, GABAergic, and glutamatergic cells in 

the VTA (Figure 2.1). We then showed that a variety of drugs of abuse as well as K/X-based 

anesthesia trigger long-lasting changes in the brain-wide input patterns to VTA cells, which were 
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clearly observable though less substantial than the differences onto different cell types or natural 

variation in starter cell location (Figures 2.2-2.3). We used our cTRIO method to identify DA cell 

type-specific changes induced by cocaine as well as K/X anesthesia, implicating the 

VTADA→NAcLat and VTADA→Amygdala cells as those exhibiting the most substantial input 

changes (Figure 2.4). We then explored intrinsic gene expression patterns throughout the brain 

that relate to the elevation or depression in RABV labeling by different drugs, finding that 

expression levels of ion channels, neurotransmitter receptors, and synapse-related genes were all 

significantly negatively correlated with RABV input labeling ratios, with Ca2+ channels and 

glutamate receptors being the most strongly correlated (Figure 2.6). We then demonstrated the 

causative role of one calcium channel gene, Cacna1e, in influencing RABV input mapping 

efficiency (Figure 2.7).  

Drugs of abuse induce changes in connectivity onto VTADA neurons from common and 

distributed input populations throughout the brain 

Using dimensionality reduction approaches we differentiated the input patterns to different 

VTA cells (Figure 2.1) and showed that these differences were larger than the differences in inputs 

from the same cell populations in animals given a drug of abuse vs. saline (Figure 2.3A). Notably, 

these differences were unique from those triggered by the psychoactive but non-addictive 

substances fluoxetine and K/X (Figure 2.3C, F). Differences were apparent on the 2nd PC axis, 

which were driven by positive weights from the GPe, EP, EAM, LH, ZI, DR, and PBN, regions 

that showed elevated connectivity in drug-treated mice. Many of these regions have been 

implicated in cocaine addiction59–62. While these drug-induced differences in input labeling were 

less substantial than intrinsic cell type connectivity differences (Figure 2.3A) or differences in 

starter cell location (Figure 2.2N-S), these differences are more apparent when using 
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dimensionality reduction methods such as PCA and UMAP. That different cell types exhibit larger 

differences in input patterns than the same cell type with and without drug administration is 

perhaps not surprising, as different populations of cells may receive different sets of inputs from 

one another, and these are likely more stable across experiments than the differences in 

connectivity triggered following a single exposure to a drug of abuse. The same is likely true for 

spatial gradients, which we determined to be a major source of variation in RABV inputs to the 

VTA32. Notably, the minor differences in starter cell location are likely not a technical concern 

specific to our study, but rather inherent to all RABV mapping experiments that rely on intracranial 

injections, as a small amount of biological or technical variation is to be expected. The PCA 

approach we employ here, however, can better isolate these effects than traditional bar graph 

approaches and thus enable clearer observation of the effect of the relevant variable being tested, 

here effects of a single drug administration (or K/X anesthesia) on the input connectivity to VTADA 

cells. 

The results in this study further confirm our previous observations that a single exposure 

to a variety of drugs of abuse triggers long-lasting changes in inputs to VTADA neurons. Our 

interpretation of these data is that the changes are largely being driven by a change in the activity 

of input cells, as we have shown using fiber photometry and slice electrophysiology in three 

separate studies15,16,63. However, we have not confirmed this to be true for all cases. As a single 

exposure to a variety of drugs of abuse alters the strength of both excitatory and inhibitory inputs 

in the VTA5,20–22, we cannot rule out that changes in synapse number or strength may also influence 

the observed connectivity results. 

Ketamine/xylazine anesthesia alters the input landscape of VTADA cells 
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Animals anesthetized with a K/X mixture showed a different pattern of input labeling to 

VTADA cells than animals anesthetized with isoflurane (Figure 2.4A-B). While we cannot perform 

RABV mapping on unanesthetized mice, making it impossible to definitively define which mode 

of anesthesia, or both, alters RABV input patterns we suspect that isoflurane anesthesia has 

minimal effect on the brain-wide inputs to VTADA cells. This is largely because animals treated 

with a drug of abuse with isoflurane anesthesia look more like those receiving K/X-saline than 

isoflurane-saline animals (Figure 2.3). In addition, ketamine is a drug with known abuse 

potential64–67. While the anesthetic doses used here (100 mg/kg) are well above the doses used 

recreationally (~1 mg/kg), the changes that we observed with K/X anesthesia may be related to the 

abuse potential of ketamine. Interestingly, the K/X-induced input changes were most similar to 

those induced by 10 mg/kg of morphine (Figure 2.3P-Q). Antidepressant doses of ketamine may 

work in part via the opioid system; indeed, it has been known for some time that ketamine binds 

the mu opioid receptor68–71, and it was more recently shown that the opioid antagonist naltrexone 

blocks the antidepressant effects of ketamine72,73. Given that anesthetic doses of ketamine (100 

mg/kg) are roughly 10 times higher than antidepressant doses of ketamine (~10 mg/kg), K/X 

anesthesia almost certainly engages the opioid system.  

Relationship of gene expression with the extent of drug-induced RABV input labeling 

Gene expression patterns in the mouse brain are correlated with the extent of elevations 

and depressions of RABV labeling induced by one of several drugs of abuse. We observed a 

slightly negative correlation of RABV labeling changes with the overall level of gene expression 

across the brain. We are not sure of the implications of this negative correlation, though it could 

suggest that if initial gene expression levels are lower, it leaves a higher potential for experience-

induced elevations. We observed significant negative correlations of RABV labeling changes 
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induced by drugs of abuse with the levels of expression of ion channel genes, neurotransmitter 

receptor-related genes, and synapse-related genes. These results and our experiments 

demonstrating the functional impact of downregulating Cacna1e for RABV input labeling (Figure 

2.7) indicate that the expression levels of these genes could be used as predictive biomarkers of 

which regions are likely to undergo drug-induced changes in connectivity to VTADA cells. They 

also suggest that the expression levels of these gene classes are related to the drug-induced changes 

in RABV labeling.  

While the AGEA is a useful resource for relating spatial gene expression information to 

our RABV mapping datasets, there are notable limitations. First, the AGEA dataset is not as 

quantitatively rigorous as modern single nucleus RNA sequencing or spatial transcriptomic 

datasets. Nonetheless, we believe that the overall patterns of high and low expression, especially 

when considered among classes of genes as was performed here, can still be informative. 

Furthermore, the AGEA dataset provides a static picture of gene expression levels throughout the 

brain, and thus does not account for potential changes in gene expression levels triggered by 

administration of one of the drugs used in this study. Third, the AGEA dataset considers expression 

levels in all cell types in a brain region, irrespective of their individual transcriptomic/molecular 

identities, while only a subset of cells in a region project to VTADA cells. Nonetheless, our 

CRISPRi experiment showing that a mild reduction of Cacna1e reduces RABV labeling indicates 

the potential for causative associations between gene expression patterns and drug-induced RABV 

input labeling changes (Figure 2.7). This result also directly links cellular excitability and the 

extent to which RABV labels these cells as monosynaptic inputs to defined cell populations. 

Our RABV screen identified several input sites that show elevated or depressed labeling 

following a single administration of a drug of abuse, suggesting potential changes in excitability 
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of these cells. Ca2+ channel genes were also highly negatively correlated with the extent of drug-

induced changes in RABV input labeling. Ca2+ channels have been implicated in substance abuse 

through Genome-Wide Association Studies74, and molecules that target these channels have shown 

some promise as addiction therapeutics75–80. It is of particular interest that Ca2+ and not Cl-, Na+, 

or K+ channels are highly correlated to RABV input labeling changes. Ca2+ is critically involved 

as a secondary messenger in neurons that affects a variety of processes including long-lasting 

changes in transcription and synaptic transmission, whereas the other ions are mostly involved 

only in facilitating or inhibiting formation and propagation of the action potential. Understanding 

how Ca2+ channel gene expression levels relate to drug-induced changes in the brain will help to 

illuminate the relationship between basal gene expression levels, drug-induced changes in RABV 

labeling, and substance abuse, providing mechanistic insights into how inter-individual differences 

influence susceptibility to substance abuse. 
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2.5 Supplementary figures 

Figure S2.1: Brains from animals treated with a single exposure to a drug (Figure 2.3A), but 

with the brain identities scrambled.  

(A) PCA plot showing the data with scrambled identities along PC1 and PC2.  

(B) The same scrambled data along PC1 and PC3.  
(C) UMAP of the scrambled data.  
(D) Correlogram of 20 UMAP embeddings of the scrambled data. 
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Figure S2.2: Dimensionality reduction 

analysis of brains from animals 

anesthetized with isoflurane and treated 

with either cocaine or saline, or 

anesthetized with ketamine/xylazine and 

treated with saline, focusing on PC3.  

(A) PCA plot of input data from VTADA cells 

from mice anesthetized either with isoflurane 
or K/X and given saline, showing PC2 and 

PC3. 

(B) Box plot comparisons of PC3, p = 0.99, 
unpaired t-tests. N = 4 for both. 

(C) PCA plot of RABV input mapping 

experiments to VTADA→NAcLat cells in 

mice anesthetized with isoflurane and given 
saline or cocaine, or anesthetized with K/X 

and given saline, showing PC2 and PC3.  

(D) Box plot comparisons of PC3, One-way 
ANOVA p = 0.12. n=4 for saline and K/X, n 

= 5 for cocaine. 
(E) PCA plot of input mapping experiments to 

VTADA→Amygdala cells, showing PC2 and 

PC3.  

(F) Box plot comparisons of PC3, PC1, One-

way ANOVA p = 0.014, pairwise t-tests saline 
vs. K/X multiple comparisons adjusted p = 

0.011, saline vs. cocaine p = 0.24, K/X vs. 
cocaine p = 0.16. n=4 for saline, n = 5 for K/X 

and cocaine. 

(G) PCA plot of input mapping experiments to 

VTADA→NAcMed cells, showing PC2 and 

PC3.  
(H) Box plot comparisons of PC3,, One-way 

ANOVA p = 0.64. PC2, One-way ANOVA p 
= 0.16. n=4 for saline and K/X, n = 5 for 

cocaine. 

(I) PCA plot of input mapping experiments to 

VTADA→mPFC cells, showing PC2 and PC3.  

(J) Box plot comparisons of PC3, One-way 
ANOVA p = 0.67. PC2, One-way ANOVA p 

= 0.083. n=4 for saline and cocaine, n = 5 for 
K/X. 
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Figure S2.3: Inputs to 

brains of mice 

anesthetized with 

isoflurane and receiving 

saline or cocaine, or K/X-

saline (Figure 2.4), but 

with the brain identities 

scrambled.  
(A) PCA plot of scrambled 

data from isoflurane-

anesthetized and K/X-
anesthetized mice.  

(B) UMAP plot of 
scrambled data from 

isoflurane-anesthetized 

and K/X-anesthetized 
mice.  

(C) PCA plot of scrambled 
data from input mapping 

experiments to 

VTADA→NAcLat cells.  

(D) UMAP plot of 

scrambled data from input 
mapping experiments to 

VTADA→NAcLat cells.  

(E) PCA plot of scrambled 

data from input mapping 
experiments to 

VTADA→Amygdala cells.  

(F) UMAP plot of 

scrambled data from input 

mapping experiments to 

VTADA→Amygdala cells.  

(G) PCA plot of scrambled 
data from input mapping 

experiments to 

VTADA→NAcMed cells.  

(H) UMAP plot of 
scrambled data from input 

mapping experiments to 

VTADA→NAcMed cells. 

(I) PCA plot of scrambled 

data from input mapping 
experiments to 

VTADA→mPFC cells.  
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(J) UMAP plot of scrambled data from input mapping experiments to VTADA→mPFC cells.  

Figure S2.4: Gene ontology analysis of top 50 expressed genes correlated to differences in 

RABV input labeling obtained from drug-treated vs. control mice. GO from mice treated with 
(A) amphetamine, (B) cocaine, (C) methamphetamine, (D) morphine, and (E) nicotine-treated 

relative to saline-injected controls are shown. Each GO analysis reflects molecular function-related 
gene classes whose expression was negatively correlated with RABV labeling differences. 
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Figure S2.5: Gene ontology analysis of top 50 expressed genes correlated to differences in 

RABV input labeling obtained from drug-treated vs. control mice. GO analyses from mice 

treated with (A) amphetamine, (B) cocaine, (C) methamphetamine, (D) morphine, and (E) 
nicotine-treated relative to saline-injected controls are shown. Each GO analysis reflects biological 

process-related gene classes whose expression was positively correlated with RABV labeling 

differences.  
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Figure S2.6: Gene ontology analysis of the top 50 genes correlated with differences in RABV 

input labeling obtained from fluoxetine vs. saline-treated controls. Panel (A) shows molecular 

function-related gene classes whose expression was positively correlated with RABV labeling 
differences, and panel (B) shows GO analyses that reflect biological process-related gene classes 

whose expression was negatively correlated with RABV labeling differences.  
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Figure S2.7: Relationship between RABV labeling ratio in addictive drug/saline-treated 

groups and mean basal gene expression of gene subgroups. Linear regressions are shown for 

all five examined drugs against all genes and different gene classes expressed by brain region 
within the Allen Gene Expression Atlas, including (A) all genes, (B) substance dependence-related 

genes, (C) endocytosis- and exocytosis-related genes, (D) mitochondrial genes, (E) sugar 

transporter genes, (F) tumor-associated genes, (G) ligand-gated ion channel genes, (H) voltage-

gated ion channel genes, (I) other ion channel genes. 
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Figure S2.8: Relationship between RABV labeling ratio in K/X-saline vs. isoflurane-saline 

groups and mean basal gene expression of gene subgroups. Linear regressions are shown for 

K/X-saline vs. isoflurane-saline groups against different gene classes, including (A) ion channel-
related genes, (B) synapse-related genes, (C) neurotransmitter-related genes, (D) DEGs related to 

substance abuse, (E) voltage-gated ion channels, (F) ligand-gated ion channels, (G) other ion 

channels, (H) K+ channels, (I) Ca2+ channels, (J) Cl- channels, (K) Na+ channels, (L) glutamate 

receptors, (M) glycine receptors, (N) acetylcholine receptors, (O) GABA receptor genes.  
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Figure S2.9: Relationship between RABV ratio labeling in fluoxetine vs. saline-treated 

groups, both anesthetized with isoflurane, and mean basal gene expression of gene 

subgroups. Linear regressions are shown for fluoxetine/saline-treated groups against different 
gene classes, including (A) ion channel-related genes, (B) synapse-related genes, (C) 

neurotransmitter-related genes, (D) DEGs related to substance abuse, (E) voltage-gated ion 

channels, (F) ligand-gated ion channels, (G) other ion channels, (H) K+ channels, (I) Ca2+ channels, 
(J) Cl- channels, (K) Na+ channels, (L) glutamate receptors, (M) glycine receptors, (N) 

acetylcholine receptors, (O) GABA receptor genes. 
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CHAPTER 3: Differences in cellular communication in the entorhinal cortex 

in AD and in 5xFAD mice 

As a precursor to studying changes in the retrosplenial cortex, our first analysis of AD and 

the 5xFAD mouse model focused on the entorhinal cortex due to the known early changes that 

occur in this brain region in AD progression, as discussed in chapter 1 of this dissertation. 

Additionally, due to the previous study of this brain region, there was publicly available snRNA-

seq data from donors with and without AD that we utilized for re-analysis and comparison with 

5xFAD data we collected. We detail inferred cellular communication changes that are common 

between the mouse model and post-mortem tissues samples, and later utilize similar approaches 

to compare the RSC and the ENT. The findings from this chapter highlight the importance of 

changes in glutamatergic neurons in AD and in 5xFAD mice, which we delve into further with 

additional experiments and sequencing data collection in chapter 4.  

Chapter 3 of this dissertation is currently in review. I performed the majority of 

computational analyses of the data, Dr. May Hui and Dr. Desiree Macchia assisted with figure 

preparation, Dr. Wei Zhao and Dr. Qing Nie reviewed and advised on computational approaches, 

Dr. Kevin T. Beier performed sequencing experiments, and Dr. Kevin T. Beier and I wrote the 

manuscript. 

3.1 Introduction 

Alzheimer’s disease (AD) is a complex disease characterized by systemic changes in brain 

function1,2. While the pathological hallmarks of AD are the accumulation of amyloid plaques and 

tau tangles in the brain, changes in cellular function occur in neurons and glia throughout the 

course of disease that contribute to the development of age-associated cognitive impairment3,4. 

Understanding the root molecular causes of disease is thus required for the development of 
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effective therapeutics to combat the development of AD. Our ability to understand the molecular 

features of disease across the lifespan has been greatly accelerated by the recent development of 

single-cell and single-nucleus RNA sequencing (snRNA-seq) technologies. These methods have 

provided an atlas of gene expression throughout the course of disease, particularly in late-stage 

AD in brain regions such as the frontal cortex, entorhinal cortex (ENT), and the hippocampus5–8. 

However, a key limitation of these experiments is that they focus only on the cell-autonomous 

features of the disease; that is, they examine cells in isolation. While a reductionist approach is 

necessary to define the core features of disease, understanding how the molecular features of 

disease, as revealed by snRNA-seq, influence cellular communication is essential towards 

uncovering the root and progression of AD. 

Fortunately, in recent years a variety of computational methods have been developed that 

enable the inference of cellular communication through coordinated changes in receptor-ligand 

interactions in different cell types. These include CellPhoneDB9 and CellChat10, among others. 

These methods have been widely used in a variety of tissue types to enrich single cell sequencing 

datasets and provide a wealth of information about modes of biological communication within 

tissues including in the AD brain. However, as these studies focused on glia and did not analyze 

data from neurons, they include only data from selected cell types11–15. While these methods’ 

utility in part is due to their ability to be generalized to different tissues, they also focus exclusively 

on receptor-ligand interactions that are encoded by proteins. While this is an acceptable definition 

for most tissue types, its use is more limited in the brain, where cells principally communicate 

through chemical transmission of small-molecule neurotransmitters, including glutamate and 

GABA, that are not encoded by proteins. To fill this gap, NeuronChat16 was developed to infer the 

intercellular communications mediated by small-molecule neurotransmitters. As such, if we want 
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to understand how communication systems in the brain change during disease, an integrated 

understanding of how both general communication and neuron-specific modes of communication 

change during disease is required.  

Here, we focus on the ENT, as it is a core region in the hippocampal circuit and thought to 

be a main contributor to AD-associated memory and cognitive deficits17–20. For these studies we 

used the 5xFAD mouse model, a commonly studied amyloidogenic model used in ~10% of all AD 

studies employing rodent models21,22. We sequenced the ENT from 5xFAD and littermate control 

mice at 2 months of age, before memory deficits are apparent, and at 8 months of age, when 

behavioral deficits are widespread22,23. For comparison of gene expression changes in rodents to 

human postmortem brain tissue we utilized publicly available snRNA-seq data from the ENT of 

patients with AD and those without cognitive impairments. We also sequenced postmortem tissue 

from the ENT of a patient diagnosed with mild cognitive impairment (MCI) to provide a more 

comprehensive examination of AD progression in mice and human postmortem tissue across 

disease progression. 

3.2 Methods 

Mouse and human tissue 

Hemizygous 5xFAD mice (mutations in APP: Swedish, Florida, and London; mutations in 

PSEN1: M146L and L286V) on a C57BL/6 background (Jackson Laboratory, Stock #34848) were 

utilized. Wildtype littermates on the same background served as control animals. Female mice 

were used exclusively for all experiments. Mice were euthanized at either 2 or 8 months of age 

depending on the time point of the experiment. Mice were housed on a 12-hour light–dark cycle 

with food and water ad libitum. All procedures complied with the animal care standards set forth 

by the National Institute of Health and were approved by the University of California, Irvine’s 
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Institutional Animal Care and Use Committee (IACUC). Human postmortem brain tissue samples 

were obtained from UC Irvine’s Alzheimer’s Disease Research Center (ADRC). The female donor 

was diagnosed with mild cognitive impairment (MCI), had tau tangle stage 2, plaque stage A, and 

was 85 years old (sample 28_18).  

Sample collection and single-nucleus sequencing in mice 

Single-nucleus ATAC-seq and RNA-seq were conducted using the 10x Multiome kit. A 

merged sample comprising nuclei from two female 5xFAD mice and another merged sample from 

two female C57BL/6 wild-type mice, either at 2 months or 8 months of age, were used, for a total 

of eight mice.  

Animals were anesthetized under isoflurane induction and underwent cardiac perfusion 

with cold 1xPBS to remove blood from the brain. Brain tissue was immediately extracted, and 

entorhinal cortex was freshly dissected out of each sample. From this point onwards, both mouse 

and human tissue were treated the same. To isolate the nuclei, tissue was homogenized using Lysis 

Buffer and manually disrupted using pestles, followed by a 4-minute incubation period. Samples 

were centrifuged at 500g for 5 minutes at 4°C, and the supernatant was discarded. Subsequently, 

1 ml of Nuclei Wash and Resuspension buffer (NWR) was added and incubated for 5 minutes. The 

pellet was carefully resuspended using a P1000 pipette and centrifuged again at 500g for 5 minutes 

at 4°C. This wash-resuspension-centrifugation process was repeated twice more. After the third 

centrifugation, the supernatant was discarded, and 200μL of NWR buffer + 20μL 7AAD (1:100) 

was added and passed through a 40μm filter directly into a tube used for flow cytometry sorting. 

Cells were sorted at the UC Irvine Institute for Immunology Flow Cytometry Facility to remove 

debris and distinguish viable nuclei. Following sorting, the samples underwent a permeabilization 

process, which began with centrifugation at 500g for 5 minutes at 4°C. Subsequently, 100μL of 
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0.1X Lysis buffer was added, followed by resuspension and a 2-minute incubation. Next, 1mL of 

Washing Buffer was added, and the sample was centrifuged again for 5 minutes under the same 

conditions. Then, 500μL of Diluted Nuclei Buffer was added and carefully mixed with a pipette. 

Finally, the resulting sample was spun down and submitted to the UC Irvine’s Genomics Research 

and Technology Hub for further processing. 

Single-nucleus sequencing alignment and QC in mice 

Alignment of the ATAC-seq and gene expression libraries to the mouse reference genome 

(mm10, v2020-A) was done using Cell Ranger ARC (v2.0.1, 10X Genomics). Alignment was 

performed on the High-Performance Community Computing Cluster (HPC3) at UC Irvine. Further 

processing was done in R largely using Signac24 (v1.7.0), which is integrated with Seurat25 

(v4.3.0). Nuclei with the following QC metrics in the RNA-seq data were filtered out as they were 

likely doublets, debris, or damaged: over 20 percent of reads aligned to mitochondrial genes, more 

than 70,000 or fewer than 200 UMIs, or more than 10,000 or fewer than 75 unique genes detected 

(Figure S3.1A-B). Nuclei with the following metrics were further filtered out from the ATAC-seq 

data, to prioritize only high-quality nuclei: fewer than 10 percent reads in peaks, nucleosome signal 

score of greater than 3, transcription start site enrichment of less than 2, over 5 percent of reads 

being in a blacklist region, or counts in peaks of under 1,000 or over 70,000.  

Following QC, there were a total of 35,188 high quality nuclei remaining: 8,286 from 2-

month-old C57BL/6 mice, 15,126 from 2-month-old 5xFAD mice, 6,431 from 8-month-old 

C57BL/6 mice, and 5,345 from 8-month-old 5xFAD mice. 

Single-nucleus sequencing alignment and QC, human postmortem samples 

Previously published snRNA-seq data collected from the ENT of AD and non-cognitively 

impaired, or control, patients was downloaded from the gene expression omnibus5,26 and re-
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processed using Seurat. Only female patient data was included for consistency with our other 

dataset from exclusively female mice. From these two previously published datasets, data from 8 

patients were used: 4 female patients with AD, and 4 female patients without cognitive 

impairments. The additional female MCI patient sample was sequenced at UCI’s GRT Hub and 

resulting fastqs aligned to the NCBI Homo Sapiens Annotation Release 109 using the Parse 

Biosciences computational pipeline (v1.0.5p). The resulting gene by cell counts matrices were 

QCed individually by sample and subsequently integrated using Seurat’s IntegrateData function 

with default parameters.  

Single-nucleus sequencing integration, dimensionality reduction, and clustering, mice 

To integrate 5xFAD and control mouse brain transcriptomic data, sctransform-based 

normalization was used to normalize, scale, and find variable features within each dataset27. 

Mitochondrial mapping percentage, a potential confounder, was regressed out, and the Gamma-

Poisson Generalized Linear Model method28 was used, otherwise default sctransform parameters 

were used. 3,000 features that varied the most across all datasets were selected as integration 

features, and the datasets were integrated using the IntegrateData command in Seurat, with anchor 

features being set to our list of 3,000 features, the normalize method specified as sctransform, and 

the other parameters set to their default values. This resulted in one Signac object containing all 

mouse data, including the 2-month-old and 8-month-old 5xFAD and WT mice. After integration, 

the standard Seurat workflow for dimensionality reduction, visualization, and clustering was run 

sequentially using the following commands: RunPCA, RunUMAP, FindNeighbors, and 

FindClusters. For RunUMAP and FindNeighbors the first 30 principal components were used, and 

for RunUMAP the number of nearest neighbors parameter was set to 30. The resolution parameter 

for FindClusters was set to 1.0.    
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Annotation of cell types  

Cell types in our mouse data were predicted by transferring annotation labels from the 

Allen Brain Atlas’ transcriptomic data29,30 to our datasets, and this predicted annotation was 

manually checked and refined using previously established marker genes31–33. Oligodendrocyte 

markers used were Mobp, Il33 and Mog, OPC markers were Cspg4, Tnr, and Pdgfra, astrocyte 

markers were Aqp4, Slc1a2, and Gja1, microglia markers were Csf1r, Ctss, and C1qb, GABAergic 

neuron markers were Gad1 and Gad2, glutamatergic neuron markers were Slc17a7 and Slc17a6, 

and endothelial cell markers were Bsg, Flt1, and Vwf. The same marker genes were used to 

manually annotate the data from postmortem human samples. Clusters of fewer than 100 nuclei, 

that did not express known marker genes, or that expressed marker genes of multiple cells types, 

indicating a mixed population, were removed. 

snATAC-seq data processing, mice 

Following integration and annotation, we re-processed the ATAC data. As peaks had 

previously been called on each sample individually by Cell Ranger ARC, they needed to be 

redefined so that common peaks would be identified across all mouse brain samples. We also 

aimed to call peaks by cell type to identify peaks in rare cell types that were potentially missed in 

aggregate. On the integrated data we ran the CallPeaks function in Signac, which uses MACS2 to 

call peaks34. We performed this peak calling by cell type, annotated according to the RNA-seq 

data, and these peak sets were then combined. Peaks found to be in genomic blacklist regions or 

on nonstandard chromosomes were removed.  

To visualize the ATAC data we performed the standard Signac workflow with the 

following commands: RunTFIDF, FindTopFeatures, RunSVD, and RunUMAP. We then 

combined this representation of the data with the transcriptomic data visualization. This 
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representation of both RNA and ATAC data was created using the FindMultiModalNeighbors 

function in Signac, followed by running UMAP on the weighted nearest neighbor (WNN) graph.  

Differential gene expression analysis 

Before analysis, counts were normalized using the NormalizeData command in Seurat. 

Differential gene expression was performed on each cell type cluster using the R package presto35. 

Genes were considered significantly different if the adjusted p-value (Bonferroni correction) was 

less than 0.05. Comparisons were made between 5xFAD and WT mice at 2 months of age, 5xFAD 

and WT mice at 8 months of age, AD and cognitively non-impaired patient samples, and MCI and 

cognitively non-impaired patient samples. 

CellChat and NeuronChat analysis  

CellChat (v1.6.1)10 and NeuronChat (v1.0.0)16 were used to infer communication between 

cell types. First, CellChat and NeuronChat’s standard workflows were run on each condition 

within the snRNA-seq data individually: 2-month-old 5xFAD mice, 2-month-old WT mice, 8-

month-old 5xFAD mice, and 8-month-old WT mice. Separately, human samples were also put 

through this pipeline: AD, MCI, and control. Comparative analyses were then performed between 

5xFAD and WT mice at 2 months of age and 8 months of age. AD and cognitively normal patient 

samples, and MCI and cognitively normal patient samples were also compared. 

hdWGCNA, mouse and human comparison 

To detect modules of genes that co-vary in a cell type-specific manner, high dimensional 

weighted gene co-expression network analysis (hdWGCNA) was performed using the hdWGCNA 

package36. hdWGCNA adapts the well-established WGCNA method37 for snRNA-seq data. This 

analysis was performed on cell types where there were at least 1,000 nuclei in the mouse dataset: 

microglia, oligodendrocytes, OPCs, astrocytes, GABAergic neurons, and glutamatergic neurons. 
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Modules were detected in each cluster within the mouse snRNA-seq data, projected onto the 

human data, and then module preservation and module quality were evaluated. Modules found to 

be of high quality and highly preserved across species (zsummary.qual >10 and zsummary.pres > 

10) were further investigated. Differential module eigengene analysis was performed to analyze 

differences in expression of each module between control and disease groups. 

This analysis was performed, and results visualized using EnrichR (v3.178)38,39 and 

hdWGCNA functions RunEnrichr, GetEnrichrTable, and EnrichrBarPlot sequentially. Enrichment 

analysis was done using the 2021 versions of the Gene Ontology databases40,41.  

DIRECT-NET analysis and visualization, mice 

DIRECT-NET42 was applied to the mouse 10X Genomics Multiome data to detect 

regulatory links specific to either 5xFAD or WT mice at 2 and 8 months of age and to construct 

gene regulatory networks implicated in AD. Promoters for each gene in the mouse genome were 

defined to be the 1,000 basepairs before the transcription start site of a gene. The DIRECT-NET 

tutorial was then followed, with analyses being applied to each genotype and time point 

individually first and then compared. First, cis-regulatory elements (CREs) were inferred 

following the DIRECT-NET tutorial for genes of interest based on previous analyses, including 

Gria4, Grin2b, and Grm1. Links were detected by genotype by subsetting the data and then 

running the Run_DIRECT_NET function on each genotype at each age. Signac’s coverage plot 

function was used to visualize these links. Only high-confidence (HC) links were plotted, with 

links specific to 5xFAD mice highlighted in pink, links specific to control mice highlighted in 

blue, and links apparent in both genotypes highlighted in purple. 

We then proceeded to construct gene regulatory networks based on genes upregulated in 

5xFAD mice for both the 2- and 8-month time points. Following the DIRECT-NET tutorial, we 
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used presto43 to determine genes that were upregulated in 5xFAD mice according to auROC 

analyses (auc > 0.5) of snRNA-seq data. We excluded genes corresponding to ribosomal proteins 

and those without known functions, then evaluated which of the remaining genes overlapped with 

regions of the genome that were more accessible in 5xFAD mice based on the accompanying 

snATAC-seq data. CREs relating to both upregulated and accessible genes were then used to 

generate links to known transcription factors using the generate_peak_TF_links command in 

DIRECT-NET. These links were then constructed into a network and visualized using the Python 

package networkx44. 

3.3 Results 

Sample selection and quality control for mouse and human AD samples 

One significant advantage of using rodent models of AD is that AD pathology can be 

studied across the lifespan, including at pre-symptomatic time points. We chose two time points 

for this study: 2 months, a pre-symptomatic time point when plaques begin to form in select regions 

in the brain, and 8 months, after significant plaque accumulation has occurred and cognitive 

deficits have emerged22,23. We used female mice only, as female 5xFAD mice show more rapid 

pathogenesis than males45–47. We similarly only evaluated tissue samples from female postmortem 

brain tissue, as women have an increased risk of developing AD compared to men48. We performed 

a multiomic assessment (single nucleus RNA-seq plus single nucleus ATAC-seq) of cells from the 

ENT of 5xFAD and age-matched controls from each age group (Figure 3.1A). After alignment 

and quality control assessments of data, we had 23,412 cells for the 2-month time point and 11,776 

cells for the 8-month time point. All expected cell types were captured in each dataset, including 

excitatory neurons, inhibitory neurons, astrocytes, microglia, oligodendrocytes, and 

oligodendrocyte precursor cells (OPCs; Figure 3.1B-C). Cell types were similarly represented 
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across time points and genotypes (Figure S3.1C-E). To confirm that our integrated multiomic 

strategy worked as expected, we assessed the correspondence between the snRNA-seq and 

snATAC-seq datasets. Marker genes such as Slc17a7, Mog, and C1qb were more accessible and 

more highly expressed in glutamatergic neurons, oligodendrocytes, and microglia, respectively, 

than in other cell types (Figure 3.1C-F), consistent with known gene expression patterns. 

Accessibility of other marker genes for each cell type are shown in coverage plots in Figure S3.2. 

To explore the diversity of neuron types identified, we assessed the number of distinct 

subtypes of glutamatergic and GABAergic neurons within our mouse dataset. We performed 

unsupervised clustering using the smart local moving (SLM) algorithm and found 5 inhibitory (In) 

and 12 excitatory (Ex) neuronal subclusters with distinct transcriptional profiles (Figure S3.3A). 

We also transferred labels from a well-annotated dataset from the Allen Brain Institute that enabled 

definition of each cell type’s layer in the brain and assessed gene expression differences (Figure 

S3.3B-C). Using this annotation method, we identified the following cell types: GABAergic 

subcluster 1 (In 1) was defined by expression of the vasal intestinal peptide (Vip), In 2 by synuclein 

gamma (Sncg), In 3 by lysosomal-associated membrane protein 5 (Lamp5), In 4 by parvalbumin 

(Pvalb), and In 5 by somatostatin (Sst). Excitatory neurons were classified by layer (depth in 

cortex, L2-6) and connectivity patterns (intratelencephalic, IT; corticothalamic, CT; pyramidal  

Figure 3.1: Characterization of single cell sequencing data from mouse and human 

postmortem brain samples. 

(A) Diagram of experimental workflow for snRNA-seq and snATAC-seq. The ENT of mice aged 

2 months and 8 months, both 5xFAD and control, was dissected, nuclei were isolated, and 
sequencing performed using the Single Cell Multiome ATAC + Gene Expression kit from 10x 

Genomics.  

(B) Single-nucleus data for mice aged 2 months and 8 months, both 5xFAD and control, 
represented in 2D UMAP (WNN) with general cell type annotations.  
(C) Dotplot showing expression of known marker genes in each cell type in the mouse snRNA-seq 

portion of the multiome data.  
(D-F) Coverage plots showing known marker gene accessibility as captured by the snATAC-seq 

portion of the multiome data. These data show that chromatin accessibility is reflective of gene 
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expression (i.e., the area near the transcription start site is more open in genes that are more highly 
expressed in particular cell types). Shown are coverage plots for Slc17a7 (D), a marker for 

glutamatergic neurons; Mog (E), a marker for oligodendrocytes; and C1qb (F), a marker for 
microglia.  
(G) UMAP of merged, re-processed and annotated snRNA-seq data from postmortem tissue 

samples obtained from AD, MCI, and non-cognitively impaired patient brains. This is a 

combination of previously published datasets from female donors5,26, and one newly sequenced 
tissue sample.  
(H) Dotplot showing expression of known marker genes in the annotated human snRNA-seq data. 
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tract, PT; near projecting, NP). 

To assess how our mouse results compared with those from human postmortem brain 

tissue, we utilized data from previously published studies from ENT tissue in humans with and 

without AD. We also performed snRNA-seq of postmortem brain tissue from one female patient 

with mild cognitive impairment (MCI) to acquire data from an earlier stage of disease. After 

merging and processing the human data, we observed the same cell types as we found in our mouse 

data, though in different quantitative proportions (Figure 3.1G). Annotation of cell types in the 

human data was based on the same marker genes as used in the mouse data (Figure 3.1H, 3.1C). 

As we identified fewer neurons in the human samples, we did not perform further annotation of 

neurons beyond inhibitory and excitatory.  

Differential gene expression and high dimensional weighted gene correlation network 

analysis (hdWGCNA) indicate a greater conservation of neuron-related gene expression 

changes relative to glial-related gene expression changes between mouse models and human 

AD 

We next explored differences in gene expression between 5xFAD versus control mice, and 

human AD/MCI postmortem samples versus samples from non-cognitively impaired human 

postmortem brain tissue. Results of differential gene expression analysis for each cell type and 

each of the four comparisons (5xFAD versus control at 2 months, 5xFAD versus control at 8 

months, MCI versus control, and AD versus control) including fold-change and adjusted p-value 

are reported in Supplementary Table 1, which will be available for download after publication.  

As a benchmark, we first focused on several genes known to be associated with disease-

associated astrocytes (DAAs) that emerge during the development of AD: Clusterin (Clu), 

Apolipoprotein E (Apoe), and Cystatin C (Cst3) 49,50. DAAs have previously been identified in the 
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hippocampus and cortex of both human AD patients and 5xFAD mice49,50. Genes upregulated in 

DAAs are associated with amyloid clearance, aging, and the complement system51. Unexpectedly, 

at 2 months of age in 5xFAD mice, DAA genes were downregulated compared to controls (Figure 

3.2A). Interestingly, we see a very similar downregulation of APOE and CST3 in the human MCI 

brain (Figure 3.2B). However, in 5xFAD mice at 8 months of age the DAA genes Apoe, Clu, and 

Cst3 were significantly upregulated, consistent with previous reports in mice and humans that 

these genes are enriched in DAAs or upregulated in AD in subclusters of astrocytes (Figure  

Figure 3.2: Differential gene expression and conserved modules of gene expression changes 

from mouse and human data using hdWGCNA.  
(A) Differential gene expression in astrocytes for 5xFAD versus control mice at 2 months of age. 

A positive log-fold change here indicates that a gene is upregulated in the 5xFAD genotype.  
(B) Differential gene expression in astrocytes for human MCI vs non-cognitively impaired 

controls. A positive log-fold change here indicates that a gene is upregulated in MCI.   

(C) Differential gene expression in astrocytes for 5xFAD versus control mice at 8 months of age. 
A positive log-fold change here indicates that a gene is upregulated in the 5xFAD genotype.  

(D) Differential gene expression in astrocytes for human AD vs non-cognitively impaired controls. 
A positive log-fold change here indicates that a gene is upregulated in AD. 

(E) DME analysis of OPC modules in 8-month-old 5xFAD mice. OPC M1 is significantly 

upregulated in 5xFAD mice at 8 months. If a module was not significantly different between 
diagnoses, an ‘x’ indicates an adjusted p-value of over 0.05.   

(F) DME analysis of OPC modules in human AD compared to non-cognitively impaired 
individuals. The gene expression module OPC M1 is significantly upregulated in AD. If a module 

was not significantly different between diagnoses, an ‘x’ indicates an adjusted p-value of over 

0.05.  
(G) GO analysis of genes within OPC M1, from molecular function database. cGMP and cAMP 

binding are among the most prominent terms, as are those related to ion channels. 
(H) DME analysis of Glutamatergic neuron modules in 8-month-old 5xFAD mice. Glut M1 is 

upregulated in 5xFAD mice at 8 months.  

(I) DME analysis of glutamatergic neuron modules in human AD. Glut M1 is upregulated in human 
AD.  

(J) GO analysis of genes within Glut M1, molecular function database. Two of the top terms relate 
to voltage-gated calcium channels, which control cellular excitability, and neuroligin-mediated 

cellular interactions. 

(K) GO analysis of genes within Glut M1, cellular component database. G-protein coupled 
receptors, which can mediate a variety of cellular processes including excitability, and chloride 

channels are among the top terms. 
(L) GO analysis of genes within Glut M1, biological process database. Highlights include genes 

relating to intrinsic neuronal excitability and cell adhesion. 
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3.2C)49,52. We observed a significant upregulation of each of these genes in the human AD brain 

(Figure 3.2D). These data together indicate that gene expression patterns occurring in the earliest 

stages of disease may not mirror those that occur at later stages, and in some cases may trend in 
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the opposite direction. This in turn may indicate that gene expression changes during AD 

pathogenesis may not progress in a linear fashion and could be dynamically regulated during 

disease. 

While assessing changes in the expression of individual genes is useful to assess specific 

changes, a more holistic approach may better represent the overall patterns of gene expression 

changes during disease progression. Previously, weighted gene co-expression network analysis 

(WGCNA37) was applied to bulk RNA-seq data to detect such gene networks, which allowed for 

further analysis and comparison of these gene modules. This approach was recently modified for 

use with single-cell data (hdWGCNA36). Here we applied hdWGCNA to each cell population in 

the mouse dataset (oligodendrocytes, microglia, OPCs, astrocytes, GABAergic neurons, and 

glutamatergic neurons). We then projected these cell type-specific mouse gene modules onto the 

corresponding human gene expression data and quantified module preservation across species and 

module quality53. Only high-quality modules, meaning reproducible and robust, and highly 

preserved modules with a similar network architecture in both species were further examined. This 

quality and preservation analysis was done to focus our efforts on modules whose expression 

change was not due to chance, and was not unique to the mouse model to increase the likelihood 

that our results are relevant to human AD.  

Interestingly, we found that in microglia and astrocytes, two cell types commonly studied 

in the context of AD in rodent models including 5xFAD54–57, no modules were both highly 

preserved and of high quality (Figure S3.4A-B), indicating that patterns of gene expression 

changes were distinct in 5xFAD mice and human AD for these cell types. In oligodendrocytes just 

one module, Oligo-M3, was both highly preserved and of high quality (Figure S3.4C). To evaluate 

whether expression of genes in this module was significantly different between genotypes, we used 
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differential module eigengene (DME) analysis implemented in hdWGCNA and found that the 

module expression was significantly upregulated in 2-month-old 5xFAD mice and in postmortem 

brain samples from both human MCI and AD compared to samples from non-cognitively impaired 

patients (Figure S3.4D, F-G). In 8-month-old 5xFAD mice a similar effect was seen but it was 

not statistically significant (Figure S3.4E). Similarly, in GABAergic neurons one module, GABA-

M3, was both highly preserved and of high quality (Figure S3.5A). This module was not 

significantly differentially expressed between samples from 5xFAD and control mice at either age, 

nor postmortem brain samples from AD or MCI patients and controls (Figure S3.5B-E), 

suggesting that the differences in expression were relatively mild. In OPCs, one module, OPC-

M1, was both highly preserved and of high quality (Figure S3.5F). The downregulation of genes 

in this module was not significant at 2 months (Figure S3.5G), however, this module was 

downregulated in MCI (Figure S3.5H) but upregulated in human AD and in 5xFAD mice (Figure 

3.2E-F). We further investigated what genes were expressed in OPC-M1 and to what pathways 

they may contribute.  OPCs primarily differentiate into oligodendrocytes, but there is also evidence 

that they can become neurons or astrocytes under certain conditions58–61. OPCs are involved in 

biological processes including myelination62 as well as synaptic remodeling and pruning63–65. 

Based on gene ontology (GO) analysis, genes in OPC-M1 were most highly associated with cGMP 

and cAMP binding (Figure 3.2G). cGMP and cAMP are both well-known small molecule second 

messengers for a variety of signal transduction pathways and have both been shown to modulate 

synaptic plasticity66–68. Additionally, it has previously been suggested that cAMP and cGMP alter 

metabolism of amyloid-β or stimulate its production69–71, which is especially relevant given 

amyloid-β’s abundance in the 5xFAD mouse brain. 
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Overall, the best module quality and conservation was observed in glutamatergic neurons, 

where we observed 2 modules, GluT-M1 and GluT-M3, that were both highly preserved and of 

high quality (Figure S3.5I). DME analysis indicated that only GluT-M1 was significantly 

differentially expressed – upregulated – in both 5xFAD mice at both time points and postmortem 

human AD brains relative to their respective controls (Figure 3.2H-I, Figure S3.5J-K). 

Differences were not significant in MCI. GO analysis of this gene module highlighted biological 

processes including voltage-gated calcium channel activity (Figure 3.2J), G protein-coupled 

receptors (GPCRs; Figure 3.2K), and actin filament network formation (Figure 3.2L), all 

processes that are important in synaptic regulation72–74. Interestingly, though the GABA-M3 

module noted previously was not significantly differentially expressed, GO analysis of GABA-

M3 also yielded terms associated with calcium transport and glutamate receptors (Figure S3.5L), 

indicating a common set of neuronal changes relating to cellular excitability. Together, these 

results suggest that gene expression patterns related to neuron-specific signaling processes, 

including synaptic modulation by OPCs, intrinsic cellular excitability, and glutamatergic signaling 

are better preserved between 5xFAD mice and human AD brains than modules specific to glial 

cells, and that these neuronal processes may play a central role in disease pathophysiology.  

Changes in inter-cellular communication networks during AD development  

While single cell sequencing data enable the study of gene expression and gene module 

regulation within defined cell types, one key limitation is that these results only focus on cell -

intrinsic changes. This provides only a partial picture of disease, as the brain consists of numerous 

cell types that operate in a dynamic fashion during both health and disease, and appropriate inter-

cellular communication is necessary for proper brain function. For example, as glial cells play 

critical roles in synaptic function and remodeling which occur in neurons, focusing only on the 
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transcriptome of glial cells in isolation, and not considering how glial changes impact 

communication with neurons, may mask their true importance in disease. To gain a deeper 

understanding of the evolution of inter-cellular interactions within the ENT, we utilized the 

computational package CellChat75. This method infers changes in cell-cell communication 

networks based on known cellular communication pathways. CellChat determines potentially 

important signaling pathways by identifying in which cell populations known ligands and 

corresponding receptor genes are expressed, including multimeric proteins, as well as other 

proteins that may be involved. Based on expression of these genes, we can infer modes of inter-

cellular communication, which can be visualized as a directed network where nodes are cell types 

and edges are connectivity probabilities. These networks can inform us of likely communication 

pathways between identified cell types, and how the strength of these predicted interactions change 

across conditions and/or disease.  

We first assessed the overall inferred level of incoming and outgoing signaling for each 

cell type, based on snRNA-seq data. In both 2- and 8-month-old control mice, the majority of inter-

cellular signaling – both outgoing and incoming – was predicted to either arise from or be received  

Figure 3.3: Application of CellChat reveals common and species-specific changes in cellular 

communication in mouse and postmortem human brain tissue. 

(A) Predicted outgoing and incoming cellular signaling with CellChat for each cell type in the 
mouse ENT at 2 months of age for control mice (left) and 5xFAD mice (right).  

(B) Predicted outgoing and incoming cellular signaling with CellChat for each cell type in the 

mouse ENT at 8 months of age for control mice (left) and 5xFAD mice (right). 
(C) Predicted outgoing and incoming cellular signaling with CellChat for each cell type in the 

human ENT for patients without cognitive impairment (left) and patients with AD (right).   
(D) CellChat signaling inferred for EPHA in patients (from top to bottom) without cognitive 

impairment, with MCI, and with AD.  

(E) Violin plot of Cldn11 expression at 8 months of age in mice.  
(F) Violin plot of Cldn11 expression in AD patients, and those without cognitive impairment.  

(G) CellChat signaling inferred for EGF in mouse, control, 8 months of age.  
(H) CellChat signaling inferred for EGF from brain tissue donors without cognitive impairment.  

(I) CellChat signaling inferred for BMP in samples from patients without cognitive impairment. 
(J) CellChat signaling inferred for BMP from brain tissue donors with AD.  
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by OPCs or neurons, with microglia and endothelial cells predicted to contribute the least to inter-

cellular signaling (Figure 3.3A-B). Notably, only relatively small differences were detected in 

5xFAD mice relative to controls when comparing data from 2- and 8-month-old animals, primarily 

in astrocytes and oligodendrocytes (Figure 3.3A-B), indicating only subtle changes in inferred 

inter-cellular communication occur over time in 5xFAD mice. In contrast, while we observed 

similar elevations in predicted signaling in astrocytes and oligodendrocytes in human MCI and 
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AD tissue samples, changes in predicted signaling in glutamate and GABA cells was much more 

pronounced, with more outgoing and incoming signaling predicted in each cell type in MCI and 

AD than controls (Figure 3.3C, S3.6A). These data together indicate that 5xFAD mice may exhibit 

similar patterns of signaling changes as in human AD, though to a lesser extent (Figure 3.3A-C, 

S3.6A).  

We next identified molecular signaling pathways that showed similar or different changes 

between 5xFAD mice and human AD samples (Figure S3.6B). Pathways that exhibited the most 

similar disease-related changes across species were Ephrin-A (EPHA), Claudin (CLDN), 

Epidermal Growth Factor (EGF), and Bone morphogenetic protein (BMP). Predicted signaling 

through EPHA pathways was highly conserved between mice and humans across time points, and 

there was a higher level of predicted signaling in the EPHA pathway in 5xFAD mice at both 

timepoints as well as human MCI and AD compared to controls (Figure 3.3D, S3.6B-D). 

Glutamatergic neurons showed the largest increase in predicted EPHA signaling in the disease 

state relative to controls, an effect that was more pronounced in human MCI and AD than 5xFAD 

mice (Figure 3.3D, S3.6B-D). While the EPHA signaling pathway includes the genes Epha1-8 

and Efna1-5, this elevation in inferred signaling was mostly driven by expression changes in Epha4 

and Epha7, which were significantly upregulated in glutamatergic neurons in AD compared to 

controls (EPHA4, logFC = 0.695, adjusted p-value = 0.000557; EPHA7, logFC = 0.386, adjusted 

p-value = 0.00468, Supplementary Table 1). Interestingly, a loss of EphA4 was previously shown 

to improve aspects of social memory76 and synaptic plasticity in the hippocampus77, suggesting 

that an upregulation in EphA4, as observed here in AD-related disease, may impair properties of 

neuronal signaling. Interestingly, other studies have also linked EphA4 to amyloid-β, though the 

nature of this link is not clear and may be bidirectional. For example, while some studies suggested 
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that Epha4 regulates amyloid-β78, others indicated that amyloid-β regulates Epha477. While our 

results do not provide an answer to this discrepancy, they support the observation that as amyloid-

β accumulates, Epha4 expression increases. 

Notably, while glutamatergic neurons showed the largest predicted differences in EPHA 

signaling, the Epha3, Epha4, Epha5, and Epha7 genes were also present in the high-quality and 

highly preserved OPC-M1 discussed previously (Supplementary Table 2, available for download 

after publication). In addition, the two GO terms previously mentioned as highly associated with 

OPC-M1 – cAMP and cGMP signaling – are engaged in the EPHA signaling pathway79, and are 

upregulated, consistent with an elevation in signaling through EPHA. Therefore, an upregulation 

in EPHA signaling may impact multiple cell types and contribute to neuronal dysfunction during 

the development of AD-related disease. 

In the CLDN signaling pathway, only one gene was implicated, Cldn11, which was 

significantly upregulated in both 8-month-old 5xFAD mice and postmortem human AD tissue 

samples (Figure 3.3E-F). We found that the upregulation of Cldn11 in oligodendrocytes is 

opposite of that found in a previous study performed in human postmortem AD samples, where a 

downregulation was observed80. Notably, that study was performed using tissue from the 

precuneus region in the brain rather than the ENT, and therefore, one possibility is that changes 

may be brain region-dependent. Supporting this interpretation, another study using the 

amyloidogenic APP-NL-G-F81 mice found that a gene module containing Cldn11 was either 

upregulated or downregulated depending on the brain region under study82.   

Predicted EGF signaling was also different in both 5xFAD mice and postmortem human 

AD samples relative to controls. Samples from control mice and non-cognitively impaired 

postmortem brain samples exhibited predicted EGF signaling from OPCs to astrocytes (Figure 
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3.3G-H). However, no EGF signaling was predicted in 5xFAD mice at 8 months of age, or tissue 

samples from MCI or AD patients. Notably, there was still predicted EGF signaling in 2-month-

old 5xFAD mice, consistent with these animals representing an early disease stage (Figure S3.6B, 

E). Regarding the potential function of EGF, a previous study showed that EGF treatment 

prevented cognitive impairment in female mice, which is consistent with the hypothesis that a loss 

of EGF signaling contributes to AD83. Therefore, our data suggest that signaling through the EGF 

pathway is reduced in AD, consistent with the protective effect of restoring EGF signaling in 

diseased brains. 

Finally, BMP signaling was also predicted to exhibit similar changes in 5xFAD mice and 

human AD brains (Figure 3.3I-J, Figure S3.6F-G). While no significant BMP signaling was 

predicted in control or 5xFAD mice at 2 months of age, BMP signaling was predicted to occur at 

8 months of age, and slightly more so in controls than 5xFAD mice (Figure S3.6F-G). The 

difference was mostly manifest as a reduction in astrocyte-astrocyte signaling during disease 

progression (Figure S3.6F-G). Similarly, in human postmortem brain samples, BMP signaling 

was predicted to be stronger in controls compared to samples of patients with either MCI or AD 

(Figure 3.3I-J, S3.6B). In this case, changes in astrocyte-astrocyte signaling were still predicted, 

though the most substantial change was predicted to occur in OPCs, in which predicted signaling 

was reduced in AD (Figure 3.3I-J). Genes implicated in these changes include Bmpr2, Bmpr1b, 

Bmpr1a, and Bmp7 (Figure S3.6H). While BMP signaling genes Bmp4 and Bmp6 have previously 

been linked to AD and were shown to be upregulated in other mouse models of AD, expression of 

these two genes was not significantly different in controls vs. disease samples in our mouse data84 

(Supplementary Table 1). In the human data, Bmp7 expression was downregulated in AD 

compared to control samples in astrocytes (logFC = -0.217, adjusted p-value = 8.94E-78, 
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Supplementary Table 1). Notably, Bmp7, in contrast to Bmp4 and Bmp6, has a potentially 

protective effect in AD85. Thus, the reduction in Bmp7 signaling parallels the observed reduction 

of EGF signaling in AD, as both are thought to be forms of neurotropic signaling and protective 

against disease. These results thus point to a potential loss of trophic signaling as a common feature 

of AD pathogenesis in mice and humans. 

In addition to pathways where similar inferences were made between mice and humans, 

we also detected some pathways that had contrasting predicted changes between species. For 

example, PTPRM had higher predicted signaling in brains from AD patients but lower in 5xFAD 

mice, PSAP was higher in AD patients but lower in 5xFAD mice, and PDGF was lower in AD 

patients and higher in 8-month-old 5xFAD mice relative to controls (Figure S3.6B). PTPRM has 

been suggested to play a role synapse formation86, and though it has not been widely studied in 

AD, a previous Genome-Wide Association Study identified two SNPs within the PTPRM gene 

associated with dementia87. As these SNPs would not be present in the 5xFAD model, this may be 

an explanation for the discrepancy between species. In contrast, PSAP, a lysosomal trafficking 

protein88, has been proposed as a potential biomarker for preclinical AD89, and a drug targeting 

PSAP reduced neuronal loss and decreased inflammation in a mouse disease model90. The PDGF 

signaling pathway has also long been linked to AD91, with decreases in PDGF signaling being 

associated with disruption of the blood brain barrier and eventual neurodegeneration92. It is 

possible that these differences across species reflect differences in disease staging, or they may 

reflect larger differences in disease between the rodent 5xFAD model and human AD. 

NeuronChat predicts a conserved increase in glutamatergic transmission in the 5xFAD 

rodent model and human AD 
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Our CellChat analysis provided a set of inter-cellular signaling processes that change 

during disease, data which implicated changes in signaling between both neurons and glia. This 

provides a global picture of how inter-cellular signaling may be disrupted in the ENT during the 

development of AD. One limitation of the CellChat package and database is that it only considers 

classic ligand-receptor interactions between cells where both ligand and receptor are expressed 

proteins. However, most neuron-neuron and some neuron-glia communication occurs via small 

molecule neurotransmitters such as glutamate and GABA. Therefore, this analysis may miss a 

major component of disease-related changes that develop during AD. To explore potential changes 

in neurotransmitter-based communication, we applied the newly developed computational 

package NeuronChat, which utilizes a similar analysis method to CellChat but is adapted for 

neurotransmitter-based communication93. A focus on disease in neurons is warranted, as of the 

five hdWGCNA gene modules found to be both highly preserved and of high quality, three were 

found in neuronal populations, and one other in OPCs which have neuron-like features. This raises 

the possibility that exploring changes in inter-neuronal signaling in 5xFAD mice may have the 

most relevance for the human AD brain. 

We used NeuronChat to compute all the predicted changes in neurotransmitter-based 

communication in cells from mice and human postmortem brain samples (Figure 3.4A-E). 

Changes were observed in 5xFAD mice: at 2 months of age, there was an increase in signaling to 

oligodendrocytes and endothelial cells (Figure S3.6I-J). In 8-month-old 5xFAD mice there was 

an increase in neurotransmitter-based communications, occurring approximately equally in both 

GABAergic and glutamatergic cells (Figure 3.4A-B, E). In human postmortem AD brain samples, 

most changes in signaling were predicted to occur from glutamatergic neurons, with a general 

increase in predicted communication from glutamatergic neurons to both GABA and glutamatergic 
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neurons in the AD brain (Figure 3.4C-D). Several predicted increased interactions were observed 

in both 5xFAD mice at 8 months of age and human AD, including between glutamate and AMPA 

receptors (Glu-Gria1, Glu-Gria2, Glu-Gria4), NMDA receptors (Glu-Grin2b and Glu-Grin1), 

kainate receptors (Glu-Grik2), metabotropic glutamate receptors (Glu-Grm1, Glu-Grm5, Glu-

Grm8), and the neuronal adhesion molecules neurexin and neuroligin (Nrxn3_Nlgn1; Figure 

3.4E). Notably, no changes in GABAergic signaling pathways were predicted. In addition, genes 

mediating interactions – Gria2, Grin1, Grin2b, Grm1, and Grm5w – were also present in the 

preserved hdWGCNA module Glut-M1 (Supplementary Table 2), indicating that expression of 

genes for these receptors varied across cells in a coordinated fashion across species. When 

considering genes implicated in glutamate production rather than receptors, we found that Gls was 

significantly upregulated in glutamatergic neurons in 8-month-old 5xFAD mice and tissue samples 

from human AD brains (logFC = 0.0594, adjusted p-value = 4.79E-05, and logFC = 0.427, adjusted 

p-value = 4.49E-14, Supplementary Table 1). Gls was downregulated in 2-month-old 5xFAD mice 

(logFC = -0.177, adjusted p-value = 7.45E-71, Supplementary Table 1), and not significantly 

altered in MCI. Slc17a7, or vesicular glutamate transporter 1 (vGluT1), was also upregulated in 

glutamatergic neurons from both 8-month-old 5xFAD mice and human AD brain samples (logFC 

= 0.0999, adjusted p-value = 2.95E-10, and logFC = 0.271, adjusted p-value = 0.0464, 

Supplementary Table 1). Similarly to Gls, it was downregulated in 2-month-old 5xFAD mice 

(logFC = -0.0777, adjusted p-value = 5.46E-13, Supplementary Table 1), and not significantly 

differentially expressed in MCI. 

Related to increased glutamatergic signaling in AD, there is a long-held hypothesis in AD 

that excitotoxicity mediated by excessive glutamatergic signaling is a key contributor to disease 

pathogenesis94–96. Our combined observations that 1) most predicted changes in neurotransmitter-
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based interactions occurred via glutamatergic signaling, 2) glutamatergic neurons had two gene 

expression modules that were both high quality and highly preserved, more than any other cell 

type, 3) the EPHA signaling pathway is predicted to strongly impact glutamatergic neurons all 

support this hypothesis. As many of the genes relevant to glutamatergic signaling (Gria2, Grin1, 

Grin2b, Grm1, and Grm5) were part of Glut-M1 as identified by hdWGCNA, we were curious 

what other genes may also be in this module. As expected from the GO analysis shown in Figure 

3.2J-L, many ion channel genes were found that contribute to intrinsic neuronal excitability, 

including sodium ion channel genes Scn1a, Scn2a, Scn3a, Scn3b, Scn8a, and calcium ion channel 

genes Cacna1e, Cacna1b, Cacna1c, Cacna2d1, and Cacng3 (Supplementary Table 2). Of these 

genes, Cacna1b and Cacna1c were significantly upregulated in human AD, and Cacna1c was 

significantly upregulated in 5xFAD at 8 months of age (Supplementary Table 1), positioning this 

gene to play a conserved and potentially key role in AD. Upregulation of these genes would likely 

lead to an elevation in intrinsic neuronal excitability, though it is not clear if these changes may be 

drivers of pathogenesis, or compensatory responses to disease development. Cacna1c has 

previously been linked to bipolar disorder and depression97, and more recently to AD using 

exploratory bioinformatic analyses98. In mice, an increase in Cacna1c expression has been 

negatively correlated with object recognition memory99. Interestingly, its expression in reactive 

astrocytes has also been associated with plaque formation, providing a potential mechanistic role 

for Cacna1c in AD pathogenesis100. 

We next looked more closely at one particular pathway, the glutamate to metabotropic 

glutamate receptor 1 (Glu-Grm1, a Gq-coupled GPCR that activates phospholipase C), because 1) 

Glu-Grm1 was within the highly conserved and high-quality Glut-M1 module, 2) it was identified 

as differentially regulated in NeuronChat analyses, and 3) it was upregulated in glutamatergic 
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neurons in 5xFAD mice at 8 months of age (logFC = 0.161, adjusted p-value = 4.49E-14, 

Supplementary Table 1). Unsurprisingly, in both 8-month-old 5xFAD mice and human 

postmortem brain samples from patients with MCI or AD, glutamatergic neurons were the 

predicted sender of this Glu-Grm1 interaction in all cases (Figure 3.4F-H). To define which 

neuron types may be involved in the predicted Glu-Grm1 interaction, we examined communication 

in specific annotated neuronal cell clusters of 8-month-old 5xFAD mice (Figure 3.4I). Every 

excitatory cluster (subtypes 1-12) exhibited at least some predicted outbound communication via 

Glu-Grm1, as expected, and inbound glutamate was also widespread, except for in subtype 10 in 

both 5xFAD and control mice. Interestingly, for GABAergic interneurons, inbound Glu-Grm1 

interactions were only predicted onto some subtypes; for example, GABAergic subclusters 

inhibitory 3, characterized by Lamp5 expression (Figure S3.3B-C), and inhibitory 4, characterized 

by Pvalb expression (Figure S3.3B-C), did not have any significant predicted Grm1-Glu 

communication (Figure 3.4I), which reflects low expression of Grm1 in these subclusters. These  

Figure 3.4: NeuronChat analysis of mouse and human data detail an elevation of 

glutamatergic signaling during AD progression. 
(A) Signaling inferred for all NeuronChat pathways detected in 8-month-old control mice, 

aggregated together by signaling strength.  

(B) Differences in signaling inferred for all NeuronChat pathways aggregated together by 
signaling strength in 5xFAD versus control mice at 8 months of age. An increase in signaling in 

5xFAD vs control is indicated in green, and a decrease in signaling in red. 
(C) Signaling inferred for all NeuronChat pathways detected in non-cognitively impaired patient 

data, aggregated together by signaling strength. 

(D) Differences in signaling inferred for all NeuronChat pathways aggregated together by 
signaling strength in AD versus non-cognitively impaired patients. An increase in signaling in AD 

vs control is indicated in green, and a decrease in signaling in red. 
(E) Comparison of predicted signaling for all NeuronChat pathways in 5xFAD versus control mice 

at 2 and 8 months of age (left), and in patients with MCI or AD versus patients without cognitive 

impairment (right) 
(F) Signaling inferred via Grm1 in AD patients between different cell types.  

(G) Signaling inferred for Grm1 in MCI patients.  
(H) Signaling inferred for Grm1 in 8-month-old 5xFAD mice.  
(I) Same data as (H), broken down by individual neuronal subtypes. 
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results suggest that elevations in glutamatergic signaling may differentially impact select subtypes 

of glutamatergic and GABAergic inhibitory neurons in the ENT. 



 

110 

 

In addition to glutamatergic signaling, we also found differences in predicted interactions 

via neuronal cell adhesion molecules. For example, we observed in NeuronChat analyses a 

predicted increase in communication via Neurexin-3 and Neuroligin-1 in human MCI and AD, 

though this was not seen in mice (Nrxn3-Nlgn1, Figure 3.4E). Similar to what we found in data 

from human postmortem brain samples, expression of Nlgn1 was significantly upregulated in 

glutamatergic neurons in 5xFAD mice at 8 months of age (log2FC = 0.163, adjusted p-value = 

7.66E-16, Supplementary Table 1), and Nrxn3 was upregulated in astrocytes, though this was not 

statistically significant (log2FC = 0.148, adjusted p-value = 0.357, Supplementary Table 1). 

Neuroligins are post-synaptic cell-adhesion molecules on excitatory synapses101, and expression 

of Nlgn1 has previously been shown to induce increases in glutamatergic synapse density and 

activity102. We also observed an increase in the expression of neuroligin-related binding proteins 

in the GO term from GluT M1 (Figure 3.2J). Thus, the observed upregulation of Nlgn1 is 

consistent with an elevation in excitatory synaptic communication, which would be expected to 

contribute to excitotoxicity. Nrxn3 is a pre-synaptic protein which can bind to neuroligins, among 

other proteins, and has been found to be downregulated in postmortem brain samples from AD 

patients, though these samples were from the hippocampus103. Indeed, the function of Nrxn3 is 

likely brain region-dependent104. Taken together, our results indicate that increased glutamatergic 

signaling in AD occurs via changes in multiple cell types including glutamatergic neurons but also 

GABAergic neurons, OPCs, and astrocytes, consistent with a system-wide disease state.  

Disease-associated epigenetic regulation reflects an elevation in glutamatergic 

communication 

The observed systems-wide remodeling of communication between both neurons and glia 

in the brain are likely dependent on epigenetic modifications that occur during disease. In our 
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rodent sequencing experiments, we performed a multiomic assessment (combined snRNA-seq and 

snATAC-seq) which enables us to link chromatin accessibility to gene expression across all cell 

types.  

To assess the relationship between chromatin accessibility and gene expression, we utilized 

DIRECT-NET, which identifies both cis-regulatory and trans-regulatory elements within cellular 

DNA. Cis-regulatory elements are detected using a machine learning method that links peaks 

within the snATAC-seq data to gene expression values reflected in the snRNA-seq data, whereas 

trans-regulatory elements are detected by matching sequences within peaks to known transcription 

factors. DIRECT-NET was run on data from 5xFAD and control mice from 2-month-old and 8-

month-old groups, run separately. This was done so that if links between peaks to specific genes 

were only found in one genotype or age, we could isolate in which conditions these links were 

identified. We focused our initial analyses on genes identified in our NeuronChat analyses. Results 

showed some links specific to 5xFAD, some specific to control mice, and some present in both 

genotypes (Figure 3.5A-C). We found that genes encoding glutamate receptors such as Gria4 and 

Grin2b had many high confidence (HC) links to peaks in the ATAC-seq data, but none in coding 

regions of the genome outside of the gene of interest itself (Figure 3.5A-B). In contrast, Gria4 had 

2 HC links outside of the Gria4 gene locus, which may indicate that these regions are important 

in the expression of Gria4, though they were not specific to either WT or 5xFAD mice, so we did 

not pursue these regions further. Grin2b had more links to loci external to coding regions with 

some being specific to 5xFAD or control mice. 

Of particular interest was Grm1, as in mice at 8 months of age, Grm1 was upregulated in 

5xFAD mice relative to controls (logFC = 0.161, adjusted p-value = 4.49E-14, Supplementary 

Table 1) and had multiple linked peaks specific to each genotype. In addition to non-coding loci, 
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the expression of this gene was linked to expression of multiple other genes. For example, we 

observed a link specific in 5xFAD mice from Grm1 to the transcription start site of the gene Shprh 

(Figure 3.5C). To our knowledge, Shprh has not previously been linked to AD, though it is known 

to be highly expressed in the human brain and a potential tumor suppressor gene105. There was 

also a link to the transcription start site of the E3 ubiquitin ligase Fbxo30, which was specific to 

control mice and not observed in 5xFAD mice. Interestingly, Fbxo30 has previously been 

implicated in the positive regulation of BMP signaling106, which we noted in our CellChat analyses 

in Figure 3.3 and S3.6. While Glu-Grm1 interactions identified by NeuronChat were limited to 

glutamatergic neurons and certain GABAergic neurons, changes in BMP signaling were predicted 

to occur between astrocytes and other cell types (e.g., Figure 3.3I-J, S3.6F-G). This finding 

linking Grm1 expression to genes that control BMP signaling suggests that this may be another 

route, albeit indirect, by which neurons and glial cells may interact.   

We next proceeded to expand our multiomic assessment to any gene that was both  

Figure 3.5: Multi-omics approach reveals links between glutamatergic signaling via Grm1 

and trophic signaling via BMPs.  

(A-C) Coverage plots of mouse ATAC-seq data with peaks highlighted according to what 

genotype linkages were detected in using DIRECT-NET. Blue indicates linkage to the gene of 

interest in control mice only. Red indicates linkage to the gene of interest in 5xFAD mice only. 
Purple indicates linkage to the gene of interest in both genotypes.  

(A) Coverage plot of Gria4 and the surrounding genome area with links to the Gria4 TSS. A violin 
plot of Gria4 RNA expression is shown to the right.   

(B) Coverage plot of Grin2b and surrounding genome area with links to the Grin2b TSS.  

(C) Coverage plot of Grm1 and surrounding genome area with links to the Grm1 TSS.  
(D) GRN resulting from DIRECT-NET analysis of genes upregulated in 5xFAD mice at 2 months 

of age.  
(E-G) GO analysis of genes in the GRN obtained in Figure 3.5D for biological processes (E), 

cellular component (F), and molecular function (G).  

(H) GRN resulting from DIRECT-NET analysis of genes upregulated in 5xFAD mice at 8 months 
of age.  

(I-K) GO analysis of genes in the GRN obtained in Figure 3.5H for biological processes (I), cellular 
component (J), and molecular function (K). 
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upregulated in 5xFAD mice according to our snRNA-seq data, and any loci differentially 

accessible according to our snATAC-seq data. In 2-month-old mice, DIRECT-NET analyses 

resulted in a small gene regulatory network (GRN) which included transcription factors Zfp219 

and Bmf (Figure 3.5D). This network’s small size was largely because at 2 months of age, very 

few loci were significantly differentially accessible between control and 5xFAD mice, which is 

expected given the early time point in disease progression. To characterize genes within the 

network we performed a GO analysis and found, unsurprisingly given the role of Zfp219 as a 

transcription factor, that genes in the network were highly associated with transcription and DNA 

binding (Figure 3.5E-G).  

Results from this same analysis method but at 8 months of age yielded a much larger GRN 

(Figure 3.5H), consistent with the later disease stage, resulting in larger and more substantial 

changes in chromatin accessibility and gene expression regulation. Overall, this GRN contained 4 

transcription factors and 89 genes. GO analysis on this set of genes showed not only association 

with regulation of transcription and DNA binding, as expected, but also association with ion 

channel activity (Figure 3.5I-K). Specifically, voltage-gated sodium channel activity and sodium 

channel activity were among the top 3 terms relating to molecular function (Figure 3.5K), another 

indication that regulation of ion channels may be a principal feature of disease, both at the gene 

expression and chromatin regulation levels. Notably, one of these transcription factors within the 

network, Sox11, has previously been implicated in controlling intrinsic neuronal excitability, with 

its expression being activity-regulated107, raising the possibility that this gene may play an 

important role in regulating the elevation of intrinsic neuronal excitability that occurs in AD. 
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3.4 Discussion 

Here, we show that while inferred signaling changes during AD are widespread between 

different cell types in the ENT in both 5xFAD mice and human AD, changes in glutamatergic 

signaling are the most prominent and shared feature of disease in mice and postmortem human 

samples. This conclusion is supported by several lines of evidence. First, two of the five total gene 

expression modules identified using hdWGCNA that were both highly conserved and high-quality 

were found in glutamatergic neurons, while a third was found in GABAergic neurons, and a fourth 

in OPCs, which all have processes related to neuronal excitability and/or neuronal synapses 

(Figure 3.2, S3.5). In addition, we found using CellChat that the major signaling changes occurred 

in, glutamatergic cells, GABAergic cells, and OPCs both early and late in disease (Figure 3.3). 

Changes in predicted EPHA signaling in AD mostly occurred in glutamatergic neurons (Figure 

3.3D), but multiple genes associated with EPHA signaling were also observed in the OPC gene 

expression module M1, which also contained the GO terms cAMP- and cGMP-binding, which is 

critical for EPHA signaling (Figure 3.2G, Supplementary Table 2). Lastly, our analysis focusing 

on neuron-specific modes of communication using NeuronChat indicated an elevation in 

glutamatergic signaling as the main feature of AD pathogenesis in both mice and humans, 

including the up-regulation of Slc17a7, Gls, and Grm1 (Figure 3.4, Supplementary Table 1). 

Regulation of Grm1 was linked to Fbxo30, which in turn regulates BMP signaling. As both Grm1 

and BMP signaling processes are reduced in AD, this may be a mechanism by which changes in 

glutamatergic signaling coordinate with other cell populations to trigger wider modifications in 

signaling between cell types.  

CellChat and NeuronChat implicate tissue-wide changes in cellular communication during 

AD 
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The advent of single cell RNA sequencing technologies has enabled an unprecedented 

definition of the molecular changes that occur in a variety of disease processes, including in AD. 

Indeed, there has been a substantial increase in the number of recent publications detailing the 

molecular changes that occur during AD in a variety of rodent models and human postmortem 

tissue samples, at multiple time points and in multiple brain regions5,6,8,26,108–112. However, one 

core limitation of these technologies is that they only explore cell-autonomous changes that occur 

during disease, and do not consider interactions between cells. Thus, traditional sequencing 

analyses provide only a partial picture of the disease, making it difficult to explore tissue- and 

systems-level questions. A previous study utilized CellChat to explore the changes in cellular 

communication that occur between non-neuronal cells113; however, how this relates to neuron-

neuron and neuron-glia interactions is only just starting to be characterized in humans114, and 

cross-species comparisons are yet to explored. Here we define the gene expression changes in 

putative receptor-ligand interactions that are conserved between mouse and humans, and focus on 

neuron-specific changes in communication, identifying changes in glutamatergic signaling across 

multiple cell types and signaling pathways. For example, the major cell types that are predicted to 

engage in inter-cellular signaling are glutamatergic neurons, GABAergic neurons, and OPCs 

(Figure 3.3A-C). Given that these cells together contain 4 of the 5 gene expression modules that 

are well-preserved and high-quality between mouse and human, these findings further support the 

need to understand how changes in communication between these cells contribute to disease 

progression. In the future, our findings will be further enhanced by the application of spatial 

transcriptomic technologies, which will allow us to add a spatial dimension to the changes in 

cellular communication that we observed here. We have recently developed several computational 

packages designed to integrate snRNA-seq and spatial transcriptomic datasets, including 
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COMMOT115, which should further allow us to link changes in gene expression to spatial patterns 

of cellular communication, as well as pathology in situ including amyloid plaques and tau tangles. 

One of the common changes between the 5xFAD model and postmortem human AD brains 

was decreased BMP signaling. This was seen early in the 5xFAD mouse model at 2 months of age 

and continued through 8 months. In data from human postmortem samples, expression was 

reduced in both MCI and AD. Bmp7, which has not been the focus of many previous studies in the 

context of AD116, stood out as being both highly expressed and significantly differentially 

expressed across conditions, particularly in astrocytes and OPCs (Figure S3.6H, Supplementary 

table 1). BMP signaling has many previously established functions, including neurogenesis and 

astrogliogenesis116, and Bmp6 has even been shown to localize to amyloid-b plaques in the 

hippocampus (Bmp7 was not tested)117. Bmp7 specifically has been suggested to be 

neuroprotective, but of particular interest to us, it has been shown to reduce the negative effect of 

excess glutamate118. The fact that it is downregulated early in 5xFAD mice and in human AD 

suggests a reduced ability to respond to increased glutamate load, even before disease is severe.  

Further cementing the importance of excitotoxicity were our findings regarding the EGF 

signaling pathway, which was predicted to decrease in 5xFAD samples at 8 months of age 

compared to controls, and in MCI and AD samples compared to controls. While EGF signaling 

has a multitude of functions, it, like Bmp7, has also been suggested to be neuroprotective, 

specifically against excess glutamate119. Most prominently, findings from NeuronChat indicated 

that increased glutamatergic signaling was a shared feature between 5xFAD and postmortem AD 

human tissue samples. While the glutamate receptor Grm1 was significantly upregulated in 5xFAD 

mice, this was not the case in AD (Supplementary table 1), despite the NeuronChat results 

predicting increased signaling via Grm1. These observations suggest that perhaps in AD, 
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elevations in the production of glutamate, rather than its receptors, may be driving increased 

signaling. In addition, we found that the major changes in epigenetic regulation that occur in the 

5xFAD model are related to cellular excitability and regulation of synaptic inputs. Indeed, genes 

that were identified as being part of the disrupted gene regulatory network in 5xFAD mice at 8 

months of age largely related to sodium channels, which are a key contributor to excitotoxicity.  

Neuronal excitability and excitotoxicity as the key conserved features of AD in mice and men 

We were surprised to find that no gene expression modules in microglia or astrocytes were 

both well-preserved and high quality between 5xFAD mice and human AD, but that at least one 

gene expression module from each of the other cell types analyzed with hdWGCNA were 

significantly different (Figure S3.4A-C, S3.5A, F, I). This means that the coordinated gene 

expression changes that occur in microglia and astrocytes during disease development in 5xFAD 

mice are distinct from those that occur in human AD. If this is the case, it means that processes 

occurring in 5xFAD mice may not translate well to those occurring in humans. However, before 

making broad conclusions, several limitations to our study should be considered. First, our study 

only includes samples from the mouse and human ENT; thus, it is not clear if our findings may 

extend to other brain regions. Second, we only examined two time points in the mouse, at 2 and 8 

months of age, and only females. It is possible that if we examined more time points, different 

time points, or both males and females, that we may observe better conservation in some of these 

groups. Third, levels of gene expression detected using snRNA-seq may not directly translate to 

protein levels, and the relationship between RNA and protein may be cell type-dependent.  

Despite these limitations, at face value, our results suggest that the set of features of human 

AD that are best modeled in the 5xFAD model may be changes in neuronal signaling processes 

and intrinsic excitability, rather than glial cell processes. It is perhaps not surprising that only 
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certain features of human disease are well-modeled in rodents. For example, AD is a complex 

disease that includes, among other features, progressive aggregation of amyloid and 

hyperphosphorylated tau. However, most mouse models of AD pathogenesis only model one core 

feature of AD, for example amyloidogenesis in the 5xFAD mice. Therefore, molecular and cellular 

responses related to amyloid plaque aggregation and clearance in human AD may be well-

recapitulated in the 5xFAD mouse, whereas molecular and cellular responses related to tau may 

not be. This, however, also raises the more general problem of how useful rodent models of AD 

are in studying human AD. No rodent model will perfectly capture all the dimensions of human 

AD, but perhaps we only need them to recapitulate the essential features of AD for the models to 

be sufficiently useful for therapeutic development. Indeed, the excitotoxicity hypothesis of AD has 

existed for many decades, though it has somewhat fallen out of favor, replaced in large part by the 

amyloid hypothesis, as well as involvement of other processes, such as the immune system120,121. 

It is possible that all of these are correct and interrelated; perhaps amyloid deposition triggers 

engagement of glia and inflammatory processes, which then effect changes in neuronal signaling 

that then drive excitotoxicity. If this is true, it is even more critically important to understand how 

changes in inter-cellular communication between glia and neurons may contribute to disease 

development and severity. Furthermore, it is important to leverage the strengths of the mouse lines 

that are used, and acknowledge their limitations, so that we can best focus on pathways and features 

of disease that are conserved between the mouse and human to maximize the translatability of our 

findings.  



 

120 

 

3.5 Supplementary figures 

 
Figure S3.1: Additional quality control metrics for sequencing data. 

(A) Violin plots of QC metrics for snRNA-seq data after filtering out low-quality cells. Data from 

5xFAD and control mice at 2 months of age are plotted. Metrics included from left to right are 

nFeature RNA (number of genes detected), nCount RNA (number of molecules detected), and 
percent mitochondria (percent mitochondrial genes).  

(B) Violin plots of QC metrics for snRNA-seq data after filtering out low-quality cells. Data from 
5xFAD and control mice at 8 months of age are plotted. 

(C) Bar plots showing cell type proportions for 5xFAD and control mice in the sequencing data.  

(D) UMAP visualization of mouse sequencing data, split by age.  
(E) UMAP visualization of mouse sequencing data, split by genotype.  
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Figure S3.2: Quality control metrics for snATAC-seq data, and example gene accessibility 

plots for various cell types in mouse ENT. 

(A) Violin plots of QC metrics for snATAC-seq data after filtering out undesirable cells. ATAC 
QC metrics shown for 5xFAD and control mice at 2 (left) and 8 (right) months of age. From left 

to right are percent reads in peaks, ATAC peak region fragments, transcription start site 

enrichment, fraction of reads in blacklist regions, and nucleosome signal.  
(B) Coverage plot for Slc17a6, a marker gene for glutamatergic neurons.  

(C) Gad2, a marker gene for GABAergic neurons.  
(D) Gad1, a marker gene for GABAergic neurons.  

(E) Slc1a2, a marker gene for astrocytes.  

(F) Gja1, a marker gene for astrocytes.  
(G) Aqp4, a marker gene for astrocytes.  

(H) Ctss, a marker gene for microglia.  
(I) Csf1r, a marker gene for microglia.  

(J) Cspg4, a marker gene for OPCs.  

(K) Tnr, a marker gene for OPCs.  
(L) Pdgfra, a marker gene for OPCs.  

(M) Mbp, a marker gene for oligodendrocytes.  
(N) Il33, a marker gene for oligodendrocytes.  

(O) Bsg, a marker gene for endothelial cells.  

(P) Flt1, a marker gene for endothelial cells. 
(Q) Vwf, a marker gene for endothelial cells.
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Figure S3.3: Sub-clustering and further annotation of neurons in 5xFAD and control mouse 

data. 

(A) UMAP visualization of mouse sequencing data with subclusters for different types of 

GABAergic, or inhibitory (In), neurons and glutamatergic, or excitatory (Ex), neurons.  

(B) UMAP visualization of mouse sequencing data annotated based on label transfer from data 
from the Allen Brain Atlas, including specific neuron types.  

(C) Dot plot showing gene expression differences and expression of known marker genes in the 
subclustered neuronal data as labeled in Figure S3.3A.  
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Figure S3.4: hdWGCNA results for microglia, astrocytes, and oligodendrocytes. 

(A) zSummary metrics indicating module quality and preservation across species for modules 

found within the microglia cluster using hdWGCNA.  
(B) zSummary metrics indicating module quality and preservation across species for modules 

found within the astrocyte cluster using hdWGCNA.  

(C) zSummary metrics indicating module quality and preservation across species for modules 
found within the oligodendrocyte cluster using hdWGCNA.  

(D) DME analysis of oligodendrocyte modules in 2-month-old 5xFAD mice. All modules were 
upregulated in 5xFAD mice at 2 months of age.  

(E) DME analysis of oligodendrocyte modules in 8-month-old 5xFAD mice. No modules were 

significantly different between genotypes at 8 months of age.  
(F) DME analysis of oligodendrocyte modules in patients with MCI versus those without cognitive 

impairment. 
(G) DME analysis of oligodendrocyte modules in patients with AD versus those without cognitive 

impairment. 
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Figure S3.5: Additional hdWGCNA results for GABAergic neurons, OPCs, and 

glutamatergic neurons. 
(A) zSummary metrics indicating module quality and preservation across species for modules 

found within the GABAergic neuron cluster using hdWGCNA.  

(B) DME analysis of GABAergic neuron modules in 2-month-old 5xFAD mice.  
(C) DME analysis of GABAergic neuron modules in 8-month-old 5xFAD mice.  

(D) DME analysis of GABAergic neuron modules in MCI.  
(E) DME analysis of GABAergic neuron modules in AD.  

(F) zSummary metrics indicating module quality and preservation across species for modules 

found within the OPC cluster using hdWGCNA.  
(G) DME analysis of OPC modules in 2-month-old 5xFAD mice.  

(H) DME analysis of OPC modules in MCI.  
(I) zSummary metrics indicating module quality and preservation across species for modules found 

within the glutamatergic neuron cluster using hdWGCNA.  

(J) DME analysis of glutamatergic neuron modules in 2-month-old 5xFAD mice.  
(K) DME analysis of glutamatergic neuron modules in MCI.  

(L) GO analysis of genes in the GABA-M3 hdWGCNA module using the molecular function 
database.  
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Figure S3.6: Additional CellChat and NeuronChat results. 

(A) Predicted outgoing and incoming cellular signaling with CellChat for each cell type in the 

ENT of individuals without cognitive impairment (left) and predicted outgoing and incoming 
cellular signaling with CellChat for each cell type in the ENT of samples from donors with MCI.  

(B) Comparison of predicted signaling for all CellChat pathways in 5xFAD versus control mice at 

2 and 8 months of age (left), and in individuals with MCI or AD versus those without cognitive 
impairment (right).  

(C) CellChat signaling inferred for EPHA in control mice at 8 months of age.  
(D) Differences in CellChat signaling inferred for EPHA in 5xFAD versus control mice at 8 

months of age. An increase in signaling in 5xFAD vs control is indicated in green, and a decrease 

in signaling in red. 
(E) CellChat signaling inferred for EGF in 5xFAD mice at 2 months of age.  

(F) CellChat signaling inferred for BMP in control mice at 8 months of age.  
(G) Differences in CellChat signaling inferred for BMP in 5xFAD versus control mice at 8 months 

of age. Decreases in signaling are indicated in red. 

(H) Violin plots showing expression of genes within the BMP signaling pathway in postmortem 
human tissue samples from patients with AD and those without cognitive impairment. Included 

genes are BMP ligands, BMP receptors, and Activin receptors. 
(I) NeuronChat signaling inferred for all signaling pathways aggregated in control mice at 2 

months of age.  

(J) Differences in NeuronChat signaling inferred for all signaling pathways in 5xFAD versus 
control mice at 2 months of age. An increase in signaling in 5xFAD vs control is indicated in green 

and a decrease in signaling in red.  
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CHAPTER 4: A comparative analysis of the retrosplenial cortex and the 

entorhinal cortex in AD and in 5xFAD mice 

This chapter of the dissertation builds upon the previous two: it includes insights into 

cellular excitability from RABV tracing, characterized in chapter 2, and extends the work done in 

chapter 3, which focused solely on the ENT. Here, we identify the retrosplenial cortex (RSC) as a 

region of interest due to its significantly higher connectivity to the ENT in 5xFAD compared to 

control mice. We observe an increase in cellular activity in this brain region and proceed to 

compare and contrast the ENT and RSC via multi-omic analysis of snRNA and snATAC 

sequencing data from these regions in mice at multiple time points that reflect different stages of 

disease, from pre-clinical to cognitively impaired. We were also able to obtain postmortem tissue 

from these brain regions from patients with and without AD and MCI. We observe similar trends 

in gene expression 

Dr. Desiree Macchia, Dr. Lingxuan Chen, and Dr. Guilian Tian performed sequencing, 

fiber photometry, viral tracing, and other experiments, and Pieter Derdeyn assisted in processing 

and analysis of non-sequencing-based data. Dr. Kevin T. Beier designed the study and assisted in 

data interpretation, and I performed computational analysis of sequencing data, assembled figures, 

and wrote this chapter.  

4.1 Introduction 

 In AD research, the RSC has not been a common area of study compared to brain regions 

such as the hippocampus and the ENT, which have widely acknowledged roles in early stages of 

disease. The RSC is known to play a role in both memory and spatial navigation, and has notable 

connections to the hippocampus and the anterior thalamic nuclei, as assessed by axonal tracing 

studies1. In recent years there has been growing interest in the brain region, with multiple studies 
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implicating the RSC in age-related cognitive decline, including in memory formation and recall, 

as reviewed by Trask and Fournier2. Other research has linked the RSC to behaviors or biomarkers 

associated with AD in studies of mouse models and patients. In a mouse model of AD, β bursting 

activity in the RSC was found to be disrupted compared to controls, which the authors suggest 

could explain memory impairment in these mice3. In patients, tau accumulation in the medial 

parietal lobe was linked to both connectivity between the RSC and the hippocampus and assessed 

episodic memory4. 

 In this work, we utilized RABV-based tracing5 in the 5xFAD mouse model6 to determine 

what inputs to the ENT, a brain region discussed and analyzed in chapters 1 and chapter 3 of this 

work, were significantly disrupted in the diseased mice compared to controls at three time points: 

2, 4, and 8 months of age. While there has been some previous work investigating neuronal tracing 

in AD mouse models, these have largely focused on inputs to the hippocampus7–10. Here, 

significant input differences from the RSC to the ENT were observed in 5xFAD mice at early time 

points, which prompted further investigation of neurons in this brain region. In this work we 

perform analysis of not only data obtained from the RSC and ENT of 5xFAD and control mice 

over time, but also from postmortem tissue samples from patients with MCI or AD. This analysis 

across brain regions, time (mice) or diagnosis (human), and species showed trends in gene 

expression and cellular communication that suggest the RSC undergoes molecular changes early 

in disease relative to the ENT, and that these changes are impacting neuronal communication. 

4.2 Methods 

RABV-tracing experiments 

 RABV-tracing was performed in 5xFAD and control, C57BL/6, mice, similarly to tracing 

experiments done in chapter 2. Instead of injecting into the VTA, injections were done into the 
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ENT to assess differential inputs to this brain region. Rather than treating mice with various drugs 

to assess changes in connectivity after drug exposure, as done in chapter 2, we utilized two 

different genotypes to assess differences in inputs to the ENT as disease progressed: C57/BL6 

background as controls, and 5xFAD mice as a model of AD. Otherwise, injections and surgery 

procedures were similar to those described in chapter 2 (see section 2.2 for details). The iDisco 

protocol11 was used to clear and stain brains after dissection. Imaging was done on a light-sheet 

microscope, and resulting images were analyzed to quantify RABV-infected cells in input regions 

throughout the brain. Results were plotted via bar plots displayed in Figure 4.1. 

Fiber photometry acquisition and processing 

 Cellular activity was assessed via calcium imaging done using fiber photometry. Fiber 

photometry experiments were performed as previously described12, but with injections and optical 

fiber implantation instead being performed in our regions of interest: either the ENT or the RSC. 

Briefly, AAV-hSyn-FLExloxP-GCaMP6f was injected into either the RSC or ENT of Rbp4-Cre 

mice to restrict expression to layer 5 neurons. Implants were placed ~0.1 mm above the site of 

viral injection (within the ENT or RSC) and were secured with metal screws, Metabond, and 

Geristore dental epoxy. Mice were allowed to recover for approximately 2 weeks before 

experiments began. Mice were then recorded in the open field for 30 minutes per session at 2, 4, 

and 8 months. The same mice were used for each timepoint. Fiber photometry recordings were 

made using previously described equipment13, and an experimental schematic is shown in Figure 

4.2E. 465 nm and 405 nm excitation light were controlled using Synapse software and were used 

to stimulate calcium-dependent and isosbestic emission, respectively. Signaling measurements 

were filtered, processed, and corrected. To assess neural activity, we quantified the time spent 
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above threshold, which was set at 2.91 times the median absolute deviation of each day’s 

recording, a value that equates to the 95% confidence interval for Gaussian data14.  

Sample collection and single-nucleus sequencing, mice 

Multiomic data of the mouse ENT at 2 months and 8 months of age in 5xFAD and control 

mice had already been collected for the work done in chapter 3 of this dissertation (see section 3.2 

for detailed methods). The same methods were utilized to collect complementary data in the mouse 

ENT at 4 months of age for both 5xFAD and controls. We reused the 2- and 8-month data from 

chapter 3 in this chapter’s analyses. The RSC of 5xFAD and control mice at 2, 4, and 8 months of 

age were also dissected and prepared for sequencing in the same way (see section 3.2). On top of 

these multiomic datasets, additional snRNA-seq data was collected from 5xFAD mice and control 

mice at 2 and 4 months of age (both brain regions). These experiments were also done using 10x 

Genomics, following similar protocols, with all samples eventually being sent to UC Irvine’s 

Genomics Research and Technology Hub for further processing and sequencing. 

Sample collection and single-nucleus sequencing, human postmortem samples 

 Postmortem human brain tissue samples were obtained from UC Irvine’s Alzheimer’s 

Disease Research Center (ADRC). Each donor’s age, sex, ethnicity, postmortem interval (PMI), 

apolipoprotein E (APOE) genotype, tangle stage, plaque stage, and diagnosis are reported in the 

table below. 

Table 4.1. Metadata for each sample from donors of postmortem brain tissue. Diagnosis is 

shortened to AD, MCI, or cognitively normal (Norm). 

Sample 

ID 

Brain 

region 

Age Sex Ethnicity PMI APOE Tangle Plaque Diagnosis 

20509r RSC 57 F White 3.17 3/3 6 C AD 

62909r RSC 83 F White 5.25 3/3 4 A Norm 

191806e ENT 46 M Hispanic/ 
American  

Indian 

3 2/3 6 C AD 

251417e ENT 89 F White 5.95 2/3 3 None Norm 
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290615e ENT 58 M White 3.83 3/4 6 C AD 

231216e ENT 83 M White 3.18 3/3 2 None MCI 

81417r RSC 89 F White 5.95 2/3 3 None Norm 

312818e ENT 85 F White 6.03 2/2 2 A MCI 

140615r RSC 58 M White 3.83 3/4 6 C AD 

103915r RSC 93 F White 4.15 3/4 5 A MCI 

31711r RSC 86 F White 6.17 3/3 3 C MCI 

132510r RSC 57 F White 3.17 3/3 6 C AD 

272510e ENT 57 F White 3.17 3/3 6 C AD 

We had collected snRNA-seq from the ENT of a patient with MCI in chapter 3 of this 

dissertation, and here we used the same protocols; briefly, relevant brain tissue was dissected from 

each sample, cells were sorted and prepared for sequencing before being submitted to UC Irvine’s 

Genomics Research and Technology Hub for further processing and sequencing using the Parse 

Biosciences workflow (see section 3.2 for details). 

Single-nucleus sequencing alignment and QC, mice 

All mouse data was aligned to the mouse reference genome using Cell Ranger ARC 

(v2.0.1, 10X Genomics). Following alignment, all data were loaded into Seurat or Signac for 

further processing using R. We filtered out data from mice that we estimated to be doublets or low-

quality nuclei by excluding any cell that did not meet all of the following QC metrics in the 

snRNA-seq portion of the data from downstream analysis: less than 20 percent of reads aligned to 

mitochondrial genes, fewer than 70,000 and more than 200 UMIs, and fewer than 10,000 and more 

than 75 unique genes detected. After filtering, there were a total of 42,666 nuclei from the mouse 

RSC at 2 months of age, 43,771 nuclei from the mouse RSC at 4 months of age, 14,722 nuclei 

from the mouse RSC at 8 months of age, 47,042 nuclei from the mouse ENT at 2 months of age, 

29,716 nuclei from the mouse ENT at 4 months of age, and 18,052 nuclei from the mouse ENT at 

8 months of age. Multiomic data was further filtered before analysis of snATAC-seq data using 

the following QC metrics, where only cells meeting these metrics were included in downstream 
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analysis: more than 10 percent reads in peaks, nucleosome signal score of less than 3, transcription 

start site enrichment of more than 2, less than 5 percent of reads being in a blacklist region, and 

counts in peaks of over 1,000 and under 70,000. Distributions of QC metrics are shown after 

filtering in Figure S4.1. 

Single-nucleus sequencing alignment and QC, human postmortem samples 

Data were aligned to the human reference genome using the Parse software split-pipe 

(v1.0.5.p, Parse Biosciences). Data were then loaded into Seurat for further processing and analysis 

in R. We filtered out data that was likely doublets or damaged cells by excluding any cell that did 

not meet all of the following QC metrics from downstream analysis: less than 10 percent of reads 

aligned to mitochondrial genes, fewer than 30,000 and more than 100 UMIs, and fewer than 10,000 

and more than 100 unique genes detected. The RSC data were then merged into a single object 

and further normalization, dimensionality reduction, and analysis proceeded. The ENT data were 

merged and additional ENT data from previously published datasets were added15,16. Publicly 

available data was the same as used in chapter 3 of this dissertation and was processed and filtered 

using the same metrics (see section 3.2). Following merging with public data and filtering, there 

were a total of 14,165 nuclei from patients diagnosed with AD, 4,638 nuclei from patients 

diagnosed with MCI, and 7,927 from patients that appeared to be without cognitive deficits in the 

ENT dataset. In the RSC dataset, there were 11,552 nuclei from patients diagnosed with AD, 2,851 

nuclei from patients diagnosed with MCI, and 4,298 from patients that appeared to be without 

cognitive deficits. Distributions of QC metrics are shown after filtering in Figure S4.1. 

Annotation of cell types  

Annotation of cell types was performed using a combination of label transfer from cortical 

mouse data downloaded from the Allen Brain Atlas17,18, and manual annotation of cell types based 
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on known marker genes, as detailed in section 3.2. Similar cell types were found across species, 

disease condition or genotype, and brain regions, with GABAergic neurons, glutamatergic 

neurons, OPCs, oligodendrocytes, microglia, astrocytes, and endothelial cells all being 

consistently identified (Figure 4.2, S4.2-S4.3). The exception to this consistency was one small 

population of mural cells that was detected in the mouse RSC and not the mouse ENT or human 

data. We also annotated neuron subtypes in the mouse data as neurons were abundant – in the 

human data, there were less cells overall, so neuron subtypes were not analyzed. There were 5 

inhibitory subclusters in both the mouse RSC and the mouse ENT, with inhibitory subclusters 1 in 

both the RSC and ENT (RSC Inh 1, ENT Inh 1) each expressing the marker gene Sst, RSC Inh 2 

and ENT Inh 2 expressing Pvalb, RSC Inh 3 and ENT Inh 3 expressing Lamp5, RSC Inh 4 and 

ENT Inh 4 expressing Sncg, and RSC Inh 5 and ENT Inh 5 expressing Vip (Figure S4.2-S4.3). 

These inhibitory subclusters had similar patterns of gene expression across brain regions. 

Glutamatergic neuron subclusters on the other hand, had more variable expression across brain 

regions. There were 11 subclusters in each brain region. In the RSC, excitatory cluster 1 (RSC Ex 

1), was inferred to be L5/6 near-projecting (NP) cortex (CTX) cells based on label transfer from 

the Allen Brain Atlas17,18. Following inferences from this label transfer, the rest of the excitatory 

clusters in the RSC were identified as follows: RSC Ex 2 is made up of L5 intratelencephalic (IT) 

CTX cells, RSC Ex 3 is made up of L4/5 IT CTX cells, RSC Ex 4 is made up of L2/3 IT CTX 

cells, RSC Ex 5 is made up of L2/3 IT parasubiculum, postsubiculum, and presubiculum (PPP) 

cells, RSC Ex 6 is made up of L4 retrosplenial and anterior cingulate (RSP-ACA) cells, RSC Ex 

7 is made up of L6 IT CTX cells, RSC Ex 8 is made up of L6 corticothalamic (CT) CTX cells, 

RSC Ex 9 is made up of L6b CTX cells, RSC Ex 10 is made up of L5 pyramidal tract (PT) CTX 

cells, and RSC Ex 11 is made up of dentate gyrus (DG) cells. In the ENT, again based on label 
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transfer, ENT Ex 1 is made up of L5/6 NP CTX cells, ENT Ex 2 is made up of L5/6 IT temporal 

association, perirhinal, and ectorhinal (TPE)-ENT cells, ENT Ex 3 is made up of L2 IT ENT cells, 

ENT Ex 4 is made up of L2/3 IT CTX cells, ENT Ex 5 is made up of L2/3 IT ENT cells, ENT Ex 

6 is made up of L2/3 IT retrohippocampal (RHP) cells, ENT Ex 7 is made up of L6 IT CTX cells, 

ENT Ex 8 is made up of L5 IT CTX cells, ENT Ex 9 is made up of L6 CT cells, ENT Ex 10 is 

made up of L5 PT CTX cells, and ENT Ex 11 is made up of DG cells. While there was some 

alignment between brain regions, excitatory neuron types did not have as much similarity between 

the RSC and the ENT as inhibitory neurons. 

Differential gene expression analysis 

For all available snRNA-seq data, from patients and the mouse model, we performed cell-

type specific comparisons between diagnoses or genotypes using the MAST algorithm19 

implemented in Signac20. In mice this was done at each time point and among neuron subclusters 

as well. Comparisons were done between 5xFAD mice and controls, resulting in 23 comparisons 

at each time point of 2, 4, or 8 months of age. In data from postmortem tissue samples, comparisons 

were made between AD and non-cognitively impaired patients, and between MCI and non-

cognitively impaired patients. There were only 7 comparisons per diagnosis, as neurons were not 

subclustered in the human data to comparatively more limited numbers of nuclei. 

Following differential gene expression with MAST, to compare brain regions to each other 

across diagnosis (in humans) or across time (in mice), linear regression of log fold change values 

was performed. In mice, the linear relationship between log fold change in the RSC (of gene 

expression in 5xFAD mice compared to controls) compared to the log fold change in the ENT (of 

gene expression in 5xFAD mice compared to controls) was calculated for each of the following 

combinations of months: 2 month ENT versus 2 month RSC, 2 month ENT versus 4 month RSC, 
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4 month ENT versus 2 month RSC, 4 month ENT versus 4 month RSC, 4 month ENT versus 8 

month RSC, 8 month ENT versus 4 month RSC, and 8 month ENT versus 8 month ENT. This 

analysis was then followed up with gene ontology (GO) analysis using enrichr21,22 to assess what 

genes were commonly upregulated or commonly downregulated across time. A similar analysis 

was performed with the human data, though by diagnosis rather than time. The linear relationship 

between log fold change in the RSC (of gene expression in AD or MCI patients compared to 

controls) compared to the log fold change in the ENT (of gene expression in AD or MCI patients 

compared to controls) was calculated for each of the following combinations of diagnoses: AD in 

ENT versus AD in RSC, AD in ENT versus MCI in RSC, MCI in ENT versus AD in RSC, and 

MCI in ENT versus MCI in RSC. Results for this analysis are shown in Figure 4.3. 

Cell-cell communication analysis 

CellChat (v1.6.1)23 and NeuronChat (v1.0.0)24 were both used to infer cell-cell 

communication patterns in both mouse and human data based on their corresponding tutorials. 

Similarly to how they were used in chapter 3, CellChat and NeuronChat’s standard workflows 

were run on each brain region, age, genotype or diagnosis individually. For mice, these were: ENT 

of 2-month-old 5xFAD mice, ENT of 2-month-old control mice, ENT of 4-month-old 5xFAD 

mice, ENT of 4-month-old control mice, ENT of 8-month-old 5xFAD mice, ENT of 8-month-old 

control mice, RSC of 2-month-old 5xFAD mice, RSC of 2-month-old control mice, RSC of 4-

month-old 5xFAD mice, RSC of 4-month-old control mice, RSC of 8-month-old 5xFAD mice, 

and RSC of 8-month-old control mice. For humans, these were: ENT in AD, ENT in MCI, ENT 

in cognitively normal patients, RSC in AD, RSC in MCI, and RSC in cognitively normal patients. 

Comparative analyses for each brain region were then performed between 5xFAD and WT mice 
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at 2, 4, and 8 months of age. AD and cognitively normal patient samples, and MCI and cognitively 

normal patient samples were also compared for both RSC and ENT. 

snATAC-seq data processing, mice 

Alignment and initial peak calling were done using Cell Ranger ARC (v2.0.1, 10X 

Genomics). Data was loaded into Signac and all further processing and analysis was done using 

this package or DIRECT-NET25. Later, after cell types were annotated based on snRNA-seq data, 

cell-type specific peak calling was done with MACS2 implemented in Signac, which is based on 

the original MACS algorithm26. The same Signac workflow as used in chapter 3 was applied to 

the new ENT and to the RSC data (see section 3.2). 

snATAC-seq data analysis, mice 

 DIRECT-NET25 was utilized for two purposes: first, to link differentially expressed genes 

to accessible peaks using a machine learning-based method, and second, to infer a gene regulatory 

network based on known transcription factors that bind to regions in the differentially accessible, 

identified peak to gene linkages. Presto27 was utilized to identify differentially expressed genes 

efficiently using a Wilcoxon Rank Sum test in glutamatergic neurons, the cell type of interest. 

Differential peak accessibility was assessed using a logistic regression framework28 implemented 

in Signac. For differential peak accessibility, due to minimal differences in most conditions, a low 

threshold of a log fold change of 0.05 was set. The results in the RSC at 2 months and the ENT at 

4 months resulted in hundreds of differentially accessible peaks each, and thus there were too many 

terms in the resulting network to visualize with this threshold. Thus, for visualization of networks 

in Figure 4.6, peaks with a log fold change accessibility of over 0.15 were used for network 

construction for these two conditions only. The resulting networks were still significantly larger 
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than other networks despite this higher threshold. Visualization, as done in chapter 3, was done in 

Python using the package networkx29 (see section 3.2 for details). 

4.3 Results  

Identification of the RSC through RABV-based retrograde tracing 

 In chapter 2 we explored RABV-based tracing of neuronal connections in various 

conditions and our findings suggested that RABV tracing could be indicative of differences in 

cellular activity. In chapter 3, we performed an analysis of the ENT in AD and in 5xFAD mice, 

which resulted in glutamatergic signaling and related processes being identified as significant 

changes in disease. However, in our multiomic analysis, we did not see major differences early in 

pathogenesis (at 2 months of age in 5xFAD mice). Because of the importance of glutamatergic 

neurons in the ENT, and the lack of identifiable transcriptomic and epigenetic changes in the ENT 

at 2 months of age, we decided to utilize RABV-tracing to identify brain regions that may be 

implicated earlier in disease, thus helping to explain the later changes seen in ENT neurons. 

Injections of the retrograde RABV tracer into the ENT were done in 5xFAD and control mice at 

2, 4, and 8 months of age (Figure 4.1A). Following injection, whole brains were cleared, 

immunostained, and imaged using the iDisco protocol11 and light-sheet microscopy (ZEISS Z.1). 

These images were then used to count rabies-labeled cells per input brain region and plotted in bar 

graphs by genotype and age as shown in Figure 4.1B-D. There were differences in RABV-labeled 

inputs from the subiculum and the RSC, at all time points, but this was only significant at 4 months 

of age (Figure 4.1C). We chose to focus on the RSC due to the location of the subiculum being 

adjacent to the hippocampus and the ENT, both widely studied in the context of AD, and due to 

the lack of knowledge surrounding the RSC in this disease. Further study of the RSC was also 
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warranted based on differences in cellular activity as assessed by calcium imaging via fiber 

photometry experiments (Figure 4.1E-H). Spontaneous activity, as measured by percent of time  

Figure 4.1: RABV-tracing and fiber photometry results in 5xFAD versus control mice. 

(A) Schematic of injections 

(B) Bar plot comparing rabies-labeled inputs to the ENT from 5xFAD (red) and control (black) 
mice at 2 months of age. 

(C) Bar plot comparing rabies-labeled inputs to the ENT from 5xFAD (red) and control (black) 
mice at 4 months of age. Here, a significant difference is detected between 5xFAD and control 

mice in the subiculum and the RSC. 

(D) Bar plot comparing rabies-labeled inputs to the ENT from 5xFAD (red) and control (black) 
mice at 8 months of age. 

(E) Schematic of fiber photometry experimental set up. 
(F) Percent time spent above the threshold for 5xFAD and control mice in the RSC (top) and ENT 

(bottom) at 2 months of age. Here a significant difference is detected between 5xFAD and control 

mice in the RSC and not the ENT. 
(G) Percent time spent above the threshold for 5xFAD and control mice in the RSC (top) and ENT 

(bottom) at 4 months of age. Here a significant difference is detected between 5xFAD and control 
mice in the RSC and not the ENT. 

(H) Percent time spent above the threshold for 5xFAD and control mice in the RSC (top) and ENT 

(bottom) at 8 months of age. Here a significant difference is detected between 5xFAD and control 
mice in the RSC and the ENT. 



 

149 

 

 

 

spent above the threshold, was significantly higher in 5xFAD mice compared to controls as early 

as 2-months of age in the RSC (Figure 4.1F), and this hyperactivity was sustained at 4- (Figure 

4.1G) and 8- months of age (Figure 4.1H). Hyperactivity in the ENT of 5xFAD mice was not 

observed until mice were 8 months old (Figure 4.1F-H). This observation supports the hypothesis 

that RABV tracing results can be indicative of increased neuronal activity from input regions. 

Given that the early changes in the RSC’s hyperactivity seem to reflect later changes in the ENT, 

we next wanted to explore what molecular changes may be underlying these brain-region specific 

neuronal differences. 

Characterization of cell types across brain regions and species 

 To assess differences between the mouse RSC and ENT across pathogenesis, we performed 

snRNA-seq and snATAC-seq at three time points: 2 months, to observe changes before cognitive 

deficits or major plaque accumulation has occurred, 4 months, to observe changes after plaque 

accumulation has been established and cognition has started to be affected, and at 8 months of age, 

when cognitive decline and Aβ plaques are both evident. Cell type annotation was performed based 

on known marker genes and their expression in the snRNA-seq data, as well as label transfer from 

previously published and well-annotated datasets – the resulting cell types were visualized in 2D 

using UMAP. For the mouse RSC, this UMAP and gene expression is shown in Figure 4.2A-B, 

and for the mouse ENT these are shown in Figure 4.2C-D. Seven cell types were found in both 

brain regions: OPCs, oligodendrocytes, astrocytes, microglia, endothelial cells, GABAergic 

neurons, and glutamatergic neurons. Subclustering of GABAergic neurons in the RSC yielded 5 

inhibitory subtypes: RSC Inh 1, RSC Inh 2, RSC Inh 3, RSC Inh 4, and RSC Inh 5. RSC 

glutamatergic neurons were subclustered into 11 excitatory subtypes: RSC Ex 1, RSC Ex 2, RSC 
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Ex 3, RSC Ex 4, RSC Ex 5, RSC Ex 6, RSC Ex 7, RSC Ex 8, RSC Ex 9, RSC Ex 10, and RSC Ex 

11. These subtypes, their gene expression, and labels as inferred by label transfer are shown in 

Figure S4.2, demonstrating distinctive gene expression patterns in each subcluster. Similar 

subclustering and annotation was done in the ENT, again resulting in 5 inhibitory subtypes (ENT 

Inh 1-5) and 11 excitatory subtypes (ENT Ex 1-11, Figure S4.3).  

 In the human data, the same 7 cell types detected in the mouse data listed above were found, 

with annotation again being based on marker genes that are common between species (Figure 

4.2E-H). Subclustering of neurons was not performed due to limited numbers of neurons in the 

human data compared to the mouse data. The human RSC data (Figure 4.2E-F) and the human 

ENT data (Figure 4.2G-H) used here, unlike the ENT data included in chapter 3, came from a mix 

of male and female donors. Overall, the human data had a similar pattern of gene expression per 

cell type compared to the mouse data, and we proceeded to analyze AD and 5xFAD samples 

compared to controls in each brain region.   

Figure 4.2: Cell type annotation and marker gene expression. 

(A) Dimensionality reduction of snRNA-seq data from the mouse RSC in 5xFAD and control mice 
at 2, 4, and 8 months of age, with general cell type annotations displayed. Cell types are colored 

so that: glutamatergic are blue, GABAergic are green, oligodendrocytes are purple, OPCs are pink, 

microglia are red, astrocytes are orange, mural cells are grey, and endothelial cells are yellow.   
(B) Dotplot showing expression of known marker genes in the annotated snRNA-seq data for the 

mouse RSC. 
(C) Dimensionality reduction of snRNA-seq data from the mouse ENT in 5xFAD and control mice 

at 2, 4, and 8 months of age, with general cell type annotations displayed. 

(D) Dotplot showing expression of known marker genes in the annotated snRNA-seq data for the 
mouse ENT. 

(E) Dimensionality reduction of snRNA-seq data from the human RSC in patients with AD, with 
MCI, or without cognitive deficits, with general cell type annotations displayed. 

(F) Dotplot showing expression of known marker genes in the annotated snRNA-seq data for the 

human RSC. 
(G) Dimensionality reduction of snRNA-seq data from the human ENT in patients with AD, with 

MCI, or without cognitive deficits, with general cell type annotations displayed. 
(H) Dotplot showing expression of known marker genes in the annotated snRNA-seq data for the 

human ENT. 
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Gene expression differences and correlations across brain regions, time 

 We performed differential gene expression analysis in each cell type and at each time point 

in mice; 5xFAD mice were compared to controls, with a positive log fold change being indicative 

of upregulation in 5xFAD, and a negative log fold change being indicative of downregulation in 

5xFAD compared to control mice. Following differential gene expression, we utilized linear 

regression to evaluate relationships between gene expression changes at different months across 

brain regions. The linear relationship between the log fold change values for each time point in the 

RSC to the log fold change values for each time point in the ENT was calculated and the resulting 

regression lines for each cell type were plotted, with a positive slope indicating a positive 

correlation between gene expression difference in the two brain regions, and a negative slope 

indicating generally opposing gene expression patterns (Figure 4.3A-G).  

A negative slope was observed for every cell type in the 2-month ENT versus 2-month 

RSC comparison, indicating that gene expression between the two brain regions at this time point 

did not align, with many genes upregulated in the RSC being downregulated in the ENT, and vice 

versa (Figure 4.3A). This difference, which was strongest in GABAergic neurons, may reflect the 

differences seen in cellular activity (Figure 4.1F). The 4-month ENT versus 2-month RSC 

relationships and the 2-month ENT versus 4-month RSC relationships were all positive or close to 

zero (Figure 4.3B-C), indicating a greater level of similarity between disruptions at these different 

time points. In the 2-month ENT to 4-month RSC comparison, oligodendrocytes stood out as the 

cell type with the most positive correlation between gene expression changes (Figure 4.3B). In 

the opposite comparison (2-month RSC to 4-month ENT), glutamatergic neurons were the most 

positively correlated cell type between brain regions (Figure 4.3C). The 4-month ENT versus 4-

month RSC relationships showed great variability, with neurons being highly positively correlated, 
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but glial cells generally being negatively correlated (Figure 4.3D). The 4 month versus 8-month 

relationships (Figure 4.3E-F) did not show a strong correlation either positively or negatively 

overall, though the 4-month RSC did appear to be slightly more predictive of 8-month ENT 

changes than the other way around. Finally, the 8-month ENT versus the 8-month RSC changes 

generally had a positive correlation to each other (Figure 4.3G). Compared to the negative 

relationships at 2 months of age and the mixed relationships at 4 months of age, this positive 

relationship at 8 months of age indicates that as disease progresses, changes by brain region 

become more similar; at early stages there are major regional differences, but these appear to fade 

once pathology becomes more severe. 

These results suggest that at early time points, changes in oligodendrocytes in the ENT 

may be predictive of changes in the RSC, and changes in glutamatergic neurons in the RSC may 

be predictive of changes in the ENT. The latter relationship is of particular interest given the results 

from neuronal tracing and neuronal activity differences, but changes in glial cells are also worth 

exploring, especially given their importance in AD based on previous study30–35, and interactions 

with and impact on neurons.  

Figure 4.3: Linear regression of human AD, MCI and mouse 5xFAD log fold change in gene 

expression. 

(A) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 
the mouse ENT at 2 months of age versus the mouse RSC at 2 months of age. Each line is the 

relationship between a cell type (key in bottom right corner of Figure 4.3), and the dashed grey 

line is the average of all cell types. 
(B) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 

the mouse ENT at 2 months of age versus the mouse RSC at 4 months of age. 
(C) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 

the mouse ENT at 4 months of age versus the mouse RSC at 2 months of age. 

(D) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 
the mouse ENT at 4 months of age versus the mouse RSC at 4 months of age. 

(E) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 
the mouse ENT at 4 months of age versus the mouse RSC at 8 months of age. 

(F) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 
the mouse ENT at 8 months of age versus the mouse RSC at 4 months of age. 
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(G) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 
the mouse ENT at 8 months of age versus the mouse RSC at 8 months of age. 

(H) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 
the ENT in MCI patients versus the RSC in MCI patients. 

(I) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 

the ENT in MCI patients versus the RSC in AD patients. 
(J) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 

the ENT in AD patients versus the RSC in MCI patients. 
(K) Plot showing the linear relationship between log fold change (log2FC) in gene expression in 

the ENT in AD patients versus the RSC in AD patients. 
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We next repeated these analyses in the human data and observed similar trends (Figure 

4.3H-K). When comparing gene expression changes in the RSC of patients with MCI to changes 

in the ENT of patients with MCI, there were mixed results (Figure 4.3H), with some cell types 

showing a positive correlation and some showing a negative correlation. This result was most 

similar to the 4-month versus 4-month region comparison in the mouse model. The relationships 

between the ENT in MCI versus the RSC in AD, and the relationships between the RSC in MCI 

versus the ENT in AD were largely positive, except for oligodendrocytes in the latter comparison, 

where this cell type had a negative correlation (Figure 4.3I-J). For comparisons of MCI to AD or 

AD to AD (Figure 4.3I-K), glutamatergic neurons were consistently the most highly correlated 

cell type from one brain region to the other, highlighting that at later stages, changes in this cell 

type are common to both brain regions. The overall relationship between changes in the ENT in 

AD versus changes in the RSC in AD (Figure 4.3K) was the most positive of any comparison 

done between brain regions for both mouse and patient data. This strong relationship shown in 

Figure 4.3K supports the hypothesis that as disease progresses, in this case from MCI to AD (in 

mice from 2 to 8 months), changes by brain region progressively become more similar, while at 

earlier time points (2- or 4-months of age in 5xFAD mice, MCI in patients), gene expression 

changes are distinctive between brain regions and even show an inverse relationship.  

The strong positive correlation between gene expression changes in glutamatergic neurons 

of the ENT and RSC in AD and MCI shown in Figure 4.3I-K, in combination with the correlation 

in mice observed in Figure 4.3C, indicated that glutamatergic neurons in the RSC are undergoing 

changes early in disease progression that may reflect later stages of disease. To assess what types 

of genes were contributing to these changes, we performed GO analysis of differentially expressed 

genes (log-fold change > 0.1 or log-fold change < -0.1) in glutamatergic neurons in AD and MCI. 
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This was done for two groups of genes: first, genes that were upregulated in both the ENT and the 

RSC in AD (Figure 4.4A-C), to assess terms associated with this late stage of disease regardless 

of brain region. And second, for genes that were upregulated in the RSC in MCI and downregulated 

in the ENT in MCI (Figure 4.4D-F), to assess terms that were associated to genes that had 

opposing expression patterns in the RSC compared to the ENT at this earlier disease stage.  

Terms that appeared in the first group, those that were up in AD, were largely associated 

with synapses, ion channels, and neurotransmitters including both GABA and glutamate. In the 

second group, there was quite a bit of overlap, with one term in particular appearing to be highly 

associated with both groups, (Neuron Projection, Figure 4.4C, F), and others, while not identical,  

Figure 4.4: Gene ontology analysis results from human data and differential gene expression 

in glutamatergic neurons in 5xFAD mice. 

(A) Gene ontology analysis based on genes that are upregulated in both the RSC in AD and the 
ENT in AD. The top 10 most highly associated terms for the Molecular Function (2023) database 

are displayed. 
(B) Gene ontology analysis based on genes that are upregulated in both the RSC in AD and the 

ENT in AD. The top 10 most highly associated terms for the Biological Process (2023) database 

are displayed. 
(C) Gene ontology analysis based on genes that are upregulated in both the RSC in AD and the 

ENT in AD. The top 10 most highly associated terms for the Cellular Component (2023) database 
are displayed. 

(D) Gene ontology analysis based on genes that are upregulated in the RSC in MCI and 

downregulated in the ENT in MCI. The top 10 most highly associated terms for the Molecular 
Function (2023) database are displayed. *The sixth term from the top is Transmitter-Gated 

Monoatomic Ion Channel Activity Involved In Regulation of Postsynaptic Membrane Potential. 
(E) Gene ontology analysis based on genes that are upregulated in the RSC in MCI and 

downregulated in the ENT in MCI. The top 10 most highly associated terms for the Biological 

Process (2023) database are displayed. 
(F) Gene ontology analysis based on genes that are upregulated in the RSC in MCI and 

downregulated in the ENT in MCI. The top 10 most highly associated terms for the Cellular 
Component (2023) database are displayed. 

(G) Volcano plot showing differential gene expression analysis results in 5xFAD versus control 

mice. These results are from glutamatergic neurons in the RSC at 4 months of age, and genes 
labeled are a subset of genes within the Postsynaptic Density (GO: 0014069) term.  

(H) Volcano plot showing differential gene expression analysis results in 5xFAD versus control 
mice. These results are from glutamatergic neurons in the ENT at 4 months of age, and genes 

labeled are a subset of genes within the Postsynaptic Density (GO: 0014069) term. 
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containing overlapping groups of genes related to glutamate receptor activity and synaptic 

transmission or plasticity. This overlap indicated a similarity between the RSC early in disease and 

later in disease that reflected the neuronal activity differences we had observed in 5xFAD mice 

(Figure 4.1E-H). Given this seeming concordance, we next checked for differential expression of 

genes of interest in the glutamatergic neurons in the mouse data (Figure 4.4G-H, S4.4). Genes 

highlighted and labeled in Figure 4.4G-H and Figure S4.4 are genes found in the postsynaptic 

density GO term from the Cellular Component database (Figure 4.4F). This term was chosen as 

it is broad and encompasses aspects of other terms of interest; within it are genes that overlap with 

glutamate signaling-associated terms and various ion channel genes – all cellular components, 

molecular functions, or biological processes that were seen in our human AD GO analysis.  

Results in mice did not reflect what we had seen in humans, with the differences at 2 

months of age being the most unexpected: genes associated with postsynaptic density were more 

commonly upregulated in the ENT of 5xFAD mice than in the RSC. While in the ENT there were 

many significantly upregulated genes at this time point (Figure S4.4B), in the RSC results were 

split, with slightly more genes being downregulated than upregulated (Figure S4.4A). At 4-months 

of age, at first glance, things appeared to be more similar between the ENT and RSC: there was a 

relatively even split in both brain regions between up and downregulated genes (Figure 4.4G-H). 

In both the RSC and ENT glutamatergic neuron populations, the following genes were upregulated 

in 5xFAD mice: Shank1, Fyn, Adcy8, Cpeb4, Cacng3, Arhgap32, Magi2, and Gphn. However, 

taking a closer look at genes and their directionality, we saw differences including the upregulation 

of the following genes in the RSC in 5xFAD mice: Dlg4, Adgrl1, Atp2b2, Cdk5r1, Syt11, Grin1, 

Add1, Srgap3, and Kcnd3 (all were downregulated in the ENT in 5xFAD mice). The 8-month time 

point was similar, in that there was a relatively even split of up and downregulated genes in both 
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the RSC and ENT. Notably, differential gene expression analysis at this time point yielded smaller 

log fold changes on average (Figure S4.4C-D), which may be partially explained by the smaller 

number of cells at this time point (Figure S4.2A, S4.3A). These expression patterns together 

indicate that while there may be differences in postsynaptic density in both the ENT and the RSC, 

the genes underlying this difference in the mouse RSC versus the mouse ENT glutamatergic 

neurons are distinctive, especially at 4 months of age. 

Cell-cell communication changes in disease  

To further explore changes over time by brain region, and to consider the system as a whole 

rather than individual cell types, we inferred how cellular communication between neurons and 

glia was altered at each time point and genotype in mice and in each diagnosis in humans, using 

both CellChat23 and NeuronChat24 (Figure 4.5, S4.5-S4.6). In mice, similar to the results seen in 

our regression analyses (Figure 4.3A), we observed major differences in signaling at 2 months of 

age (Figure 4.5A, D). The ENT appeared to have an overall decrease in cell-cell communication 

in 5xFAD mice, while the RSC had an increase. At 4 months of age, there were still apparent 

Figure 4.5: Cellular communication differences inferred by CellChat across time, disease 

progression, in the RSC and ENT. 

(A) Differences in cell-cell communication in the RSC at 2 months of age. For every panel in 
Figure 4.5A-F, nodes are colored by cell type, and edges are colored red to indicate an increase 

in signaling in 5xFAD compared to control mice, or blue to indicate a decrease in signaling in 
5xFAD compared to control mice. 

(B) Differences in cell-cell communication in the RSC at 4 months of age. 

(C) Differences in cell-cell communication in the RSC at 8 months of age. 
(D) Differences in cell-cell communication in the ENT at 2 months of age. 

(E) Differences in cell-cell communication in the ENT at 4 months of age. 
(F) Differences in cell-cell communication in the ENT at 8 months of age. 

(G) Differences in cell-cell communication in the human RSC with MCI. For every panel in Figure 

4.5G-J, nodes are colored by cell type, and edges are colored red to indicate an increase in 
signaling in either AD or MCI compared to controls, or blue to indicate a decrease in signaling in 

AD or MCI compared to controls. 
(H) Differences in cell-cell communication in the human RSC with AD. 

(I) Differences in cell-cell communication in the human ENT with MCI. 
(J) Differences in cell-cell communication in the human ENT with AD. 
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differences (Figure 4.5B, E), like an average decrease in signaling to and from astrocytes in the 

RSC and an increase in astrocyte signaling in the ENT. But overall, the cellular communication 

changes inferred from CellChat at 4 months of age were more similar between the two brain 

regions than they appeared at 2 months. At 8 months of age, the two brain regions looked to be 

even more similar (Figure 4.5C, F).  

When considering the results of CellChat analysis from human MCI and AD data (Figure 

4.5G-J), we noted contrasts between the RSC in MCI (Figure 4.5G) and the ENT in MCI (Figure 

4.5I). Oligodendrocytes appear to have a strong increase in signaling in the ENT, while microglia 

see a decrease. The opposite effects are seen in the RSC, along with other differences. Progression 

from MCI to AD in the RSC (Figure 4.5G-H) appears to result in an overall increase in signaling, 

while progression from MCI to AD in the ENT (Figure 4.5I-J) appears to result in a decrease. 

 To assess which signaling pathways were most influential in these communication 

differences across time and disease, we quantified the contribution of each signaling pathway 

detected within our datasets at significant levels (Figure S4.5). There was variability between 

pathways detected in mice (Figure S4.5A) and those detected in humans (Figure S4.5B). There 

was also an unfortunate sparsity in pathways detected in the RSC data from human tissue. When 

we considered only pathways detected in both species and in both brain regions, there was a lack 

of clear trends. For example, the EPHA signaling pathway met these requirements; in humans 

EPHA signaling was predicted to be downregulated in both MCI and AD in both brain regions. In 

mice, it was upregulated at 2 months, up in the ENT and down in the RSC at 4 months, and then 

appeared to switch to being up in the RSC and down in the ENT at 8 months. Because of 

inconsistent patterns of inferred communication, insights into specific pathways in the CellChat 

database were limited. 



 

162 

 

The same analysis was done in NeuronChat, but similar to the results from CellChat 

analysis, there was a lack of concordance between the mouse dataset and the human dataset 

(Figure S4.6), with many pathways (such as GABAergic signaling) being present in mice (Figure 

S4.6A) and not in humans, and a lack of glutamatergic signaling in two conditions where it was 

expected based on results from chapter 3 and differential gene expression analysis results from 

this very dataset. This lack of glutamatergic signaling in the RSC in MCI and in the ENT in AD 

(Figure S4.6B) was surprising to us, as we had previously seen the opposite in the ENT in chapter 

3 of this dissertation (see chapter 3.3). This unexpected finding may be explained, unfortunately, 

by differences in QC metrics. The RSC samples from patients with MCI and the ENT samples 

from patients with AD in this dataset had lower average numbers of unique genes detected per cell 

and counts per cell (Figure S4.1C-D), which reflects the lower values of predicted glutamatergic 

signaling. As will be discussed in chapter 5, further sequencing of these brain regions should be 

done – not only more deeply, but also from a greater number of patients. While we were able to 

identify trends in overall differential gene expression (Figure 4.3), to get reliable information on 

specific pathways in human AD and MCI, more abundant and higher quality data is needed. 

Comparison of gene regulatory networks inferred from multi-omic analysis 

 Following analysis of gene expression in both mouse and human data, we next turned to 

analysis of the snATAC-seq data we had available for mice. Due to findings highlighting 

differences in glutamatergic signaling, we focused this analysis on glutamatergic neurons. For each 

brain region and time point, we constructed a gene regulatory network (GRN) using DIRECT-

NET25 based only on genes that were upregulated in 5xFAD mice in glutamatergic neurons in that 

brain region at that time, resulting in 6 different GRNs: a 2-month-old RSC GRN, a 4-month-old 

RSC GRN, a 8-month-old RSC GRN, a 2-month-old ENT GRN, a 4-month-old ENT GRN, and a 
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8-month-old ENT GRN. In the construction of these networks, we further narrowed down what 

was included in the network by limiting potential transcription factor binding sites to peaks that 

were more accessible in 5xFAD mice compared to controls. The first thing we noted when 

observing the resulting GRNs, was that there were many more genes and transcription factors in 

the networks constructed based on 2-month-old RSC differences and 4-month-old ENT 

differences, even after increasing thresholds for inclusion in the network for just these two 

conditions (Figure 4.6). The RSC networks at 2-, 4- and 8-months of age (Figure 4.6A-C) became 

progressively smaller with each older time point. The ENT networks started small at 2 months 

(Figure 4.6D), with only 14 unique genes, ballooned up to hundreds at 4 months (only top 84 

shown in Figure 4.6E to prevent too many overlaps), and then appeared to scale back down to 13 

genes (Figure 4.6F). The size of the networks did not appear to be correlated to cell quantity or 

QC metrics, though we are not certain of the meaning behind the size differences. Based on these 

differences in networks, cellular activity data gathered earlier (Figure 1E-H), and differential gene 

expression analyses (Figure 4.3-4.4), we hypothesized that major changes seen in the RSC at 2 

months of age could be being driven by epigenetic changes causing differential chromatin 

accessibility. There were not enough genes and transcription factors present in each network to do 

meaningful GO analysis for most time points, but fortunately the RSC at 2 months of age was an 

exception. While the top 4 terms most highly associated with the GRN constructed based on RSC 

glutamatergic neurons from 5xFAD mice at 4 months of age (Figure 4.6A) were not especially 

Figure 4.6: 5xFAD-associated gene regulatory networks inferred from multiomic mouse 

data. 

(A) GRN constructed based on upregulated genes and more highly accessible peaks in the 
multiomic data from glutamatergic neurons in the mouse RSC at 2 months of age. 

(B) GRN constructed based on upregulated genes and more highly accessible peaks in the 
multiomic data from glutamatergic neurons in the mouse RSC at 4 months of age. 

(C) GRN constructed based on upregulated genes and more highly accessible peaks in the 
multiomic data from glutamatergic neurons in the mouse RSC at 8 months of age. 
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(D) GRN constructed based on upregulated genes and more highly accessible peaks in the 
multiomic data from glutamatergic neurons in the mouse ENT at 2 months of age. 

(E) GRN constructed based on upregulated genes and more highly accessible peaks in the 
multiomic data from glutamatergic neurons in the mouse ENT at 4 months of age. 

(F) GRN constructed based on upregulated genes and more highly accessible peaks in the 

multiomic data from glutamatergic neurons in the mouse ENT at 8 months of age. 
(G) GO analysis results from genes and transcription factors within the RSC 2-month GRN. 
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informative, the fifth term implicated voltage-gated sodium channel complexes (Figure 4.6G). 

Reflecting on the cellular activity data at this time (Figure 4.1F), gene expression differences in 

glutamatergic neurons at this time (Figure 4.4A), combined with these results, we propose that in 

5xFAD mice, an increase in neuronal activity can potentially be explained by gene expression 

differences unique to the RSC at this time. The GRN constructed here implicates sodium channels 

as being regulated epigenetically, and it appears that this effect fades over time (due to the reduced 

size of GRNs at 4 and 8 months of age in Figure 4.6B-C).   

4.4 Discussion 

 Here, we present a comparative analysis between disease-associated changes in the RSC 

and the ENT based on snRNA-seq data from individuals with AD and MCI, and from 5xFAD mice 

at varying time points. We first became interested in the RSC due to differences in RABV-tracing 

results implicating an increase in neuronal connectivity, and early hyperactivity in this brain 

region, and not the ENT, in 5xFAD mice (Figure 4.1). Following multi-omic sequencing in mice 

and either snRNA-seq in humans or collection of previously published data, we were able to delve 

into the molecular changes present in 5xFAD mice that may explain these neuronal activity 

changes, and assess similarity or differences between human disease and the mouse model within 

these two brain regions. After annotating clusters within the snRNA-seq data and determining that 

each of our datasets contained comparable cell types (Figure 4.2), we performed pairwise 

comparisons of disease (AD, MCI, or 5xFAD) to controls in each cell type and in each brain region. 

Linear regression was then applied to these changes in gene expression (Figure 4.3), to assess 

whether genes were disrupted by brain region in a similar fashion, or if region-specific changes 

were opposed. We found that at early time points in 5xFAD mice, region-specific changes were 

indeed opposed, as evidenced by negative correlations in every cell type (Figure 4.3A), but that 
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by 8 months of age correlations between brain regions had become positive. The differences 

between brain regions at 8 months of age in mice and in tissue from individuals with AD were 

similarly positively correlated (Figure 4.3G, K), suggesting that changes in gene expression later 

in disease are more similar between these two brain regions than at earlier disease stages. We next 

assessed what biological processes, molecular functions, or cellular components commonly 

dysregulated genes were most highly associated with (Figure 4.4), finding that synaptic proteins, 

glutamate receptors, and ion channels were significant terms common between the two groups of 

genes assessed: genes that were upregulated in AD in the RSC and the ENT (Figure 4.4A-C) and 

genes that were upregulated in MCI in the RSC but downregulated in MCI in the ENT (Figure 

4.4D-F). We followed this focused analysis with a broader evaluation of cellular communication 

changes in AD, MCI, and 5xFAD (Figure 4.5). While some trends in communication were 

common across species, individual pathways had patterns of predicted signaling that were 

inconsistent between species. In the final component of this work which incorporated snATAC-

seq data, we returned to a focused analysis of glutamatergic neurons. The GRNs we constructed 

based on upregulated genes and accessible sites within the genome gave insight into the potential 

role of epigenetic regulation in these cells, with the GRN at 2 months of age in the RSC being 

significantly associated with voltage-gated sodium channel complex genes.  

Together, this work implicates early disruptions in glutamatergic neurons in the RSC in the 

development of AD from MCI, or in mice in progression from 2 to 4 months of age. We see 

changes in the RSC at 2 months that precede changes in the ENT in multiple contexts: cellular 

excitability, inferred cellular communication, and gene regulatory network analysis. A potential 

explanation for our observations would be that glutamatergic neurons in the RSC undergo changes 

relatively early in disease progression, and that these disruptions in activity in the RSC influence 
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the ENT via increased neuronal connections. Our results suggest that this early disruption could 

be epigenetically regulated, and that at least some aspects of these changes may be preserved in 

human AD. While many questions remain unanswered and further exploration is necessary, as will 

be discussed in chapter 5, the findings in this chapter are a promising step towards understanding 

the role of the RSC in AD, and how it may influence ENT disruptions. 

4.5 Supplementary figures 

Figure S4.1: QC metrics for snRNA-seq and snATAC-seq data after filtering. 

(A) QC metrics from the mouse RSC snRNA-seq data. From left to right the distributions in red 
(5xFAD mice) and grey (control mice) for the following QC metrics are displayed in violin plots: 

nFeature RNA, or how many unique genes are detected in each cell, nCount RNA, or how many 
unique molecules were detected in each cell, and percent mt, or the percentage of detected counts 

that were mitochondrial genes. Distributions are split by age. 

(B) QC metrics from the mouse ENT snRNA-seq data. The layout is the same as S4.1A.   
(C) QC metrics from the patient donor RSC snRNA-seq data. From left to right the distributions 

in dark red (AD), red (MCI), and grey (Control, or cognitively normal) for the following QC 
metrics are displayed in violin plots: nFeature RNA, or how many unique genes are detected in 

each cell, nCount RNA, or how many unique molecules were detected in each cell, and percent 

mt, or the percentage of detected counts that were mitochondrial genes.   
(D) QC metrics from the patient donor ENT snRNA-seq data. The layout is the same as S4.1C.   

(E) QC metrics from the mouse RSC snATAC-seq data. From left to right the distributions in red 
(5xFAD mice) and grey (control mice) for the following QC metrics are displayed in violin plots: 

percent reads in peaks, counts in peaks, transcription start site enrichment, percent of reads being 

in a blacklist region, and nucleosome signal. Distributions are split by age.  
(F) QC metrics from the mouse ENT snATAC-seq data. The layout is the same as S4.1E.   
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Figure S4.2: RSC cell type annotation. 

(A) Dimensionality reduction of snRNA-seq data from the RSC in 5xFAD and control mice 

separated by age. 
(B) Dimensionality reduction of snRNA-seq data from the RSC in 2-month-old, 4-month-old, and 

8-month-old mice separated by genotype. 

(C) Dimensionality reduction of snRNA-seq data from the RSC showing labels with 5 subclusters 
of GABAergic and 11 subclusters of glutamatergic neurons. 

(D) Dimensionality reduction of snRNA-seq data from the RSC showing labels based on 
transferred annotations from the Allen Brain Atlas. 

(E) Dotplot showing expression of both known marker genes, and genes that were markers of each 

neuronal subcluster in the annotated snRNA-seq data for the mouse RSC. 
(F) Dimensionality reduction of snRNA-seq data from the human RSC separated by patient 

diagnosis. 
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Figure S4.3: ENT cell type annotation. 

(A) Dimensionality reduction of snRNA-seq data from the ENT in 5xFAD and control mice 

separated by age. 
(B) Dimensionality reduction of snRNA-seq data from the ENT in 2-month-old, 4-month-old, and 

8-month-old mice separated by genotype. 

(C) Dimensionality reduction of snRNA-seq data from the ENT showing labels with 5 subclusters 
of GABAergic and 11 subclusters of glutamatergic neurons. 

(D) Dimensionality reduction of snRNA-seq data from the ENT showing labels based on 
transferred annotations from the Allen Brain Atlas. 

(E) Dotplot showing expression of both known marker genes, and genes that were markers of each 

neuronal subcluster in the annotated snRNA-seq data for the mouse ENT. 
(F) Dimensionality reduction of snRNA-seq data from the human ENT separated by patient 

diagnosis. 
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Figure S4.4: DGE in glutamatergic neurons of the RSC and ENT in 5xFAD versus control 

mice.  

(A) Volcano plot showing differential gene expression analysis results in 5xFAD versus control 
mice. These results are from glutamatergic neurons in the RSC at 2 months of age, and genes 

labeled are a subset of genes within the Postsynaptic Density (GO: 0014069) term. 

(B) Volcano plot showing differential gene expression analysis results in 5xFAD versus control 
mice. These results are from glutamatergic neurons in the ENT at 2 months of age, and genes 

labeled are a subset of genes within the Postsynaptic Density (GO: 0014069) term. 
(C) Volcano plot showing differential gene expression analysis results in 5xFAD versus control 

mice. These results are from glutamatergic neurons in the RSC at 8 months of age, and genes 

labeled are a subset of genes within the Postsynaptic Density (GO: 0014069) term. 
(D) Volcano plot showing differential gene expression analysis results in 5xFAD versus control 

mice. These results are from glutamatergic neurons in the ENT at 8 months of age, and genes 
labeled are a subset of genes within the Postsynaptic Density (GO: 0014069) term. 
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Figure S4.5: CellChat signaling pathway differences in 5xFAD mice and patients. 

(A) Bar plots showing differences in predicted signaling for each pathway in the CellChat database 

identified within the mouse data. Pairwise comparisons of contribution to signaling between 
5xFAD and control (WT) mice are displayed for each time point in each brain region. 

(B) Bar plots showing differences in predicted signaling for each pathway in the CellChat database 

identified within the human data. Pairwise comparisons of contribution to signaling between either 
AD and control patients or MCI and control patients are displayed for each brain region. 
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Figure S4.6: NeuronChat signaling pathway differences in 5xFAD mice and patients. 

(A) Bar plots showing differences in predicted signaling for each pathway in the NeuronChat 

database identified within the mouse data. Pairwise comparisons of contribution to signaling 
between 5xFAD and control (WT) mice are displayed for each time point in each brain region. 

(B) Bar plots showing differences in predicted signaling for each pathway in the NeuronChat 

database identified within the human data. Pairwise comparisons of contribution to signaling 
between either AD and control patients or MCI and control patients are displayed for each brain 

region. 
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CHAPTER 5: Conclusion and future directions 

5.1 Discussion  

The work presented in this dissertation combines results from multi-omic analysis with 

findings from neuronal tracing and other experimental methods to explore cell-type and brain-

region specific changes in AD over time. Early changes in glutamatergic neurons in the RSC 

compared to the ENT are explored, and commonalities between changes in the mouse model and 

the patient data are identified. 

Chapter 1 presented an overview of background information and previous research 

performed in AD and in mouse models of AD. The history and impact of mouse models in AD 

research was summarized, as well as the growing insights yielded from transcriptomic analysis. 

The mouse model we chose to use, 5xFAD, was described in detail, and neuronal tracing methods 

were reviewed. Previous usage of retrograde RABV tracing in mouse models of AD were also 

described, though these studies focused on the hippocampus rather than the ENT.  

In chapter 2, the utility of RABV-tracing was explored in a different context: how inputs 

change after exposure to addictive drugs. This work showed that RABV-tracing results reflect 

differences in drug administration and target cell types, and that basal calcium ion channel 

expression in a brain region correlates to RABV-infected cells in that brain region following drug 

exposure. These findings combined suggest that RABV tracing differences can be indicative of 

cellular excitability changes in input brain regions. 

In chapter 3 we characterized cellular communication changes in the ENT that were 

common to both 5xFAD mice and AD patients. At early ages in the mouse model, commonalities 

that persisted were sparse, but at the later time point of 8 months of age, major changes in 
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glutamatergic signaling were identified that aligned with changes in the human ENT, and were 

reflected in a GRN constructed based on multi-omic data.  

Chapter 4 built upon the findings from chapters 2 and 3, first exploring RABV tracing in 

5xFAD mice compared to controls to determine inputs to ENT neurons affected in early AD 

pathology. The resulting analysis identified the RSC as an important input region to the ENT, and 

further experimentation showed hyperexcitability in the RSC as early as 2 months of age, while 

this was only seen in the ENT at 8 months of age in 5xFAD mice. The subsequent sequencing 

experiments and analyses performed to characterize transcriptomic changes in these mouse brain 

regions suggested that differences early in disease progressively become more similar in the RSC 

and ENT as pathology worsens, and this effect is observed in the human RSC and ENT as well.   

While there were limitations to this work, some of which are outlined below, the findings 

cumulatively show the importance of brain-region specific analysis in the study of AD progression, 

and will hopefully result in further interest in and exploration of the RSC and hyperexcitability in 

AD.  

5.2 Future directions 

Increase in number of subjects for studies in both mouse models and in patients with AD, 

MCI 

 In chapters 3 and 4 we utilized data collected from both mouse tissue and patient donor 

tissue. There were a multitude of conditions: 5xFAD mice at 2 months of age, 5xFAD mice at 4 

months of age, 5xFAD mice at 8 months of age, C57BL/6 mice at 2 months of age, C57BL/6 mice 

at 4 months of age, C57BL/6 mice at 8 months of age, patients with AD, patients with MCI, and 

patients without cognitive impairment. Each of these conditions was studied in two distinct brain 

regions, the ENT and the RSC, essentially doubling the number of conditions for which replicates 
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were necessary. While the number of cells and depth of sequencing data were satisfactory for our 

purposes, there was some sparsity given limited time and resources, especially in 5xFAD mice at 

8 months of age, and in samples of the human RSC (data from samples of the human ENT was 

supplemented with previously published data). For these conditions in particular, further collection 

of high-quality sequencing data would ensure that our findings are robust to differences between 

individuals and allow for further investigation into genes that are lowly expressed but still 

significant, and deeper probing into changes in rare cell types that were previously under-

represented. 

Sex differences in AD 

 In a similar vein as the previous discussion point, increasing the number of subjects utilized 

would also allow for exploration of sex differences in AD. All of the sequencing data from 5xFAD 

mice in chapters 3 and 4 of this work was from female mice. The data from female 5xFAD mice 

may not be generalizable to all 5xFAD mice, especially considering the previously characterized 

sex differences in this model1. Analyses done in chapters 3 and 4 ought to be repeated with male 

5xFAD mice, and results compared and contrasted. Postmortem tissue from the ENT of patients 

analyzed in chapter 3 was also exclusively from female patients. Chapter 4 included data from 

both male and female patients, but sex differences were not the focus of this study and were not 

considered, partially due to a small number of samples. Future work should include data from a 

greater number of patients, with characterization of sex differences in both the mouse model and 

in patient data being performed. 

Mouse models of tauopathy 

In addition to modeling characteristics of AD associated with amyloid pathology, it is 

important to consider the effects of other factors, namely tau. Tau pathology was an inherent part 
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of the data collected from patient donors, but Braak staging information, while available, was not 

a part of our analyses. Chapters 3 and 4 of this dissertation utilized data from 5xFAD mice, which 

do not model tau pathology. While we found some similarities between the mouse model and 

patient data, there were differences in gene expression and predicted cellular communication 

patterns that did not align across species. The gene expression differences in mouse models that 

reflect tau pathology, or both tau and amyloid pathology, need further investigation. For this 

reason, future research should include snRNA-seq data from mouse models of tauopathy such as 

the P301S transgenic model, the PS19 mouse2 or the rTg4510 mouse3. Further, models that 

combine both tau and amyloid, like the TauPS2APP triple transgenic mouse model4 for example, 

should be considered in future work, as both tau and amyloid play a role in AD.  

Further investigation via proteomics and metabolomics 

The work in this dissertation is largely based on findings from snRNA-seq data. While this 

information is of value, it does not always reflect the translation of detected mRNAs to proteins, 

with gene expression as assessed by RNA-seq previously being shown to have only a moderate 

correlation to protein levels5. With protein quantification methods improving in scale due to 

advances in next-generation sequencing and mass spectrometry6, and new methods such as CITE-

seq7 allowing for integration of transcriptomic and protein measurements, verification of findings 

from previous large scale transcriptomic studies is now more feasible and would be a valuable 

inclusion in further study. Additionally, beyond proteins, other macromolecules ought to be 

considered in the study of AD; lipids are of particular interest, partly due to the influence of the 

APOE gene in AD risk. The APOE4 allele is a strong genetic risk factor in the development of 

AD, and APOE is known to regulate lipid metabolism8. Further, the plasma lipidome has 

previously been shown to change in AD patients compared to healthy controls9. Assessment of the 
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proteome and lipidome in AD could yield insights into disease-associated changes that are not 

reflected in transcriptomic data, and would be valuable additions to further study in validation 

efforts or even exploratory analysis.   

Consideration of additional brain regions 

 To gain a comprehensive understanding of AD, neural circuits and the corresponding 

changes in gene regulation, we must look beyond the RSC and ENT. While the work done in this 

dissertation on the ENT and the RSC yielded insights into the cellular excitability changes in these 

regions throughout the stages of AD, further analysis and comparison to brain regions such as the 

hippocampus and relevant inputs could be just as fruitful. The previously published RABV tracing 

work discussed in chapter 1 focused on inputs to various regions and neuron types within the 

hippocampus10–13, showing differences in a variety of mouse models worth further exploration. 

From our own work, the neuronal tracing results shown in chapter 4 appear to show disruptions in 

this area as well, as the subiculum, a subregion within the hippocampus, was the only input to the 

ENT to have significantly increased in 5xFAD mice other than the RSC. Exploration of cellular 

activity, along with molecular changes as assessed by transcriptomic and epigenomic data from 

hippocampal and other brain regions, would be a natural next step based on these results. 

 Recent work has delved into the differences by brain region apparent in AD, with continued 

efforts underway to construct a multi-region atlas of AD including single-cell data from the ENT, 

hippocampus, anterior thalamus, angular gyrus, midtemporal cortex, and prefrontal cortex14. There 

is ongoing work in the Beier lab to more deeply sequence the RSC, ENT and sequence the 

hippocampus, and with the increased availability and improvement of sequencing technologies, a 

brain-wide atlas of individuals with AD or MCI compared to non-cognitively impaired individuals 

is becoming a more plausible endeavor as time goes on. Given our findings in the RSC, a deeper 
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understanding of how AD affects other brain regions that have historically been overlooked, 

particularly at early stages of disease, would be invaluable in the study of AD progression. 
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