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A SYSTEMS BIOLOGY APPROACH TO PRECISION MEDICINE FOR 

ALZHEIMER’S DISEASE: CELL-TYPE-DIRECTED NETWORK-

CORRECTING THERAPEUTICS AND TRANSCRIPTOMIC PROFILING 

ACROSS DISEASE RISK FACTORS 

YAQIAO LI 

ABSTRACT 

Alzheimer's disease (AD) is a multifactorial neurodegenerative condition characterized by heterogeneous 

molecular alterations across various brain cell types, posing significant challenges for the development of 

effective treatments. To address this complexity, we undertook two complementary projects aimed at 

advancing precision medicine approaches for AD, each building on the other to create a robust foundation 

for targeted therapies. 

The first project serves as a proof of concept for an innovative drug discovery strategy, utilizing a network 

correction approach grounded in direct human evidence and real-world data. By integrating diverse 

datasets, including single-cell human transcriptomics, drug perturbations, and electronic clinical records, 

we identified the combination of letrozole and irinotecan as potential therapeutics designed to correct gene 

expression alterations across multiple cell types implicated in AD. Rigorous validation in AD mouse models 

demonstrated that this combination therapy, targeting both neurons and glial cells, significantly ameliorated 

memory deficits and other AD-related pathologies, outperforming the single-drug treatments targeting 

either neurons or glial cells alone. The success of this project underscores the potential of cell-type-directed 

network-correcting therapy, demonstrating that targeting the transcriptomic landscape at a cell-type-

specific level may offer a more efficacious approach to treating AD.  
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Building on this foundation, the second project was designed to expand the knowledge foundation for 

precision medicine by comprehensively characterizing the molecular influences of major AD risk factors, 

such as age, apolipoprotein E4 (APOE4), and sex using AD mouse models. By analyzing single-nucleus 

RNA-sequencing (snRNA-seq) data from the hippocampus of human APOE4 and APOE3 knock-in (KI) 

female and male mice across different ages, we identified significant variations in cell type abundance and 

gene expression patterns, particularly driven by sex differences and the interplay between age and APOE 

genotype. This detailed molecular profiling not only enriches our understanding of the disease but also 

provides a valuable dataset for future applications of the network correction method. Specifically, it enables 

the mapping of distinct risk profiles and the identification of tailored therapeutic interventions for 

individuals based on their unique transcriptomic signatures. 

Together, these two projects are highly complementary: the first project validates the efficacy of network 

correction therapy, while the second project supplies the essential molecular data needed to understand 

disease heterogeneity, enabling the application of this therapeutic approach in a precision medicine 

framework. By integrating these insights, we can more accurately tailor treatments to individuals with 

distinct risk profiles, thereby advancing the development of personalized therapies for AD. 
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CHAPTER 1: INTRODUCTION 

1.1 Challenges in Drug Discovery for Alzheimer’s Disease 

Alzheimer’s disease (AD) is an irreversible neurodegenerative disorder that clinically manifests in 

progressive memory decline, behavior changes, and cognitive and motor deficits1. Patients in advanced 

stages suffer from hallucinations, disorientation, and lack of self-sufficiency, and eventually die from severe 

respiratory failure, infection, or fasting2. AD is the most common form of dementia and reaching epidemic 

proportions, as it affects millions of patients globally3. The prevalence of AD is projected to triple by 20503. 

Consequently, AD ranks among the leading causes of disability and dependency among older adults, 

placing significant strain on caregivers and healthcare systems4.  Given its profound impact, urgent action 

is required to develop treatments that are both more effective and accessible.  

Despite the growing prevalence and substantial economic burden, there is no cure currently exists for AD. 

There are only a handful of treatment options available to AD patients, and they have minimal impact on 

the severity and progression of the disease5. Pharmacological treatments include cholinesterase inhibitors, 

such as donepezil, rivastigmine, and galantamine, which help manage symptoms by increasing levels of 

acetylcholine in the brain, and memantine, which regulates glutamate to improve cognition and function6. 

These treatments primarily focus on diminishing disease symptoms and do not address the underlying 

causes. Recently, disease-modifying therapies like aducanumab and lecanemab, which target amyloid 

plaques, have been approved for certain patients6. However, aducamumab is discontinued in 2024 and 

lecanemab was showed to slows cognitive decline by about 25%7. Additionally, the extend of treatment 

efficacy varied greatly among patients with considerable side effects that are concerning8.  Given these 

limited successes, developing more effective disease-modifying treatments for AD targeting specific 

pathophysiological mechanisms is urgently needed. 

https://www.zotero.org/google-docs/?V2VuYa
https://www.zotero.org/google-docs/?wEPwXH
https://www.zotero.org/google-docs/?wwFfKv
https://www.zotero.org/google-docs/?umK0e6
https://www.zotero.org/google-docs/?5qsXqM
https://www.zotero.org/google-docs/?F8XG66
https://www.zotero.org/google-docs/?OxORJW
https://www.zotero.org/google-docs/?kZf2sH
https://www.zotero.org/google-docs/?vTGXKL
https://www.zotero.org/google-docs/?EZpACz
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Over the past two decades, more than 2,700 clinical trials targeting individual core pathologies of AD were 

initiated, yet only two have received FDA approval9. This underscores the profound challenges in AD drug 

development, primarily due to the multifactorial and heterogeneous nature of the disease. The pathogenesis 

of AD is inherently multifactorial, characterized by a complex and dynamic interplay of pathogenic 

processes that occur across a diverse array of brain cell types10,11. The most prominent pathological features 

of AD are the accumulation of extracellular amyloid-β (Aβ) plaques and intracellular tau protein 

neurofibrillary tangles (NFTs)12. These aggregates are accompanied by impaired neurotransmitter 

signaling, synaptic dysfunction, dystrophic neurites, dysregulated neuronal metabolism, oxidative stress, 

cellular senescence, and cerebral atrophy2,12. Emerging evidence also highlights the critical role of 

neuroinflammation, and cellular dysfunction led by glial cells—microglia, astrocytes, and 

oligodendrocytes—in AD pathophysiology13–15. These glial cells, essential for maintaining brain 

homeostasis, not only lose their normal functions in AD but also exhibit pathological responses that produce 

reactive nitrogen species and reactive oxygen species, contributing to oxidative stress and subsequent 

neuronal death13,15. Given this complexity, effective treatment strategies for AD will likely need to address 

pathological changes across multiple disease-relevant cell types.  

In Chapter 2, we detailed an initiative aimed at developing a comprehensive therapeutic approach using a 

combination of two drugs, each specifically targeting molecular alterations associated with AD in either 

neurons or glial cells. This strategy is designed to address the multifactorial complexity of AD by employing 

a multi-target, network-correcting treatment paradigm that accommodates the diverse and interrelated 

disease mechanisms occurring across multiple cell types implicated in the pathogenesis of AD. This 

approach underscores the importance of targeting the intricate cellular networks that drive the progression 

of the disease, offering a more holistic and potentially effective therapeutic solution. 

AD is characterized by significant heterogeneity, encompassing various aspects, including clinical, genetic, 

and pathological variability, as well as differences in drug response, sex, and age of onset. Clinically, AD 

https://www.zotero.org/google-docs/?mjzjCL
https://www.zotero.org/google-docs/?XWmdL4
https://www.zotero.org/google-docs/?0OdcJU
https://www.zotero.org/google-docs/?LN9IQt
https://www.zotero.org/google-docs/?z5AeIt
https://www.zotero.org/google-docs/?1NxiE1


 

 

3 

manifests through diverse symptomatology, with patients exhibiting different subsets of symptoms, such 

as memory loss, language difficulties, and behavioral changes16. The progression of cognitive decline also 

varies, with some individuals experiencing rapid deterioration while others show a more gradual decline16. 

Genetically, familial AD is linked to mutations in the amyloid precursor protein (APP) and presenilin genes, 

while sporadic AD is associated with risk variants in genes like apolipoprotein E (APOE) and triggering 

receptor expressed on myeloid cells-2 (TREM2), which are particularly enriched in glial cells17. 

Pathologically, AD is associated with Aβ plaques and tau tangles in the brain, yet the distribution and 

density of these abnormalities can differ widely12. Some individuals may exhibit high amyloid levels with 

minimal cognitive impairment, while others experience significant cognitive decline despite a lower 

amyloid burden16. Moreover, patient responses to treatment vary, with some benefiting from specific 

medications while others do not, reflecting underlying differences in disease mechanisms18. Age of onset 

further contributes to AD heterogeneity, with early-onset AD (before age 65) often having a stronger 

genetic component, and late-onset AD (after age 65) being more prevalent and influenced by a combination 

of genetic and environmental factors19. Additionally, AD exhibits prominent sex differences in prevalence, 

pathology, and symptomatology. About two-thirds of all AD patients are females16. Women tend to 

experience a faster rate of cognitive decline and score lower on verbal memory tests compared to men20. 

Although pathological biomarker discrepancies are observed between sexes, the same pathological burden 

often has more detrimental effects on cognition in women than in men21. The extensive heterogeneity of 

AD presents a formidable challenge, underscoring the importance of understanding these variations to 

develop personalized treatments and interventions, as a one-size-fits-all approach is unlikely to be effective 

given the diverse nature of the disease.  

In Chapter 3, we sought to address the inherent heterogeneity of AD, thereby paving the way for the future 

application of precision medicine in its treatment. Specifically, we conducted a systematic investigation 

into the molecular influences of three predominant AD risk factors: age, sex, and APOE genotypes. Through 

https://www.zotero.org/google-docs/?B5T1DK
https://www.zotero.org/google-docs/?a3U6Ir
https://www.zotero.org/google-docs/?VnPWU7
https://www.zotero.org/google-docs/?0CaksD
https://www.zotero.org/google-docs/?EqvC5o
https://www.zotero.org/google-docs/?i888P3
https://www.zotero.org/google-docs/?UUs64c
https://www.zotero.org/google-docs/?HC4Gf6
https://www.zotero.org/google-docs/?5sx28X
https://www.zotero.org/google-docs/?17uzVY
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this comprehensive analysis, we elucidated the distinct molecular landscapes shaped by these factors, 

thereby establishing a foundation for the development of tailored therapeutic interventions. This approach 

enables the adaptation of network correction strategies to align with the unique transcriptomic profiles of 

individual patients, ultimately advancing the potential for personalized and more effective treatment 

modalities in AD. 

1.2 Characterizing Alzheimer’s Disease Through the Interplay of Major Risk Factors 

Age, apolipoprotein E ε4 (APOE4), and chromosomal sex are well-established non-modifiable risk factors 

for late-onset AD22. These inherent characteristics cannot be altered or influenced by individuals, yet they 

play a crucial role in shaping an individual’s risk profile. Leveraging non-modifiable risk factors offers 

significant advantages in the development of personalized medicine. Unlike lifestyle and environmental 

factors, genetic risk variants can be directly and reliably measured through genetic testing, enabling the 

early detection of those at higher risk and facilitating targeted interventions before the onset of symptoms. 

Additionally, the advanced and personalized biological characterization of complex diseases allows for the 

classification of individuals into subgroups with distinct risk profiles, which in turn enables tailored 

therapeutic approaches based on their unique genetic and biological makeup. This stratification is not only 

critical for optimizing treatment effectiveness but also for reducing potential side effects by selecting the 

most appropriate therapies for each patient. Understanding the influence of these non-modifiable risk 

factors on disease pathophysiology facilitate the development of targeted therapy and integrating this 

information into patient care is essential for healthcare providers, as it allows for the delivery of more 

precise, effective, and individualized prevention and treatment strategies. This comprehensive approach 

ultimately leads to improved health outcomes, especially in managing complex, multifactorial diseases like 

AD, where early and tailored interventions can make a significant difference. 

https://www.zotero.org/google-docs/?aeDysU
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Aging is the most significant risk factor for AD and serves as a fundamental driver in the development of 

the disease23. The incidence and prevalence of AD increase markedly with advancing age24. Approximately 

80% of AD patients are over the age of 75, with the incidence rising from 2 per 1,000 individuals between 

the ages of 65 and 74 to 37 per 1,000 individuals aged 85 and older25. Moreover, the aging of the global 

population is occurring at an unprecedented rate, with the number of older adults worldwide projected to 

more than double by 20503. This demographic shift underscores the urgent need for more effective and 

accessible treatments to address the growing burden of AD.  

The age of onset of AD can be classified into early-onset (before age 65) and late-onset (after age 65)19. 

Early-onset AD often has a stronger genetic basis, including mutations in the APP, PSEN1, and PSEN2 

genes, and tends to be more aggressive26. Late-onset AD, which is more common, is influenced by a 

combination of genetic, environmental, and lifestyle factors24. Age-related changes in the brain, such as the 

accumulation of amyloid plaques and tau tangles, as well as reduced neuroplasticity and increased oxidative 

stress, contribute to the disease12. The interaction between aging processes and genetic risk factors, such as 

APOE, further complicates the disease trajectory. 

Apolipoprotein E (APOE) is a critical protein involved in lipid metabolism, primarily responsible for the 

transport and redistribution of lipids, such as cholesterol and triglycerides, among various tissues in the 

body27. It plays several essential roles in maintaining lipid homeostasis, particularly in the central nervous 

system (CNS) and cardiovascular system27. The APOE gene, particularly the ε4 allele, is the strongest 

genetic risk factor for late-onset AD17. Over 60% of individuals with AD carrying at least one APOE4 

allele22. Individuals with one copy of the ε4 allele have a 2-3 times higher risk of developing AD, while 

those with two copies have a 10-15 times higher risk28. In contrast, the APOE ε2 allele is thought to have a 

protective effect against the disease28. APOE influences the aggregation and clearance of amyloid-beta, a 

key pathological hallmark of AD11. The APOE4 isoform is less efficient at promoting amyloid-beta 

clearance compared to APOE2 and APOE3, leading to a greater accumulation of amyloid plaques in the 

https://www.zotero.org/google-docs/?dLm9BN
https://www.zotero.org/google-docs/?Ft7quj
https://www.zotero.org/google-docs/?PanNzS
https://www.zotero.org/google-docs/?eSG2Li
https://www.zotero.org/google-docs/?bDiia6
https://www.zotero.org/google-docs/?Yymhqo
https://www.zotero.org/google-docs/?dIReDc
https://www.zotero.org/google-docs/?uf9RV9
https://www.zotero.org/google-docs/?tW5PeT
https://www.zotero.org/google-docs/?EVjG1d
https://www.zotero.org/google-docs/?FLo1vt
https://www.zotero.org/google-docs/?nYtRbY
https://www.zotero.org/google-docs/?4Lv5j1
https://www.zotero.org/google-docs/?epyI46
https://www.zotero.org/google-docs/?FZl4U6
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brain11. In addition to amyloid-beta, APOE, particularly the APOE4 isoform, is implicated in tau 

pathology29. APOE4 carriers are more prone to tau aggregation and neurofibrillary tangle formation, which 

contribute to neurodegeneration and cognitive decline in AD30. APOE also plays a role in modulating the 

immune response and inflammation, particularly within the CNS. It influences the activity of microglia, the 

brain's resident immune cells, affecting their ability to respond to injury and clear amyloid-beta11. The 

APOE4 isoform is associated with a more pro-inflammatory state, which may contribute to the chronic 

neuroinflammation observed in AD31.  

Sex differences have been clinically documented in AD23, yet the underlying cause for these differences 

are not well understood. Women are disproportionately affected by AD and progress at faster rate of 

cognitive decline than men21. This accelerated decline is observed particularly in memory-related functions, 

where women typically outperform men in early stages but decline more rapidly as the disease progresses16. 

In addition to greater longevity in females32, other biological differences may be responsible for the higher 

prevalence and accelerated cognitive decline observed in women during disease progression33. For instance, 

a longitudinal study examining a postmortem cohort of about 1,500 individuals observed that in the 

presence of similarly high Aβ burden, females exhibited faster cognitive decline than males34, suggesting 

females might be more susceptible to Aβ toxicities. Furthermore, after adjusting for age and education, 

women had a higher tau tangle density35.  

While studying individual risk factors allows for precise, controlled investigations that contribute to a 

foundational understanding of disease mechanisms, this approach often fails to capture the complexities of 

how these factors interact in real-world scenarios. Investigating multiple risk factors in tandem provides a 

more comprehensive view of disease etiology, reflecting the dynamic interplay that occurs in actual 

biological contexts. Numerous studies have emphasized the significant interplay between age, sex, and 

APOE genotype in shaping the risk, progression, and clinical manifestation of AD36. For instance, the 

association of APOE4 on AD might be age dependent. APOE4 exerts its maximal effect on AD-risk by 

https://www.zotero.org/google-docs/?Wdjtv5
https://www.zotero.org/google-docs/?yd3FzY
https://www.zotero.org/google-docs/?OXQEkg
https://www.zotero.org/google-docs/?0KXXF5
https://www.zotero.org/google-docs/?aKo4Fe
https://www.zotero.org/google-docs/?Hb8tk3
https://www.zotero.org/google-docs/?V933Tt
https://www.zotero.org/google-docs/?oPETYq
https://www.zotero.org/google-docs/?8Q9WIs
https://www.zotero.org/google-docs/?ZSr3qk
https://www.zotero.org/google-docs/?xf9T7m
https://www.zotero.org/google-docs/?BZBEf3
https://www.zotero.org/google-docs/?31ouix
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early 70’s with a reduction in risk after age 85 in both sexes. The impact of the APOE ε4 allele on AD risk 

is more pronounced in women than in men. Women who carry the ε4 allele are more likely to develop AD 

and tend to show a faster rate of cognitive decline compared to male carriers. The reasons for this difference 

are not fully understood but may involve hormonal influences, such as the loss of estrogen during 

menopause, which interacts with APOE and affects brain function. While substantial effort has been 

dedicated to investigating this interplay, deciphering these intricate interactions remains highly challenging, 

especially when analyzing the convergence of multiple risk factors across diverse data domains. The 

increased complexity in study design, data collection, and interpretation complicates the task of fully 

understanding these relationships. Despite these challenges, a systems biology approach, which examines 

the interaction between APOE genotypes and sex across different stages of aging, offers a promising avenue 

for studying disease-associated transcriptomic alternations with each risk factor in a cell-type-specific 

manner. By leveraging advanced bioinformatics tools and large-scale data analytics, researchers can 

integrate and analyze complex datasets, providing a robust framework for understanding these multifaceted 

interactions transcriptomically. This approach ultimately holds the potential to lead to more effective and 

targeted interventions for AD by correcting the distinct pathological transcriptomic landscape in each 

specific patient population. 

1.3 A System Biology Approach to Precision Medicine 

Single-cell technology represents a transformative advancement in biological research, offering 

unprecedented insights into cellular diversity, function, and behavior at an individual cell level. Unlike 

traditional bulk analyses, which average signals across large populations of cells, single-cell technology 

allows researchers to dissect the heterogeneity within tissues, revealing the intricate details of cellular 

processes and interactions. 
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The generation and availability of single-cell RNA-sequencing (scRNA-seq) datasets from AD brain 

samples and mouse models of AD31,37–39 offer novel opportunities to unravel the cellular heterogeneity 

underlying disease mechanisms. This technological advancement enables the application of cellular 

precision computational drug screening for AD, leveraging transcriptomic databases of drug 

perturbations40. Single-cell transcriptomes facilitate gene expression profiling at the individual cell level, 

capturing the dynamic molecular properties and actions distinguishing diseased cells from their healthy 

counterparts. Beyond assessing the molecular perturbations across thousands of genes, scRNA-seq also 

enables the identification of specific cell types and the origins of cellular heterogeneity, making it 

particularly suited for studying AD's complex cellular mechanisms31. 

In conjunction with disease-specific transcriptomic profiles, a computational drug repositioning pipeline, 

previously established in the Sirota lab, utilizes drug-induced expression profiles of thousands of existing 

drugs and small molecule compounds provided by the Connectivity Map (CMap) to uncover associations 

among genes, diseases, and potential drug candidates41. The drug repositioning algorithm is predicated on 

the hypothesis that drugs capable of reversing gene expression patterns in a manner opposite to that 

observed in the disease state may exhibit therapeutic efficacy. Essentially, the selected drug candidates are 

assumed to modulate the transcriptomic landscape of the diseased state, aligning it more closely with the 

gene expression profile observed in healthy control individuals. Another essential feature of the rationale 

behind the computational drug screen pipeline is the ability to leverage the multi-target effect of drugs to 

identify drug that has a network perturbing effect. A single drug might interact with multiple molecular 

targets within a tissue system, and lead to a network of gene expression changes. By mapping the 

pharmacological effects and mechanisms of action within a drug network, it is possible to rationally 

interpret and identify top-scoring drugs predicted to be effective for each cell type involved in the disease. 

This approach holds promise for developing effective disease-modifying treatments by combining drugs 

that target the heterogeneous cellular landscape of AD. 

https://www.zotero.org/google-docs/?uQpNDt
https://www.zotero.org/google-docs/?ZOcuio
https://www.zotero.org/google-docs/?Rh9xK6
https://www.zotero.org/google-docs/?wRjNNE
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The CMap represents the most comprehensive transcriptomic drug profile library currently available, 

predominantly encompassing FDA-approved or previously investigated compounds42. While CMap 

provides an extensive resource, its drug profiles were primarily generated in cancer cell lines, which may 

not accurately represent the transcriptomic landscape of brain tissues. Ideally, drug profiles derived from a 

wide array of compounds tested on different brain cell types would be more appropriate for AD research; 

however, such data are currently lacking. Given that most compounds in the CMap are existing drugs, the 

top predicted candidates are ideal for repositioning toward AD. 

Drug repositioning has gained interest in AD therapeutic research due to its accelerated process in drug 

development43 and the fact that it enabled the identification of successful therapies for many diseases 

including cancer44 and Parkinson's disease (PD)45. Several repurposing approaches have been explored for 

AD, including candidate selection based on drug-associated patient outcomes, known on or off-targets of 

existing drugs, as well as matching drug mechanisms to disease-associated transcriptomic signatures46. 

However, multiple attempts at drug repositioning for AD treatment targets single disease-specific molecular 

pathways or pathological hallmarks and leaving the multifactorial nature of AD unaddressed43. As we 

learned that AD likely involves cellular heterogeneous pathological features, computationally repurposed 

combination therapies targeting a network of disease-modifying molecular mechanisms implicated in 

different brain cell types might be more effective against AD. 

1.4 Leveraging Real-World Data to Repurpose Existing Drugs as Novel Alzheimer’s 

Disease Therapeutics 

The integration of real-world data into the drug discovery process offers the potential to significantly 

improve the success rate of developing effective therapies. Unlike traditional clinical trial data, which is 

often limited in scope and obtained under controlled conditions, real-world data is derived from a variety 

of sources, including electronic medical records (EMRs), and reflects the actual experiences of diverse 

https://www.zotero.org/google-docs/?F1knJ0
https://www.zotero.org/google-docs/?bpNVf6
https://www.zotero.org/google-docs/?ggI8jj
https://www.zotero.org/google-docs/?N61014
https://www.zotero.org/google-docs/?fLfVPJ
https://www.zotero.org/google-docs/?nCGNjy
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patient populations in everyday clinical settings9. This extensive dataset provides a more comprehensive 

understanding of how drugs perform across different populations, particularly those typically 

underrepresented in clinical trials. By capturing a broader range of patient demographics, comorbidities, 

and treatment patterns, real-world data can reveal new insights into drug efficacy, safety, and potential off-

target effects, thereby enhancing decision-making throughout the drug development pipeline. Moreover, 

real-world data allows for the identification of associations between drug usage and the disease of interest, 

facilitating the discovery of novel therapeutic targets and the repurposing of existing drugs. These insights 

can also support the design of more personalized treatment strategies, ultimately leading to more effective 

and tailored therapies. 

EMR offer a rich and valuable source of real-world data that can significantly aid in identifying candidate 

drugs for AD47. By analyzing the comprehensive clinical data within EMRs, researchers can uncover 

patterns of drug use and health outcomes in large populations, facilitating the identification of drugs that 

may have off-target effects beneficial for AD48. For instance, EMR data can reveal associations between 

certain medications and a lower incidence of AD or slower disease progression in patients who were 

originally prescribed these drugs for other conditions. This observational approach, known as drug 

repurposing, allows researchers to identify potential AD therapeutics from medications already approved 

for other indications, thereby reducing the time and cost associated with drug development. Additionally, 

EMRs provide longitudinal data, enabling the analysis of long-term effects of drug exposure on cognitive 

health, including the onset and progression of AD symptoms. By integrating EMR data with sex and 

genomic information, such as APOE genotype, researchers can further stratify patients to identify subgroups 

that respond differently to certain drugs, paving the way for more personalized therapeutic strategies. 

Moreover, advanced data mining techniques, such as machine learning algorithms, can be applied to EMR 

datasets to identify complex interactions between drugs, comorbidities, and patient demographics that 

might not be apparent through traditional analysis. Overall, the systematic analysis of EMR data offers a 

https://www.zotero.org/google-docs/?IMbqRc
https://www.zotero.org/google-docs/?SvmZbk
https://www.zotero.org/google-docs/?a9qNjz
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powerful tool for discovering and validating candidate drugs for AD, leveraging real-world evidence to 

drive more effective and targeted interventions. 

Mapping the transcriptomic landscape using large-scale single-cell datasets, combined with understanding 

the heterogeneity of AD through molecular and clinical data, represents a promising approach to 

establishing precision medicine for AD. Single-cell transcriptomics allows for the detailed characterization 

of gene expression profiles at the individual cell level, revealing the diversity of cellular states and the 

complex interactions among various cell types implicated in AD. By integrating this granular molecular 

data with comprehensive clinical information—such as patient demographics, disease progression, and 

genetic risk factors—researchers can identify specific subpopulations of patients who share similar 

molecular and clinical profiles. This approach enables the stratification of patients based on their unique 

disease mechanisms, facilitating the design of tailored therapeutic strategies that target the distinct 

biological pathways driving disease in each subgroup. Ultimately, this integration of single-cell 

transcriptomics and clinical heterogeneity offers a powerful framework for advancing precision medicine, 

providing more personalized and effective treatments for patients with AD. 
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CHAPTER 2: DATA-DRIVEN DISCOVERY OF CELL-TYPE-DIRECTED 

NETWORK-CORRECTING COMBINATION THERAPY FOR 

ALZHEIMER’S DISEASE 

2.1 Introduction 

Alzheimer’s disease (AD) is a neurodegenerative disorder with severe impacts on individuals, families, and 

society1, and yet without a cure. AD patients suffer progressive memory loss, behavior changes, and 

cognitive and motor deficits, leading to diminished quality of life50. Nearly 30 million elderly people 

currently live with AD worldwide, a number projected to triple by 205051,52. With global costs exceeding 

$1 trillion annually, AD is one of the costliest health conditions worldwide53. Urgent action is needed to 

develop effective and accessible treatments.  

Despite rigorous preclinical and clinical research efforts, AD drug development faces significant 

challenges, with a 98% of 413 AD clinical trials conducted in the last decade failed to produce a drug9. 

Current treatments are mostly limited to symptom-managing treatments6. Furthermore, recently approved 

immunotherapies have only modest effects on disease progression7. The lack of effective treatments stems 

from the pathological heterogeneity in AD. While AD’s most prominent disease hallmark is proteopathy, 

characterized by extracellular amyloid-β (Aβ) plaques and intracellular tau neurofibrillary tangles (NFTs), 

their interplay and exact mechanisms leading to disease remain unclear12. Genetic heterogeneity further 

complicates the disease, including risk mutations in the amyloid precursor protein (APP) and presenilin 

genes, and APOE4, a risk isoform of apolipoprotein E (APOE)17. Emerging evidence highlights the critical 

roles of different brain cell types, with neuroinflammation and inadequate neuronal support from 

malfunctioning glial cells contributing to AD progression10. Considering the multifactorial nature of AD, 

https://www.zotero.org/google-docs/?efPgpL
https://www.zotero.org/google-docs/?K3zFgI
https://www.zotero.org/google-docs/?pEdzhR
https://www.zotero.org/google-docs/?JAkJH2
https://www.zotero.org/google-docs/?mgHyLe
https://www.zotero.org/google-docs/?uuxPZm
https://www.zotero.org/google-docs/?Zpwf1x
https://www.zotero.org/google-docs/?VRFlTw
https://www.zotero.org/google-docs/?rarv9m
https://www.zotero.org/google-docs/?ltKH3u
https://www.zotero.org/google-docs/?pKKEyb
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traditional therapeutic approaches focusing on single disease hallmarks or bulk-tissue-level pathologies are 

often insufficient, leading to variable treatment outcomes. 

Given the unmet need for disease-modifying treatments, drug repurposing has gained interest due to its 

faster development, lower costs, and improved safety46. In addition, technical advancements in mining 

large-scale databases offer new opportunities for discovering promising candidates. These developments, 

combined with various drug screening approaches such as in vitro54 and in vivo assays55, gene signature 

matching40, network modeling56,  machine learning57, and data mining58, have identified numerous 

repurposed candidates for AD over the past decade. However, the extensive array of potential candidates 

complicates the establishment of priorities for clinical translation43.   

In this chapter, we propose repurposing a combination of two existing drugs, letrozole59 and irinotecan60, 

to reverse cell-type-specific gene expression alterations across multiple cell types implicated in AD. Our 

drug screening strategy is entirely driven by human data, utilizing large-scale omic datasets from post-

mortem brains37–39, a drug perturbation library generated in human cell lines42, and clinical records 

encompassing millions of individuals, thereby maximizing the chance of clinical translation. We validated 

our predicted drug candidates through dosing experiments in an AD mouse model61,62, showing that the 

combination therapy targeting both neurons and glial cells significantly ameliorated memory deficits and 

AD-related pathologies compared to vehicle treatment, and outperformed single-drug treatments targeting 

either neurons (letrozole) or glial cells (irinotecan) alone. The successful in vivo validation underscores the 

power of multi-cell-type network-correction therapies in effectively treating AD, highlighting the promise 

of our human data-driven, cell-specific drug discovery approach to develop innovative therapies for 

complex diseases. Furthermore, by targeting molecular signatures and clinical features derived from real-

world individuals, this study demonstrates the potential for AI-enabled precision medicine leveraging large-

scale multimodal personalized measurements. 

https://www.zotero.org/google-docs/?KGxKSJ
https://www.zotero.org/google-docs/?ILIHEc
https://www.zotero.org/google-docs/?9XMUKS
https://www.zotero.org/google-docs/?9luvLg
https://www.zotero.org/google-docs/?hPqTdm
https://www.zotero.org/google-docs/?ga7aAs
https://www.zotero.org/google-docs/?rONR1c
https://www.zotero.org/google-docs/?spg4dh
https://www.zotero.org/google-docs/?8ZkGOj
https://www.zotero.org/google-docs/?zgHuax
https://www.zotero.org/google-docs/?BnxYyz
https://www.zotero.org/google-docs/?Kqxr0J
https://www.zotero.org/google-docs/?KYmzUo
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2.2 Results 

We organized a comprehensive single nucleus RNA-sequencing (snRNA-seq) dataset by combining 

published data from three independent studies37–39(Figure 2.4.1), covering 37 AD patients (15 females and 

22 males) and 29 controls (13 females and 22 males). Samples from individuals who did not meet both 

CERAD63 and Braak64 criteria for AD or control were excluded from our dataset. The Uniform Manifold 

Approximation and Projection (UMAP) visualization reveals clustering predominantly by the datasets of 

origin rather than biological variations, such as cell types or disease status (Figure 2.4.1, Figure 2.4.7). 

After batch harmonization with the integration algorithm, technical artifacts between datasets were 

effectively removed (Figure 2.4.1), and distinct cell populations clustered by cell types (Figure 2.4.1) while 

no discrete separation was observed based on disease status (Figure 2.4.1). The integrated dataset consisted 

of expressions of 29,120 features in 137,065 cells.  

To systematically characterize cell-type-specific AD pathophysiological features, we conducted 

comprehensive analyses focusing on six disease-relevant cell types: excitatory neurons (ex.neu), inhibitory 

neurons (in.neu) microglia (mic), astrocytes (ast), oligodendrocytes (oli), and oligodendrocyte precursor 

cells (OPC). In AD patients, the proportion of inhibitory neurons significantly decreased compared to 

controls (Figure 2.4.1), as previously reported in human and mouse models of AD27,31,65. Cell-cell-

communication analysis revealed heterogeneous signaling patterns among neuronal subpopulations in AD 

compared to controls. Signaling to inhibitory neurons increased from all cell types except microglia, while 

signaling to excitatory neurons decreased from all cell types except oligodendrocytes (Figure 2.4.1).  

Cell-type-specific differential gene expression analysis between AD and control groups revealed significant 

variations in differentially expressed genes (DEGs) across cell types (Figure 2.4.1). Many DEGs were 

unique to specific cell types, while others were shared but displayed opposite regulatory patterns in AD 

(Figure 2.4.1). For example, the APOE gene was significantly upregulated in microglia but downregulated 

https://www.zotero.org/google-docs/?Dy1cxc
https://www.zotero.org/google-docs/?mUgRwl
https://www.zotero.org/google-docs/?krJBOd
https://www.zotero.org/google-docs/?0yWpoI
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in astrocytes and OPCs in AD samples. Additionally, gene set enrichment analysis showed that AD-

enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways and gene ontology (GO) terms 

exhibited extensive cell-type heterogeneity, with most pathways and terms unique to individual cell types 

(Figure 2.4.1, Figure 2.4.7). While pathways like chemical carcinogenesis - reactive oxygen species and 

prion disease were enriched in AD across all six cell types, unique pathways delineated them into two 

clusters. The neuronal-centric cluster included excitatory and inhibitory neurons, with oligodendrocytes 

sharing estrogen signaling with excitatory neurons and cAMP signaling with inhibitory neurons. The glial-

centric cluster was comprised of astrocytes, microglia, and OPCs, with astrocytes and OPCs sharing gap 

junction pathway enrichment, and microglia and OPCs enriched for oxidative phosphorylation. These 

findings suggest AD pathogenesis involves heterogeneous transcriptomic-driven molecular alterations 

manifested in discordant behaviors of multiple cell types. Effective treatment likely needs to correct 

malfunctions in multiple, if not all, cell types. 

After establishing cell-type-specific AD profiles from our integrated human dataset, we screened for 

network-correcting drug candidates targeting AD-specific transcriptomic changes across multiple cell 

types. We queried each cell-type-specific AD transcriptomic profile against the Connectivity Map (CMap) 

drug expression database42 using a computational pipeline that matches gene expression profiles of diseases 

and existing drugs (Figure 2.4.2). Most AD signatures overlapped with drug profile features, which were 

then used as inputs in the pattern-matching algorithm (Figure 2.4.2). With a false discovery rate (FDR) < 

0.05, we predicted 35 hits for excitatory neurons, 12 hits for inhibitory neurons, 8 hits for microglia, 33 hits 

for astrocytes, 4 hits for oligodendrocytes, and 8 hits for OPCs. Several drug hits overlapped across cell 

types, forming linkages in a network visualization of drug interactions with cell types (Figure 2.4.2).  

Notably, 25 repurposed drugs significantly reversed cell-type-specific AD profiles in multiple cell types 

(Figure 2.4.2), indicating a multi-targeted potential with these drugs. These multi-cell-type drug candidates 

span various therapeutic classes, including cardiac glycosides (digitoxigenin, digoxigenin, helveticoside), 

https://www.zotero.org/google-docs/?lccn8t
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chemotherapeutic agents (methotrexate, irinotecan, etoposide, mitoxantrone), aromatase inhibitors 

(letrozole), histone deacetylase inhibitors (trichostatinA, vorinostat, scriptaid), 

immunosuppressants/mTOR inhibitors (sirolimus),  anti-inflammatory/anti-tumor agents (15-delta 

prostaglandin J2), nonsteroidal anti-inflammatory drugs (fenbufen), antifungal agents (ciclopirox), 

antibiotic (monensin, ionomycin), antiepileptics (valproic acid), antipsychotics (haloperidol), and several 

experimental compounds with undefined pharmacological classifications (LY-294002, CP-320650-01, CP-

690334-01, syrosingopine, hycanthone, 5155877)66.  

We aimed to validate the effects of the repurposed drug candidates in humans using real-world data. An 

advantage of existing pharmaceutical agents is their potential for population-based analyses using real-

world patient data to investigate associations between drug use and AD outcomes. We identified 25,257 

individuals diagnosed with AD in the University of California (UC)-wide Electronic Medical Records 

(EMR) database among 1.4 million individuals aged 65 or older, constituting a substantial clinical database 

for analysis. 

Focusing on the 25 multi-cell-type candidate drugs, we found usage records for 10 of these drugs, as only 

a subset of the drugs from CMap is FDA-approved or prescribed (Figure 2.4.2, Table 2.5.3). Of these ten 

drugs, five (letrozole, irinotecan, methotrexate, ciclopirox, and sirolimus) were associated with a 

significantly reduced risk of AD compared to matched controls, suggesting potential protective effects of 

them against AD. Although three drugs (etoposide, trifluoperazine, and vorinostat) showed reduced risk, 

statistical significance was not achieved due to insufficient patient representations. Lastly, two drugs 

(valproic acid and haloperidol), both used for neurological conditions, showed higher relative risk scores. 

We hypothesized that combination therapy targeting both neuronal and glial transcriptomic profiles might 

more effectively alleviate AD pathologies. Among five drug candidates showing significant AD risk 

reduction in UC-wide EMR, we prioritized letrozole for its predicted reversal effects in excitatory and 

inhibitory neurons, and irinotecan for its effects on the glial-centric cluster, including astrocytes, microglia, 

https://www.zotero.org/google-docs/?sD8HvF
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and OPCs (Figure 2.4.2). Therefore, a combination of letrozole and irinotecan potentially targets five cell 

types in AD.  

When visualizing AD and drug profiles side by side, genes upregulated in AD neurons shifted downward, 

while downregulated genes shifted upward in letrozole-treated profiles. Irinotecan-treated profiles showed 

similar shifts across glial cells (Figure 2.4.2). Letrozole, an aromatase inhibitor primarily prescribed for 

breast cancer treatment and occasionally for male infertility59,67, had a relative risk ratio of 0.466 for AD in 

UC-wide EMR. It demonstrated reversal scores of -0.37 and -0.61 for excitatory and inhibitory neurons, 

respectively. Despite a female-skewed cohort (33 females to 1 male), the risk reduction ratios were 

comparable for both sexes when analyzed individually (Table 2.5.4). Irinotecan, a DNA topoisomerase I 

inhibitor used for colorectal cancer treatment60, showed a relative risk ratio of 0.195 for AD. It demonstrated 

AD reversal capabilities across all three cell types of the glial-centric clusters, with reversal scores of -0.29, 

-0.31, and -0.45 for astrocytes, microglia, and OPCs, respectively. 

To experimentally test the efficacy of the combination therapy with letrozole and irinotecan, we conducted 

dosing experiments in an AD mouse model expressing mutant human APP/PS1 and tau (5xFAD62 x 

PS1961), which recapitulates many AD-related phenotypes including amyloid plaque formation, tau tangles, 

and gliosis, with an early and aggressive pathology onset68,69 (Figure 2.4.3). A sex-balanced double 

transgenic cohort was evenly divided into four groups (n=20, including both sexes) and each treated with 

either vehicle, letrozole, irinotecan, or the combination of both drugs every other day for three months. 

Spatial learning and memory performance were evaluated using the Morris Water Maze (MWM) test70. 

While no significant difference was observed in learning trials across 6 days between each treatment and 

vehicle group (Figure 2.4.3), the memory test in probe trials revealed that only the combination-treatment 

group exhibited a statistically significant preference for the target quadrant at both 24 and 72 hours post-

learning trials (Figure 2.4.3), suggesting rescue of both short-term and long-term memory deficits by the 

combination treatment. Furthermore, only the combination-treatment group demonstrated significantly 

https://www.zotero.org/google-docs/?zpivrz
https://www.zotero.org/google-docs/?xUKQVX
https://www.zotero.org/google-docs/?BtjD3O
https://www.zotero.org/google-docs/?mDaovB
https://www.zotero.org/google-docs/?ptlP0V
https://www.zotero.org/google-docs/?82y4EN
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better location recall by making more frequent crossings of the platform location at both time points after 

platform removal (Figure 2.4.3). Mice in the combination-treatment group also significantly outperformed 

the vehicle mice in latency to the first platform crossing during the 72-hour probe trial (Figure 2.4.8). 

Average swim speeds were similar across all groups, indicating that the observed behavioral differences 

were not confounded by physical performance or motor function (Figure 2.4.8).  

Additionally, sex differences were observed in the dosing experiment, with significantly improved learning 

performance only observed in combination-treated males compared to vehicle-treated males, and not in 

females (Figure 2.4.8). Memory rescue by the single drug treatments was also evident in males at 24 and 

72 hours of the probe trials but not in females (Figure 2.4.8). Taken together, AD-related behavior 

assessments validated the efficacy of the combination therapy with letrozole and irinotecan, especially in 

males, in an AD mouse model with both amyloid and tau pathologies, and single-drug treatments alone had 

much less efficiency. 

To determine whether the single or combination drug treatments can also rescue AD-related pathologies, 

we morphologically assessed the cohort at 9 months of age (4 months post-treatment). According to 

previous literature, this AD mouse model develops extensive neurodegeneration, Aβ deposits, 

hyperphosphorylated tau (p-tau), gliosis, and severe loss of CA1 neurons in the hippocampus at this age68,69. 

We first evaluated neurodegeneration in the hippocampal region, as atrophy in this region is a hallmark of 

AD progression. Analyses of hippocampal volume showed rescue of atrophy in all treatment groups, with 

the most significant improvement in the combination-treatment group compared to the control group 

(Figure 2.4.4). Thioflavin S (Thio-S) staining for β-amyloid pathology revealed significant reductions in 

all treatment groups compared to vehicle-treated controls, measured by the Thio-S-positive percent area 

and plaque counts normalized by hippocampal size (Figure 2.4.4). P-tau pathology was assessed by 

immunofluorescent staining using the p-tau-specific AT8 antibody. While all treatment groups showed a 

https://www.zotero.org/google-docs/?rXuWMk
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trend of reduced p-tau pathology compared to vehicle-treated controls, only the combination-treatment 

group had a statistically significant reduction in the p-tau coverage area of the hippocampus (Figure 2.4.4).  

Given the cell-type-precision therapeutic design, we investigated the effects of each treatment on gliosis 

and neuronal loss through immunostaining of specific cell types. As major contributors to 

neuroinflammation, microgliosis and astrogliosis were evaluated by quantifying the coverage area of cell 

type-specific markers Iba1 and GFAP, respectively. Mice in irinotecan and combination-treatment groups 

showed a significant reduction in the Iba1-positive percent area in the hippocampus, indicating alleviation 

of microgliosis (Figure 2.4.4). Astrogliosis reduction was moderate, with significant reduction observed 

only in the irinotecan-treated group (Figure 2.4.4).  

Neuronal loss was assessed by measuring neuronal layer thickness via NeuN staining in the CA1 region of 

the hippocampus. Significant rescue of neuronal loss was evident in the CA1 region (Figure 2.4.4). The 

most significant rescues were observed in letrozole and combination-treatment groups. Interestingly, 

irinotecan-treated mice also showed moderate rescue in neuronal loss, likely attributable to the alleviation 

of gliosis that may help prevent neuronal loss.  

To investigate the cell-type-specific transcriptomic changes in response to the combination treatment, 

snRNA-seq was performed on dissected hippocampi obtained from mice on combination treatment of  

letrozole and irinotecan (L+I) or vehicle treatment (n=8 per group, including both sexes). After standard 

processing and quality control, we obtained a filtered dataset containing 25,642 gene features expressed 

across 237,853 nuclei for further analysis. Through graph-based clustering and visualization using UMAP, 

we identified 31 distinct cell clusters, including clusters assigned to the six major cell types (Figure 2.4.5). 

Additionally, we found that the L+I treatment reduced the excessive communication between inhibitory 

neurons and other cell types (Figure 2.4.5), evident in AD (see Figure 2.4.1). 
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To account for the granularity and selective vulnerabilities among neuronal subtypes, we subdivided the 

excitatory and inhibitory neurons into CA1 pyramidal cells, CA3 pyramidal cells, dentate granule cells 

(DGC), subiculum neurons, and interneurons based on expressions of hippocampal subregion marker genes. 

Notably, in the UMAP plot split by treatment groups, there is a discernible higher density of cells observed 

in the L+I-treated group compared to the vehicle-treated group within the pyramidal neuron clusters of the 

CA1 and CA3 regions (Figure 2.4.5). This was quantified via cell type abundance analysis, revealing that 

the proportions of CA1 and CA3 pyramidal neurons in L+I-treated mice were significantly higher than in 

vehicle-treated mice (Figure 2.4.5), consistent with our findings from pathological analysis.  

Differential gene expression analysis comparing L+I and vehicle treatments revealed varying counts and 

compositions of DEGs (abs(logFC) > 0.1, padj < 0.05) across cell types, with the fewest DEGs observed in 

oligodendrocytes, suggesting they were least affected (Figure 2.4.5). Gene set enrichment analysis of cell-

type-specific DEGs revealed enrichments in disease-relevant functional pathways (Figure 2.4.5). Notably, 

the treatment enriched pathways related to nervous system development and synaptic activities in neurons. 

For example, in excitatory neurons, the dendrite morphogenesis pathway was enriched, while the 

axonogenesis pathway was enriched in inhibitory neurons. In glial cells, oligodendrocyte differentiation 

pathway was enriched in OPCs, and actin filament-based movement and synapse assembly pathways in 

oligodendrocytes. Essential microglial functions like pathways of response to oxidative stress and 

histamine, regulation of neuron death and synaptic plasticity, and neuron projection development were 

enriched, as were neuron development and regulation of synaptic activity pathways in astrocytes. KEGG 

pathway analysis revealed that L+I-treatment perturbed pathways associated with AD, such as long-term 

potentiation, circadian entrainment, cAMP signaling, and calcium signaling (Figure 2.4.5), suggesting that 

the combination treatment promotes neuroprotective functional pathways in a cell-type-specific manner. 

Lastly, we explored drug treatment-reversed transcriptomic signatures of AD to elucidate potential 

molecular and cellular mechanisms underlying the observed benefits of the L+I treatment. We mapped 
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human AD signatures to homologous mouse genes. With an absolute log fold change cutoff of 0.01, the 

L+I treatment reversed the expression patterns of AD signatures in multiple cell types: 56 (27%) in 

excitatory neurons, 36 (29%) in inhibitory neurons, 90 (27%) in astrocytes, 52 (20%) in microglia, 37 (15%) 

in oligodendrocytes, and 64 (34%) in OPCs (Figure 2.6). With a p-adj-value < 0.05 cutoff, 49 and 27 AD 

signatures were significantly reversed by L+I treatment in excitatory and inhibitory neurons, respectively, 

with 13 shared between them (Figure 2.6). In glial cells, fewer reversed gene expressions reached statistical 

significance: 13 in astrocytes, 6 in microglia, 11 in oligodendrocytes, and 19 in OPCs. However, they 

unveiled intriguing patterns. For instance, APOE, identified as a DEG in the human integrated analysis, 

was upregulated in microglia and downregulated in astrocytes and OPCs. The expression patterns of Apoe 

in the tested AD mouse model were reversed by L+I treatment across all three cell types (Figure 2.4.6), 

although statistical significance was only achieved in astrocytes and OPCs, possibly due to the presence of 

a small but diverse microglia population in the sequenced cohort.  

We then conducted gene set enrichment analysis on significantly reversed genes to identify potential 

mechanistic targets. Combining reversed genes in excitatory and inhibitory neurons revealed associations 

with the estrogen signaling pathway among others (Figure 2.4.6). Reversed genes involved in this pathway 

also regulate protein kinase and phosphatase activity, along with tau kinase activity specifically, which 

could be directly relevant to AD. Furthermore, certain reversed genes are associated with synaptic activities 

and neuron projections, potentially contributing to the rescue of neurodegeneration noted in the pathological 

analysis. In astrocytes, reversed genes are associated with the regulation of long-term synaptic potentiation, 

chemical synaptic transmission, and cholesterol metabolism (Figure 2.4.6). In microglia, reversed genes 

are associated with pathways regulating synapses and cell growth (Figure 2.4.6). Additionally, we 

combined reversed genes from oligodendrocytes and OPCs, revealing associations with pathways related 

to cell growth regulation, response to reactive oxygen species, and neuron projection regulation (Figure 

2.4.6). These findings provide a transcriptomic foundation, supporting the network correction concept that 
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L+I combination treatment rescues AD-related behavioral and pathological deficits by rectifying complex 

dysregulated gene networks across multiple disease-relevant cell types. 

2.3 Methods 

Human Single Nuclei RNA-Sequencing (snRNA-Seq) Data Curation 

To ensure a diverse representation of AD patients, we curated publicly available human snRNA-seq datasets 

from three independent sources. Both Mathys et al. and Zhou et al. studies were obtained from the 

Accelerating Medicines Partnership Alzheimer’s Disease Project (AMP-AD) Knowledge Portal 

(https://adknowledgeportal.org) under the Religious Order Study and Memory and Aging Project 

(ROSMAP). The Mathys et al. dataset is accessible through https://doi.org/10.7303/syn2580853. The Zhou 

et al. dataset is available under the study snRNAseqAD_TREM2 and is also accessible through 

https://doi.org/10.7303/syn21125841. Only individuals without TREM2 mutations were included in our 

integrated dataset. The third dataset by Lau et al. was obtained from Gene Expression Omnibus (GEO) 

under the accession number GSE157827.  

Case-Control Standardization across Datasets 

To standardize AD identification across studies, samples were re-classified into AD or control groups based 

on tau tangles severity with Braak clinical staging64 scores and Aβ burden using Consortium to Establish a 

Registry for Alzheimer’s Disease (CERAD) scores63 as a proxy. Braak staging ranges from I to VI to 

represent low to high levels of tau deposition. The CERAD scoring ranges from 1 to 4 to indicate high to 

low Aβ burden severity. Based on the available metadata from the original studies, we defined AD cases as 

individuals with severe tau deposition (Braak ≥ IV) and high Aβ load (CERAD ≤ 2), and non-AD controls 

as individuals with low tau (Braak ≤ III) and low Aβ load (CERAD ≥ 3).  Individuals with scores that did 

not fulfill both criteria were excluded. Our final integrated dataset consisted of 37 AD cases and 29 controls. 

https://adknowledgeportal.org/
https://adknowledgeportal.synapse.org/Explore/Studies?Study=syn21670836
https://doi.org/10.7303/syn21125841
https://www.zotero.org/google-docs/?OJNL0O
https://www.zotero.org/google-docs/?tQtZ4u
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Human snRNA-Seq Dataset Integration, Normalization, and Batch Correction 

Before merging the datasets, cells deemed as poor quality were removed with the following criteria: total 

feature count less than 500, total features less than 250, or mitochondrial gene ratio higher than 10%. Sparse 

features, expressed in fewer than 10 cells, were also removed. Simply merging datasets based on principle 

component analysis (PCA) reveals apparent study-associated variations. To perform batch harmonization 

while maximizing the conservation of disease-relevant biological variance, we performed canonical 

correlation analysis (CCA)71 using the Seurat package v4.0.4 to harmonize the merged dataset. We applied 

the default settings to first log-normalize the merged dataset with Seurat’s NormalizeData function. Then, 

for each dataset independently, the top 2000 variable features were identified using the 

FindVariableFeatures function with "vst" as the selection method. Integration anchors were identified with 

the FindIntegrationAnchors function based on the top variable features. Finally, a harmonized dataset 

consisting of 137,065 cells and 29,120 features was generated using the IntegrateData function in Seurat. 

The data matrix was linearly transformed using Seurat’s ScaleData function. Dimensionality reduction 

through Uniform Manifold Approximation and Projection (UMAP) was performed with the RunUMAP 

function, which considers the top 30 dimensions selected from the corresponding principal component 

analysis (PCA) obtained by running the RunPCA function in Seurat. Clustering was determined based on 

the first 30 PCs using the FindNeighbors function in Seurat, which embeds cells in a K-nearest neighbor 

graph based on Euclidean distance in PCA space and refines the edge weights between any two cells based 

on the shared overlap in their local neighborhoods. Clustering was implemented using a resolution of 0.5 

in the FindClusters function, which applies modularity optimization techniques such as the Louvain 

algorithm, resulting in a set of 21 distinct clusters.  

Human Cell Type Annotation 

Cell type identities were determined by applying Seurat’s AddModuleScore function to lists of known 

human brain marker genes ( ~ 8 per cell type) collected from PanglaoDB and referenced by Jiang et al. Cell 

https://www.zotero.org/google-docs/?w8yqZS
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type assignment included astrocytes, microglia, oligodendrocytes, oligodendrocyte precursor cells, 

endothelial cells, pericytes, and excitatory and inhibitory neurons. Each cell was assigned the corresponding 

cell type identity that generated the highest scores among scores for all cell types. If the highest and second 

highest scores of a cell were within 20% of the highest score, then the cells were deemed hybrids and 

excluded from further analysis. We assessed the validity of the assigned cell type identities by examining 

the homogeneity, distribution, and separation of cell types by clusterings in UMAP plots.  

Cell-Cell Communication Analysis 

Cell-cell communication (CCC) was calculated using the CellChat method72. Briefly, CellChat utilizes 

ligand, receptor, and cofactor expression from transcriptomic data to calculate a CCC probability. First, 

based on a CellChat-curated database of ligand-receptor interactions, differentially expressed signaling 

genes are used to calculate the ensemble average expression of signaling genes.  Communication probability 

is modeled using the law of mass action, and statistically significant communications are identified using a 

permutation test. We then evaluated the interaction across cell types (excitatory neurons, inhibitory neurons, 

oligodendrocytes, oligodendrocyte precursor cells, and astrocytes). For the mouse vehicle-treatment 

comparison, and the human control-AD comparison, the netVisual_diffInteraction was used to calculate the 

net differential interaction strength between each of the two groups.  

Cell-Type-Specific Differential Expression Analysis 

For each cell type, we performed differential gene expression analysis comparing AD samples to controls 

using the FindMarkers function in the Seurat package. We set the test.use a parameter to MAST, which 

uses a two-part generalized linear model that models gene expression rate using linear regression and 

expression level using Gaussian distribution, as recommended by Mou et al73. in a study comparing 9 DE 

methods for single-cell RNA sequencing analysis. We determined differentially expressed genes(DEGs) as 

those with adjusted p-value < 0.05 based on Bonferroni correction using all genes in the dataset and a log2 

fold change (LFC) greater than 0.1. 

https://www.zotero.org/google-docs/?7cFj29
https://www.zotero.org/google-docs/?8jBwCH
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Pathway Analysis 

Pathway enrichment analysis was conducted using g:Profiler, a web tool that performs functional over-

representation analysis by mapping a given gene list to known functional information sources and detects 

statistically significant enriched terms. As input gene lists, we split each cell-type-specific DEG list into 

upregulated and downregulated subsets and queried them independently with an adjusted p-value cutoff of 

0.05 to obtain significant pathway enrichment in both directions. Multiple testing correction was performed 

using the g:SCS algorithm, which is specifically correct for p-values obtained from GO and pathway 

enrichment analysis. This method is designed to correct for multiple tests that may be potentially dependent 

on each other due to term associations. In addition to considering Gene Ontology cellular components, 

biological processes, and molecular functions as supplementary data, we focused our analysis on the Kyoto 

Encyclopedia of Genes and Genomes (KEGG) functional pathways. 

Computational Drug Repurposing Analysis 

The computational drug repurposing algorithm, which was developed by Sirota et al. and Dudley et al., and 

taken from Chen et al., was applied to each disease gene signature profile using the publicly available 

Connectivity Map (CMap) database, consisting of treatment profiles of more than 1300 FDA-approved 

drugs or previously investigated compounds. The drug repurposing algorithm we employed takes two 

inputs: 1) an ordered list of up and down-regulated genes from individuals with disease as compared to 

controls and 2) the data from CMap, consisting of rank FC of each gene after drug treatment relative to 

vehicle controls on the same plate. The pipeline assesses the disease-drug relationship using CMap scores 

derived from a Kolmogorov-Smirnov test (K-S test), comparing gene expression ranks in disease and by a 

drug. The pipeline was adapted for single-cell analysis, where each cell-type-specific DEG signature set 

was overlaid with 6100 drug profiles on the 1300 drugs provided by the CMap. A drug with a strong 

negative CMap score indicates an opposing mechanistic relationship with the disease, suggesting 

therapeutic potential by reversing the regulation direction of disease signatures. The absolute values of 
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CMap scores reflect the degrees to which the drug “flips” the signature of the disease. To address variations 

in input counts across cell types, significantly reversed drug profiles were identified for each cell type 

separately using a permutation-based approach. The false discovery rate (FDR; Benjamini-Hochberg) was 

calculated to adjust P-values. P-values for individual drug hits were determined by comparing reversal 

scores to a distribution of random scores that were generated by the permutation strategy. Negative reversal 

scores were deemed significant if they met the criterion of FDR < 0.05. For drugs tested multiple times in 

different cell lines, the profile with the lowest negative reversal score was used.  

Validation in Real-World Human Electronic Medical Records (EMR) 

While our drug screening approach generated a total of 86 drug candidates targeting six major brain cell 

types, we prioritized 25 drugs that significantly reverse more than one brain cell type. This allows 

maximizing coverage of multiple disease-relevant cell types by combining just two drugs. The beneficial 

effects of the top drug hits were examined by analyzing AD prevalence (% AD diagnosis) in drug-exposed 

individuals and compared to propensity-matched controls, via UC-wide EMR. AD diagnosis was defined 

with ICD10 codes G30.0, G30.1, G30.8, and G30.9. At the time of surveying, the UC-wide EMR 

aggregated clinical data covering 1,441,778 individuals across six University of California (UC) campuses, 

encompassing more than 10 million patient records including diagnosis and medication prescriptions. For 

each screened drug candidate, patients prescribed or taken the drug will be identified using the medication 

order table and string-matching for drug names. Only individuals above the age of 65 were considered in 

the study. 

The matched controls were identified using a propensity score matching approach based on age, age at 

death (if applicable), race, ethnicity, sex, original indications (for example, breast cancer was used for 

Letrozole and colorectal cancer was used for Irinotecan), AD comorbidity (such as hypertension and 

edema), and UC center locations (including UC San Francisco, UC Davis, UC Los Angeles, UC Irvine, UC 

San Diego, and UC Riverside). We measured the relative risk score for AD diagnosis (not including patients 
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with only a diagnosis of Mild Cognitive Impairment) in the drug-exposed group and compared it to the 

matched control groups by calculating the ratios of AD to total patients in each group. Bootstrapped χ-

squared tests across 10 permutations of the iterative matching of the control group were applied to establish 

significance. Drugs with a significantly reduced risk of AD were included in Fig 2.2e. Other drugs found 

in the UC-wide EMR but did not yield significance or reduced risk were reported in Table 2.3. Different 

original indications were used for matching each drug, and the ICD10 codes were listed in Table 2.3. 

Drug Selection Rationale for Validation in AD Mouse Model 

Our integrated human single-cell transcriptomic analysis revealed two distinct pathological clusters among 

the six cell types analyzed. Additionally, we observed that AD inhibitory neurons exhibited the most 

pronounced disparity between AD cases and controls, underscoring its significance in AD pathology. These 

discoveries informed our prioritization of drug candidates targeting these specific clusters and 

accommodating inhibitory neurons for treating AD. Among a selection of five promising drug candidates 

that demonstrated a significant reduction in AD risk in humans, we prioritized letrozole and irinotecan, 

since letrozole targets the neuronal pathological cluster while irinotecan targets the glial pathological 

cluster. We hypothesize that the combination of letrozole and irinotecan holds synergistic therapeutic 

effects, with each pathological cell type cluster addressed by one EMR-validated drug candidate. 

Consequently, we examined AD outcomes in patients receiving both drugs under their original disease 

indications in the UC-wide EMR. Unfortunately, fewer than 100 patients were ever prescribed both 

medications, rendering statistical analysis inconclusive. To explore the synergistic effects of this 

combination in the context of AD, we turned to direct experimentations in animal models. 

Mouse Cohort Generation 

The 5xFAD (6SJL) Tg mice (The Jackson Laboratory, ME, USA), overexpress both mutant human amyloid 

beta (A4) precursor protein 695 (APP) with the Swedish (KM670/671NL), Florida (I716V), and London 

(V717I) Familial Alzheimer’s Disease (FAD) mutation and human PS1 harboring two FAD mutations, 
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M146L and L286V. These mice were crossed with the widely used tauopathy model, PS19 transgenic mice 

expressing P301S mutation and including four microtubule-binding domains and one N-terminal insert. A 

large cohort of the cross, including both sexes, was genotyped, and the litter mates carrying transgenes from 

both lines were subsequently used for the dosing experiment. Wild-type littermates were kept in the same 

cages until the behavior test to avoid single-housing of mice.  

Drug Treatments 

A solution of either letrozole (1 mg/kg) or irinotecan (10 mg/kg) alone, or of the two combined was prepared 

weekly in 0.9% sterile saline containing 10% Tween-20 to obtain the final concentrations. Treatment 

dosages were determined with reduced concentrations of tolerable dosage used by previous cancer studies 

in mice. All treatments were sonicated for 30 minutes before injections to ensure proper mixing of the drugs 

into the solution. The treatments were given by i.p. injection every other day to the 5xFAD x PS19 double 

transgenic cohort, evenly split into four groups and sex-balanced, starting 12 weeks before and continuing 

throughout the behavioral assessment. Mice were aged 4-5 months old before the start of the treatment and 

the treatments lasted about 4 months until sacrificed. Body weight was measured weekly during drug 

treatment; injection volume was calculated based on body weight. Control mice were injected with a 

matched volume of vehicle, 10% Tween in 0.9% sterile saline at pH 8.5. Injections were well tolerated and 

had no adverse effects on health. 

Behavioral Tests 

Mice were housed with littermate controls. Each mouse was assigned a random number, so researchers 

were blinded to genotype and treatment information. Due to the capacity of the test, male and female mice 

were tested in separate rooms with similar settings and test duration. 

The MWM pool (diameter, 122 cm) contained opaque water (22–23°C) with a platform 10 cm in diameter. 

Mice were trained to locate the platform during three days of “cued” trials, in which the location of the 
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submerged platform is indicated by a black-and-white-striped mast (15 cm high). During these three days, 

mice received two daily sessions of training, each consisting of two 60s trials with a 15-minute inter-trial 

interval. Following cued learning, mice were trained for 5 days to locate the hidden platform without the 

mast. These 5 days also consisted of two training sessions, each consisting of two 60s trials with a 15-

minute inter-trial interval. Entry points were changed semi-randomly between trials, but distal visual cues 

on the walls of the behavioral testing room remained constant throughout the test. To test for memory 

retention, at 24 and 120 hours after the last hidden platform training, a 60-s probe trial (platform removed) 

was done. The entry point for the probe trial was in the southwest quadrant, and the target quadrant was the 

northeast quadrant. Finally, as a control for visual acuity and motor ability, mice were tested with 60s 

“visible” trials with a visible platform. The platform location remained constant in the hidden platform 

sessions but was changed for each visible platform session. Performance was monitored with an EthoVision 

video-tracking system (Noldus Information Technology). For the probe trials, we analyzed (1) target 

quadrant preference- the percent time spent in the target quadrant versus average time spent in the three 

other quadrants, (2) platform crossing- the number of crossings over the position of the target platform 

versus the average number of crossings over the equivalent positions in the three other quadrants as well as 

(3) escape latency- a memory probe measuring how fast mice arrive at the platform location the first time 

after placement in the maze.  An ANOVA was used to analyze the effect of treatment, genotype, and probe 

timing on percent on-target crosses. 

Histopathological Analyses 

One hemibrain per mouse was drop-fixed in 4% paraformaldehyde prepared in 1xPBS, washed for 24 hours 

in 1xPBS, then cryoprotected in 30% sucrose for 48 hours at 4°C. The fixed hemispheres were cut into 30 

μm thick coronal slices using a freeze-sliding microtome (Leica). These sections were then stored in a 

cryoprotectant solution of 30% ethylene glycol, 30% glycerol, and 40% 1xPBS at −20 °C.  
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Hippocampal brain sections (ten sections per mouse spaced approximately 300 μm apart, 30-μm thick) were 

mounted onto microscope slides from Fisher Scientific. A 0.1% Sudan Black solution was prepared by 

dissolving Sudan Black powder (Sigma) in 70% ethanol (KOPTEC) and mixing it with a magnetic stirrer. 

After centrifuging the solution at 1,100g for 10 minutes, the supernatant was filtered using a 0.2-μm filter 

syringe (Thermo Scientific). The brain sections were stained with the 0.1% Sudan Black solution for 10 

minutes, then washed in 70% ethanol followed by Milli-Q water. The sections were then coverslipped with 

ProLong Gold mounting medium (Invitrogen). All sections were imaged; eight consecutive brain sections 

with consistent anatomic locations across mice were quantified. 

For Thio-S staining, several brain sections spaced 300 μm apart were mounted onto slides, following a 

protocol adapted from a previous study. The sections were washed with 1× PBS-T and then incubated in a 

solution of 0.06% Thio-S in PBS for 8 minutes. After this incubation, the sections were washed for 1 minute 

in 80% ethanol and then for 5 minutes in PBS-T. The sections were counterstained with DAPI for 8 minutes, 

washed again with PBS-T, and coverslipped. Three sections per mouse were quantified and averaged for 

percent Thio-S positive area and number of plaque counts (normalized by hippocampal area size per 

section).  

For immunofluorescent staining, several brain sections spaced approximately 300 μm apart, were washed 

three times with 1× PBS-T (PBS + 0.1% Tween-20) (Millipore Sigma) and then incubated for 5 minutes in 

boiling antigen retrieval buffer (Tris buffer, pH 7.6; TEKNOVA). After this, the sections were rinsed in 

PBS-T before being placed in a blocking solution composed of 5% normal donkey serum (Jackson Labs) 

and 0.2% Triton-X (Millipore Sigma) in 1× PBS for 1 hour at room temperature. Next, the sections were 

washed again in PBS-T and incubated in Mouse-on-Mouse (MOM) Blocking Buffer (one drop MOM IgG 

in 4 ml PBS-T) (Vector Labs) for another hour at room temperature. Following the MOM block, the sections 

were incubated overnight at 4°C in primary antibodies diluted to their optimal concentrations. The 

antibodies and their dilutions included: anti-AT8 (ms, 1:300, Invitrogen), anti-GFAP (ms, 1:500, Millipore 
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Sigma), anti-Iba1 (rbt, 1:300, Wako), anti-NeuN (GP, 1:500, Millipore Sigma). Three sections per mouse 

were quantified and averaged for a positive percent area. 

After the primary antibody incubation, the sections were washed in PBS-T and then incubated for 1 hour at 

room temperature in secondary antibodies. This included donkey anti-mouse 488 (1:1,000, Abcam), donkey 

anti-rabbit 594 (1:1,000, Abcam), donkey anti-guinea pig 594 (1:1,000, Jackson Immuno), and donkey anti-

guinea pig 647 (1:1,000, Jackson Immuno). Subsequently, the sections were washed in PBS-T and 

incubated in DAPI (1:30,000 dilution in PBS-T) (Thermo Fisher) for 8 minutes at room temperature. After 

a final wash with PBS-T, the sections were mounted onto microscope slides (Fisher Scientific), 

coverslipped with ProLong Gold mounting medium (Vector Laboratories), and sealed with clear nail polish.  

Images for quantifications were captured using a scanning microscope (Keyence) at magnifications of ×10 

or ×20, depending on the stain. To minimize batch-to-batch variation, all samples for each stain were 

processed simultaneously and imaged at the same fluorescent intensity. For quantifying the percent 

coverage area, an optimal threshold was established for each stain in ImageJ, and all samples were 

quantified using this threshold. To prevent bias, researchers were blinded to the sample identities. 

Representative images were captured using an Aperio VERSA slide scanning microscope (Leica) at ×20 

magnification. 

snRNA-Seq Library Preparation and Sequencing 

The other hemibrains were dissected by brain subregions, rapidly frozen on dry ice, and kept at −80 °C. 

Hippocampal samples were used for single-nuclei preparation. One frozen mouse hippocampus was placed 

into a pre-chilled 2 mL Dounce with 1 mL of cold 1X Homogenization Buffer (1X HB) (250 mM Sucrose, 

25 mM KCL, 5 mM MgCl2, 20 mM Tricine-KOH pH7.8, 1 mM DTT, 0.5 mM Sermidine, 0.15 mM 

Sermine, 0.3% NP40, 0.2 units/µL RNase inhibitor, ~0.07 tabs/ml cOmplete Protease inhibitor). Dounce 

with “A” loose pestle (~10 strokes) and then with “B” tight pestle (~10 strokes). The homogenate was 
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filtered using a 70 µM Flowmi strainer (Bel-Art) and transferred to a pre-chilled 2 mL LoBind tube (Fischer 

Scientific). Nuclei were pelleted by spinning for 5 min at 4°C at 350 RCF. The supernatant was removed 

and the nuclei were resuspended in 400 µL 1X HB. Next, 400 µL of 50% Iodixanol solution was added to 

the nuclei and then slowly layered with 600 µL of 30% Iodixanol solution under the 25% mixture, then 

layered with 600 µL of 40% Iodixanol solution under the 30% mixture. The nuclei were then spun for 20 

min at 4°C at 3,000RCF in a pre-chilled swinging bucket centrifuge. 200 µL of the nuclei band at the 30%-

40% interface was collected and transferred to a fresh tube. Then, 800 µL of 2.5% BSA in PBS plus 0.2 

units/µL of RNase inhibitor was added to the nuclei and then were spun for 10 min at 500 RCF at 4C. The 

nuclei were resuspended with 2% BSA in PBS plus 0.2 units/µL RNase inhibitor to reach at least 500 

nuclei/µL. The nuclei were then filtered with a 40 µM Flowmi cell strainer. The nuclei were counted and 

then ~13,000 nuclei per sample were loaded onto 10x Genomics Next GEM chip M. The snRNA-seq 

libraries were prepared using the Chromium Next GEM Single Cell 3ʹ HT kit v3.1 (10x Genomics) 

according to the manufacturer’s instructions. Libraries were sequenced on an Illumina NovaSeq 6000 

sequencer at the UCSF CAT sequencing core. 

Sequence Alignment, Filtering, and Counting 

The demultiplexed fastq files were processed following the procedure previously described by Zalocusky 

et al. In summary, the fastq files were aligned to the mouse reference genome, mm10-1.2.0, which includes 

introns, using the cellranger count function (version 4.0.0) with default parameters, as detailed in the Cell 

Ranger documentation. Subsequently, a single UMI count file per animal/sample was generated by the 

cellranger count function. Individual UMI count files were then combined into a single count matrix using 

the merge function in the Seurat package v4.0.4. Metadata, including age, sex, and treatment information, 

were added to each cell.  
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Pre-Processing and Quality Control 

The count matrix was further processed with Seurat by first calculating the percentage of mitochondria 

genes mapped per cell. The distribution of feature count, total mapped gene count, and percentage of 

mitochondria genes were visualized across biological samples as violin plots, and no obvious outlier was 

identified. We filtered the count matrix to only include cells with higher than 250 gene features, at least 

500 gene counts, and mitochondria gene percentages lower than 10%. Potential misaligned or ambiguous 

gene features expressed in fewer than 10 cells were also removed. These quality assurance steps resulted in 

a final Seurat object containing 25,642 gene features expressed by 223,546 nuclei. 

Normalization, Dimensional Reduction, and Clustering 

Count normalization and dimensionality reduction were conducted following standard procedure in the 

Seurat package. In brief, we performed normalization and variance stabilization with an updated version of 

sctransform, v2, and principal component analysis (PCA) with RunPCA (npcs = 30). Dimensional reduction 

through Uniform Manifold Approximation and Projection (UMAP) was performed with the RunUMAP 

function and considering the top 15 dimensions selected from the corresponding PCA. 

The clustering was based on the first 15 principal components (PCs) using the FindNeighbors function in 

Seurat. This function embeds cells in a K-nearest neighbor graph, considering the Euclidean distance in 

PCA space and refining the edge weights between any two cells based on the shared overlap in their local 

neighborhoods. The clustering was obtained using the FindClusters function, which employs modularity 

optimization techniques such as the Louvain algorithm, with a resolution parameter of, resulting in a set of 

35 distinct clusters. 
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Mouse Cell Type Annotation, Differential Gene Expression, and Pathway Enrichment Analysis 

Major cell types, including astrocytes, microglia, oligodendrocytes, oligodendrocyte precursor cells, and 

excitatory and inhibitory neurons, were classified using mouse brain cell markers in PanglaoDB, a publicly 

available marker gene database. Further subdivisions of hippocampus cell types, such as CA1 and CA3 

pyramidal cells, were queried against hippocampal cell-type-specific marker genes as published in hipposeq 

(https://hipposeq.janelia.org). Cell type identities per cluster were determined by applying Seurat’s 

AddModuleScore function to sets of mouse brain marker genes. A module score for each cell type 

considered was calculated per cell. Each cell was assigned the corresponding cell type identity that 

generated the highest scores among scores for all cell types. If the highest and second highest scores of a 

cell were within 20% of the highest score, then the cells were deemed hybrids and excluded from further 

analysis. We assessed the validity of the assigned cell type identities by examining the homogeneity, 

distribution, and separation of cell types by clustering in UMAP plots. Minority cell types in a cluster, 

defined as a cell type that accounts for less than 5% of the total counts for that cluster, were considered 

potential hybrid cells and excluded from further analysis.  

For the cell-type-specific differential gene expression analysis, we used the same procedure and tools in the 

human-integrated analysis. For pathway enrichment analysis, in addition to using g:Profiler, we curated the 

EnrichR-KG web tool, which facilitates analysis across multiple databases and provides visual 

representations linking significantly enriched genes with the associated pathways and GO terms. The 

reversal gene-pathway network was generated and downloaded using EnrichR-KG with significantly 

differentially reversed genes as inputs. For each cell-type-stratified analysis, the top five KEGG pathways 

and GO terms were displayed in a network format 

 

2.4 Figures  

 

https://hipposeq.janelia.org/methodology
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Figure 2.4.1 Single nucleus transcriptomic profiling reveals both shared and cell-type-specific gene 

expression signatures in human AD samples.  
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Figure 2.4.1 Single nucleus transcriptomic profiling reveals both shared and cell-type-specific gene 

expression signatures in human AD samples. a. Data sources (public-available) and cohort summary, 

including sample filtering criteria and case-control standardization strategies. b. UMAP plot of merged 

samples from three independent studies. Study-associated variations are apparent without integration. c-e. 

UMAP plots of harmonized dataset using Seurat CCA integration algorithm, with study variation 

eliminated, and labeled by study (c), cell type identity (d), and case-control identification (e).  f. Scattered 

bar plot of cell type abundance percentage for inhibitory neurons, comparing AD and controls (unpaired 

two-sided t-test). g. Projection plots for cell type to cell type communication measured by expression of 

receptor and ligand pairs and represented as arrows connecting two cell types. Red connections indicate 

increased communication and blue connections indicate decreased communication comparing AD vs 

controls. Arrows point to the directions from the senders to the receivers of the communication. h. Bar 

plot of AD versus controls differentially expressed gene (DEG) counts in the six major brain cell types 

and separated into up and down-regulated subgroups. Counts of DEGs unique to one cell type were 

superimposed on the total counts. i. DEG heatmap showing overlaps of top DEGs (highest absolute log 

fold changes) in each cell type, DEGs with opposite regulatory patterns in AD across cell types are 

bolded. j. Heatmap showing AD-enriched KEGG pathways across cell types. Few functional pathways 

are shared by all six cell types. Oligodendrocytes cluster with excitatory and inhibitory neurons, 

suggesting more similarity among these cell types, while microglia cluster with astrocytes and OPCs. 
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Figure 2.4.2 Computational drug repurposing pipeline predicts drug candidates reversing cell-type-

specific transcriptomic signature profiles of AD.  
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Figure 2.4.2 Computational drug repurposing pipeline predicts drug candidates reversing cell-type-

specific transcriptomic signature profiles of AD. a, Schematic showing computational drug 

repurposing workflow. b, Input DEG counts (filtered list by mapping AD vs control DEGs to existing 

gene probes in the CMap database) per cell type for the computational drug repurposing pipeline. c, 

Disease-drug network depicting the connections between the six cell types and drug candidates that 

significantly reverse disease profiles within the respective cell types. Drug names in red denote drug 

candidates validated in humans using electronic medical records (EMR). d. Heatmap showing drug 

candidates that significantly reverse AD profiles in more than one cell type. Black frames label drugs 

validated in humans using the EMR, and red asteroids label drugs selected for validation in vivo using a 

mouse model of AD. e, AD prevalence assessment in drug-exposed individuals, only drugs with 

significantly reduced AD risks are shown. f, Schematic illustration demonstrating the rationale of 

prioritizing letrozole and irinotecan as potential combination therapy for further validation in a mouse 

model of AD. g, Heatmaps of each cell-type-specific AD transcriptomic signature profile, rank ordered 

genes from the most upregulated to the most downregulated and color-coded by log fold changes, in 

comparisons with the gene probe ranks by letrozole or irinotecan treatments, colored by corresponding 

fold change ranks in the CMap. 
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Figure 2.4.3 Combination treatment with letrozole and irinotecan rescues AD-like memory 

impairments in aged 5xFAD/PS19 mice with both Ab and tau pathologies.  

a. The schematic of treatment cohort design and experimental timeline. Four treatment groups (n=20 per 

group, both sexes), including treatment with vehicle, letrozole (1mg/kg), irinotecan (10mg/kg) or 

combination of both drugs every other day via i.p. injection. b. Escape latency over learning days 1–6 did 

not differ statistically between groups. One-way repeated-measures ANOVA test was applied comparing 

vehicle group with treatment groups. (Figure caption continued on the next page.)  
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(Figure caption continued from the previous page.)  c,d. Memory probes of percent time spent in the 

target quadrant versus the average of other quadrants demonstrated a significant preference of the target 

quadrant solely by mice with combination treatment at 24 hour (c) and 72 hour (d) after removing the 

hidden platform. e,f. Memory probes measuring numbers of platform-location crossing in the target 

quadrant versus average of the other quadrants. Significantly more crossings in the target quadrant where 

the platform used to be only observed in the combination treatment group at 24 hour (e) and 72 hour (d) 

after the platform was removed. c-f. Ordinary one-way ANOVA test was performed between the target 

and other quadrants for each group, and p-values were adjusted with Bonferroni multiple-comparisons 

testing. 
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Figure 2.4.4 AD pathologies are significantly reduced in 9-month-old 5xFAD/PS19 mice after drug 

treatments, with the strongest rescue in the combination treatment group.  
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Figure 2.4.4 AD pathologies are significantly reduced in 9-month-old 5xFAD/PS19 mice after drug 

treatments, with the strongest rescue in the combination treatment group. a. Representative images of 

the ventral hippocampus from 9-month-old 5xFAD/PS19 mice with Sudan Black staining to enhance 

hippocampal visualization (scale bar, 2mm). b. Quantification of hippocampal volume in 9-month-old 

5xFAD/PS19 mice across treatment groups. c. Representative images of hippocampus from 9-month-old 

5xFAD/PS19 mice with immunostaining of phosphorylated tau (p-tau) using AT8 monoclonal antibody 

(scale bar, 500mm). d. Quantification of AT8-positive p-tau percent coverage area in 9-month-old 

5xFAD/PS19 mice across treatment groups. e.  Representative images of Thio-S staining in the 

hippocampus from 9-month-old 5xFAD/PS19 mice (scale bar, 500mm). f. Quantification of Thio-S-

positive percent coverage area and plaque counts in the hippocampus of 9-month-old 5xFAD/PS19 mice 

across treatment groups. g.  Representative images of microglia immunostaining with anti-Iba1 in the 

hippocampus of 9-month-old 5xFAD/PS19 mice (scale bar, 500mm). h. Quantification of the percent Iba1 

coverage area in the hippocampus of 9-month-old 5xFAD/PS19 mice across treatment groups. i.  

Representative images of astrocyte immunostaining with anti-GFAP in the hippocampus of 9-month-old 

5xFAD/PS19 mice (scale bar, 500mm). j. Quantification of percent GFAP coverage area in hippocampus 

of 9-month-old 5xFAD/PS19 mice. k.  Representative images of CA1 neurons with neuronal marker NeuN 

immunostaining (scale bar, 100mm). l. Quantification of the thickness of the CA1 neuronal cell layer of 9-

month-old 5xFAD/PS19 mice across treatment groups. b, d, f, h, j, l. Ordinary one-way ANOVA were 

applied between all treatment groups and vehicle control group, p-values were adjusted by Dunnett’s 

multiple comparison test 
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Figure 2.4.5 Single-nucleus RNA-sequencing (snRNA-seq) analysis in 9-month-old 5xFAD/PS19 

mice across treatment groups.  
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Figure 2.4.5 Single-nucleus RNA-sequencing (snRNA-seq) analysis in 9-month-old 5xFAD/PS19 

mice across treatment groups. a. UMAP plot of all 31 distinct cell clusters in hippocampus of mice 

from combination-treatment and vehicle-treatment groups. b. Projection plots for cell type to cell type 

communication measured by expression of receptor and ligand pairs and represented as arrows 

connecting two cell types. Red connections indicate increased communication and blue indicate decreased 

communications comparing L+I-treated versus vehicle-treated groups. Arrows points to the directions 

from sender to receiver of the communication. c. UMAP plots labeled by hippocampal specific cell types 

and split by treatments to highlight difference in distribution density for neuronal subtypes between 

treatments. d. Scattered bar plots of cell type abundance (percentage) for CA1 and CA3 pyramidal 

neurons (unpaired two-sided t-test), comparing L+I-treated and vehicle-treated mice (n=8 per group, 

including both sexes). e. Differentially expressed gene (DEG) counts of L+I-treated versus vehicle-treated 

mice in six major brain cell types. Counts of DEGs per cell type do not correlate with cell counts. f. Top 

combination treatment-enriched Gene Ontology (GO) terms across six cell types. g. Heatmap illustration 

of enriched KEGG pathways across six cell types. Some treatment-enriched pathways overlap with AD 

signature pathways from integrated human snRNA-seq analysis (see Figure 2.1) and were labeled in red. 
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Figure 2.4.6 Combination treatment with letrozole and irinotecan reverses cell-type-specific 

transcriptomic signatures of AD.  
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Figure 2.4.6 Combination treatment with letrozole and irinotecan reverses cell-type-specific 

transcriptomic signatures of AD. a. Comparison of cell-type-specific transcriptomic signature profiles of 

AD in humans with gene expression changes in combination treatment versus vehicle treatment groups of 

mice. Only treatment-reversed genes from AD profiles are included (abs (LFC) >0.01 in L+I-treated versus 

vehicle-treated mice), and those with FDR-adjusted p value < 0.05 are labeled in red. Heatmap colors 

indicate directions and magnitude of gene expression changes, with downregulations in blue and 

upregulations in red. b. Gene set enrichment analysis on treatment-reversed genes, which reached statistical 

significance, in excitatory and inhibitory neurons revealed reversal of multiple AD-relevant functional 

pathways. c. Gene set enrichment analysis on treatment-reversed genes, which reached statistical 

significance, in astrocytes, microglia, or oligodendrocyte and OPCs demonstrated reversal of glial cell 

specific AD gene signatures and functional pathways. 
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Figure 2.4.7 Extended data on human integrated dataset  
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Figure 2.4.7 Extended data on human integrated dataset a, b. UMAP plot of merged samples before 

CCA integration, labeled with cell type identities (a) and disease status (b). c. Scattered plots of cell type 

abundance (percentage) for the other five cell types, comparing AD and controls (unpaired two-sided t-

test). d. Heatmap displaying pathway-level cell-cell-communication (CCC) difference comparing AD and 

controls and stratified by cell type. Color value represents the scaled CCC probability difference in AD 

compared to controls. Signaling pathways represent ligand-receptor pairs based on the KEGG Pathway 

database. 
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Figure 2.4.8 Extended data on human integrated dataset  
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Figure 2.4.8 Extended data on human integrated dataset a. UpSet plot showing Gene Ontology (GO) 

term counts for the six major brain cell types and intersects across cell types. b. Heatmap showing shared 

AD-enriched GO terms enriched in the six cell types. c. Heatmap showing AD-enriched GO terms unique 

to each cell type. 
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Figure 2.4.9 Extended data on behavior tests 

a,b. Memory probes measuring latency to first time of platform crossing at 24 hour(a) and 72 hour (b) 

demonstrated long-term location memory rescue in combination treated mice only, at 72 hour after 

platform removed. c,d. Swim speed at 24hour (a) and 72 hour (b), no significant difference in swim speed 

across groups indicating that the observed behavioral differences were not confounded by physical 

performance or motor function. e,f, Escape latency over learning days 1-6 in male mice (e) and in female 

mice (d) demonstrating significant better learning in combination-treated males. One-way repeated-

measures ANOVA test was applied comparing vehicle group with treatment groups with Sidak’s multiple 

comparison test. (Figure caption continued on the next page.)  
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(Figure caption continued from the previous page.) g-j. Memory probes of percent time spent in target 

quadrant vs average of other quadrant demonstrating a significant preference of the target quadrant by 

letrozole, irinotecan, and combination-treated males but not the vehicle-treated males at 24 hour (g) and 

72 hour (i) after removing the hidden platform. No significant preference was observed in females at 24 

hour (h) and 72 hour (j). Ordinary one-way ANOVA test was performed between target and other 

quadrants for each group, and p-value adjusted with Bonferroni multiple-comparisons testing. k-n. No 

difference in swim speeds was observed in males at 24 hour (k) and 72 hour (i) or females at 24 hour (m) 

and 72 hour (n). c,d,k,i,m,n. Ordinary one-way ANOVA were applied between all treatment groups and 

vehicle control group, p-values were adjusted by Dunnett’s multiple comparison test.  
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Figure 2.4.10 Extended data on treatment dataset 

a. Cell type abundance analysis for neuronal subtypes of hippocampus. b. Cell type abundance analysis 

for the six major brain cell types. c. Heatmap displaying pathway-level Cell-cell-communication 

difference between combination-treated and vehicle-treated and stratified by cell type. Value represents 

the scaled CCC probability difference in combination-treated compared to vehicle-treated. Signaling 

pathways represent ligand-receptor pairs based on the KEGG Pathway database. d. UpSet plot showing 

DEG counts (combination-treated compared to vehicle-treated, abs(LFC) > 0.1 & p-adj-value < 0.05) and 

intersect across groups (separated by cell types and direction of regulation). 
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Figure 2.4.11 Extended data on gene reversal across cell types 

a. All AD signature gene expression pattern comparison in human and after L+I treatment. Red indicates 

upregulation while blue indicates downregulation. White labels gene with no expression difference in 

treatment vs control or not expressed in mice. 
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2.5 Tables 

Table 2.5.1: Summary of cohort, sample, and feature sizes for individual and integrated datasets 

Study Cohort size Total cell number Number of features 

Mathys et al. 24 AD, 24 ctl 70,634 17926 

Zhou et al. 11AD, 11 ctl 72,489 33694 

Lau et al. 12 AD,  9 ctl 165,959 33538 

Integrated dataset (standardized 

and filtered case & control) 

37 AD, 29 ctl 137,065 29120 

 

Table 2.5.2: Case-control standardization reference  

CERAD Braak 

score Coding score Severity 

1 Definite V & VI Dementia 

2 Probable III & IV Mild symptoms 

3 Possible I & II Asymptomatic 

4 No AD   



 

 

56 

Table 2.5.3: AD outcome measures after drug exposure 

 

Table 2.5.4: Sex-stratified AD outcome measures after exposure of letrozole or irinotecan 
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CHAPTER 3: SYSTEMATIC CHARACTERIZATION OF MOLECULAR 

INFLUENCE BY MAJOR RISK FACTORS IN MOUSE MODELS OF 

ALZHEIMER’S DISEASE  

3.1 Introduction 

Over 55 million people in the world have Alzheimer’s Disease (AD) or related dementia and it is estimated 

that there are 416 million people living with prodromal and preclinical AD, and AD dementia11. Worldwide 

AD prevalence is higher in women: in the US, two-thirds of AD patients are women74. Besides sex, other 

non-modifiable risk factors for developing AD include age and genetics75. More specifically, more than 

50% of patients with AD carry the ε4 allele of the APOE gene, the most common genetic risk factor for 

late-onset AD76. APOE4 carriers exhibit exacerbated AB plaques as well as neurofibrillary tangles, the two 

pathological hallmarks of AD77. Enabled by single-cell omics, mounting evidence and research suggests 

that APOE4 has a multi-cellular effect on AD. For instance, an APOE4-stratified human single-nucleus 

transcriptomics study identified cell-type-specific enriched pathways in cells expressing APOE476.  

Additionally, the disease progression and pathophysiology of AD differs by biological sex, with women 

patients having a much higher risk of developing AD compared to men, and as women age, their AD 

prevalence increases in comparison to men74. However, male patients’ disease progression is more 

aggressive, and female AD patients live longer, highlighting the differing effect that age has in each sex. 

Further differences are apparent in the APOE4 vulnerability, as women are at higher risk of developing AD 

when carrying the APOE4 allele at earlier ages77. The sex and APOE4 effect is also represented in AD’s 

pathology: higher levels of total and hyperphosphorylated tau are more strongly associated with female 

APOE4 carriers than male carriers78. Female APOE4 carriers with mild cognitive impairment (MCI), the 

https://www.zotero.org/google-docs/?eZJ71c
https://www.zotero.org/google-docs/?QnaMIO
https://www.zotero.org/google-docs/?9StBLF
https://www.zotero.org/google-docs/?FVNTrU
https://www.zotero.org/google-docs/?ujbY3k
https://www.zotero.org/google-docs/?o8C0gC
https://www.zotero.org/google-docs/?OGL9rB
https://www.zotero.org/google-docs/?cLl2ux
https://www.zotero.org/google-docs/?t70rAI


 

 

58 

clinical stage prior to dementia, have also demonstrated greater hippocampal atrophy than male carriers 

with MCI79.  

At a cellular level, a single-cell transcriptomics’ analysis on AD patients’ brains revealed sex differences 

predominantly in glial cells and in neuroinflammatory pathways, beginning to elucidate potential 

mechanisms behind the sex dimorphism in AD80. This has also been corroborated by an App mouse model 

that showed that female microglia progressed into activated response microglia at earlier ages in 

comparison to male mice81. Mouse studies have also shown female-specific microglial response to APOE4: 

female microglia from mice carrying the human APOE4 and overexpressing amyloid-beta, showed 

decreased Aβ plaque coverage, in comparison to their male and APOE3 counterparts, using imaging82. 

Nevertheless, most sex-stratified studies have focused on only studying microglia, and we have yet to 

understand how all cell types are affected by sex and APOE4.  

Despite wide recognition of age, APOE4 and sex as primary risk factors of AD, the molecular underpinnings 

of how these risk factors affect the pathophysiology of AD are poorly understood. This chapter aims to 

assess the complex interplay between age, sex and APOE4 genotype in regulating cell type-specific 

transcriptional profiles in a mouse model of AD. We perform single-nucleus transcriptomics on a sex-

balanced cohort of homozygous human APOE4 knock-in and human APOE3 knock-in mice. 

3.2 Results 

To systematically investigate the specific and interactive effects of the three major risk factors associated 

with AD, we generated a comprehensive snRNA-seq dataset comprising hippocampal samples from twelve 

experimental subgroups (with n = 3-4 mice per condition) with varying conditions in age (at 6, 12 or 18 

months of age), sex (male or female), and human homozygous APOE genotype (APOE 3/3 or APOE 4/4). 

While other non-neuronal cell types were detected, our primary focus was directed towards six disease-

relevant brain cell types including excitatory neurons (Ex.Neu), inhibitory neurons (In.Neu), astrocytes 

https://www.zotero.org/google-docs/?gkmdac
https://www.zotero.org/google-docs/?qxsnta
https://www.zotero.org/google-docs/?g6mANp
https://www.zotero.org/google-docs/?GuISKT
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(Ast), microglia (Mic), oligodendrocytes (Oli), and oligodendrocyte precursor cells (OPCs). 

Acknowledging the selective vulnerabilities among various neuronal subtypes, we further subcategorized 

neuronal cells into CA1 pyramids, CA3 pyramids, dentate gyrus granule cells, subiculum neurons, and 

interneurons. Our analysis encompassed a risk-factor stratified approach, incorporating assessments of cell 

abundance, intercellular communications, differential gene expression, and pathway enrichment across the 

twelve distinct experimental conditions (Figure 3.4.1). 

After standard processing and quality control, we obtained a filtered dataset containing 27,153 gene features 

expressed across 536,498 nuclei for further analysis. Through graph-based clustering and visualization 

using Uniform Manifold Visualization (UMAP), we identified 35 distinct cell clusters (Figure 3.4.1). The 

annotation of these clusters into either neuronal subtypes or non-neuronal cell type were achieved by 

comparing their expression patterns to known marker gene sets (Figure 3.4.2). The clusters were clearly 

separated according to the six major cell types (Figure 3.4.1) and exhibited an even distribution across 

different ages, sexes and APOE genotypes (Figure 3.4.2). UMAP labeling based on the twelve 

experimental conditions unveiled a moderately balanced distribution of nuclei across clusters for all 

conditions (Figure 3.4.1). As predicted, the majority of the human APOE expression resided within the 

astrocyte and microglia clusters, while negligible mouse Apoe expression was detected (Figure 3.4.2).  

The three-way ANOVA test was conducted to assess the effects of age, sex, and APOE genotype, as well 

as their interactions, on significant differences observed in cell type abundance across the twelve 

experimental conditions. Cell type abundance was quantified as a fraction of the respective cell type within 

each biological samples. Interestingly, sex emerged as the most influential and only statistically significant 

factor contributing to the variance in astrocyte and inhibitory neuron abundances (Figure 3.4.3), with higher 

fractions observed in females for both cell types (Figure 3.4.3). While the interactive effect of age and 

APOE genotype was the second most influential factor, suggests a potential disparity in the impact of aging 

on astrocyte abundance across different APOE genotypes, this interactive effect did not achieve statistical 
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significance (p-adj = 0.073). Furthermore, APOE genotype, along with the interaction between age and 

APOE genotype, emerged as the primary and statistically significant factors driving the observed variation 

in OPC proportions. Specifically, APOE 4/4 carriers displayed higher OPC fractions at a younger age, with 

this difference diminishing as they aged. Regarding microglia, both sex and age emerged as the primary 

explanatory factors for variance. However, neither factor achieved statistical significance (Figure 3.4.4), 

possibly due to the limited sample size (n = 3-4). 

Furthermore, we assessed the influence of individual risk factors and their interactive effects on cell 

abundance within distinct neuronal subpopulations. For each biological sample, the fraction of cells was 

quantified as cell counts within a specific cluster and normalized by the total cell count for that sample. 

Once more, we consistently observed sex to be a significant variable influencing factor for cell abundance 

among neuronal subpopulations. Specifically, higher fractions of CA1 pyramidal cells (cluster 24) were 

observed in females, while the opposite trend was exhibited in the dentate gyrus (cluster 3) and CA3 

pyramids subpopulations (cluster 24 and 32) (Figure 3.4.3). 

To further investigate cell type differences, we performed cell-cell communication (CCC) analysis and 

identified age-dependent sex differences in APOE4 versus APOE3 mice. When comparing overall CCC 

across cell types across aging, we observed decreased cell communication interaction strength between 

excitatory neurons and inhibitory neurons in APOE4 male mice with age (Figure 3.4.5). In comparison, in 

female mice, the neuron-to-neuron communication does not change with time and remains higher in APOE4 

vs APOE3. Astrocytes also show increased CCC signaling strength to excitatory neurons in APOE4 female 

mice in comparison to APOE3: In contrast, in males, astrocyte signaling decreases in adult and old mice in 

APOE4 versus APOE3 mice. Lastly, neuron-to-oligodendrocyte CCC strength increases in APOE4 male 

mice as they age, a trend not observed in female mice. 

When comparing female vs male mice (Figure 3.4.5), we also observed an overall decrease in female 

APOE3 mice, and the opposite trend in female APOE4 mice, as mice age, especially to and from excitatory 
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and inhibitory neurons. Most cell-cell communication in young mice was increased in females regardless 

of APOE genotype, but as the mice aged, the cell-cell interaction strength decreased in females in APOE3 

mice only. These results suggest that female sex and APOE4 genotype are key drivers of increased CCC 

across cell types, especially in neurons and astrocytes, and that age exacerbates the differences in sex and 

genotype.  

To assess the age effect, we compared CCC between old (18 months) and adult (12 months) mice (Figure 

3.4.5). It is apparent that CCC among neurons decreases with age in female APOE3 mice and in both male 

and female APOE4 mice, suggesting that female sex and age is enough to decrease CCC, whereas in male 

mice, APOE4 is required to decrease CCC.  

We then identified significant CCC pathways, defined as ligand-receptor pairs, stratified by cell type, sex, 

and age (Figure 3.4.5). NRG and NRXN pathways decrease in adult female mice in APOE4 vs APOE3, 

whereas in males, these pathways increase in APOE4. Differences are especially apparent in astrocytes, 

neurons, oligodendrocyte precursors, and oligodendrocytes. The NRXN pathway is comprised of 

communication between Nrxn1 and Nrxn2 to Nlgn1 receptor, involved in synaptic contact and 

glutamatergic neurotransmission, and has been shown to be decreased in CSF and brain samples of AD 

patients83. The NRG pathway represents ligands Nrg1, Nrg2 and Nrg3, to ligand Erbb4, a receptor tyrosine 

kinase that has been implicated in GABAergic transmission and that is increased in human AD brains and 

APP/PS1 transgenic mice84.  

To comprehensively understand the complex interplay of age, sex, and APOE genotype influencing 

transcriptomic processes in disease development, we aim to systematically compare 12 distinct conditions, 

each characterized by a unique combination of these three risk factors. Although we originally intended to 

conduct every possible set of parallel comparisons between two conditions differing in a single risk factor, 

stratified by cell types, this approach generates a substantial amount of data that becomes challenging to 

interpret. 

https://www.zotero.org/google-docs/?8PEBkF
https://www.zotero.org/google-docs/?Mein7m
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While advanced age and the female sex exert significant influence over disease etiology and individual 

susceptibilities, the distinctions within the APOE genotype assume a more direct and disease-specific 

relevance in the context of AD. Therefore, we prioritized direct comparison between APOE genotypes. We 

utilized samples harboring the risk-associated human APOE4 alleles to represent the disease state, while 

APOE3 carriers served as proxies for control state.  With this approach, we investigated the impacts of 

aging and sex on gene expression changes resulting from APOE genotype differences. 

To accomplish this, we identified cell-type-specific differentially expressed genes (DEGs) by comparing 

APOE4/4 samples to APOE3/3 samples within each distinct age and sex conditions. The profiling of 

APOE4/4 to APOE3/3 expression changes exhibited significant variation across ages and between sexes 

(Figure 3.4.6). In general, we observed a higher transcriptomic difference between APOE4/4 and APOE3/3 

males compared to females, as evidenced by the increased DEG counts across all ages and in most cell 

types. However, exceptions were noted for inhibitory neurons and microglia at 18 months old, where more 

DEGs were observed in females. Additionally, we observed an increased number of downregulated genes 

in neurons during old age (18 months), except in female excitatory neurons. The number of DEGs in glial 

cells tended to peak at middle age (12 months) and decrease at old age, except for microglia, which peaked 

at old age. 

We performed a cross-cell type comparison of DEGs at 18 months old and found little overlaps across cell 

types within male and female. In male, more DEG overlaps across cell types were regulated in the same 

direction in APOE4 samples versus APOE3 samples. In females, the biggest DEG intersects contain four 

genes that were up regulated in astrocyte and down regulated in inhibitory neurons (Figure 3.4.6). 

Additionally, we investigated pathway enrichment by APOE4 genotype in male and females at 18 months 

old and visualized the results as networks of biological cluster. Majority of the APOE4 versus APOE3 

pathway enrichment in males were downregulated, except cytoplasmic translation, regulation of cellular 

organelle, and nitric oxide activities were upregulated in oligodendrocytes. In contrast, more biological 
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process was enriched by the upregulated APOE4 versus APOE3 DEGs in females, such as enrichment of 

glutamate signaling in astrocytes, adhesion cell factors in inhibitory neurons, and morphogenesis in 

microglia. These findings suggest APOE4 genotype leads to highly divergent cell-type-specific 

transcriptomic response in male and in female, specifically, higher activation of immune cells and pathways 

related to hyperexcitability were observed in females (Figure 3.4.6).  

Microglial cells exhibited distinctive characteristics when compared to other cell types within the context 

of the study. Notably, there was a limited number of DEGs observed between APOE4 and APOE3 

conditions during young and middle age, while a substantial increase in DEGs was evident during old age, 

accompanied by pronounced sexual dimorphism, as illustrated in Figure 3.4.7. Specifically, among aged 

microglia, the intersection of DEGs between females and males was quite minimal, with only three 

downregulated DEGs (Meg3, Nrg3os, and Gm20642) and one upregulated DEG (GM42418) being shared. 

Notably, an intriguing observation pertained to the identification of three DEGs that were shared between 

females and males during middle age but exhibited opposite patterns of regulation. These DEGs were 

Fkbp5, implicated in cellular stress response, as well as Zbtb16 and Ccnd3, both of which play pivotal roles 

in cell proliferation processes (Figure 3.4.7).  

The count APOE4 versus APOE3 DEGs of Astrocyte peaked at 12 months old in both males and females. 

The pathway enrichments by these DEGs differ in the direction of regulation in male versus females, and 

were mostly related to cell adhesion, developmental process, cell junction assembly, and intracellular signal 

transduction. Minimal DEG overlaps were observed between females and males at 18 months old, except 

glutamate binding, opposite directions of gene regulations between sexes (Figure 3.4.7).  

In inhibitory neurons, the APOE4 versus APOE3 differential gene expression patterns showed a strong age-

dependency, with 283 DEGs upregulated in males at 6 months old and only 12 DEGs at 18 months old 

(Figure 3.4.8) Additionally, large number of DEGs in 6 months old males overlapped but regulated in 

opposite directions with 18 months old males as well as 6- and 18-months old females (Figure 3.4.8). 
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Glumatergic signaling pathway and synapse transmission were upregulated in 18 months females while 

glutamate binding and calcium channel activity were downregulated in 18 months males (Figure 3.4.8). 

Differential gene expressions in OPC due to APOE4 genotype was the strongest at 12 months old in both 

males and females. Overall, DEGs in males outnumbered DEGs in females at all age groups. (Figure 3.4.9) 

We observed significant pathway enrichments by the downregulated genes associated with cell-cell 

signaling in male OPC (Figure 3.4.9), consistent with the cell-cell-communication analysis in Figure 3.4.5.  

3.3 Methods 

cDNA Library Preparation and Sequencing 

Single-nuclei preparation for 10x loading. One frozen mouse hippocampus was placed into a pre-chilled 2 

mL Dounce with 1 mL of cold 1X Homogenization Buffer (1X HB) (250 mM Sucrose, 25 mM KCL, 5 

mM MgCl2, 20 mM Tricine-KOH pH7.8, 1 mM DTT, 0.5 mM Sermidine, 0.15 mM Sermine, 0.3% NP40, 

0.2 units/µL RNase inhibitor, ~0.07 tabs/ml cOmplete Protease inhibitor). Dounce with “A” loose pestle 

(~10 strokes) and then with “B” tight pestle (~10 strokes). The homogenate was filtered using a 70 µM 

Flowmi strainer (Bel-Art) and transferred to a pre-chilled 2 mL LoBind tube (Fischer Scientific). Nuclei 

were pelleted by spinning for 5 min at 4°C at 350 RCF. The supernatant was removed, and the nuclei were 

resuspended in 400 µL 1X HB. Next, 400 µL of 50% Iodixanol solution was added to the nuclei and then 

slowly layered with 600 µL of 30% Iodixanol solution under the 25% mixture, then layered with 600 µL 

of 40% Iodixanol solution under the 30% mixture. The nuclei were then spun for 20 min at 4°C at 3,000RCF 

in a pre-chilled swinging bucket centrifuge. 200 µL of the nuclei band at the 30%-40% interface was 

collected and transferred to a fresh tube. Then, 800 µL of 2.5% BSA in PBS plus 0.2 units/µL of RNase 

inhibitor was added to the nuclei and then were spun for 10 min at 500 RCF at 4C. The nuclei were 

resuspended with 2% BSA in PBS plus 0.2 units/µL RNase inhibitor to reach at least 500 nuclei/µL. The 
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nuclei were then filtered with a 40 µM Flowmi cell strainer. The nuclei were counted and then ~13,000 

nuclei per sample were loaded onto 10x Genomics Next GEM chip M. The snRNA-seq libraries were 

prepared using the Chromium Next GEM Single Cell 3ʹ HT kit v3.1 (10x Genomics) according to the 

manufacturer’s instructions. Libraries were sequenced on an Illumina NovaSeq 6000 sequencer at the 

UCSF CAT sequencing core. 

Sequence Alignment, Filtering, and Counting 

The demultiplexed fastq files were processed following the procedure previously described by Zalocusky 

et al. In summary, the fastq files were aligned to a custom reference genome, built from mm10-1.2.0 which 

includes introns, using the cellranger count function (version 4.0.0) with default parameters, as detailed in 

the Cell Ranger documentation. Subsequently, a single UMI count file per animal/sample was generated 

by the cellranger count function. Individual UMI count files were then combined into a single count matrix 

using merge function in Seurat package v4.0.4. Metadata, including age, sex, and genotype information, 

were added to each cell.  

Pre-processing and Quality Control 

The count matrix was further processed with Seurat by first calculating percentage of mitochondria genes 

mapped per cell. The distribution of feature count, total mapped gene count, and percentage of mitochondria 

genes were visualized across biological samples as violin plots, and no obvious outlier was identified. We 

filtered the count matrix to only include cells with higher than 250 gene features, at least 500 gene counts, 

and mitochondria gene percentage lower than 10%. Potential misaligned or ambiguous gene features that 

expressed in fewer than 10 cells were also removed. These quality assurance steps resulted in a final Seurat 

object containing 27,153 gene features expressed by 536,498 nuclei. 
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Normalization, Dimensional Reduction, and Clustering 

Count normalization and dimensionality reduction was conducted following standard procedure in Seurat 

package. In brief, we performed normalization and variance stabilization with an updated version of 

sctransform, v2, and principal component analysis (PCA) with RunPCA (npcs = 30). Dimensional reduction 

through Uniform Manifold Approximation and Projection (UMAP) was performed with the RunUMAP 

function and considering the top 15 dimensions selected from the corresponding PCA. 

 The clustering was based on the first 15 principal components (PCs) using the FindNeighbors function in 

Seurat. This function embeds cells in a K-nearest neighbor graph, considering the Euclidean distance in 

PCA space and refining the edge weights between any two cells based on the shared overlap in their local 

neighborhoods. The clustering was obtained using the FindClusters function, which employs modularity 

optimization techniques such as the Louvain algorithm, with a resolution parameter of 0.5 and resulted in 

a set of 35 distinct clusters. 

Cell-Type Annotation 

Major cell types, including astrocytes, microglia, oligodendrocytes, oligodendrocyte precursor cells, 

excitatory and inhibitory neurons, were classified using mouse brain cell markers in PanglaoDB, a publicly 

available marker gene database. Further subdivision of hippocampus cell types, such as CA1 and CA3 

pyramidal cells, were queried against hippocampal cell-type-specific marker genes as published in hipposeq 

(https://hipposeq.janelia.org). Cell type identities per cluster were determined by applying Seurat’s 

AddModuleScore function to sets of mouse brain marker genes. A module score for each cell type 

considered was calculated per cell. Each cell was assigned the corresponding cell type identity that 

generated the highest scores among scores for all cell types. If the highest and second highest scores of a 

cell were within 20% of the highest score, then the cell were deemed hybrids and excluded from further 

analysis. We assessed the validity of the assigned cell type identities by examining the homogeneity, 

https://hipposeq.janelia.org/methodology
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distribution, and separation of cell types by clustering in UMAP plots. Minority cell types in a cluster, 

defined as cell type that accounts for less than 5% of the total counts for that cluster, were considered as 

potential hybrid cells and excluded from further analysis. 

Cell Abundance Analysis 

To determine whether the risk factors of interest- age, sex, and genotype- contribute to the variance in cell 

type abundance, we compared cell fractions per biological sample within each cluster across different 

sample groups. Briefly, the fraction calculation involved dividing the cell count of a biological sample in a 

specific cluster by the total cell counts for that sample across the entire dataset. Within each cluster, we 

grouped biological replicates (n = 3 or 4) and compared the distribution of these fractions across various 

sample groups using a three-way-ANOVA test. We employed the three-way-ANOVA test to investigate 

whether the independent variables (the three risk factors) or their interactive effects significantly contribute 

to the observed variation in outcomes, specifically, the difference in cell abundance. This analysis was 

conducted using the aov function within the Stats package (version 3.6.2) in R. 

Cell Cycle Scoring and Annotation 

To assess the variation in the distribution of cell phases within a specific cell type across different sample 

groups, we estimated the cell cycle phase of each cell. This was accomplished by calculating scores for 

each phase using the CellCycleScoring function in Seurat. This function predicts the classification of each 

cell into G1, G2M, or S phases based on lists of cell cycle markers obtained from Tirosh et al, as explained 

in the Seurat tutorial. Subsequently, cells were labeled with the cycle phase corresponding to the highest 

score. We computed the proportion of each cell cycle phase within a specific cell type and compared the 

proportions of each phase across sample groups. Finally, we applied three-way-ANOVA test to determine 

whether the risk factors under consideration- age, sex, or genotype - significantly contributed to the 

observed variance in cell phase abundance across sample groups.  
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Cell-Type-Specific Differential Expression Analysis 

For each cell type, we performed a differential gene expression analysis comparing E44 cells to E33 cells 

and stratified the analysis by age and sex groups. This analysis was conducted using the FindMarkers 

function in the Seurat package. We set the test.use parameter to MAST, a two-part generalized linear model, 

as recommended by Mou et al. in a study comparing 9 DE methods for single-cell RNA sequencing 

analysis. MAST models gene expression rate using linear regression and expression level using Gaussian 

distribution. Differentially expressed genes (DEGs) were considered significant based on Bonferroni-

corrected adjusted p-value cutoff of less than 0.05 and a log2 fold change (LFC) value greater than 0.1. 

Pathway Analysis 

We performed pathway enrichment analysis using a web tool g:Profiler, which conducts functional over-

representation analysis by associating a given gene list with known functional information sources and 

identifies statistically significant enriched terms. For each cell-type-specific DEG list, we separated the 

upregulated and downregulated subsets and independently queried them with an adjusted p-value cutoff of 

0.05 to identify significant pathway enrichments in both directions. We employed the g:SCS algorithm, a 

default method for multiple testing correction in pathway enrichment analysis, to account for dependencies 

among hierarchically related pathway terms. Our analysis encompassed terms from Gene Ontology cellular 

components, biological processes, and molecular functions, as well as Human Protein Atlas, Human 

Phenotype Ontology, KEGG, Reactome, and Wiki pathways. 

Enriched Pathway Network Visualization 

Following a previously established protocol, we conducted network pathway analysis on the pathway 

results derived from our cell-type-specific DEGs. In summary, the cell-type-specific upregulated and 

downregulated pathway were imported into the Cytoscape visualization application, EnrichmentMap, 
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individually, and distinguished by color intensities. Upregulated pathways were labeled with dark colors, 

while downregulated pathways were labeled with light colors. Each node, representing a pathway, was 

filled with different color tones to indicate their cell type associations. We marked nodes green for 

excitatory neurons, blue for inhibitory neurons, yellow for astrocytes, red for microglia, purple for 

oligodendrocytes, and pink for oligodendrocyte precursor cells. Redundant and related pathways were 

consolidated into single biological themes using AutoAnnotate, a Cytoscape application. Pathway nodes 

are connected by edges if the two pathways share gene set overlaps. Labels for biological themed clusters 

were generated with WordCloud algorithm using the “Adjacent Words” option. 

Cell-Cell Communication 

Cell-cell communication (CCC) was calculated using the CellChat85 method. Briefly, CellChat utilizes 

ligand, receptor, and cofactor expression from transcriptomic data to calculate a CCC probability. First, 

based on a CellChat-curated database of ligand-receptor interactions, differentially expressed signaling 

genes are used to calculate ensemble average expression of signaling genes.  Communication probability is 

modeled using the law of mass action, and statistically significant communications are identified using a 

permutation test. We then evaluated the interaction across cell types (excitatory neurons, inhibitory neurons, 

oligodendrocytes, oligodendrocyte precursor cells, and astrocytes).  

 

 

3.4 Figures 

 

https://www.zotero.org/google-docs/?2BCsQg
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Figure 3.4.1 Study overview and dimensional reductions.  
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Figure 3.4.1 Study overview and dimensional reductions. A. Study overview including cohort design, 

RNA sequencing workflow of nuclei isolated from hippocampal samples, and computational analysis. B. 

UMAP clustering revealed 35 distinct cellular populations labeled by major cell types and neuronal sub-

types. C. UMAP clustering annotated by prominent cell types that were used to stratify subsequent 

differential gene expression analysis. D. UMAP clustering annotated by the twelve distinct experimental 

conditions varying in three risk factors including age, sex, and genotype.  
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Figure 3.4.2 Extended dimensional reduction data.  
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Figure 3.4.2 Extended dimensional reduction data. A. UMAP clustering annotated by sexes, 

genotypes, ages and neuronal subpopulations separating regional locations in hippocampus. B. UMAP 

clustering with accentuated color to visualize expression pattern of human APOE gene and the mouse 

Apoe gene. C. Feature plots of expressions of marker genes for major cell types to visualize expression 

pattern and aid cell type identification.   
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Figure 3.4.3 Cell abundance comparison across 12 conditions using three-way-ANOVA tests.  
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Figure 3.4.3 Cell abundance comparison across 12 conditions using three-way-ANOVA tests. The test 

considers individual risk factor effects and interactive effects on variance observed in cell fractions between 

groups. A. Cell type proportion per sample for astrocyte, inhibitory neurons, and OPC. B. Source of 

variance contributions to difference in cell type proportions across the 12 conditions. The heights of the 

bars represent amount of variance contributed by the risk factors or the interactive effects of two or more 

risk factors. P-value for significant variance contributor were indicated above the factor. C. Neuronal cell 

clusters with cell proportions significantly varied by sex across 12 conditions. D. Source of variance for the 

neuronal cell clusters with sex as a significant variance contributing factor. P-value was labeled above the 

risk factor-associated bars.  
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Figure 3.4.4 Cell type proportion extended data.  

A. Cell type proportion per biological sample for microglia, excitatory neurons, and oligodendrocytes. B. 

Source of variance contributions to difference in cell type proportions across the 12 conditions. Bar 

heights represent amount of variance contribution by each individual risk factor and the interactions of 

two or two risk factors. No significance reached in the 3-way-ANOVA test. C. Cell type distribution 

within each sample and across 12 experimental conditions. 
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Figure 3.4.5 Cell-cell communication analysis.  
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Figure 3.4.5 Cell-cell communication analysis. A. Cell-cell communication (CCC) interaction strength 

evaluated by receptor-ligand pairs expression and represented as arrows connecting two cell types. Arrows 

represent the communication direction from sender to receiver cell type. Red connections in male/female 

columns indicate increased communication in APOE4 vs APOE3 and blue indicate decreased 

communications. Red connections in APOE3/APOE4 columns indicate increased communication in female 

vs male. B. CC interaction strength difference when comparing old mice to adult mice. C. Heatmap 

displaying pathway-level CCC difference between in APOE4 and APOE3 across age and sex, stratified by 

cell type. Value represents the difference between APOE4 and APOE3 scaled CCC probability. Signaling 

pathways represent ligand-receptor pairs based on the KEGG Pathway database. 
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Figure 3.4.6 Differential gene expression analysis comparing APOE4/4 vs APOE3/3 samples. 
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Figure 3.4.6 Differential gene expression analysis comparing APOE4/4 vs APOE3/3 samples A. DEGs 

counts for six major cell types in male and females at 6, 12, and 18 months old. red bars represent 

upregulated genes, and blue bar represent downregulated genes. B,C. Upset plots showing DEG (APOE4 

vs APOE3) overlaps among six major cell types in males (B) and in females (C) at 18 months old. A red 

line separates DEG groups in the direction of regulation, either up and down-regulated. D. heatmap of a 

selection of intersecting DEGs across cell types in males, and differential expression pattern in females if 

differentially expressed. D. heatmap of all intersecting DEGs across cell types in females, and differential 

expression pattern in males. E. Enriched pathways networks for males and females at 18 mos. old with 

APOE4 compared to APOE3 and stratified by cell types. Network visualization of up or downregulated 

functional pathways in six major cell type. Pathways were grouped into biological themes and connected 

to other pathway clusters that share related mechanistic functions. Each node represents an enriched 

pathway and colored by the cell type or cell types associated. Lighter colors indicate downregulated 

pathways and darker colors indicate upregulated pathways.  
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Figure 3.4.7 Microglia and astrocyte specific analysis.  
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Figure 3.4.7 Microglia and astrocyte specific analysis.  
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Figure 3.4.7 Microglia and astrocyte specific analysis. A. Upset plots showing microglia DEG overlaps 

across sexes and ages, each condition further split by directions of gene regulations. red line crosses gene 

intersects between females and males. B. Heatmap of overlapped DEGs in males and females at each age. 

C. Heatmap showing APOE4 vs APOE3 enriched pathways in microglia stratified by age and sex. Colors 

indicate directions of regulation, with red labels for upregulated, blue labels for downregulated, and white 

labels non-significant in the associated groups. D. Upset plots showing astrocyte DEG overlaps across 

sexes and ages. E. Heatmap showing APOE4 vs APOE3 enriched pathways in astrocytes. F. Heatmap 

showing APOE4 vs APOE3 enriched KEGG pathways in microglia stratified by age and sex. Colors 

indicate directions of regulation, with red labels for upregulated, blue labels for downregulated, and white 

labels non-significant in the associated groups. G. Heatmap of overlapped astrocyte DEGs in males and 

females across age groups. H. Heatmap showing APOE4 vs APOE3 enriched KEGG pathways in 

astrocytes stratified by age and sex.  
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Figure 3.4.8 Inhibitory neurons specific analysis  
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Figure 3.4.8 Inhibitory neurons specific analysis  
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Figure 3.4.8 Inhibitory neurons specific analysis A. Upset plots showing APOE4 vs APOE3 DEG 

overlaps in inhibitory neurons across sexes and ages, each condition further split by directions of gene 

regulations. red line crosses gene intersects between females and males. B. Heatmap showing expression 

of a selected subset of DEGs in inhibitory neurons that overlapped in males and females at 18 months of 

age. C. Heatmap showing APOE4 vs APOE3 enriched pathways in inhibitory neurons stratified by age 

and sex. Colors indicate directions of regulation, with red labels for upregulated, blue labels for 

downregulated, and white labels non-significant in the associated groups. D. Heatmap showing APOE4 vs 

APOE3 enriched KEGG pathways in Inhibitory neurons stratified by age and sex. Colors indicate 

directions of regulation, with red labels for upregulated, blue labels for downregulated, and white labels 

non-significant in the associated groups. E. Heatmap of overlapped DEGs of Inhibitory neurons in males 

and females across age groups.  
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Figure 3.4.9 Excitatory neurons specific analysis.  
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Figure 3.4.9 Excitatory neurons specific analysis. A. Upset plots showing APOE4 vs APOE3 DEG 

overlaps in excitatory neurons across sexes and ages, each condition further split by directions of gene 

regulations. B. Heatmap showing expression of a selected subset of DEGs in excitatory neurons that 

overlapped in males and females across age groups. C. Heatmap showing APOE4 vs APOE3 enriched GO 

terms in excitatory neurons stratified by age and sex. D. Heatmap showing APOE4 vs APOE3 enriched 

KEGG pathways in excitatory neurons stratified by age and sex. C,D. Colors indicate directions of 

regulation, with red labels for upregulated, blue labels for downregulated, and white labels non-significant 

in the associated groups.  
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Figure 3.4.10 OPCs specific analysis.   
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Figure 3.4.10 OPCs specific analysis.  A. Upset plots showing APOE4 vs APOE3 DEG overlaps in 

OPCs across sexes and ages, each condition further split by directions of gene regulations. red line crosses 

gene intersects between females and males. B. Heatmap showing expression of DEGs in OPCs that 

overlapped in males and females across age groups. C. Heatmap showing APOE4 vs APOE3 enriched GO 

terms in OPCs stratified by age and sex. Colors indicate directions of regulation, with red labels for 

upregulated, blue labels for downregulated, and white labels non-significant in the associated groups. D. 

Heatmap showing APOE4 vs APOE3 enriched KEGG pathways in OPCs stratified by age and sex. 
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Figure 3.4.11 Oligodendrocyte specific analysis 
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A 

 

 

Figure 3.4.11 Oligodendrocyte specific analysis. A. Upset plots showing APOE4 vs APOE3 DEG 

overlaps in oligodendrocytes across sexes and ages, each condition further split by directions of gene 

regulations. red line crosses gene intersects between females and males. C, D Heatmap showing APOE4 

vs APOE3 enriched GO terms (C) KEGG pathways (D) in oligodendrocytes stratified by age and sex. 

Colors indicate directions of regulation, with red labels for upregulated, blue labels for downregulated, 

and white labels non-significant in the associated groups.   
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CHAPTER 4: CONCLUSION 

Alzheimer’s disease (AD), the most common form of dementia, is an age-related neurodegenerative 

disorder, and no preventative or curative treatments currently exist8. In aging populations, AD and related 

dementia affects over 50 million elderly people worldwide86. By 2050, it is anticipated that this number 

will triple due to the high aging population that will create a significant load on healthcare systems87. The 

costs associated with managing AD, including medical care, long-term care, and informal caregiving, are 

enormous88. In 2020, the global cost of dementia, including AD, was estimated to be over $1 trillion, a 

figure that is expected to double by 20304. AD leads to progressive cognitive decline, memory loss, and 

functional impairment, ultimately resulting in complete dependency on caregivers52. This decline severely 

affects the quality of life for both patients and their families. AD is a global crisis due to its increasing 

prevalence, economic burden, profound impact on quality of life, and the current lack of effective 

treatments. 

AD is effectively incurable because current treatment options available to patients have a negligible impact 

on the severity and progression of the disease. Despite significant research efforts, there are only a handful 

of treatment options6. Majority of existing therapies primarily focus on managing symptoms rather than 

slowing or halting disease progression. The failure of numerous clinical trials highlights the complexity of 

AD and the urgent need for innovative therapeutic approaches. Additionally, AD is often diagnosed in its 

later stages when irreversible brain damage has already occurred19. This delay in diagnosis limits the 

effectiveness of potential interventions and underscores the need for better diagnostic tools and early 

detection methods.  

Although our understanding of the molecular mechanisms underpinning the progression of AD has 

increased steadily over the past decades, the precise etiology of the disease remains elusive. As our 

understanding of disease mechanisms and biological networks grows, the design of drugs that strategically 

https://www.zotero.org/google-docs/?tqLIpk
https://www.zotero.org/google-docs/?H11S2I
https://www.zotero.org/google-docs/?neWqGd
https://www.zotero.org/google-docs/?JUvRVc
https://www.zotero.org/google-docs/?J9BGKP
https://www.zotero.org/google-docs/?Zk1zgd
https://www.zotero.org/google-docs/?lkWtse
https://www.zotero.org/google-docs/?EMuXeC
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exploit multi-target effects is likely to become a key strategy in developing more effective and safer 

therapies for complex diseases, such as AD. A multi-target combination therapy might be more effective at 

treating AD by rectifying the heterogeneous disease mechanisms across various disease-implicated cell 

types. Besides the multifactorial pathogenesis aspect of the disease, the enormous heterogeneity in AD 

might require precision medicine. By focusing on key risk factors such as age, APOE genotype, sex, we 

can identify individuals at higher risk of developing AD before the onset of clinical symptoms, allowing 

for earlier intervention. Moreover, a deep understanding of the molecular pathology associated with these 

risk factors—such as the alterations in gene expression and protein function—can illuminate the underlying 

biological networks that drive disease progression. By mapping these networks, we can identify potential 

therapeutic targets for gene expression correction specific to the risk-associated patient populations, 

offering a more precise and personalized approach to treatment. This approach not only aids in the early 

diagnosis of AD but also paves the way for developing network-based therapies that can modulate the 

expression of key genes, thereby addressing the multifactorial nature of AD and potentially altering its 

trajectory. Integrating risk factor analysis with molecular insights thus holds significant potential for 

improving both the early diagnosis and treatment of AD. 

With these objectives in mind, in chapter 2, we embarked on a pioneering exploration of the therapeutic 

potential of combination therapy, specifically targeting cell-type-specific disease signatures at the 

transcriptomic level across multiple cell types implicated in AD. Despite over 2,700 clinical trials primarily 

targeting single core pathologies were initiated in the past two decades, only two received FDA approval9. 

The limited success of single-target approaches underscores the need for strategies addressing AD’s 

heterogeneous pathologies across various cell types, such as synaptic loss, neuronal death, 

neuroinflammation, cholesterol homeostasis alteration, energy metabolism deficit, dysfunctional 

phagocytosis, and demyelination10. To address this complexity, we designed a cell-type-directed 

combination therapy to correct cell-type-specific dysregulated gene networks in both neuronal and glial 

https://www.zotero.org/google-docs/?M4uAef
https://www.zotero.org/google-docs/?VviP8h
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cells. This network-correction approach aims to restore normal cellular function by targeting multiple AD-

related pathways simultaneously. By reversing the expression of hundreds of disease signature genes within 

distinct disease-relevant cell types, this strategy offers a more comprehensive and effective therapeutic 

solution. 

While systems biology approaches and single-cell data mining have been employed for computational drug 

discovery in AD89,90, they often produce extensive lists of candidates without adequate validation or 

prioritization, limiting clinical translation. We addressed this issue leveraging real-world evidence from the 

UC-wide EMR to investigate AD diagnosis in patients with drug exposure. Among the predicted drug 

candidates with sufficient patient representation, most were associated with decreased relative risk, 

suggesting potential beneficial effects in humans. Based on their cell-type-specific targets, we prioritized 

letrozole (neurons) and irinotecan (glial cells) as a combination therapy among all EMR-validated drugs.  

Additionally, both drugs effectively cross the blood-brain barrier91,92, ensuring they reach the brain and 

perform their intended therapeutic functions. Furthermore, previous epidemiological research indicated a 

reduced dementia risk among breast cancer patients treated with letrozole93 and decreased AD risk among 

colorectal cancer survivors treated with irinotecan94. These findings support the potential efficacy of 

letrozole and irinotecan as components of a combination therapy for AD. 

A thorough investigation of the network-correcting effects of the combination therapy was conducted with 

snRNA-seq analysis of hippocampal samples from combination-treated and vehicle-treated AD mice 

carrying Aβ and tau pathologies. In addition to rescuing memory deficits, hippocampal atrophy, neuronal 

loss, neuroinflammation, and tau and Aβ pathologies, we found many AD-related pathways enriched by 

the combination treatment-reversed genes. These include axonogenesis, neuron projections, synaptic 

activities, and regulation of protein phosphorylation in neurons; cholesterol metabolism and regulation of 

long-term synaptic potentiation in astrocytes; synaptic organization and cell growth regulation in microglia; 

and regulation of neuronal projections and synaptic signaling in oligodendrocytes and OPCs. These 

https://www.zotero.org/google-docs/?pyt4Iz
https://www.zotero.org/google-docs/?a4WJBB
https://www.zotero.org/google-docs/?eefl0g
https://www.zotero.org/google-docs/?1bFY6j
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observations of treatment-reversed AD-associated biological processes supports our hypothesis that a 

targeted, multifaceted therapeutic approach provides AD-specific beneficial effects possibly through 

rectifying multiple AD pathological processes in a cell-type-specific manner. Further investigation is 

warranted to elucidate the precise mechanisms and key pathways targeted by these drugs. 

Despite these promising findings, several limitations of this study should be noted. First, since CMAP drug 

profiles were measured in cancer cells and may not accurately reflect brain tissue profiles; they were used 

to screen drug candidates and require validations in neurological models. Relevant drug perturbation 

databases on different brain cell types are currently unavailable. Second, reliance on animal models, though 

necessary, may not fully represent human biology. Significant sex differences to treatment were observed 

in behavior tests and pathology analyses, with male mice generally responding better behaviorally to all 

treatments, though the pattern varied across pathology markers. Although sex differences in AD are well-

documented and the impact of sex hormones is inconclusive95, no significant difference in AD prevalence 

after drug exposures was observed between sexes in the human data from the UC-wide EMR sex-stratified 

analysis. This discrepancy suggests the observed sex differences may be specific to the mouse models, as 

both 5xFAD and PS19 have shown strong sex difference in prior studies96,97. Additionally, EMR analysis 

presents potential caveats, as data tend to be sparse and are not collected with specific research in mind. 

Two of the ten drug candidates screened using EMR data, both used in neurological disorders, showed 

significantly higher relative risk scores for AD with exposure, suggesting detrimental effects. However, 

these neurological conditions are AD comorbidities, increasing the likelihood that AD patients were 

receiving these drugs. Despite efforts to propensity-match, the control populations may accurately represent 

the drug-exposed populations if relevant diagnoses are missing. Therefore, rather than relying solely on 

relative risk scores to interpret drug effects, we used EMR results to prioritize candidates with the best 

scores for further experimental validation. 

https://www.zotero.org/google-docs/?XvOeLy
https://www.zotero.org/google-docs/?M41tiv
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By validating the therapeutic benefits of such a combination, this research serves as a proof-of-concept, 

demonstrating the feasibility of a multi-cell-type gene network correction therapy that may more effectively 

ameliorate AD-related pathologies. While this treatment method accounts for the multifactorial nature of 

AD, recognizing the vast heterogeneity among AD patients suggests that effective treatment strategies will 

likely involve artificial intelligence (AI)-driven precision medicine. Therefore, in Chapter 3, we 

systematically characterized the cellular and molecular alterations induced by major AD risk factors, 

including age, sex, and APOE genotypes, to gain a comprehensive understanding of the functional changes 

associated with each individual factor, as well as the convergent effects of multiple risk factors in a cell-

type-specific context.  

With this comprehensive survey study, we found sex, out of all three risk factors, is consistently the 

strongest variance contributing factor in cell type abundance, specifically for inhibitory neurons, astrocytes, 

and OPCs. Additionally, sex significantly contributes to variance in abundance of neuronal subtypes in the 

hippocampus. These data suggest the importance of taking the female sex in consideration when studying 

disease mechanisms. Furthermore, we observed age-dependent sex difference in cell-cell communications 

comparing APOE4 vs APOE3 samples across cell types. Increased communication comparing APOE4 vs 

APOE3 samples was observed in female with aging, while decreased communication by APOE4 allele was 

observed in males with aging. Lastly, we performed differential gene expression and enriched pathways 

analysis of APOE4 vs APOE3 samples and observed age-dependent sex-bias in molecular alterations by 

APOE genotypes across all cell types. This rigorous profiling not only facilitates a better understanding of 

the intricate heterogeneity observed in AD patient populations but also establishes a robust foundation for 

the future development of targeted network correction therapies within a precision medicine framework. 

This large-scale transcriptomic dataset enables the identification of nuanced patterns that reveal molecular 

and functional deficits in specific subgroups within the AD population, allowing for the design of tailored 

therapies targeting these specific patterns of alterations. By integrating insights from diverse cellular and 
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molecular landscapes, this study advances the prospect of designing more precise and effective therapeutic 

interventions tailored to the complex and multifactorial nature of AD. 

In summary, the first study introduces a transformative approach to AD drug discovery by focusing on cell-

type-specific interventions and predicting multi-target drug combinations based on human-derived data. 

Utilizing extensive omic data from post-mortem human brains and clinical records from millions of diverse 

patients, our methodology provides a robust framework for identifying effective therapeutic agents through 

real-world evidence. Preclinical validation in mouse models showed that the proposed drug combination 

significantly ameliorated memory deficits and AD-related pathologies. Although treatment reversed AD-

specific gene network signatures, further investigation is needed to elucidate the precise mechanistic targets 

to advance it as a novel AD therapeutic.  

The results of the second project have significant implications for the advancement of precision medicine 

in AD. By comprehensively characterizing the molecular influences of key AD risk factors—such as age, 

APOE4 genotype, and sex—using AD mouse models, the study has identified substantial variations in cell 

type abundance and gene expression patterns, particularly driven by sex differences and the interplay 

between age and APOE genotype. These findings not only deepen our understanding of the molecular 

underpinnings of AD but also create a rich dataset that can be leveraged for future applications of the 

network correction method. Importantly, this dataset allows for the mapping of distinct risk profiles, 

facilitating the identification of tailored therapeutic interventions that align with the unique transcriptomic 

signatures of individuals. Ultimately, this work enhances the potential for developing more personalized 

and effective treatment strategies for AD, addressing the disease's complex and multifactorial nature 

through precision medicine. 

Collectively, these two complementary projects underscore the potential of a cell-type-directed, network-

correcting treatment strategy within a precision medicine framework. This work lays the groundwork for 
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advancing precision medicine by leveraging AI and large-scale omics datasets. By integrating advanced 

computational techniques with multi-omic, clinical, and epidemiological databases, future initiatives can 

develop AI-driven systems capable of designing tailored treatments based on the molecular signatures and 

clinical profiles of specific subpopulations or individuals. This approach directly addresses the 

multifactorial nature of AD pathology and heterogeneity observed among AD patients, thereby facilitating 

the development of more precise, predictive, and effective therapeutic interventions. 
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