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Heterogeneities in Alzheimer’s Disease and Related Dementias: Elucidating the Genetic 

and Transcriptomic Underpinnings 

Caroline Jonson 

Abstract 

Despite the tremendous burden of Alzheimer’s disease and related dementias (ADRD) on patients, 

their families, and the public health system, there are still no effective treatments for the disease. 

Seeking a better understanding of important disease-subgroup-specific associations in a highly 

heterogeneous patient population, like those diagnosed with ADRD, can help facilitate the 

development of new therapeutics by enhancing clinical trial design. This thesis focuses on 

elucidating the genetic and transcriptomic underpinnings of the heterogeneities in ADRD and 

where these subgroups mechanistically converge. 

Chapter 1 focuses on features driving sex differences in AD progression to help reveal what 

protects some individuals and what makes others more vulnerable, ultimately informing the 

development of personalized therapeutics that benefit both sexes.  

Chapter 2 presents a meta-analysis of Alzheimer's disease genetics across multiple ancestries and 

highlights the current lack of diversity in neurodegenerative disease genetic research, suggesting 

a need for more inclusive studies. 

Chapter 3 links peripheral immune changes to familial tauopathy and early-onset Alzheimer's, 

showing altered monocytes in tauopathies and increased interferon-responsive T cells in EOAD. 

This chapter highlights the importance of the immune system in ADRD.  
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Gloss to Chapter 1. 

This chapter marks the beginning of my thesis research as my first project I took on after joining 

the Yokoyama lab. I had spent about a year conducting a sex stratified genome wide association 

study and found limited autosomal genetic differences between the sexes. Jen, and other 

Yokoyama lab members, had previously worked with Dena Dubal on some sex chromosome 

studies and given biological sex is defined by the possession of various sex chromosome 

complements (most commonly XY or XX), we felt studying the impact of sex chromosome 

features on sex differences in Alzheimer’s disease would be a reasonable shift for me to take.  

Emily Davis, in the Dubal lab, had already downloaded an RNA-sequencing data set to begin this 

study, but Dena had reached out for extra hands on this project with perfect timing for me to jump 

in and help. While I had helped with analyses and manuscript writing during my undergraduate 

research, this was my first true experience with a scientific collaboration like this one. We ran our 

analyses by various experts in the field and I learned how important it is to me to do research as a 

team. Having different perspectives helps mitigate using incorrect analyses, having visualization 

errors, and sometimes entirely missing an interesting pattern in the data. After this project I felt 

fully committed to always being available as a second pair of eyes or a mentor to pass this 

experience forward.  
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This project was not the project that provided me the most opportunity for technical growth, but it 

jumpstarted my thesis and empowered me embrace negative results as a transition towards a 

different way of looking at things. Conceptually it makes sense to me, now, that from an 

inheritance perspective, looking at purely genetic difference on the autosomes may not be the best 

way to capture sex difference, but without taking the path I took, I may not have had this insight.  

Studying sex differences in AD opened many doors for me including the opportunity to present at 

an international conference in Mexico City and the confirmation that looking at disease in an 

individualized way was important to me. If diseases impact people differently then why were so 

many scientists just throwing data at algorithms instead of pausing to consider what differences in 

humans lead to differences in disease? After this project, I knew I wanted to focus on this general 

theme.  

  



 3 

Chapter 1  

Sex-Specific Association of the X Chromosome with Cognitive Change and Tau Pathology 
in Aging and Alzheimer Disease 

 
Contributing Authors: Emily J. Davis, PhD; Caroline Warly Solsberg, BS; Charles C. White, 

PhD; Elena Miñones-Moyano, PhD; Marina Sirota, PhD; Lori Chibnik, PhD; David A. Bennett, 

MD; Philip L. De Jager, MD, PhD; Jennifer S. Yokoyama, PhD; Dena B. Dubal, MD, PhD** 

**Correspondence 
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1.1 Abstract 

Importance  

The X chromosome represents 5% of the human genome in women and men, and its influence on 

cognitive aging and Alzheimer disease (AD) is largely unknown. 

Objective  

To determine whether the X chromosome is associated with sex-specific cognitive change and tau 

pathology in aging and AD. 

Design, Setting, Participants  

This study examined differential gene expression profiling of the X chromosome from an RNA 

sequencing data set of the dorsolateral prefrontal cortex obtained from autopsied, elderly 

individuals enrolled in the Religious Orders Study and Rush Memory and Aging Project joint 

cohorts. Samples were collected from the cohort study with enrollment from 1994 to 2017. Data 

were last analyzed in May 2021. 

Main Outcomes and Measures  

The main analysis examined whether X chromosome gene expression measured by RNA 

sequencing of the dorsolateral prefrontal cortex was associated with cognitive change during aging 

and AD, independent of AD pathology and at the transcriptome-wide level in women and men. 

Whether X chromosome gene expression was associated with neurofibrillary tangle burden, a 

measure of tau pathology that influences cognition, in women and men was also explored. 

Results  

Samples for RNA sequencing of the dorsolateral prefrontal cortex were obtained from 508 

individuals (mean [SD] age at death, 88.4 [6.6] years; 315 [62.0%] were female; 197 [38.8%] had 

clinical diagnosis of AD at death; 293 [58.2%] had pathological diagnosis of AD at death) enrolled 
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in the Religious Orders Study and Rush Memory and Aging Project joint cohorts and were 

followed up annually for a mean (SD) of 6.3 (3.9) years. X chromosome gene expression (29 

genes), adjusted for age at death, education, and AD pathology, was significantly associated with 

cognitive change at the genome-wide level in women but not men. In the majority of identified X 

genes (19 genes), increased expression was associated with slower cognitive decline in women. In 

contrast with cognition, X chromosome gene expression (3 genes), adjusted for age at death and 

education, was associated with neuropathological tau burden at the genome-wide level in men but 

not women. 

Conclusions and Relevance  

In this study, the X chromosome was associated with cognitive trajectories and neuropathological 

tau burden in aging and AD in a sex-specific manner. This is important because specific X 

chromosome factors could contribute risk or resilience to biological pathways of aging and AD in 

women, men, or both. 
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1.2 Introduction 

The X chromosome represents 5% of the genome in women and men and is understudied in aging 

and Alzheimer disease (AD). In the brain, more genes are expressed from the X chromosome than 

from any other single autosome [1]; however, analytic challenges posed by X hemizygosity in 

male individuals, random X inactivation and baseline X escape in female individuals, shared 

sequences between the X and Y, and limited representation of the X in genome-wide association 

studies, have largely led to its exclusion in studies [2]. Despite historical constraints, tool kits are 

expanding, and varied sequencing approaches offer complimentary opportunities to investigate the 

X with high fidelity in brain aging and neurodegenerative disease. Any advances gained in 

dedicated study of the X are particularly important given its high density of neural genes, potential 

contribution to disease-relevant biology within and between each sex, and history of meaningful 

discoveries in other fields of medicine [3,4]. With this in mind, we investigated an RNA 

sequencing (RNA-seq) data set from the well-established Religious Orders Study and Rush 

Memory and Aging Project joint cohorts to measure transcriptional levels of X gene expression in 

the dorsolateral prefrontal cortex, a cortical hub of multiple cognitive circuits, targeted by aging 

and AD [5]. Because X gene expression is imbalanced between the sexes, we performed separate 

analyses of women and men. In our main analysis, we examined whether X expression is 

associated with cognitive change during aging and AD, independent of AD pathology, in women 

and men. We also explored whether X expression is associated with neurofibrillary tangle (NFT) 

burden, a major component of AD pathology linked with cognitive decline in women and men. 
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1.3 Methods 

We performed linear regressions of data derived from RNA-seq of dorsolateral prefrontal cortex 

with longitudinal change in global cognition and with NFT burden (assessed over 8 regions) in 

individuals from the Religious Orders Study and Rush Memory and Aging Project joint cohorts. 

Participants were without known dementia at enrollment (1994-2017) and were followed up 

longitudinally until death. Institutional review board approval was obtained from Rush University, 

and all participants provided written informed consent, agreed to brain donation, and signed a 

repository consent allowing their data to be repurposed. RNA-seq methods have been described in 

detail [5]. Of 13 822 coding genes detected genome-wide, 488 were from the X chromosome. 

Neuropathological examination and antemortem clinical and neuropsychological profiling were 

performed [5,6]. Global cognitive function was derived for each individual from the annual 

neuropsychological evaluation, comprising 17 different tests that were collapsed to form rates of 

cognitive decline, controlling for age and years of education [5]. Cognitive decline was regressed 

against messenger RNA expression and covaried by extent of AD pathology (NFT and neuritic 

plaque scores); the association was defined as β. Brain NFT burden was regressed against 

messenger RNA expression, accounting for age and education; the association was defined as β. 

Additional methods are provided in the eMethods in the Supplement. Significance was established 

genome-wide at a false discovery rate–adjusted P value of less than .05. Analysis of women was 

performed separately from men owing to the biologic imbalance of X gene expression between 

the sexes. Analyses took place in May 2021. 

1.4 Results 

Demographics of the samples from the Religious Orders Study and Rush Memory and Aging 

Project joint cohorts that underwent RNA-seq are shown in Table 1.1 and eTable 1 in the 
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Supplement, with 508 individuals followed up longitudinally for a mean (SD) of 6.3 (3.9) years. 

Of these, 315 (62.0%) were female, 197 (38.8%) carried a clinical diagnosis of AD, and 296 

(58.2%) carried a pathological diagnosis of AD. Most individuals (499 [98.2%]) self-reported as 

non-Hispanic White (eMethods in Supplement). Individuals with no cognitive impairment (166 

[32.7%]), mild cognitive impairment (124 [24.4%]), clinical AD (173 [34.1%]), mixed mild 

cognitive impairment (9 [1.8%]), mixed AD (24 [4.7%]), and other dementias (12 [2.4%]) did not 

differ by sex (eTable 1 in the Supplement). 

In women, select X chromosome genes were significantly associated with cognitive change at the 

genome-wide level (29 genes) (Figure 1.1 A and B, Table 1.2, and eTable 2 in the Supplement), 

adjusted for age, education, and AD pathological burden. Of these, 19 genes (65.5%) showed a 

positive β score, indicating increased messenger RNA expression associated with slower cognitive 

decline. In men, X genes were not significantly associated with cognitive change (Table 1.2 and 

eTable 3 in the Supplement), despite similar cognitive decline to women (β = −0.18, P = .86; 

eTable 4 in the Supplement). While lower numbers of men contributed to decreased statistical 

power, subsampling of women to a male-equivalent–sized cohort continued to show significance 

of some genes, indicating female specificity of X chromosome–cognition associations. 

Nonetheless, β scores between women and men showed a strong statistical correlation revealing 

similar magnitude and direction of X expression with cognitive change between the sexes (Figure 

1.1, C). 

In contrast with cognition, X chromosome gene expression was associated with NFT burden at the 

genome-wide level (3 genes) in men (Table 1.2; eTable 5 in the Supplement) but not women 

(Table 1.2 and eTable 6 in the Supplement). This is despite the lower NFT burden in men 

(β = −0.06, P = .07; eTable 4 in the Supplement) compared with women. 
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1.5 Discussion 

Significant associations of the X chromosome with cognitive change and tau pathology in aging 

and AD were sex specific. X chromosome gene expression assessed by RNA-seq in the 

dorsolateral prefrontal cortex was associated with cognitive change in women but not men, 

independent of AD pathology. In contrast with cognition, X gene expression was associated with 

neuropathological tau burden in men but not women. 

Sex-specific findings of X gene expression in aging and AD were observed at the genome-wide 

level, including statistical correction for all autosomal and X genes detected. Thus, our results 

represent strong biological signals comparable with studies reporting autosomal gene associations. 

Sex stratification likely increased accuracy and resolution of findings because sex-specific biology 

governs X expression. 

For the majority of identified X genes, higher levels were associated with slower cognitive decline 

in women. Among these, GRIA3, GPRASP2, and GRIPAP1 (or GRASP1) code for proteins critical 

to mechanisms of synaptic transmission and plasticity, substrates of cognition. It is possible that 

women with a higher X dose from baseline escape or reactivation of the silent X showed resilience 

and better cognitive outcomes, compared with women with a lower X dose. Female-specific X 

biology, including harboring a second X chromosome, could also contribute to sex differences 

favoring female individuals [7]. This includes female longevity in AD and female resilience to 

higher tau burden [7-9]. Of note, more women have AD in large part owing to their longevity with 

the disease, along with survival to advanced ages when risk and incidence is highest [10]. Causal 

biological studies of X factors are needed for a deeper understanding for any of these putative 

roles. 
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Our observation that X chromosome gene expression, like UBL4A, which encodes a protein 

folding factor, is associated with neuropathological tau burden in men but not women could 

represent male-specific X biology. Emerging sex differences in tau observed in human 

populations, along with increased tau-induced gene expression in male mice, support this 

possibility [8-9,11]. Male-specific X biology includes hemizygosity of the X and maternal X 

inheritance, sources of genetic and epigenetic sex difference. 

The spatial landscape of significant associations with cognitive change revealed transcriptional hot 

spots of genes clustered proximally on the X chromosome (Figure 1.1, A), suggesting common 

epigenetic regulators. Among these hot spots are genes linked to cognitive preservation and 

longevity protein families, including MED12 and FOXO4. Whether they could contribute 

resilience or risk in aging and AD remains unknown. 

Recent databases increasingly cover the X chromosome with high fidelity using varied informatic 

approaches, from expanded genome-wide association studies with X genetic variants to RNA-seq 

for direct gene expression levels, enabling proper X investigation [12-14]. Two studies using 

single-cell RNA-seq broadly identified genes linked with AD phenotypes and detected X 

expression [13,14]. One gene, MID1IP1, also emerged in our study. Its putative role modulating a 

phosphatase dysregulated in tau biology highlights how a deeper dive into X factors might reveal 

important pathways. 
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1.5.1 Limitations 

Limitations and caveats of our work include study of predominantly non-Hispanic White 

individuals within the United States, focus on 1 affected brain region, and lack of cell-type 

specificity of gene expression changes. It remains to be determined how broadly our findings 

extend and if X associations could differ with aging vs AD, not separated in this study. 

1.6 Conclusions 

A disproportionate density of factors influencing neural function reside on the X chromosome and 

their roles in aging, AD, and other neurodegenerative diseases require identification and 

investigation in both sexes [15]. This is important because X factors could contribute 

understanding of disease-relevant neurobiology along with sex differences and sex specificity of 

biomarkers, disease courses, and eventually pathways for personalized treatments against 

pathological aging and AD for women and men. 
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1.7 Figures 

 

 

 
Figure 1.1 Association of X Chromosome Genes with Cognitive Change in Aging and AD 
A, Circos plot of the human X chromosome with coding genes that passed RNA sequencing 
threshold of significance after genome-wide correction in women, numbered consecutively by 
location. The inner dark blue band maps clusters of genes in yellow. B, Volcano plot shows β for 
each gene along with level of statistical significance. Numbering refers to location on X 
chromosome as depicted in panel A. C, Linear regression analysis of β scores are indicated 
between men and women (P < .001; R2 = 0.33). FDR indicates false discovery rate; mBP, mega 
base-pairs. 
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1.8 Tables  

Table 1.1 Demographic Information  
ROSMAP sample demographics used in RNA seq of cortex  
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Table 1.2 Gene expression association summary 
Association of X Chromosome Genes Expression with Cognition and Neurofibrillary Tangle 
Burden in a Sex specific Manner 
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Gloss to Chapter 2 

One could spend their entire career studying the heterogeneities ADRD. I had the amazing 

opportunity to dive deeply into two of the most significant contributors: sex, described in chapter 

1 and ancestry, described in this chapter. While working on this chapter, Jen connected me with 

Mike Nalls and his team at the NIH. I had been working on my own genome wide association 

study meta-analysis when Jen heard Mike’s team was working on a similar project and we decided 

it would be another great opportunity for collaboration. Collaborating with members of Data 

Tecnica and the Center for Alzheimer's and Related Dementias, including Julie Lake and Hampton 

Leonard, on this project allowed me to share ideas and learn from leading experts in this field. 

Together, we conducted a multi-ancestry meta-analysis followed by fine-mapping, polygenic risk 

score assessments, and other functional inferences. We attempted numerous methods for fine-

mapping and ended up publishing only using the MR - MEGA methods due to inconsistencies 

between the other methods we attempted like PAINTOR. During this process I learned a lot more 

about efficient scripting and efficiently implementing functions. Despite conducting the largest 

multi-ancestry meta-analysis on Alzheimer’s to date, we were surprised that we were still unable 

to achieve a cohort with greater than 10% non-European samples included. This drove us to 

conduct a systematic review to take a deeper dive into understanding the extent of non-European 

representation across neurodegenerative disease genome wide association studies. 

To conduct the review, we worked closely with the NIH library and discovered how difficult it 

can be to perform a comprehensive review. Many datasets that came up in our GWAS catalog 

search did not come up in our Covidence search or in our pubmed search. Despite our efforts to 

largely automate the review process by using Covidence, the process ended up being very iterative 

and required a lot of time for us to get our final set of studies. During this process, I learned a lot 
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about documentation, the importance of data verification, and that many papers are published 

despite having questionable study design or conclusions. This was an invaluable lesson because 

when I started graduate school, I had only worked on one other publication and I was working 

with subject matter experts, so I assumed that if something is published, it means it’s rigorous and 

can be trusted. Now, I understand how to distinguish between reliable and unreliable papers and 

can determine whether their methods are sensible. This review paper highlighted the importance 

of representation in NDD research and taught me a lot about proper study design. Additionally, 

this deep dive into genetic research opened an opportunity for me to be a course instructor of 

human genetics for UCSF genetic counseling students. 

  



 

 21 

Chapter 2 Paper 1 

Multi-ancestry meta-analysis and fine-mapping in Alzheimer’s Disease 
 

Contributing Authors: Julie Lake*, Caroline Warly Solsberg*, Jonggeol Jeffrey Kim, Juliana 

Acosta-Uribe, Mary B. Makarious, Zizheng Li, Kristin Levine, Peter Heutink, Chelsea Alvarado, 

Dan Vitale, Sarang Kang, Jungsoo Gim, Kun Ho Lee, Stefanie D. Pina-Escudero, Luigi Ferrucci, 

Andrew B. Singleton, Cornelis Blauwendraat, Mike A. Nalls, Jennifer S. Yokoyama**, and 

Hampton L. Leonard** 

*Equal contribution 

**Correspondence 
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2.1.1 Abstract 

Genome-wide association studies (GWAS) of Alzheimer’s disease are predominantly carried out 

in European ancestry individuals despite the known variation in genetic architecture and disease 

prevalence across global populations. We leveraged published GWAS summary statistics from 

European, East Asian, and African American populations, and an additional GWAS from a 

Caribbean Hispanic population using previously reported genotype data to perform the largest 

multi-ancestry GWAS meta-analysis of Alzheimer’s disease and related dementias to date. This 

method allowed us to identify two independent novel disease-associated loci on chromosome 3. 

We also leveraged diverse haplotype structures to fine-map nine loci with a posterior probability 

> 0.8 and globally assessed the heterogeneity of known risk factors across populations. 

Additionally, we compared the generalizability of multi-ancestry- and single-ancestry-derived 

polygenic risk scores in a three-way admixed Colombian population. Our findings highlight the 

importance of multi-ancestry representation in uncovering and understanding putative factors that 

contribute to risk of Alzheimer’s disease and related dementias.  
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2.1.2 Introduction 

Alzheimer’s disease (AD) is a complex genetic disorder with a range of deleterious variants across 

multiple genes attributed to both early and late-onset forms of sporadic AD [1]. The strongest 

genetic risk factor for late-onset AD is APOE-e4, yet it has been estimated that there may be 

anywhere from 100 to 11,000 variants that also contribute to risk of late-onset AD [2, 3]. Large-

scale genome-wide association studies (GWAS) in European ancestry populations have identified 

over 75 loci that are associated with AD and related dementias (ADD) [4]. However, genetic 

research in ADD that focuses solely on European populations limits additional discoveries 

afforded by studying diverse cohorts. Including non-European populations in genetic research 

provides new opportunities to uncover ancestry-specific risk variants and loci, increase statistical 

discovery power, improve fine-mapping resolution to identify putative causal variants, and identify 

loci with heterogeneous effects across ancestry groups [5–7]. 

Implementing existing ancestry-aware or heterogeneity penalizing meta-regression approaches 

have proven powerful at deconvoluting the genetic architecture of other phenotypes across 

populations [8–18]. We leveraged such techniques, layering existing diverse data on top of more 

extensive European-derived data, to facilitate discovery of novel ADD risk loci. Here we report 

the results of our multi-ancestry genome-wide meta-analysis of the largest publicly available ADD 

GWAS from individuals of European, East Asian, and African American ancestry, and an 

additional GWAS of Caribbean Hispanic individuals using previously reported genotype data 

since those summary statistics were not available. Using a meta-regression approach implemented 

in MR - MEGA, we demonstrate improved fine-mapping at several known ADD loci and estimate 

the extent to which heterogeneity at these loci is attributable to genetic ancestry. This study 

highlights the utility of multi-ancestry analyses to further our understanding of disease biology and 
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reduce health disparities in research by nominating novel loci and characterizing genetic 

differences across populations. 

2.1.2.1 Data included in this study 

Our multi-ancestry meta-analysis included a total of 54,233 AD cases, 46,828 proxy AD and 

related dementia (proxy-ADD) cases, and 543,127 controls (Figure 2.1.1; Table 2.1.S1). Detailed 

information about the existing GWAS summary statistics used in this report are described 

elsewhere [4, 6, 19]. In brief, the most recent publicly available ADD GWAS includes 39,106 

clinically diagnosed AD cases, 46,828 proxy-ADD cases (defined as having a parent with 

AD/dementia) and 401,577 controls of European ancestry [4]. FinnGen data from Release 6 

includes 7,329 AD cases and 131,102 controls free of any neurological disorder. We also included 

the largest publicly available AD GWAS of African American (2,748 cases and 5,222 controls) 

[6] and East Asian (3,962 cases and 4,074 controls) [19] populations and an additional GWAS 

including 1,095 cases and 1,179 controls of Caribbean Hispanic ancestry. Select SNPs from the 

Gwangju Alzheimer’s & Related Dementias (GARD) East Asian cohort (1,119 cases and 1,172 

controls) were used to assess East Asian risk at our novel loci post-hoc since these SNPs were not 

present in the discovery East Asian dataset from Shigemizu et al. used in our meta-GWAS [20]. 

In this study, we considered significant variants as passing the standard p-value threshold of 5 x 

10-8, consistent with most GWAS meta-analyses and used previously in other multi-ancestry 

studies [21–23]. Our analysis included only variants that passed quality control and with a minor 

allele frequency > 1% in a minimum of three datasets to accurately quantify heterogeneity, 

effectively reducing the number of potential haplotypes and tests. 
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2.1.2.2 Meta-GWAS 

Association summary statistics from all five datasets, representing four super populations, were 

aggregated via fixed and random effects models implemented in PLINK v1.9 [24] and a multi-

ancestry meta-regression implemented in MR - MEGA [25] (Table 2.1.S1). A fixed effect analysis 

was conducted in conjunction with random effects in PLINK as it is the standard choice for many 

GWAS meta-analyses. Since the fixed effect analysis did not identify any additional novel loci, 

we focused on the random effects and MR - MEGA results as these methods are generally more 

appropriate for multi-ancestry studies. In particular, MR - MEGA was specifically designed for 

multi-ancestry meta-analyses and random effects models penalize heterogeneity in their 

construction of effect estimates, allowing these estimates to be more generalizable across global 

populations. We did not observe any genomic inflation in these analyses after excluding rare 

variants (MAF < 1% per study) and correcting for case-control imbalance (Table S1; Figure 

2.1.S1). Chromosome 19 was also excluded from genomic inflation estimates to avoid bias from 

the APOE region. Association results from the random effects and MR - MEGA meta-analyses 

were moderately concordant for SNPs without heterogeneity (I2=0, R2=0.6). Our study also 

demonstrated that MR - MEGA is advantageous for SNPs with heterogeneous allelic effects 

(Figure 2.1.S2). Results from all meta-analyses (MR - MEGA, random effects, and fixed effect) 

can be found in Tables S2a-c. 

A total of 68 loci reached genome-wide significance (P < 5 x 10-8) in the fixed effect, random 

effects or MR - MEGA meta-analyses. While most of these loci overlapped all analyses, 1 was 

only significant using MR - MEGA (JAZF1), 1 using random effects (KANSL1), and 5 using the 

fixed effect model (ADAMTS1, MAF, PLEKHA1, TSPOAP1, and UMAD1) (Tables 2.1.S2a-c). 66 

of these loci overlapped previously established genomic regions associated with ADD (see 
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“Defining associated loci” in the Online Methods). Our analysis may have been underpowered to 

detect the remaining loci without the replication summary statistics from Bellenguez et. al. as only 

the discovery phase statistics from that study were available. 

We additionally identified two independent ADD risk loci on chromosome 3 near TRANK1 

(rs9867455; PRE=3.49 x 10-8, βRE=-0.0424, I2=0) and VWA5B2 (rs9837978; PRE=3.75 x 10-8, βRE=-

0.0526, I2=0) that are outside of the maximal linkage disequilibrium (LD) boundary for any known 

AD risk loci (Figure 2.1.2). These two loci were identified using both the fixed and random effects 

models. These loci also showed similar P-values using MR - MEGA but did not reach genome-

wide significance using this method (Table 2.1.1). The association signals are primarily driven by 

the European-focused study by Bellenguez et al., where they were also sub-significant (P-values 

of 6.95 x 10-7 for TRANK1 and 1.17 x 10-6 for VWA5B2, respectively). We did not identify any 

additional novel loci using MR - MEGA (Figure 2.1.S12a). 

Since the lead SNPs for these potential novel loci were absent in the East Asian dataset from 

Shigemizu et al. used for initial discovery [19], we attempted to test these SNPs in an independent 

East Asian ancestry dataset [20]. Genome-wide data for this cohort was not available to include in 

the meta-analysis at the time of publication. We observed an association at P < 0.05 at VWA5B2-

rs9837978 (P=0.048, β=0.204) in the GARD cohort (n=2,291). The direction of effect was not 

consistent with the direction seen in the other populations included in the discovery GWAS, 

suggesting the effect of this locus may be heterogeneous across populations, but more extensive 

testing in East Asian populations must be performed for confirmation. We were unable to test the 

association at TRANK1-rs9867455 in the GARD replication cohort since this SNP was not 

included in their GWAS and an LD proxy SNP was not available.  
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2.1.2.3 Gene prioritization for novel loci 

Using public expression quantitative trait locus (eQTL) evidence from Open Targets [26] and 

multi-ancestry brain eQTL summary data [27], we assessed whether TRANK1-rs9867455 and 

VWA5B2-rs9837978 are associated with the expression of nearby genes. Open Targets reported 

rs9867455 as a significant eQTL (P < 1 x 10-6) for LRRFIP2, ITGA9, GOLGA4, MLH1, and 

TRANK1 across blood or other tissues. LRRFIP2, GOLGA4 and TRANK1 were also nominated in 

the multi-ancestry brain eQTL data. Open Targets reported rs9837978 as a significant eQTL for 

AP2M1, ABCF3, VWA5B2, ALG3, ABCC5, DVL3, and CLCN2. AP2M1, as well as two additional 

genes (EIF2B5 and ECE2) were nominated in the multi-ancestry brain eQTL data.  

To prioritize susceptibility genes with expression effects on ADD risk, we performed summary-

based Mendelian Randomization (SMR) to infer whether expression of the eQTL-nominated genes 

is causal for AD. More details regarding the purpose and methods used to perform SMR can be 

found in the “Functional inferences” section of the Online Methods. At the TRANK1-rs9867455 

locus, TRANK1, LRRFIP2, GOLGA4, and ITGA9 were significant in our SMR results for affecting 

AD risk via expression across multiple tissue types. The strongest associations in cortex tissue 

were seen with TRANK1 and LRRFIP2. The GWAS signal at the TRANK1-rs9867455 locus 

colocalized most strongly with TRANK1 expression in cortex tissue (R2=0.52; Figure 2.1.S3). At 

the VWA5B2-rs9837978 locus, VWA5B2, AP2M1, ABCF3, ALG3, EIF2B5, DVL3, CLCN2, 

ABCC5 were significant in our SMR results. The strongest associations in brain tissues were seen 

in ABCF3, ALG3 and EIF2B5, although colocalization between the GWAS signal and these 

eQTLS were not very strong (R2 < 0.5; Figure 2.1.S4). For more details on directionality of these 

associations, see Table S3. 
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2.1.2.4 Fine-mapping 

A total of nine loci outside of the APOE, MAPT, and major histocompatibility complex (MHC) 

regions were fine-mapped to a credible set of ≤ 2 SNPs with a combined posterior probability (PP) 

of 99% (Table 2.1.2; Figures 2.1.S5-6). The MHC and MAPT regions were excluded from fine-

mapping due to a complex haplotype structure across populations [28, 29] and known haplotype 

inversions [30], respectively. Five of these loci were previously fine-mapped with PP > 0.8 in large 

GWAS of European populations (Figure 2.1.S5; BIN1-rs6733839; INPP5D-rs10933431; 

ECHDC3-rs7912495; APH1B-rs117618017; ABCA7-rs12151021) [31, 32]. Four additional ADD 

loci with 1-2 variants in their 99% credible sets have not been previously fine-mapped 

(Figure 2.1.S6a-b,d-e; RHOH-rs2245466; CTSB-rs1065712; FAM157C/PRDM7-rs56407236; 

GRN-rs5848). Interestingly, GRN is also a candidate risk locus for frontotemporal dementia (FTD) 

[33] and Parkinson’s disease (PD) [34, 35]. More than 70 pathogenic variants in GRN have been 

linked to familial FTD [33]. While GRN mutations do exist in sporadic forms of FTD, we were 

unable to find publicly available FTD GWAS summary statistics with a significant association at 

this locus. Using publicly available PD GWAS summary statistics [34], we compared the regional 

genetic correlations between PD and ADD at both GRN and CTSB, another candidate risk locus 

for PD. LocusCompare plots show low genetic correlation between ADD and PD at both loci 

(GRN, R2=0.36; CTSB, R2=0.0048), which may indicate that distinct causal variants drive the 

associations (Figure 2.1.S7). One additional locus with a credible set size > 2 was fine-mapped to 

a single SNP with PP > 0.8 (Figure 2.1.S6c; SLC24A4-rs12590654, PP=0.91, n=32 in 99% 

credible set). In addition, two SNPs with a PP ≥ 0.3 were annotated as missense variants 

(Figure 2.1.S8; MS4A6A-rs7232, PP=0.54, n=4 in 99% credible set; SHARPIN-rs34674752, 

PP=0.30, n=5 in 99% credible set). Notably, our fine-mapping analysis did not replicate SORL1-
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rs11218343, which has been previously fine-mapped with a PP > 0.999 in two large European 

studies [31, 32], likely due to a different regional architecture in the East Asian population as has 

been previously reported (Figure 2.1.S9) [36]. All 99% credible sets are provided in Table 2.1.S4. 

2.1.2.5 Heterogeneity analysis 

We observed significant heterogeneity (I2 > 30%) at 19 of the 48 loci that reached genome-wide 

significance (P < 5 x 10-8) in MR - MEGA (Table 2.1.S2a), which does not include the additional 

loci (including 2 novel) identified by the fixed and random effects analyses (Table 2.1.S2b-c). 

Several factors can account for the observed heterogeneity, such as differences in study design, 

geographical region, and diagnostic accuracy. We estimated the proportion of heterogeneity that 

is attributable to genetic ancestry using MR - MEGA (see “Assessment of allelic effect 

heterogeneity” in the Online Methods) and observed that at least 50% of the heterogeneity was 

attributable to genetic ancestry at 10 of these loci (Figure 2.1.3, Figure 2.1.S10). We also assessed 

heterogeneity at lead SNPs from the most recent European GWAS [4] and found that 37% of the 

lead SNPs tested presented significant heterogeneity (I2 > 30%), of which 48% were primarily 

attributable to ancestry (Table 2.1.S5). Five of the fine-mapped SNPs also showed significant 

heterogeneity (I2 > 30%), of which only SLC24A4 showed heterogeneity that was primarily 

attributable to genetic ancestry (Table 2.1.2).  

The genetic polymorphisms rs7412 and rs429358 that form the APOE e2/e3/e4 alleles presented 

very different allelic heterogeneity. Consistent with previous studies [7, 37], we observed an 

attenuated signal at APOE-rs429358, which determines the APOE-e4 allele, among the cohorts of 

African Americans and Caribbean Hispanics (Figure 2.1.S11a). APOE-rs429358 had the highest 

heterogeneity (I2=96.54) of the SNPs tested with ~42% attributable to genetic ancestry, although 

these polymorphisms were not available to test in the most recent European-ancestry AD GWAS 
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[4]. In contrast, APOE-rs7412, which determines the APOE-e2 allele, did not present any 

heterogeneity (Figure 2.1.S11b; I2=0). Complementary to standard GWAS association tests, we 

also generated P-values representing heterogeneity of effect estimates attributable to genetic 

ancestry in the multi-ancestry meta-regression and observed the strongest signal near APOE 

(Figure 2.1.S12). Additionally, we observed strong evidence of ancestry-related heterogeneity 

(PHET < 1e-6) near SORL1, as well as PAPOLG, AC026202.5, and snoU13 which did not meet 

genome-wide significance in the association results. LocusZoom and beta-beta plots of these loci 

suggest that non-European populations primarily drive these association signals, and there are 

likely discordant effects across populations (Figure 2.1.S13).  

2.1.2.6 Polygenic risk scoring 

We tested the performance of the multi-ancestry fixed and random effects models and each of the 

GWAS from single ancestral populations in a Colombian cohort of AD cases (n=281) and 

neurologically normal controls (n=87). This cohort is an admixture of three ancestral populations, 

with European substructure making up the highest proportion of global ancestry (mean of 64%, 

SD=15%), followed by Indigenous American (mean of 27%, SD=11%), and African (mean of 9%, 

SD=11%). Colombian samples were used to test PRS applicability as they were a population not 

represented in the meta-analyses. While the Caribbean Hispanic cohort included in the meta-

analyses is also three-way admixed, this cohort likely has a lower Indigenous American proportion 

and higher African ancestry proportion than the Colombian cohort [38]. Single-ancestry PRS 

performed worse than multi-ancestry random-effects-derived PRS in terms of area under a receiver 

operating characteristic curve (AUC). We observed maximal AUCs of 79% and 68% including 

and then excluding APOE variants in this population, and 75% and 63% for the European-derived 

PRS (Figure 2.1.4; Table S6). Non-European AUCs tended to improve with increasing sample 
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size (Figure 2.1.4), suggesting that the composite score, combining ancestry-specific PRS by 

population weights, may have performed as well or better than the random-effects-derived PRS if 

the component GWASs from under-represented populations were better powered. 

2.1.3 Discussion 

We performed a large, genome-wide meta-analysis of ADD across five datasets, representing four 

super-populations. By leveraging data from multiple ancestry groups, we replicated 66 known 

ADD loci and identified two novel risk loci on chromosome 3 (Tables S2a-c). These novel loci 

reached genome-wide significance using the fixed and random effects models but were sub-

significant using MR - MEGA as this model is not as well-powered to detect loci with homogenous 

allelic effects [25].  

The first novel locus identified in this study is near TRANK1, which encodes tetratricopeptide 

repeat and ankyrin repeat containing 1. TRANK1 is associated with DNA- and ATP-binding and 

DNA repair and is highly expressed in brain tissue [39, 40]. Previously, TRANK1 has been cited 

as a robust risk locus for both schizophrenia (SZ) [41,42,43] and bipolar disorder (BD) [39, 44, 

45], although subtype analyses suggest that this signal is primarily driven by the most heritable 

subtype, BD I, which is genetically correlated with SZ [46]. Notably, BD has also been shown to 

increase risk for AD, with the two sharing significant genetic overlap [47]. LocusCompare plots 

show a modest correlation between our random effects meta-analysis of ADD with BD I (R2=0.46) 

and SZ (R2=0.23) GWAS at this locus (Figure 2.1.S14-15). We also observed moderate LD 

(R2=0.44, 1000 Genomes EUR) between the lead SNP identified in our study (rs9867455) and the 

lead SNP identified in the BD I GWAS (rs9834970), indicating potential cross-disease overlap for 

this locus. 
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Previous SMR analysis of the TRANK1 region in BD suggested that both TRANK1 and GOLGA4 

may be susceptibility genes [48]. TRANK1 expression is decreased in both BD and AD, and 

decreased expression of TRANK1 was found to alter the expression of genes related to neuronal 

development and differentiation [47]. Altered neurogenesis has been implicated in human AD 

brains and AD rodent models [48]. Previous studies have suggested that TRANK1 may be involved 

in blood brain barrier permeability changes and neuroinflammation, both of which may be relevant 

to neurodegeneration [48, 49]. Interestingly, Kunkle et al. nominated TRANK1 through a gene-

based analysis conducted in an African American population, but not through the single SNP 

association testing included in this study [6]. A combination of eQTL and SMR nominated 

TRANK1, LRRFIP2, GOLGA4, and ITGA9 as potential genes underlying this SNP association, 

with the strongest associations in cortex tissue seen with TRANK1 and LRRFIP2 (Table S3). 

LRRFIP2 encodes LRR binding FLII interacting protein 2, which regulates Toll-like receptor 4 

(TLR4) and can downregulate the NLRP3 inflammasome. TLR4 can induce microglial amyloid-β 

clearance in the brain in early stages of AD but can later induce an inflammatory response, 

suggesting that disruptions to LRRFIP2 may affect AD pathology in patients [50]. 

The second locus is nearest to VWA5B2, which encodes von Willebrand factor A domain-

containing protein 5B1. Von Willebrand factor (VWF) is a glycoprotein that facilitates blood 

clotting at areas of injury. High VWF is associated with short-term risk of dementia, possibly due 

to the increased risk of blood clots restricting blood flow in the brain [51]. Interestingly, VWA5B2 

was found to be downregulated in AD patients, and other variants in VWA5B2 have been linked to 

decreased mean hemoglobin concentration [12, 52]. Low hemoglobin, or anemia, has been linked 

to an increase in risk for AD [53]. This information seems to further implicate the involvement of 

the vasculature system with AD, complementing previous studies such as those investigating 



 

 33 

traumatic brain injury [54]. Whether VWA5B2 has biological implications on risk for AD needs to 

be further investigated. The lead variant rs9837978 does not lie within any of the nearby genes at 

this locus, but eQTL and SMR evidence for this variant nominated eight nearby genes including 

VWA5B2 (Table S3). The strongest SMR association in brain tissue is seen with ABCF3. The 

ABCF3 protein is a member of the ATP-binding cassette (ABC) superfamily, all of which transport 

a variety of substrates across intra- and extracellular barriers [55]. Members of the ABC A 

subfamily, such as ABCA7 and ABCA1, have previously been nominated as AD risk genes [4]. 

ABCF3 is a unique family member in that it lacks a transmembrane domain but has been nominated 

as a candidate of TLR signaling, similar to LRRFIP2 [56]. In addition to inducing inflammatory 

responses, TLRs can affect microglial activity, synaptic plasticity, and tau phosphorylation, 

providing additional evidence to their potential importance in AD pathology [57]. Additionally, 

downregulation of ABCF3 has been associated with an increase in viral load after infection by a 

flavivirus, specifically the West Nile virus which has been linked to long-term neurological 

problems and dementia [58, 59]. It’s plausible that in the presence of viral infection, changes in 

ABCF3 expression may affect immune response and inflammation, two processes that play a role 

in the amyloid cascade hypothesis [60]. 

Future studies will be required to further disentangle the potential roles of the nominated genes in 

the context of ADD risk. Although genome-wide summary statistics were unavailable for 

replication, we attempted to replicate the lead SNP VWA5B2-rs9837978 in a small East Asian 

cohort [61]. However, this SNP demonstrated an opposite direction of effect and the replication 

dataset was underpowered to detect an association (Figure 2.1.S16). Assuming a disease 

prevalence of 2%, MAF of 0.1642 (gnomAD v3.2.1 East Asian), and a nominal significance 

threshold of 0.05, we had ~80% power to detect genotype relative risks ≥ 1.245 but our odds ratio 
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for this allele, which is generally an overestimate of risk [62], was 1.05. Replication in larger and 

more diverse cohorts is warranted in future studies. Further, the disparity seen at points between 

the results on Open Targets, which consists of largely European data, and the multi-ancestry eQTL 

results for nominated genes also highlights the need for more multi-modal reference data including 

diverse ancestries. However, it is also possible that there could be different mechanisms underlying 

disease risk conferred by the implicated loci across different populations. 

Our study highlights the utility of multi-ancestry datasets at uncovering putative mechanisms that 

contribute to ADD. Fine-mapping at several known ADD loci was better resolved using the multi-

ancestry meta-regression compared to previous efforts in European populations. For example, fine-

mapping near RHOH, CTSB and FAM157C/PRDM7 nominated variants that are located in 

untranslated regions that were not well-resolved in European-focused studies. Variants in the 

3’UTR region can impact translation or protein stability, and transcription binding can be impacted 

by variants in the 5’UTR region. Additionally, GRN-rs5848 is associated with circulating 

progranulin levels and decreased GRN expression has been implicated in several 

neurodegenerative diseases, including AD and FTD [35, 63, 64]. In contrast to previous studies in 

European populations, the SORL1 locus was not resolved to a single putative causal SNP. Lead 

SNPs in both the European (SORL1-rs11218343) and East Asian (SORL1-rs117807585) GWAS 

are more common among East Asians compared to all other populations in the Genome 

Aggregation Database v2.1.1 (rs11218343: AFEAS=0.30, AFEUR=0.039; rs117807585: 

AFEAS=0.22, AFEUR=0.020). It is possible that alternative fine-mapping approaches that allow for 

multiple causal variants per locus will provide greater insight into the SORL1 locus. 

At the MS4A gene cluster, multi-ancestry fine-mapping resolved the signal to a credible set of five 

variants, with a common missense variant (rs7232, PP=0.54) and an intergenic variant nearest 
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MS4A4A (rs1582763, PP=0.45) that are in moderate LD (R2=0.55, 1000 Genomes all populations) 

having the highest probability of causality (Figure 2.1.S8). MS4A4A and/or MS4A6A modulate 

soluble TREM2 (sTREM2) in cerebrospinal fluid (CSF), which is correlated with AD progression. 

Previous studies have shown that rs7232 is associated with MS4A6A gene expression and CSF 

sTREM2 [65, 66], while rs1582763 is a cis-eQTL for MS4A4A and MS4A6A [67]. Conditional 

analysis of CSF sTREM2 levels in this region have pointed to two independent signals represented 

by rs1582763 and rs6591561 (MS4A4A p.M159V) [67]. Therefore, a fine-mapping approach that 

allows for multiple causal variants may be more appropriate for this region. 

In addition to highlighting genetic risk factors that are shared across populations, our results also 

highlight ADD loci with significant heterogeneity that may reflect variation in effect sizes, allele 

frequencies or interaction(s) with environmental risk factors that vary by ancestral group. For 

example, we observed the strongest evidence of heterogeneity at APOE-rs429358. Around 42% of 

the heterogeneity at this allele was attributable to genetic ancestry, while the remaining 

heterogeneity may reflect other sources of variation such as imputation accuracy since this allele 

is rarely assayed successfully on genotyping arrays. At JAZF1-rs67250450 and CLU-rs1532276, 

we observed the strongest evidence of ancestry-related heterogeneity, both of which are most 

common among individuals of East Asian ancestry and showed the strongest effects in this 

population (Figure 2.1.3). We also observed significant ancestry-related heterogeneity at SORL1 

and TREM2, which have been previously shown to harbor population-specific risk variants [68, 

69]. Given that our analyses focused on common variation, the effects of rare heterogeneous 

variants (e.g. ABCA7-rs115550680, which has comparable effects to APOE-rs429358 among 

African Americans [70]) may not have been fully captured.  
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While this study marks progress towards assessing genetic risk of ADD across multiple 

populations, we acknowledge several limitations. First, we recognize that the magnitude of clinical 

and pathological diversity among ADD cases is extensive. The diagnostic inaccuracy rate of AD 

likely differs across studies and populations [71, 72] both early-onset forms of AD and other 

pathologies such as frontotemporal and Lewy body dementias. This clinicopathological 

heterogeneity is further exacerbated by the inclusion of proxy-ADD cases in the Bellenguez et al. 

study, a study which comprised the majority of European samples included in our analysis. While 

proxy-ADD cases may introduce more variability than a clinical or pathological diagnosis of AD, 

prior studies have demonstrated strong genetic correlation between proxy-ADD and AD (rg=0.81), 

further supporting the use of this data [73]. Additionally, despite the phenotypic heterogeneity in 

the Bellenguez et al. study, the utility of ADD GWAS are supported by genes with well-defined 

involvement in relevant molecular pathways. For example, the APP locus was first identified at 

genome-wide significance in Bellenguez et al. (P=1.02 x 10-9) and we found a stronger level of 

significance in our random effects meta-analysis (P=8.1 x 10-12, I2=0.79). This locus is likely 

driven by underlying AD pathology due to its role in the formation of amyloid-β and its previous 

implications in both LOAD and EOAD [74, 75]. Although disease subtype-specific conclusions 

that can be made from our analysis are limited by the diagnostic criteria of the included GWAS, 

similar analyses can be applied as larger datasets with high phenotypic specificity become 

available. 

Additionally, although MR - MEGA is a useful tool for fine-mapping and ancestral heterogeneity 

estimation, the software requirements of population overlap (K > 3) often result in reduced variant 

sets after study level quality control. This can bias fine-mapping results as we reduce the potential 

resolution on local haplotypes, and usually necessitates the inclusion of at least one of the larger 
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European-focused studies. In our case, previous European and Finnish studies served as the 

backbone of our meta-GWAS. We did not replicate previous fine-mapping at NCK2, TREM2 and 

RNF223 from European-focused studies since study level quality control included filtering for 

common (MAF > 1%), biallelic SNVs due to potentially poor imputation and general low power 

for rare variants across ancestral groups. We acknowledge that variants with a minor allele 

frequency < 1% in one or more populations, as well as indels and structural variants, may 

contribute to the observed associations. While less stringent QC may have allowed us to detect 

more variants, we used a more conservative approach to accommodate the smaller sample size of 

non-European GWAS and the need for MR - MEGA SNPs to be present in at least four studies. 

Future work should include imputation using diverse reference panels from long read sequence 

data specific to ADD to improve genomic coverage and provide insights into structural variation 

that may be population specific. 

In addition, the number of axes of genetic variation (T) in MR - MEGA is restricted to T ≤ K-2, 

where K is the number of input GWAS. The East Asian GWAS from Shigemizu et al. used in our 

meta-GWAS tested less than half as many SNPs as the others (Table S1), limiting the meta-

regression to a single axis of genetic variation (PC0) at SNPs that overlap the remaining GWAS 

(K=4). Including a larger number of input GWAS from underrepresented populations will likely 

improve the heterogeneity estimates outlined in this study and are worth pursuing when such data 

become available.  

While our study is inclusive, due to data availability and the European-dominated nature of genetic 

research, European-ancestry individuals make up approximately 85% of cases and the discovery 

efforts here maintain a baseline level of Eurocentric bias. Despite this bias, our random-effects-

derived PRS including APOE variation achieved a higher maximal AUC of 79% in an independent 
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admixed Colombian cohort compared to 75% achieved by the European-based PRS. Additionally, 

while our novel method of creating a composite PRS model that leverages admixture percentages 

is a potentially promising approach for assessing ADD risk across ancestrally heterogeneous 

and/or admixed cohorts, its performance relies on sufficient sample sizes and global genetic 

representation. As larger scale GWAS for multiple continental “super populations” continue to 

become available, we believe this method of tuning PRS to an individual’s genetic admixture could 

have utility in a precision medicine context. Reducing the Eurocentric bias in AD genetics research 

will require the harmonization and refining of diagnosis in non-European research sites that serve 

communities with unique cultural and logistic concerns for participation in research. Overall, our 

study provides a critical framework for future ADD meta-analyses. It is our hope to improve 

representation in ADD genetic studies in the future, increasing the balance between European and 

well-powered non-European cohorts.  
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2.1.4 Online Methods  

2.1.4.1 Existing GWAS studies 

Summary statistics from Bellenguez et al. 2022 were accessed through the National Human 

Genome Research Institute-European Bioinformatics Institute GWAS catalog under accession 

number GCST90027158 in May 2022. Summary statistics from FinnGen Release 6 were accessed 

online in April of 2022. Summary statistics from Kunkle et al. 2021 were accessed through 

NIAGADS under accession number NG00100 in April of 2022. Summary statistics from 

Shigemizu et al. 2021 were accessed through the National Bioscience Database Center (NBDC) at 

the Japan Science and Technology Agency (JST) through accession number hum0237.v1.gwas.v1 

in April of 2022. All summary statistics were aligned to GRCh37 and cleaned to remove indels, 

multi-allelics and rare variants (MAF < 1%) prior to multi-ancestry analysis.  

2.1.4.2 Caribbean Hispanic GWAS 

Data from the Columbia University Study of Caribbean Hispanics and Late Onset Alzheimer's 

disease were accessed via application to dbGaP accession number phs000496.v1.p1 in April of 

2022. Samples were filtered to keep unrelated individuals without missing values for AD affection 

status, age, study category, education, and a missing call rate < 0.02. Principal component analysis 

was performed on a combined dataset of study subjects and HapMap was used as a reference to 

identify potential outliers. Controls with a family history of dementia were removed to ensure that 

potential proxy-ADD cases were not present in the control group. Variant QC included exclusion 

filters for monomorphic SNPs, variants with MAF < 1%, missingness rates > 2%, sex differences 

in allelic frequency ≥ 0.2 and heterozygosity > 0.3, duplicate SNPs, Hardy–Weinberg Equilibrium 

(HWE) P-value < 1 x 10-4, and > 1 discordant calls or Mendelian errors. All variants with a 
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significant frequency mismatch (χ2 > 300) with the TOPMed reference panel were removed prior 

to imputation.  

As increasing age is the most significant risk factor for ADD, age-matching is commonly used to 

control for differences in age distributions between cases and controls. While we did not perform 

case-control age matching to maximize sample size, the distribution of ages between cases and 

controls largely overlaps and we include age as a covariate in our GWAS analysis. A demographic 

summary table detailing age, APOE-e4 status, sex for the Caribbean Hispanic cohort is provided 

in Table S7. 

Using PLINK v1.9 [24], we evaluated the association between AD and imputed genotypes via 

logistic regression on allele dosages with imputation quality > 0.3, adjusting for sex, age (age at 

disease onset for cases, age at last evaluation for controls), education, study category, and the first 

10 principal components (PCs). Study category denotes subcategories within the Caribbean 

Hispanic dataset (individuals are from the United States, Puerto Rico and the Dominican Republic) 

and is included to account for potential batch effects.  

  



 

 41 

2.1.4.3 Meta-analysis and fine-mapping 

Meta-analysis 

Three models were used to conduct multi-ancestry meta-analyses. Fixed effect and random effects 

models were performed using PLINK v1.9, while a separate analysis was performed using 

MR - MEGA v0.2 [25]. PLINK v1.9 was preferred over METAL due to its capacity to perform 

fixed and random effects analyses in parallel. A random effects model provides a more 

conservative framework which allows each study to have unique effects, as can be expected in 

different populations. MR - MEGA was also employed since it is well-powered to detect 

associations at loci with allelic heterogeneity. MR - MEGA models allelic effects as a function of 

axes of genetic variation that are derived from the input GWAS summary statistics. This method 

can result in reduced variant sets since it requires that variants have sufficient overlap between the 

input datasets (K > 3), where K is the number of input GWAS, in contrast to both the fixed and 

random effects models implemented in PLINK v1.9 which were limited to K > 2 to accurately 

quantify heterogeneity. 

The European and Finnish European GWAS were included separately in all multi-ancestry meta-

analyses to account for finer-scale differences in allele frequencies. To determine the optimal 

number of PCs needed to distinguish cis- and multi-ancestry ADD summary statistics using 

MR - MEGA, we visually inspected pairwise PC plots generated using all five GWAS referenced 

in Table S1. We observed adequate separation between the Caribbean Hispanic, European, 

African American, and East Asian GWAS using the first two meta-regression PCs 

(Figure 2.1.S17). To increase the variant set, we also ran MR - MEGA separately for each 

combination of four input GWAS. A single axis of genetic variation (T=1) was included in this 
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analysis since this is the maximum allowable given the constraints of the model (T ≤ K-2). 

Summary statistics were aggregated to maximize the effective sample size for each variant. 

Defining associated loci 

FUMA was used to find maximal LD blocks around loci that reached P < 5 x 10-8 in the specified 

multi-ancestry meta-analysis. LD blocks of independent significant SNPs (R2 >0.3, 1000 Genomes 

all populations) were merged into a single genomic locus if the distance between LD blocks was 

less than 250kb. These loci were compared to the previous GWAS by Bellenguez et al. [4] and 

Open Targets to assess whether these regions were known to be associated with ADD. These 

genomic intervals were also used as inputs for fine-mapping as described below. 

Fine-mapping 

Fine-mapping was performed using approximate Bayes’ factors in favor of association from the 

meta-regression model implemented in MR - MEGA. Posterior probabilities (PP) were calculated 

using single-SNP Bayes factors and credible sets were generated for each locus (with genomic 

intervals defined as described above) until the cumulative PP exceeded 99%. All SNPs in the 99% 

credible sets were annotated with using default criteria to select one block of annotation per variant 

(Table S4).  

2.1.4.4 Assessment of allelic effect heterogeneity 

Allelic effect heterogeneity between studies was assessed for all lead SNPs reaching genome-wide 

significance (P < 5 x 10-8) in the meta-regression, implemented in MR - MEGA. The meta-

regression model derives axes of genetic variation from pairwise allele frequency differences 

between the input GWAS. Heterogeneity is then partitioned into (1) ancestry-related heterogeneity 

that is correlated with the axes of genetic variation and (2) residual heterogeneity that is likely due 

to other factors such as diagnostic accuracy, study design (e.g. covariate adjustments, phenotype 
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definition, imputation quality, inclusion of proxy-ADD cases) and/or geographical region. Total 

heterogeneity at each index SNP was quantified using the I2 statistic in PLINK v1.9 to avoid bias 

due to sample size for SNPs not tested in the large European studies. The I2 statistic describes the 

proportion of variation in effect estimates that is due to heterogeneity. We considered SNPs with 

an I2 > 30% as having significant heterogeneity since this suggests at least moderate variation in 

allelic effects [76]. The percentage of this heterogeneity that is attributable to genetic ancestry was 

then calculated using Cochran's Q statistics for ancestral and residual heterogeneity from the meta-

regression (equation 1; ANC: ancestry, RESID: residual).  

%	𝐻𝑒𝑡𝑒𝑟𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦!"# 	= 	𝑄!"# 	/	(𝑄$%&'( 	+ 	𝑄!"#) 	∗ 	100%												(1)	 

2.1.4.5 Functional inferences 

To prioritize genes underlying the two novel loci, we first looked at public eQTL data to determine 

whether the GWAS-identified lead variants are eQTLs for nearby genes. This allowed us to cast a 

wide net of potential regional genes of interest. We employed Open Targets for this effort, which 

shares eQTL results for variants from blood, brain, and a wide array of tissues from multiple public 

eQTL datasets [26]. We additionally investigated a multi-ancestry brain eQTL dataset [27] which 

was not available on Open Targets at the time of publication. We considered the lead variants as 

significant eQTLs for a gene if they passed the significance threshold of P < 1 x 10-6, which has 

been shown to correspond to a genome-wide false discovery rate (FDR) of 5%, although we do 

acknowledge this may be overly conservative in our regional analyses [77]. 

Once we had nominated potential genes for which our lead variants were significant eQTLs, we 

used summary-based Mendelian Randomization (SMR) to make functional inferences as to 

whether the disease risk SNPs in these regions mediate gene expression. We integrated summary-

level data from the most recent ADD GWAS [4] with data from multiple eQTL studies in different 
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tissues using the SMR method [78]. SMR uses summary statistics to determine if an exposure is 

associated with a trait through a shared casual variant. MR can be used to mimic a randomized 

controlled trial, as having a variant that increases or decreases expression of a gene may be 

comparable to life-long treatment with a drug targeting the encoded protein of that gene [79]. For 

example, if SNP A affects gene B expression (the exposure), and SNP A is also associated with 

ADD risk (the outcome), you can infer the causal effect of the expression of gene B on ADD risk. 

We limited our results to the genes that were prioritized by our eQTL search and considered a gene 

significant for expression effect on a disease if it passed an FDR-adjusted SMR significance 

threshold of P < 0.05 and a HEIDI threshold of P > 0.01. Filtering for a HEIDI P-value of this 

magnitude helps to remove associations that are likely due to polygenicity and have violated the 

central assumptions of SMR. Finally, we assessed the colocalization between the SMR-nominated 

genes in brain tissues and the multi-ancestry random effects GWAS using LocusCompare [80]. 

2.1.4.6 Polygenic risk scoring 

PRS application cohort 

Whole genomes from the Colombian population were accessed from “The Admixture and 

Neurodegeneration Genomic Landscape” (TANGL) study and quality controlled as previously 

described [68]. The TANGL cohort was further quality controlled in PLINK v1.9 to remove 

carriers of pathogenic variants for mendelian forms of dementia, as well as related individuals for 

a final cohort of 281 cases and 87 controls.  

Pre-PRS variant alignment 

Base summary statistics were pruned with the MungeSumStats R package [81] to remove 

multiallelic variants, align reference alleles to build GRCh37, and adjust weights for the 
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appropriate reference alleles. The target TANGL cohort was also filtered to keep only bi-allelic 

variants and aligned to the same reference using PLINK v2.0. 

PRS method 

Polygenic risk score (PRS) analyses can be used to estimate an individual’s genetic liability to a 

phenotype by calculating the sum of risk allele effect size weights for an individual. Weights for 

the PRS were obtained from β estimates generated from multi-ancestry fixed and random effects 

meta-analyses as well as from individual ancestry summary statistics. PRS analyses were 

conducted using PRSice v2.3.5 including variants with minor allele frequency > 5%, genotype 

missingness < 10%, sample missingness < 10%, and HWE P-value < 1 x 10-6. The APOE region 

(with ranges defined by FUMA as described previously) was excluded prior to variant clumping. 

For PRS analyses including APOE, the genetic polymorphisms rs7412 and rs429358 were added 

to the QC’d summary statistics prior to variant clumping. β estimates for the APOE polymorphisms 

were not available in the Bellenguez et al. summary statistics [4] and therefore European-ancestry 

estimates were taken from another recent ADD GWAS by Schwartzentruber et al. [32].  

Variants were clumped in each 500 kb window with the index SNP at the center, an r2 threshold 

of 0.3, and a clump P-value threshold of 1. Sex, age, and the first 5 PCs were used as covariates in 

the PRS analysis. PCs were generated from non-imputed genotype data using FlashPCA [82]. 

Variants with a MAF < 1%, genotype missingness < 10%, sample missingness < 10%, and HWE 

P-values < 5 x 10-6 were excluded using PLINK v1.9. The remaining variants were pruned with a 

1000-kb window, a 10-SNP shift per window and an r2 threshold of 0.02 prior to PC calculation. 

PRS analysis was performed at select P-value thresholds to determine the best fit model (P=5 x 

10-10, 5 x 10-9, 5 x 10-8, 5 x 10-7, 5 x 10-6, 5 x 10-5, 5 x 10-4, 5 x 10-3, 5 x 10-2). To assess the 

performance of each model, receiver operator characteristic curves were created using the pROC 
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library in R for the best fit model from each analysis as shown in Table S6. Since MR - MEGA 

does not provide standard effect estimates per SNP, an additional “composite” ROC curve was 

generated through a linear combination of each super population to provide a comparison to the 

conservative random-effects-based PRS model. Each PRS was weighted by its associated 

admixture population percentage, previously determined in the TANGL cohort for each individual 

(equation 2; AFR: African American, EUR: European (including Finnish), EAS: East Asian, NAT: 

Native American) [68]. Given the population history and similarities in haplotype structure 

between the East Asian and Native American populations, Native American admixture proportions 

were used to weight the East Asian PRS [83, 84].  

𝑃𝑅𝑆)*+,*-./0,. =	𝑃𝑅𝑆!2$,. ∗ %!2$,. 	+ 	𝑃𝑅𝑆%3$,. ∗ %%3$,. 	+ 𝑃𝑅𝑆%!&,. ∗ %"!4,. 						(2)	 
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2.1.5 Figures 

 
Figure 2.1.1 Outline of multi-ancestry meta-analysis. 
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Figure 2.1.2 Summary of multi-ancestry meta-analysis 
A) shows the Manhattan plot for the random effects meta-analysis P-values, truncated at -log10(P) < 50. An orange dot indicates that 
the lead SNP at a locus reached a P-value < 5 x 10-8, while a red dot indicates a P-value < 5 x 10-9. B,C) show the corresponding local 
association plots for the two loci of interest. C,D) show forest plots summarizing the effect estimates per ancestry group for lead SNPs 
at the two loci of interest. Lead SNPs from both novel loci were absent in the East Asian dataset by Shigemizu et al. used for 
discovery.  
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Figure 2.1.3 Graphical summary of heterogeneity at ADD genetic risk loci 
Lead SNPs were derived from MR - MEGA using maximal LD blocks, apart from APOE rs429358 and rs7412. Both APOE SNPs 
were absent in summary statistics from the most recent European-ancestry ADD GWAS. Aggregate effects were estimated using a 
random effects model since MR - MEGA assumes that effects differ across populations. Allelic effect heterogeneity that is attributable 
to genetic ancestry was estimated using Cochran's Q statistics for ancestral and residual heterogeneity from the meta-regression 
(Online Methods). 
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Figure 2.1.4 Graphical summary of genetic risk scores 
These genetic risk scores were derived from multi-ancestry and ancestry-specific risk estimates, then applied to an admixed 
Colombian cohort to evaluate significance and predictive power. The European-based (EUR) PRS was derived from a fixed effect 
meta-analysis of the summary statistics from Bellenguez et al. and FinnGen used in the meta-GWAS. Panels A and B show the 
maximal AUCs for each genetic risk score with color coding to delineate the source of the risk estimates for scores excluding and then 
including APOE-e4 variants. P-value thresholds that correspond to the maximal AUCs are shown in Table S6. 
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Figure 2.1.S1 Quantile-quantile plots and corresponding genomic inflation estimates 
Plots are presented with and without scaling to 1000 cases and 1000 controls. MR - MEGA P-values are shown for association, 
ancestral heterogeneity, and residual heterogeneity. Chromosome 19 was excluded from all datasets to avoid bias by the APOE region. 
All summary statistics were filtered for MAF > 1%. 
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Figure 2.1.S2 MR - MEGA -log10 P-values plotted against random effects -log10 P-values 
SNPs are colored by I2 value and are limited to those present in at least 4 dataset
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Figure 2.1.S3 LocusCompare plots showing colocalization at the TRANK1 locus 
Colocalization is presented between the random effects meta-analysis results and brain eQTLs (P 
< 1 x 10-6) in genes that were significant in SMR (FDR P < 0.05). Reference LD patterns are 
based on the European population from 1000 Genomes. Points represent SNPs plotted at their -
log10 P-values. 
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Figure 2.1.S4 LocusCompare plots showing colocalization at the VWA5B2 locus 
Colocalization is presented between the random effects meta-analysis results and brain eQTLs (P 
< 1 x 10-6) in genes that were significant in SMR (FDR P < 0.05). Reference LD patterns are 
based on the European population from 1000 Genomes. Points represent SNPs plotted at their -
log10 P-values. 
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Figure 2.1.S5 LocusZoom and forest plots for fine-mapped SNPs  
Fine-mapped SNPs are defined as those with posterior probability (PP) > 0.8 that have been 
previously fine-mapped in European studies. Reference LD patterns are based on all populations 
from 1000 Genomes. 
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Figure 2.1.S6 LocusZoom and forest plots for fine-mapped SNPs 
Fine-mapped in our study are those with posterior probability (PP) > 0.8 that have not been 
previously fine-mapped. Reference LD patterns are based on all populations from 1000 
Genomes. 
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Figure 2.1.S7 LocusCompare plots for a) GRN and b) CTSB between AD and Parkinson’s 
disease (PD) 
Reference LD patterns are based on the European population from 1000 Genomes. Points 
represent SNPs plotted at their -log10 P-values. 
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Figure 2.1.S8 LocusZoom and forest plots for loci that were fine-mapped to a missense variant with PP ≥ 0.3 
a) LocusZoom plot for MS4A6A locus highlighting the top two fine-mapped SNPs, rs7232 and rs1582763 b) forest plot for rs7232 c) 
forest plot for rs1582763 d) LocusZoom plot for SHARPIN locus highlighting the top two fine-mapped SNPs, rs79832570 and 
rs34674752 e) forest plot for rs79832570 f) forest plot for rs34674752. 
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Figure 2.1.S9 LocusZoom plots showing different regional architecture at the SORL1 locus  
Plots show East Asian (Shigemizu et al.) versus European (Bellenguez et al.) populations. 
Diamond points represent the 2 different lead SNPs at this locus, SORL1-rs11218343 in 
Europeans (shown in blue) and SORL1-rs117807585 in East Asians (shown in red). Ancestral 
Het refers to the P-value of heterogeneity that is due to genetic ancestry as defined by 
MR - MEGA. SNPs are colored by LD with the respective population from 1000 Genomes, or all 
populations for the multi-ancestry analysis. 
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Figure 2.1.S10 Forest plots for loci with significant heterogeneity outside of the APOE region
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Figure 2.1.S11 Forest plots for a) APOE-rs429358 and b) APOE-rs7412 
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Figure 2.1.S12 a) Manhattan plot for MR - MEGA meta-analysis 
The plot is truncated at -log10(P) < 50. Red labeling corresponds to significance at P < 5 x 10-9 and orange corresponds to 
significance at P < 5 x 10-8. b) Manhattan plot for PHET from MR - MEGA truncated at -log10(P) < 40. Purple labeling corresponds 
to P < 1 x 1
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a) 

 
b) 

 
Figure 2.1.S13 LocusZoom and Beta-beta plots 
a) LocusZoom plots of loci showing significant ancestry-related heterogeneity (PHET < 1 x 10-
6) near SORL1, PAPOLG, AC026202.5, and snoU13. Labeled red diamonds correspond to the 
lead SNP in each ancestry group. b) Beta-beta plots showing effect size correlation of SORL1, 
PAPOLG, AC026202.5, and snoU13 across ancestry groups. 
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Figure 2.1.S14 LocusCompare at the TRANK 1 locus for BDI  
Plots are presented for bipolar disorder I (BD I) and the random effects ADD meta-analysis. 
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Figure 2.1.S15 LocusCompare at the TRANK 1 locus for SZ  
LocusCompare plot for schizophrenia (SZ) and the random effects ADD meta-analysis at the 
TRANK1 locus. Reference LD patterns are based on the European population from 1000 
Genomes. Points represent SNPs plotted at their -log10 P-values. 
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Figure 2.1.S16 Power calculation for VWA5B2-rs9837978 in the GARD cohort using GAS Power 
Calculator 
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Figure 2.1.S17 The first 2 ancestral principal components (PCs) created and used by MR - MEGA 
Points are labeled by dataset (FIN: FinnGen R6, BEL: Bellenguez et al., CH: Caribbean 
Hispanic, SHI: Shigemizu et al., KUN: Kunkle et al.) and color coded by ancestry 
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2.1.6 Tables 

Table 2.1.1 Summary of novel loci. 

Locus SNP Effect 
allele 

Other 
allele 

P,  
MR - MEGA 

P,  
ancestry 
heterogeneity 

P, RE Beta, RE SE, RE I2 

VWA5B2 rs9837978 G A 2.32E-07 5.96E-01 3.75E-08 -0.053 0.009 0.000 
TRANK1 rs9867455 A T 7.33E-08 1.18E-01 3.49E-08 -0.042 0.008 0.000 
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Table 2.1.2 Fine-mapping results  
Results are presented for all SNPs with a posterior probability (PP) > 0.8. Fine-mapped SNPs were considered novel if they were not 
previously fine-mapped with PP > 0.8 in two recent European-focused studies by Wightman et al. [31, 32] and Schwartzentruber et al. 
[31, 32]. 

Locus SNP Chromosom
e Position 

Effec
t 
allele 

Referenc
e allele 

Novel 
fine-
mappin
g 

Posterior 
probabilit
y 

P, 
MR - MEG
A 

P, 
ancestry 
heterogeneit
y 

chisq, 
ancestr
y 
(% 
total) 

I2 

BIN1 rs6733839 2 12789281
0 T C NO 1 5.74E-92 3.13E-01 14.270 58.01

0 

INPP5D rs10933431 2 23398191
2 C G NO 1 1.63E-16 7.90E-02 41.675 59.47

0 

RHOH rs2245466 4 40198846 C G YES 1 3.82E-09 9.31E-01 0.128 49.16
0 

CTSB rs1065712 8 11702122 C G YES 1 6.42E-09 7.60E-01 4.551 0.000 
ECHDC3 rs7912495 10 11718713 C G NO 1 1.35E-13 6.02E-01 48.894 0.000 

SLC24A4 rs12590654 14 92938855 A G YES 0.910 6.56E-16 3.37E-02 63.950 57.45
0 

APH1B rs11761801
7 15 63569902 T C NO 0.965 3.63E-20 4.98E-01 13.608 10.95

0 
FAM157C
/ 
PRDM7 

rs56407236 16 90170095 A G YES 1 7.55E-13 1.33E-01 63.528 15.60
0 

GRN rs5848 17 42430244 T C YES 1 1.87E-15 3.22E-01 20.238 38.05
0 

ABCA7 rs12151021 19 1050874 A G NO 1 3.62E-32 3.23E-01 34.721 0.000 
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2.1.7 Supplemental Online Content, Data and Code Availability 

Code is available on the CARD GitHub. 

Summary statistics from this study will be available to browse and download via our collaboration 

with the Broad’s Neurodegenerative Disease Knowledge Portal. 

All supplemental online content can be downloaded directly from the published material at 

Molecular Psychiatry. 
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2.2.1 Abstract 

The under-representation of non-European cohorts in genome-wide association studies (GWAS) 

is a critical issue with significant implications, including hindering the progress of precision 

medicine initiatives. This issue is particularly relevant in the context of neurodegenerative diseases 

(NDDs), where current therapeutic approaches have shown limited success.  

We conducted a systematic review of GWAS results and publications up to 2022, focusing on non-

European or multi-ancestry neurodegeneration studies. Rigorous article inclusion and quality 

assessment methods were employed. Out of 123 NDD GWAS reviewed, 82% predominantly 

featured European ancestry participants. Studies focusing on non-European or multi-ancestry 

groups identified 52 risk loci, compared to over 90 in European-centric studies. The significant 

under-representation of non-European ancestries in NDD GWAS hinders comprehensive genetic 

understanding. It is imperative to address this disparity and foster inclusivity in genetic research 

to drive significant advancements in diagnosing, treating, and preventing neurodegenerative 

diseases among diverse global populations. 

2.2.1.1 Introduction 

The under-representation of non-European cohorts in genome-wide association studies (GWAS) 

is a critical issue with significant implications, including hindering the progress of precision 

medicine initiatives. This issue is particularly relevant in the context of neurodegenerative diseases 

(NDDs), where current therapeutic approaches have shown limited success. 

2.2.1.2 Methods 

We conducted a systematic review of GWAS results and publications up to 2022, focusing on non-

European or multi-ancestry neurodegeneration studies. Rigorous article inclusion and quality 

assessment methods were employed. 
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2.2.1.3 Results 

Out of 123 NDD GWAS reviewed, 82% predominantly featured European ancestry participants. 

Studies focusing on non-European or multi-ancestry groups identified 52 risk loci, compared to 

over 90 in European-centric studies. Encouragingly, 65% of these findings were post-2020, 

indicating a recent increase in diverse cohort studies. 

2.2.1.4 Discussion 

The significant under-representation of non-European ancestries in NDD GWAS hinders 

comprehensive genetic understanding. Prioritizing genomic diversity in future research is crucial 

for advancing NDD therapies and understanding. 
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2.2.2 Introduction 

Genome-wide association studies (GWAS) have shown a significant bias towards individuals of 

European ancestry, despite comprising only 16% of the global population [1]. This 

underrepresentation issue is particularly salient in the realm of neurodegenerative disease (NDD) 

studies. For instance, while a recent Alzheimer's disease (AD) GWAS including ~800,000 

individuals of European descent identified 75 disease-associated loci [2], no GWAS studies on 

AD currently exist for Admixed American or Native American populations. Similarly, Parkinson's 

disease research exhibits a glaring imbalance, with black individuals included in just ~4% of 

published PD studies [3]. 

The prevalence of NDDs varies significantly among global populations and racial/ethnic groups. 

This warrants a critical examination of the disparity in genetic research efforts over time. In this 

manuscript, we present a systematic review spanning from 2012 through 2022, focusing on 

neurodegenerative disease GWAS research. 

Our analysis encompasses common NDDs such as Alzheimer's disease, Parkinson's disease, and 

amyotrophic lateral sclerosis, as well as less common atypical dementias. Our objective is to 

quantify the disparity in participant recruitment for genetic studies, shed light on genetic findings 

in underrepresented populations, and discuss ongoing initiatives aimed at addressing this pervasive 

issue. 

2.2.3 Methods 

2.2.3.1 Search Strategy 

The systematic review was conducted in two phases. First, we reviewed the GWAS catalog, then, 

since the GWAS Catalog does not include all GWAS studies, we performed a formal literature 
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review in collaboration with the National Library of Medicine (NLM). The keywords used in both 

searches are included in Supplementary Table 1. 

Results from both the GWAS Catalog and the NLM search were uploaded to Covidence [4], a 

web-based software platform, for further review. We removed duplicate studies and any studies 

published before 2012 or after 2022. 

All studies were filtered to only include genome-wide associations examining neurological disease 

risk factors, family history of disease, disease progression, age at onset, or survival genome-wide, 

excluding exome wide studies and those that focused on a targeted set of SNPs or genetic loci. 

Studies investigating disease subtypes, biomarkers, non-English language studies, and those 

investigating only rare or structural variation were also excluded. 

Studies were assessed for eligibility by two independent reviewers and all conflicts were resolved 

by a third independent reviewer. Publication date, phenotype, and cohort information were 

extracted from each publication. If multiple phenotypes of interest were analyzed in the same 

study, information was included in both phenotype categories. The number of samples per ancestry 

was extracted manually from each study. We looked at seven ancestry groupings: European 

(EUR), East Asian (EAS), Middle-Eastern (MDE), African (AFR), African American and 

Caribbean (AAC), Latino and indigenous Americas populations (AMR), and South Asian (SAS). 

A PRISMA diagram of our filtering process can be found in Figure 2.2.1. All 123 studies passing 

our filters can be found in Supplementary Table 2. 

Finally, results were examined manually for all studies passing implemented filtering methods. 

Novel loci discovered in non-European or multi-ancestry populations, with a p-value below 5E-8, 

are listed in Table 2.2.2. 
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2.2.4 Results 

2.2.4.1 Search results 

We identified 123 eligible GWAS studies. Unsurprisingly, we found that European populations 

were overrepresented in GWAS pertaining to NDDs (Figure 2.2.2). When non-European 

populations were included, the sample sizes were on average 15X smaller than the European 

ancestry samples included in the same disease category. The underrepresentation of non-European 

populations was particularly evident among the less common NDDs, including Lewy body 

dementia and frontotemporal dementia, where we did not identify any non-European or multi-

ancestry GWAS studies using the outlined search methods. We have summarized the lack of 

diversity in genetic studies of NDDs in Table 2.2.1, and Figure 2.2.2. 

We found 52 novel NDD loci that were identified in non-European or multi-ancestry populations 

(Table 2.2.2). Of these 52 loci, 28 were found in multi-ancestry studies, 21 were found in East 

Asian studies, and only 3 were found in other populations (AAC and AMR). No loci were 

discovered in AFR, MDE, or SAS ancestries. Recent studies that combined individuals of multiple 

ancestries by using standard random-effects and some custom meta-analytic techniques [5] have 

succeeded in identifying novel disease loci that reach genome-wide significance, including two 

novel AD loci [6] and 12 novel PD loci [7]. However, these studies leverage existing European 

sample sizes as a backbone for much of the statistical power needed for discovery. 

In the following sections, we briefly summarize the results of our systematic review in a disease 

specific manner. Many of these findings have not been replicated. As datasets become larger and 

more inclusive, the genetic architecture of these diseases may grow and change.  
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2.2.4.2 Alzheimer’s Disease 

Largest European GWAS: Wightman 2021 

Total samples: 1,126,563 

Largest multi-ancestry GWAS: Lake 2022 

Total samples: 644,188 

Total non-European samples: 18,246 

% non-European: 2.83% 

Largest non-European GWAS: Sherva 2022 

Ancestry: AAC 

Total samples: 75,058 

The largest Alzheimer’s disease GWAS of European populations included ~1.1 million individuals 

and identified a total of 38 associated loci [8]. Another recent GWAS included ~800,000 

individuals of European ancestry and identified a total of 75 loci [2]. The discrepancy between 

identified loci in these studies could be due to many factors, including differences in 

neuropathological/diagnostic criteria [9]. 

A 2013 GWAS conducted in African Americans replicated an association at ABCA7 previously 

identified in European populations. They found that rs115550680, rare in European populations, 

was associated with an increased risk for AD in African Americans comparable to the highly 

pathogenic APOE-Ɛ4 variant observed in Europeans [10]. A 2017 GWAS in African Americans 

identified two novel loci at COBL and SLC10A2 [11]. The most extensive African American 

GWAS to date, drawing from a military cohort of around 22,000 individuals and a proxy GWAS 

involving approximately 50,000 individuals, identified significant associations with established 
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AD risk genes such as TREM2, CD2AP, and ABCA7. Notably, distinct lead variants were observed 

in these loci compared to those found in European cohorts [12]. 

The only study conducted in Caribbean Hispanic individuals was a 2017 study with 2,451 cases 

and 2,063 controls. They found a novel and population specific locus near FBXL7 [13]. The lead 

SNP, rs75002042, is much more common in individuals with African ancestry compared to 

individuals of European ancestry, with minor allele frequencies around 20% and 0.009%, 

respectively. This study also replicated six loci previously reported in European populations, 

including FRMD4A, CELF1, FERMT2, SLC24A4-RIN3, ABCA7, and CD33 [13]. 

The largest AD study in East Asian populations was conducted in Japanese participants with 1,827 

cases and 15,204 controls (discovery + replication) [14], but they did not nominate any genome-

wide significant loci. More recent but smaller studies have since been conducted, including a 2021 

GWAS in a Chinese cohort that reported four novel loci near RHOBTB3/GLRX, CTC-278L1.1, 

CTD-2506J14.1, and CHODL [15], a study in Japanese participants that nominated a locus in 

FAM47E [16], and a study including both Korean and Japanese participants that nominated two 

novel loci at CACNA1A and LRIG [17]. 

Multi-ancestry studies have nominated additional AD loci, however these studies still rely on 

Europeans as the majority population. SORL1 was first identified as a risk locus for AD in a GWAS 

that included East Asian and European ancestry populations [18]. Other multi-ancestry GWAS 

identified OR2B2 [16], TRANK1 and VWA5B2 [19] as novel loci for AD. 

While the inclusion of diverse populations in genetic research for AD is arguably better than what 

is seen for some of the atypical dementias, the largest study size for a non-European population 

[12] was still only 7% of the total sample size for the largest European AD GWAS. 
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2.2.4.3 Parkinson’s disease 

Largest European GWAS: Nalls 2019 

Total samples: 1,456,306 

Largest multi-ancestry GWAS: Kim 2022 

Total samples: 2,525,730 

Total non-European samples: 962,735 

% non-European: 38.12% 

Largest non-European GWAS: Foo 2017 

Ancestry: EAS 

Total samples: 14,006 

The largest meta-GWAS of PD risk in individuals of European ancestry found 90 significant risk 

signals across 78 genomic regions. The 90 nominated risk variants collectively explain roughly 

16-36% of the heritable risk of non-monogenic, or complex PD [20]. 

The largest study in East Asian populations (with exception to a study done in Japan before our 

review period [21]) was conducted with Han Chinese participants, replicating loci previously 

identified in European populations including SNCA, LRRK2 and MCCC1 in their discovery GWAS 

of 14,006 participants [22]. More recent studies in Chinese populations have nominated a locus on 

NDN/PWRN4 associated with age at onset and a locus on RPL3 associated with reduced survival 

[23, 24]. 

The first and most recent PD GWAS of a South American population was conducted in 2021, 

replicating an association at SNCA with 1,497 participants [25]. 

Recently, more multi-ancestry studies have been conducted in PD, nominating novel loci for 

disease risk and age at onset including ITGA8, SV2C, and BST1 [26,27,28]. The largest meta-
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GWAS for PD, which included 4 ancestral populations, identified 12 novel loci: MTF2, RP11-

360P21.2, ADD1, SYBU, IRS2, USP8:RP11-562A8.5, PIGL, FASN, MYLK2, AJ006998.2, Y_RNA, 

and PPP6R2 [7]. 

The largest non-European PD GWAS was in East Asian populations, however, only a few novel 

loci have been nominated in that ancestry. Multi-ancestry studies have nominated more novel 

variants in recent studies, but much more work is needed to better understand risk for PD in non-

European populations. 

  



 

 95 

2.2.4.4 Amyotrophic lateral sclerosis 

Largest European GWAS: van Rheenen 2016 

Total samples: 41,398 

Largest multi-ancestry GWAS: van Rheenen 2021 

Total samples: 152,268 

Total non-European samples: 18,266 

% non-European: 12.00% 

Largest non-European GWAS: Wei 2019 

Ancestry: EAS 

Total samples: 4,727 

ALS GWAS in European populations have nominated a number of risk loci including C9ORF72, 

UNC13A, C21orf2, SARM1, MOBP, SCFD1, TBKK1, and KIF5A [29, 30]. 

ALS is the only disease in our review where more genome-wide significant novel loci have been 

identified in a non-European population than in the largest European-only study. The first GWAS 

of individuals with Chinese Han ancestry identified CAMKIG and CABIN1/SUSD2 as 

susceptibility loci for ALS [31]. Later studies in the Han Chinese population nominated additional 

novel loci including INPP5B, IQCF5/IQCF1, ITGA9, PFKP, MYO18B, ALCAM, OPCML, 

GPR133, TYW/CRYZ and FGD4 [32, 33]. With a total of 12 genome-wide significant loci, East 

Asian ancestry GWAS for ALS have nominated the most of any single non-European population 

covered in our review. 

Multi-ancestry GWAS for ALS, which typically consist of European and East Asian ancestry 

populations, have been successful at nominating additional risk loci including GPX3-TNIP1 and 

ACSL5 [30, 34, 35]. The largest ALS GWAS to date was a multi-ancestry study including over 
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150,000 individuals of European and East Asian ancestry. This study identified a total of 15 risk 

loci for ALS, replicating 8 previously-identified and nominating 7 novel loci: SOD1, HLA, 

SLC9A8-SPATA2, ERGIC1, NEK1, COG3, and PTPRN2 [36]. 

Similar to PD, ALS GWAS including or focused on East Asian populations have made more 

progress than other non-European populations for these diseases. However, much more work is 

still needed in all populations to progress potential precision medicine initiatives for ALS. 

2.2.4.5 Multiple Sclerosis 

Largest European GWAS: Patsopoulos 2019 

Total samples: 115,803 

There are no multi-ancestry studies in MS. 

Largest non-European GWAS: Isobe 2015 

Ancestry: AAC 

Total samples: 2,319 

The largest GWAS meta-analysis for MS included 115,803 individuals of European ancestry and 

found 82 significant genome-wide associations with MS. This study was also the first to identify 

a risk locus for MS on chromosome X and the identified genetic markers accounted for nearly 50% 

of the hereditary risk for MS [37]. 

Studies in non-European populations were more limited in MS than in the previous diseases 

discussed. The largest GWAS in African Americans was successful at replicating 21 of the loci 

previously identified in European populations, but did not nominate any new risk loci at a genome-

wide significant level [38]. The only other study nominated by our review process for MS in non-

European populations was conducted in a Mexican population. The study found 4 significant 

variants, however, these variants had limited regional support and the study was severely 
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underpowered with only 29 cases and 132 controls [39]. Due to these limitations, we concluded 

that the variants identified in this study could not be classified as novel. 

Sample sizes for MS GWAS are still relatively small, even for European populations. In addition, 

we did not find any multi-ancestry studies through our search methods, highlighting a potential 

opportunity for further discovery for this disease. 

2.2.4.6 Frontotemporal dementia 

Largest European GWAS: Ferrari 2014 

Total samples: 12,928 

There are no multi-ancestry or non-European studies in FTD. 

Common risk loci nominated by previous European FTD studies include C9ORF72, GRN, and 

MAPT [40]. The largest FTD GWAS in our review date range included ~13,000 participants of 

European ancestry and nominated an additional locus in the HLA-DRA/HLA-DRB5 region [41]. 

This study was conducted in 2014, and while more recent GWAS of FTD have been performed, 

none have surpassed the sample size from the Ferrari study, and many have focused on smaller 

FTD subtypes [42, 43]. 

No non-European or multi-ancestry GWAS were identified in our systematic review for FTD. 

Investigation of known genetic risk factors in non-Europeans suggest that C9ORF72 expansions 

may be quite rare in Chinese populations [44] highlighting the need for further research in this 

area. 
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2.2.4.7 Myasthenia Gravis 

Largest European GWAS: Sakaue 2021 

Total samples: 355,142 

Largest Multi-ancestry GWAS: Sakaue 2021 

Total samples: 533,853 

Total non-European samples: 178,711 

% non-European: 33.47% 

Largest non-European GWAS: Na 2014 

Ancestry: EAS 

Total samples: 259 

Known loci for MG include PTPN22, CTLA4, HLA-DQA1, ZBTB10, and TNFRSF11A [45, 46], 

all nominated in European-based GWAS. The most recent GWAS for MG nominated an additional 

loci at CHRNA1, SFMBT2, and FAM76B, although the latter two did not replicate [47]. The largest 

European and multi-ancestry GWAS for MG to date were both performed in the same study, 

leveraging 533,853 total samples from Japanese, UK, and Finnish-based biobanks. However, with 

only 278 cases, the effective sample size (4/(1/ncase+1/ncontrol)) for the meta-analysis was 

insufficiently powered and they did not nominate any new loci for MG [48]. 

In non-European populations, the literature review identified one Korean GWAS for MG. 

However, this study was small and did not identify any loci meeting genome-wide significance 

[49]. Other studies have found that there is earlier onset of MG in Asian populations, and higher 

prevalence of the ocular form in Asian children, highlighting the importance of continued 

discovery efforts for MG in non-European populations [50]. 
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2.2.4.8 Lewy body dementia 

Largest European GWAS: Chia 2021 

Total samples: 7,372 

There are no multi-ancestry or non-European studies in LBD. 

Previously nominated risk loci for LBD include GBA, APOE, and SNCA [51, 52]. LBD can be 

hard to diagnose as there are a number of clinical and genetic overlaps with AD and PD, which 

may be one of the reasons why there is still limited genetic research for LBD in both European 

and non-European populations [51, 53]. 

We found no LBD GWAS in any single non-European ancestry populations or any multi-ancestry 

studies through our search methods. Concrete data on the prevalence of LBD in diverse ancestries 

is difficult to acquire, showing a potential opportunity for valuable future research. 
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2.2.4.9 Vascular dementia 

Largest European GWAS: Moreno-Grau 2019 

Total samples: 4,830 

Largest Multi-ancestry GWAS: Fongang 2022 

Total samples: 482,088 

Total non-European samples: 11,590 

% non-European: 2.40% 

There are no non-European studies in VaD. 

Despite an approximated prevalence of about 15-20% in all dementia cases [54], vascular dementia 

remains difficult to study because of the uncertainty of diagnosis. In fact, only two studies on 

vascular dementia (VaD) passed our criteria and only one of these found genome-wide significant 

novel loci. The first study was a European GWAS that looked at vascular, mixed, and pure AD 

phenotypes and nominated loci at ANKRD31 and NDUFAF6 [55]. The second study that passed 

our criteria was a multi-ancestry GWAS for all-cause and vascular dementia including participants 

from European, African, Asian, and Hispanic ancestries, but did not find any significant novel loci 

[56]. 

VaD prevalence and risk appears to be higher in South Asian ancestries compared to European or 

Chinese populations [57, 58]. Additional studies have suggested that African Americans are most 

likely to be admitted to inpatient care with a VaD primary diagnosis [59]. Despite these findings, 

there are still limited genetic studies for VaD, and we found no single non-European GWAS, 

highlighting the need for future research. 
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2.2.5 Discussion 

This review highlights the lack of ancestral diversity in genetic research across neurodegenerative 

disease GWAS over the past decade. Current research suggests that including non-European 

populations can improve our understanding of the genetic architecture of disease through novel 

ancestry-specific discoveries, increased statistical power awarded by studying diverse haplotype 

structures, and the identification of loci with heterogeneous effects across populations [63]. 

Additionally, while we looked at seven genetic ancestry groups, these “buckets” do not capture 

the true diversity of global populations. The African continent is known to have high genetic 

diversity, yet individuals of African ancestry are routinely grouped into a single category [64]. In 

fact, we found no studies investigating South Asian (SAS) or continental African (AFR) 

populations. After investigating the cohorts in our review, we noted that though there were 

multiple “African” labeled studies, none of them directly investigated individuals in continental 

Africa, instead looking at African-American or other African-admixed populations. It is critical to 

mention the reference population used to define the specific population, to prevent the 

misattribution of genetic features across ancestries. Grouping all participants with any African 

ancestry into a generalized African category obscures the significant issue of inadequate 

representation of continental Africans.  
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In addition, there has been very little research done on admixed populations, and how the 

combinations of different ancestries affect SNP frequencies and/or gene expression. A GWAS in 

a Caribbean Hispanic admixed population found that the frequency of a novel locus spanning 

FBXL7 varied greatly, from 1% in those with European ancestry to 20% in African Americans 

[13]. 

Furthermore, previous research has shown that the transferability of polygenic risk scores from 

African Americans to various African populations is highly unreliable [65]. The substantial genetic 

and environmental disparities among individuals of African descent underscore the urgent need to 

improve diversity in genetic studies. 

2.2.5.1 Diversity in SNP discovery 

While 6 of the 8 NDDs we investigated had non-European representation, only PD had >1,000 

cases and >30% non-European samples (Table 2.2.1). Additionally, no new significant loci have 

been identified in diverse population studies for MS, LBD, FTD, VaD, or MG. While the largest 

non-European cohort in MG included almost 180,000 samples, only 81 MG cases were included. 

A GWAS with less than 1,000 cases is unlikely to achieve sufficient statistical power for SNP 

discovery in polygenic diseases where multiple loci with small effect sizes are generally expected 

[60, 62]. Alzheimer's, the most well-funded of all the NDDs, has less than 3% diversity among 

cases in genetic studies. The incorporation of studies that lack statistical power and replicability 

minimizes the true imbalance between European and non-European studies, maintaining a 

Eurocentric bias. 

In addition, many genetic association studies in East Asian populations did not meet our review 

criteria because they were not conducted on a genome-wide scale. Instead, these studies often 

investigated only one or a small group of SNPs that had been previously associated with disease 
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in European populations, potentially missing associations that are specific to non-European 

populations. 

In fact, many loci identified in European populations have heterogeneous effects or ancestry-

specific SNP associations. For example, while the APOE alleles account for around a quarter of 

overall heritability for AD in Europeans [8, 16], several studies suggest that the APOE4 allele has 

a weaker effect in African ancestry [66, 67] and Caribbean Hispanic [68] populations. The effect 

has been found to be greater in Japanese populations [66, 67]. Heterogeneity of risk at APOE4 has 

been quantified in a recent multi-ancestry meta-analysis, with an I2 up to 85%, with 50% or more 

of that risk heterogeneity attributable to genetic ancestry differences [6]. We believe that 

examination of local ancestry at loci with such global differences may help discern whether locus-

specific inheritance patterns modulate disease risk. 

Similarly, C9ORF72 is one of the most common risk factors for ALS. However, the frequency of 

the C9ORF72 expansion is lower in Chinese populations (0.3%) as compared to European 

populations (7%) [30]. Recent research suggests that commonly used genetic tests to diagnose 

ALS may be less accurate in non-European ancestry patients because they are less likely to carry 

the C9ORF72 structural variant [69]. 
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Some SNPs with large effect sizes don’t exist or are extremely rare in certain ancestry groups. 

Variants in ABCA7, for example, increase AD risk more in individuals of African ancestry than in 

those of European ancestry [70]. In fact, ABCA7 has a comparable effect size to APOE in 

individuals of African ancestry [10]. Genetic variants in LRRK2, GBA, and SNCA, which have 

been associated with increased risk of PD in European ancestry populations, appear to have a 

negligible effect in individuals from India [71, 72, 73, 74]. Without studying diverse populations, 

researchers would miss the population-specific effects of these loci and potential therapeutic 

targets which modify their effects. 
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2.2.5.2 Looking forward 

Despite the inequalities highlighted above, progress is being made. Researchers in AD are taking 

a strong multi-modal approach to increasing diversity. The Multi-Partner Consortium to Expand 

Dementia Research in Latin America (ReDLat) is leveraging “on the ground” connections with 

research communities in Latin America and the Caribbean to grow a diverse database of dementia 

resources [75,76]. The Alzheimer’s Disease NeuroImaging Study (ADNI) is growing more 

inclusive cell lines and generating partner data for multiple ancestrally diverse samples [77]. The 

NIH’s Center for Alzheimer’s and Related Dementias (CARD) is filling diversity gaps by creating 

training materials, generating data to complement existing efforts, and providing open science 

support for researchers in diverse communities. 

Multiple efforts are also underway in the PD space. The Genetic Architecture of Parkinson disease 

in India (GAP-India) plans to develop a large clinical/genomic biobank in India [71]. The Latin 

American Research Consortium on the Genetics of PD (LARGE-PD) aims to address inclusivity 

and genomic differences within and across Latino populations. Finally, the Global Parkinson’s 

Genetics Program (GP2) aims to genotype >150,000 individuals from around the world. GP2-

funded projects include the Black and African Americans Connections to Parkinson’s Disease 

Study (BLAACPD), which seeks to assess the genetic architecture of Black and African American 

individuals with Parkinson's disease, as well as healthy subjects, from across the United States 

[78]. GP2 is motivated to increase diversity not only just among samples recruited into studies, but 

also in the investigators making use of the data, providing training and resources to ensure that all 

researchers are on an open and equal field of play [79]. 

A list of ongoing efforts for increasing diversity in NDD genetic research, including atypical 

dementias, can be found in Supplemental Table 3. 



 

 106 

These efforts are paying off. More than 65% of the neurodegenerative disease-associated loci 

discovered in non-European or multi-ancestry populations were identified in the period between 

2020 to 2022 (Figure 2.2.3). Over the past 10 years, there has been a steady increase in the 

proportion of non-European samples included in genetic studies (Figure 2.2.2B). With the increase 

in diverse samples in recent years, there has also been a growing interest in the use of multi-

ancestry analyses to discover, fine-map and assess heterogeneity at disease risk loci, particularly 

in AD, PD, and ALS (Figure 2.2.2A).  

In fact, we are already seeing the benefits of increased diversity on genetic discovery in NDD 

research. A 2023 GWAS using African and African American samples collected by GP2 and 

23andMe, and co-lead by researchers in Nigeria and NIH, found a novel GBA1 locus that is rare 

in other populations [82]. We anticipate that in the future, leveraging multiple ancestries will 

continue to improve fine-mapping resolution to prioritize causal variants [5], increase access to 

and reduce bias in precision medicine practices such as polygenic risk prediction [1], and drive 

many new discoveries in the genetics of NDDs.  

2.2.6 Conclusion 

Our systematic review highlights a striking disparity in the representation of diverse genetic 

ancestry populations in NDD research, emphasizing the urgent need for greater inclusivity to 

advance our understanding of these complex conditions and develop more equitable precision 

medicine approaches. Efforts to bridge this gap and promote diversity in genetic studies are vital 

for achieving meaningful progress in the diagnosis, treatment, and prevention of NDDs across 

global populations. 
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2.2.7 Figures and Tables 

 
Figure 2.1.1 PRISMA flow diagram for systematic review 
Diagram of published GWAS studies and pubmed literature review from NLM. N in the figure 
relates to the number of published studies as of April 28th, 2022. 
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Figure 2.2.2 Number of studies over time from 2012 to 2022 
A) Bar plot of study counts by NDD (left) with cumulative counts for each ancestry (right) . Data 
in this figure includes both single and multi ancestry studies. B) Time series of the annual study 
counts in European and Non-European populations from 2012 to 2022. The slope from a linear 
regression is also displayed to highlight the rate of change in the number of study counts over 
time.
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Figure 2.2.3 Cumulative count of discovered SNPs from 2012 through 2022 
Notably, more than 65% of the SNPs were identified in the period between 2020 through 2022. 
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Table 2.2.1 Largest GWAS sample size by NDD and ancestry for single and multi ancestry studies. 

NDD Ancestry Author Year Total samples 
(% non-European*) Study 

AD 

AAC Sherva 2022 75,058 
African ancestry GWAS of dementia in 

a large military cohort identifies 
significant risk loci 

EAS Hirano 2015 17,031 
A genome-wide association study of 
late-onset Alzheimer's disease in a 

Japanese population 

EUR Wightman 2021 1,126,563 
A genome-wide association study with 

1,126,563 individuals identifies new risk 
loci for Alzheimer's disease 

MULTI Lake 2022 644,188 
(2.83%) 

Multi-ancestry meta-analysis and fine-
mapping in Alzheimer’s Disease 

AMR,MDE   NO STUDIES 

PD 

AMR Loesch 2021 1,497 Characterizing the Genetic Architecture 
of Parkinson's Disease in Latinos 

EAS Foo 2017 14,006 Genome-wide association study of 
Parkinson's disease in East Asians 

EUR Nalls 2019 1,474,097 

Identification of novel risk loci, causal 
insights, and heritable risk for 

Parkinson's disease: a meta-analysis of 
genome-wide association studies 

MULTI Kim 2022 2,525,730 
(38.12%) 

Multi-ancestry genome-wide meta-
analysis in Parkinson’s disease 

AAC,MDE NO STUDIES 

ALS 

EAS Wei 2019 4,727 
Identification of TYW3/CRYZ and 

FGD4 as susceptibility genes for 
amyotrophic lateral sclerosis 

EUR vanRheenen 2016 41,398 

Genome-wide association analyses 
identify new risk variants and the 

genetic architecture of amyotrophic 
lateral sclerosis 

MULTI van Rheenen 2021 152,268 
(12.00%) 

Common and rare variant association 
analyses in amyotrophic lateral sclerosis 
identify 15 risk loci with distinct genetic 

architectures and neuron-specific 
biology 

AAC, AMR, 
MDE NO STUDIES 
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NDD Ancestry Author Year Total samples 
(% non-European*) Study 

MS 

AAC Isobe 2015 2319 An ImmunoChip study of multiple 
sclerosis risk in African Americans 

AMR Ordoñez 2015 161 
Genomewide admixture study in 
Mexican Mestizos with multiple 

sclerosis 

EUR Patsopoulos 2019 115,803 
Multiple sclerosis genomic map 

implicates peripheral immune cells and 
microglia in susceptibility 

EAS,MDE, 
MULTI NO STUDIES 

FTD 

EUR Ferrari 2014 12,928 
Frontotemporal dementia and its 

subtypes: a genome-wide association 
study 

AAC, AMR, 
EAS, MDE, 

MULTI 
NO STUDIES 

MG 

EAS Na 2014 259 
Whole-genome analysis in Korean 

patients with autoimmune myasthenia 
gravis 

EUR Chia 2022 45,675 

Identification of genetic risk loci and 
prioritization of genes and pathways for 

myasthenia gravis: a genome-wide 
association study 

MULTI Sakaue 2021 533,853 
(33.48 %) 

A cross-population atlas of genetic 
associations for 220 human phenotypes 

AAC,AMR, 
MDE NO STUDIES 

LBD 

EUR Chia 2021 7,372 

Genome sequencing analysis identifies 
new loci associated with Lewy body 

dementia and provides insights into its 
genetic architecture 

AAC,AMR,E
AS,MDE, 
MULTI 

NO STUDIES 
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NDD Ancestry Author Year Total samples 
(% non-European*) Study 

VaD 

EUR Moreno-Grau 2019 4,830 

Genome-wide association analysis of 
dementia and its clinical 

endophenotypes reveal novel loci 
associated with Alzheimer's disease and 
three causality networks: The GR@ACE 

project 

MULTI Fongang 2022 482,088 
(2.40%) 

A meta-analysis of genome-wide 
association studies identifies new 

genetic loci associated with all-cause 
and vascular dementia 

AAC, 
AMR,EAS, 

MDE 
NO STUDIES 

*if applicable 

  



 

 113 

Table 2.2.2 Genome-wide significant novel loci nominated in non-European populations 
We found no diverse or multi-ancestry loci for LBD, FTD, MG, or VaD. P-values are given in 
parentheses. Nominated loci were determined as the nearest gene or genomic context within 
1MB of the significant SNP (P-value < 5E-8). 

Disease Ancestry Nominated loci 

 
AD 

AAC COBL (3.8E-8), SLC10A2 (4.6E-8)11 

EAS 
RHOBTB3/GLRX (3.07E-19), CTC-278L1.1 (2.49E-23), CTD-2506J14.1 (1.35E-
67), CHODL (4.81E-9)15 , FAM47E (5.34E-9)16, CACNA1A (2.49E-8), LRIG1 

(1.51E-8)17 

AMR FBXL7 (6.19E-09)13 

MULTI 
 

OR2B2 (2.14E-8)16, SORL1 (1.04E-8)18, TRANK1 (3.49E-8), VWA5B2 (3.75E-
8)19 

 
PD 

EAS NDN/PWRN4 (3.14E-9)23, RPL3 (2.72E-8) 24 

MULTI 

ITGA8 (1.3E-8)26, SV2C (1.17E-10)27 

MTF2 (1.15E-10), RP11-360P21.2 (1.65E-10), ADD1 (4.11E-9), SYBU (3.62E-
9), IRS2 (2.30E-9), USP8:RP11-562A8.5 (6.45E-10), PIGL (2.93E-9), FASN 

(2.61E-9), MYLK2 (3.86E-9), AJ006998.2 (1.12E-9), Y_RNA (3.81E-9), PPP6R2 
(4.09E-10)7, BST1 (4.41E-8)28 

ALS 

EAS 

CAMKIG (2.92E-8), CABIN1/SUSD2 (2.35E-9)31, INPP5B (2.24E-8), 
IQCF5/IQCF1 (2.06E-9), ITGA9 (2.55E-8), PFKP (2.46E-9), MYO18B (2.28E-
10), ALCAM (4.00E-8), OPCML (8.43E-9), GPR133 (8.45E-10)32, TYW/CRYZ 

(2.10E-14), FGD4 (5.19E-9) 33 

MULTI 
GPX3-TNIP1 (1.3E-8)30, ACSL5-ZDHHC6 (8.3E-9)34, SOD1 (3.5E-18), HLA 

(3.5E-12), SLC9A8-SPATA2 (3.2E-10), ERGIC1 (5.6E-9), NEK1 (6.9E-9), 
COG3 (1.2E-8), and PTPRN2 (1.8E-8)36 

 
2.2.8 Supplemental Online Content 
 
All supplemental online content can be downloaded directly from the preprint material at 

MedRxiv. 
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Gloss to Chapter 3. 

When I started graduate school, I didn’t know what single cell analyses were nor did I even 

understand that you could look at different transcriptomic profiles from different human tissues. I 

remember hearing presentations on single cell analyses, and I always thought it sounded so 

impressive. Unfortunately, it also sounded very inaccessible in presentations. 

While working on chapter 3, I started collaborating more with Yokoyama lab members and I 

learned so much. I worked very closely with Daniel Sirkis, who taught me so much about single 

cell analyses and manuscript preparation. I also had the opportunity to mentor numerous rotation 

students while working on this chapter. I mentored almost ten individuals during my PhD including 

four rotation students, much of which I felt prepared for due to Dan’s incredible mentorship.  

As Dan provided single cell code for me to conduct my first analysis, I decided a good way to pay 

this forward would be to build our Yokoyama Lab Github page with this, and other resources, to 

help other and future lab members. This Github now has numerous repositories and job aids that 

have been invaluable.  

Dan set an incredible example for me about what thorough research looks like. He is always 

sending me new papers to read and thinking about new ways to analyze data. He has taught me 

that when you are deciding which path to take in a research project, sometimes the best answer is 

“both”! Good research means looking at the questions and the data in numerous different ways.  

While working through this chapter I have made some beautiful visualizations that I am very proud 

of and have learned how to explain the difficult concepts in single cell rna-sequencing in an 

accessible way. Turning difficult material into digestible content is something I am extremely 

passionate about and hope to continue doing in my post-graduate school career.  
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Since the beginning of my work in chapter 3, I have submitted two single-cell papers, and I am 

currently working on 3 other single cell projects. I am fascinated by the connection between 

genetics, brain transcriptomics, and blood transcriptomics. In the future I want to continue looking 

at both blood and brain transcriptomics and better understand how one may mirror the other.  
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Chapter 3 Paper 1  

Single-cell RNA-seq reveals alterations in peripheral CX3CR1 and nonclassical monocytes 
in familial tauopathy 

 
Contributing Authors: Daniel W. Sirkis*, Caroline Warly Solsberg*, Taylor P. Johnson, Luke W. 

Bonham, Virginia E. Sturm, Suzee E. Lee, Katherine P. Rankin, Howard J. Rosen, Adam L. Boxer, 

William W. Seeley, Bruce L. Miller, Ethan G. Geier, and Jennifer S. Yokoyama** 

*Equal contribution 

**Correspondence 
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3.1.1 Abstract 

3.1.1.1 Background 

Emerging evidence from mouse models is beginning to elucidate the brain’s immune response to 

tau pathology, but little is known about the nature of this response in humans. In addition, it 

remains unclear to what extent tau pathology and the local inflammatory response within the brain 

influence the broader immune system. 

3.1.1.2 Methods 

To address these questions, we performed single-cell RNA sequencing (scRNA-seq) of peripheral 

blood mononuclear cells (PBMCs) from carriers of pathogenic variants in MAPT, the gene 

encoding tau (n = 8), and healthy non-carrier controls (n = 8). Primary findings from our scRNA-

seq analyses were confirmed and extended via flow cytometry, droplet digital (dd)PCR, and 

secondary analyses of publicly available transcriptomics datasets. 

3.1.1.3 Results 

Analysis of ~181,000 individual PBMC transcriptomes demonstrated striking differential 

expression in monocytes and natural killer (NK) cells in MAPT pathogenic variant carriers. In 

particular, we observed a marked reduction in the expression of CX3CR1 – the gene encoding the 

fractalkine receptor that is known to modulate tau pathology in mouse models – in monocytes and 

NK cells. We also observed a significant reduction in the abundance of nonclassical monocytes 

and dysregulated expression of nonclassical monocyte marker genes, including FCGR3A. Finally, 

we identified reductions in TMEM176A and TMEM176B, genes thought to be involved in the 

inflammatory response in human microglia but with unclear function in peripheral monocytes. We 

confirmed the reduction in nonclassical monocytes by flow cytometry and the differential 

expression of select biologically relevant genes dysregulated in our scRNA-seq data using ddPCR.  
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3.1.1.4 Conclusions 

Our results suggest that human peripheral immune cell expression and abundance are modulated 

by tau-associated pathophysiologic changes. CX3CR1 and nonclassical monocytes in particular 

will be a focus of future work exploring the role of these peripheral signals in additional tau-

associated neurodegenerative diseases. 
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3.1.2 Introduction 

Nearly 25 years after the discovery of pathogenic variants in MAPT (encoding the microtubule-

associated protein tau) in familial frontotemporal dementia (FTD; [1, 2]; reviewed in [3]), there 

are still no effective therapeutics capable of halting or delaying tau-associated neurodegeneration 

[4, 5]. Diverse tau proteinopathies (tauopathies) also occur sporadically (i.e., in the absence of 

MAPT or other pathogenic variants) and are subdivided into primary tauopathies – which 

collectively fall under the umbrella term, frontotemporal lobar degeneration (FTLD)-tau – and 

secondary tauopathies, the most prominent example of which is Alzheimer’s disease (AD). 

Although much effort has gone into characterizing the natural history and longitudinal declines of 

MAPT pathogenic variant carriers (reviewed in [6]), we understand relatively little about the 

molecular mechanisms that impart risk for sporadic forms of tauopathy – whether primary or 

secondary. However, because it remains challenging to confidently diagnose sporadic tauopathy 

in vivo, familial tauopathy (identified via the presence of pathogenic MAPT variants in individuals 

with a family history of neurodegenerative disease) represents a powerful lens through which we 

can not only elucidate the pathophysiologic processes underlying hereditary tauopathy but also 

uncover shared processes that may contribute to sporadic tauopathy. 

The last decade has witnessed a major revival in interest in immune mechanisms that may 

modulate risk for neurodegeneration, with a primary focus on microglia, the parenchymal 

macrophages of the brain (reviewed in [7]). Significantly less progress has been made in 

elucidating peripheral blood or cerebrospinal fluid (CSF) leukocyte perturbations in – and 

responses to – neurodegeneration, although this is beginning to change (reviewed in [8, 9, 10]). 

For example, we now know of changes to CD8＋ T cells in AD and CD4＋ T cells in Lewy body 

dementia [11, 12]. In addition, altered phospholipase C-ɣ2 signaling in peripheral lymphocytes 
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has been reported in AD [13]. Beyond lymphocytes, changes in peripheral monocytes (particularly 

nonclassical [NC] monocytes) have been observed in Parkinson’s disease (PD) [14] and 

amyotrophic lateral sclerosis (ALS; [15, 16]). In addition, patients with the hereditary white-matter 

disorder, adult-onset leukoencephalopathy with axonal spheroids and pigmented glia (ALSP), 

show striking reductions in peripheral NC monocytes [17]. Given that ALSP is thought to be 

driven by primary microglial defects (reviewed in [18]), the reduction in peripheral NC monocytes 

in this disorder suggests shared biology between these two cell types. 

High-quality fluid biomarkers are being developed for AD (reviewed in [19, 20]) and FTD 

(reviewed in [21]), but those that can distinguish between the major neuropathologic division 

within FTD (i.e., FTLD-tau vs. FTLD due to TDP-43 pathology [FTLD-TDP]) have been lacking 

[21] until very recently [22]. We reasoned that an in-depth exploration of peripheral immune 

dysregulation in tauopathy may reveal novel, blood-based biomarkers associated with FTLD-tau. 

Therefore, in an effort to define the peripheral immune signatures of tauopathy, we carried out 

single-cell RNA sequencing (scRNA-seq) of peripheral blood mononuclear cells (PBMCs) in 

individuals with pathogenic MAPT variants – who have (or will develop) FTLD-tau pathology – 

and cognitively normal, non-carrier controls. We identified striking changes in NC monocytes – 

both in terms of cellular abundance and gene expression – as well as natural killer (NK) cells and 

other cell types. Moreover, we identified CX3CR1 as a potentially novel peripheral marker of 

tauopathy, suggesting parallel changes in CX3CR1 in microglia and peripheral leukocytes in the 

course of tau-mediated neurodegeneration. We also identified additional candidate genes whose 

expression may be altered in the periphery in tauopathy (e.g., FCGR3A and TMEM176A/B). 

Considering recent findings in ALS and PD, and given that NC monocytes can be detected in the 

human brain [23], our results add to the weight of evidence suggesting the importance of NC 
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monocytes across a spectrum of neurodegenerative diseases. Taken together, our results indicate 

that PBMCs represent an accessible and informative tissue source not only for biomarker discovery 

but also for elucidation of peripheral immune responses in the context of tauopathy. 

3.1.3 Methods 

3.1.3.1 Study Participants 

All participants or their surrogates provided written informed consent prior to study participation; 

all aspects of the studies described here were approved by the University of California, San 

Francisco (UCSF) institutional review board. Sixteen individuals (n = 8 MAPT pathogenic variant 

carriers and n = 8 cognitively normal, non-carrier controls) participated in this study. Individuals 

were recruited as part of ongoing studies of FTD and related neurodegenerative diseases at the 

UCSF Memory and Aging Center (MAC). All participants underwent a multistep screening with 

an in-person visit at the MAC that included a neurologic exam, detailed cognitive assessment, 

medical history, and family history for neurodegenerative disease. Each participant’s study partner 

was interviewed regarding functional abilities. A consensus team of clinicians then reviewed all 

participants. In addition, all participants were screened for pathogenic variants in established 

FTLD genes, including MAPT. MAPT pathogenic variant carriers had clinical syndromes of 

bvFTD (n = 4), frontal AD (n = 1), subjective cognitive impairment (n = 1), or were clinically 

normal and presymptomatic (n = 2). Pathogenic MAPT variants represented within this study were 

p.P301L (n = 1), p.S305I (n = 1), p.S305S (n = 1), p.R406W (n = 3), and IVS10+16 (n = 2). 

Pathogenic variant carriers and cognitively normal controls were sex-matched, and equal numbers 

of female and male participants were included in the cohort. Age was not significantly different 

between carrier and control groups, as assessed using an unpaired t-test. Demographic information 

for study participants is included in Table 3.1.1. 
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3.1.3.2 Clinical Assessment 

Study participants underwent a multistep screening process prior to an in-person clinical 

evaluation at the UCSF MAC, which included a neurological exam, cognitive assessment, and 

medical history [24]. Each participant’s study partner was interviewed to assess the participant’s 

functional abilities. A multidisciplinary team composed of a behavioral neurologist, a 

neuropsychologist, and a registered nurse established clinical diagnoses for cases according to 

consensus criteria for FTD and its subtypes [25] or frontal AD [26]. Controls and presymptomatic 

MAPT carriers had a normal neurological exam and a Clinical Dementia Rating scale Sum of 

Boxes (CDR-SB) [27] score of 0. All controls screened negative for disease-causing pathogenic 

variation in established AD and FTD genes. 

3.1.3.3 Cell Isolation 

Human PBMCs were obtained from study participants at the UCSF MAC. Blood specimens were 

collected in yellow-top acid-citrate-dextrose vacutainer tubes (BD Biosciences) and processed 

within five hours of collection. PBMCs were isolated via Ficoll density gradient centrifugation 

using Lymphosep separation medium (MP Biomedicals), washed with Ca2+- and Mg2+-free PBS 

(ThermoFisher), and treated with one application of red blood cell lysis buffer (Biolegend). After 

a final wash step in PBS, PBMCs were diluted to a density of 1.5 x 106 cells/ml in freezing media 

composed of 10% DMSO in FBS and immediately frozen at -80°C. After two weeks, samples 

were transferred to liquid nitrogen for long-term storage. All PBMC samples used in our primary 

analyses were cryopreserved. Sensitivity analysis involving freshly isolated PBMCs was 

performed to compare gene expression in paired fresh vs. frozen and thawed samples. 
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3.1.3.4 Single-Cell RNA-seq 

PBMCs were thawed and prepared for scRNA-seq using the Chromium Single Cell 3’ v2 kit 

according to the manufacturer’s instructions (10x Genomics). Samples were processed in two 

separate batches of eight samples each, with four MAPT variant carriers and four controls included 

in each batch. To further minimize the potential for batch effects, each batch contained equal 

numbers of samples from female and male participants. After sample thawing, counting, and 

dilution, PBMCs underwent standard 10x processing, 3’ gene expression library construction 

steps, and next-generation sequencing at the UCSF Genomics CoLab and Institute for Human 

Genetics (IHG). 

3.1.3.5 Sequencing Data Processing 

For each of the two batches, single-cell 3’ libraries generated from eight samples were pooled and 

sequenced on one lane of a NovaSeq S4 flow cell. Raw sequencing reads were aligned to GRCh38, 

and feature-barcode matrices were generated using Cell Ranger version 3.0.2. 

3.1.3.6 Quality Control and Clustering 

We obtained a total of 7.3 x 109 reads and detected ~214,000 cells across the two independent 10x 

and sequencing batches, yielding a moderate sequencing depth [28,29] of ~34,000 mean reads/cell. 

We detected ~3,700 median UMI counts/cell and ~1,100 median genes/cell (Table S1). There 

were no significant differences in the number of cells captured per sample, the number of reads 

per sample, or the mean read depth per sample when comparing the MAPT pathogenic variant 

carrier group to the non-carrier control group. Subsequent quality-control (QC) and downstream 

analysis steps were performed using Seurat v4.1 [30, 31]. QC filtering was applied to individual-

sample feature-barcode matrices and consisted of the following steps: (i) genes detected in < 10 

cells were removed; (ii) cells with ≤ 500 detected genes were removed; (iii) cells with ≤ 500 counts 
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and those with ≥ 20,000 counts were removed; (iv) cells with mitochondrial mapping percentages 

≥ 10 were removed; (v) doublets were identified and removed using DoubletFinder v2.0.3 [32, 33] 

using the recommended parameter settings. After stringent QC filtering, ~181,000 cells remained 

for downstream analysis (Table S2). 

After QC, we performed the following additional processing steps: (i) we applied sctransform 

[34]–a method for scRNA-seq count normalization and variance stabilization–at the individual-

sample level, including mitochondrial mapping percentage as a covariate [34, 35], to minimize 

variability due to differences in sequencing depth between samples; (ii) the 16 individual samples 

were integrated with FindIntegrationAnchors and IntegrateData, specifying ‘sctransform’ as the 

normalization method and reciprocal principal component analysis (PCA) as the reduction. 

Subsequently, PCA was performed followed by uniform manifold approximation and projection 

(UMAP) reduction using the first 30 PCs; clustering was performed using a resolution parameter 

of 0.5. This resulted in the generation of 21 distinct clusters that were annotated on the basis of 

marker gene expression, identified using FindMarkers and literature searches. 

3.1.3.7 Differential Expression Analysis 

Differential expression analysis was performed using limma [36-39] on individual clusters and 

sctransform-normalized data, with MAPT pathogenic variant carrier status as the contrast and age, 

sex, and scRNA-seq batch as covariates. To account for multiple testing, a false discovery rate-

corrected p-value (pFDR) < 0.05 was considered statistically significant. For visualization of 

selected differentially expressed genes (DEGs), we used violin plots displaying normalized count 

data generated via Seurat’s NormalizeData function. 

  



 

 134 

3.1.3.8 Cluster Proportionality 

Cluster proportions were determined for individual samples by dividing the number of cells in a 

given cluster by the total number of cells in all clusters (after QC filtering) for each individual. 

Differences in cluster proportionality were assessed visually for all clusters according to MAPT 

variant carrier status. Only the NC monocyte cluster (cluster 11) showed a clear difference in 

proportionality between carriers and controls. Significance for cluster 11 proportionality, as well 

as NC monocyte subcluster ratios, was determined by linear modeling, covarying for age, sex, and 

scRNA-seq batch. 

3.1.3.9 STRING Network Analysis 

DEGs with pFDR < 0.05 and log2 fold-changes (LFC) > 0.1 for selected cell clusters were submitted 

for analysis via the STRING database (v11.5) [40] using the following parameters: the full 

STRING network was queried; network edge thickness indicated the confidence of the interaction; 

active interaction sources included databases, experiments, and text mining; a minimum 

interaction score of 0.4 was required; only query genes/proteins were displayed; disconnected 

nodes (i.e., DEGs with no interaction partners) were not displayed; gene modules were color-coded 

according to the results of Markov cluster algorithm (MCL) clustering [41], with modules color-

coded within each panel according to their respective gene count. For clarity, within the Results 

section we refer to specific MCL clusters (containing DEGs) as gene/protein ‘modules,’ while 

reserving the term ‘cluster’ to refer to cell clusters generated via scRNA-seq analysis. 

3.1.3.10 Analysis of Mouse RNA-seq Data 

Publicly available mouse RNA-seq data were downloaded from GEO (accession GSE93180) and 

originally published in [42]. Briefly, hippocampal microglia (Cd11b＋ myeloid cells) were sorted 

from 6-month-old male hMAPT-P301S transgenic mice (n = 6) or non-transgenic littermates 
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(n = 6) using BD FACSAria sorters, then RNA was extracted. RNA-seq libraries were prepared 

using the Ovation RNA-Seq System V2 (NuGEN). Reads were aligned to the GRCm38 genome 

using GSNAP and gene counts were acquired using the HTSeqGenie Bioconductor package. 

Average sequencing depth was 30 million total reads with 8% of reads aligning to exons. We 

downloaded the available counts data, reanalyzed it using DESeq2 [43], and plotted normalized 

counts for mouse Cx3cr1 using ggplot2 [44]. 

3.1.3.11 RNA Extraction 

To minimize biological variability and facilitate orthogonal validation, for droplet digital (dd)PCR 

experiments, we used PBMCs isolated from 15 of the 16 participants originally selected for 

scRNA-seq analysis. One additional cognitively normal control sample was used for ddPCR due 

to unavailability of one control sample used for scRNA-seq. RNA was extracted from the PBMCs 

using the RNeasy Micro Kit (Qiagen) and isolated RNA was quantified and its quality was 

assessed using the RNA 6000 Pico Bioanalyzer kit (Agilent). PBMC RNA samples had RNA 

integrity number (RIN) values ranging from 9.2–9.9, indicating high-quality RNA (Table S3; 

[45]). 

3.1.3.12 Droplet Digital PCR 

One ng of total RNA was used for single-tube reverse transcription (RT) and ddPCR using the 

One-Step RT-ddPCR Advanced kit (Bio-Rad). Droplets were generated and subsequently 

analyzed using the QX100 system (Bio-Rad) at the UCSF Center for Advanced Technology 

(CAT). Reactions were prepared and run essentially according to the manufacturer’s instructions. 

For steps in which a temperature range was specified, we used the following parameters: RT was 

performed at 50°C, annealing/extension occurred at 55°C, and samples were held at 12°C in the 

C1000 thermocycler (Bio-Rad) prior to analysis on the droplet reader. To confirm specificity, we 
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ran the following control reactions: wells lacking RNA but containing all other components and 

wells lacking reverse transcriptase but containing all other components. PrimePCR ddPCR Gene 

Expression primer–probe mixes coupled to FAM or HEX (Bio-Rad) were used to amplify specific 

genes. 

3.1.3.13 Flow Cytometry 

Multicolor flow cytometry was performed on thawed PBMC samples using an LSRFortessa (BD). 

Samples were stained using the following fluorochrome-conjugated antibodies: PE-CF594 mouse 

anti-human CD14 (BD), APC mouse anti-human CD16 (BD), BV 421 mouse anti-human CD56 

(BioLegend), and PE rat anti-human CX3CR1 (BD). Viability was assessed using the 

LIVE/DEAD Aqua dye (ThermFisher). Cells were labeled at room temperature, covered from light 

for 30 min in a buffer consisting of 1% fetal bovine serum in MACS buffer containing PBS and 

EDTA (pH 7.2; Miltenyi). After staining, samples were washed three times in the above buffer, 

then kept on ice until analysis on the LSRFortessa. Compensation was performed using UltraComp 

eBeads (ThermoFisher) for the antibodies and ArC amine-reactive compensation beads for 

LIVE/DEAD Aqua (ThermoFisher). Control conditions included unstained PBMCs as well as 

‘fluorescence minus one’ (FMO) conditions in which a single antibody was omitted. For the 

primary samples to be analyzed, we acquired data on ~100,000 cells falling within the initially 

defined PBMC gate. All post-acquisition gating and analysis was performed in FlowJo v10 (BD). 

We used the following sequential gating scheme: (i) debris was excluded via an initial PBMC gate; 

(ii) live PBMCs were gated by low LIVE/DEAD Aqua fluorescence; (iii) singlets falling along the 

forward scatter (FSC)-height (-H) vs. FSC-area (-A) diagonal were gated next; (iv) finally, 

monocytes were gated based on their high side scatter (SSC-A) and CD14 positivity. Monocyte 

subtypes were gated from a starting population of all monocytes based on their characteristic CD14 
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vs. CD16 staining patterns. For quantifications, frequencies expressed as a percentage of all 

PBMCs used the number of cells in the live, singlet PBMC population as the denominator, while 

frequencies expressed as a percentage of all monocytes used the number of cells in the live, singlet 

monocyte population as the denominator. 

3.1.3.14 Analysis of Publicly Available Human Brain scRNA-seq Dataset 

Publicly available human brain scRNA-seq data were downloaded from GEO (accession 

GSE137444) and originally published in [46]. Briefly, human microglia from patients (n = 7) who 

underwent amygdalohippocampectomy were isolated from the temporal cortex, FACS-sorted, 

processed for scRNA-seq using the Chromium Single Cell v2 kit (10x Genomics), and sequenced 

on a HiSeq 4000 (Illumina). The downloaded counts data were processed and analyzed as 

described above for our PBMC scRNA-seq data. We used the marker genes identified in [23] to 

identify the cluster representing human brain CD16+ NC monocytes. After identification of the 

NC monocytes, we assessed cluster-specific expression of CX3CR1, FCGR3A, TMEM176A/B, and 

C3AR1. 

3.1.3.15 Additional Statistical Analyses 

For the analysis of ddPCR data, we performed linear modeling to assess whether MAPT carrier 

status predicted differences in gene expression while covarying for age and sex. Log2-transformed 

absolute concentration data for CX3CR1, FCGR3A, TMEM176A/B, and C3AR1 (or the ratios of 

these values with those of reference gene EEF2) were used for analyses assuming data normality, 

while non-transformed data are displayed in the plots. EEF2 levels can be leveraged as a 

normalization factor to reduce technical variation across samples. In our assays, we found that the 

results were unaffected by normalization. To test for differences in mitochondrial genome mapping 

percentages and differences in the proportions of monocyte subtypes calculated from flow 
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cytometry data, we used Welch’s t-test. Differential gene expression for the mouse bulk RNA-seq 

data was determined using the Wald test implemented in DESeq2. Differences were considered 

significant at p ≤ 0.05 (ddPCR, mitochondrial mapping data, and flow cytometry) or pFDR < 0.05 

(bulk RNA-seq data). Analyses were performed in R and plots were generated with ggplot2. 

3.1.4 Results 

3.1.4.1 Reduced Nonclassical Monocytes in MAPT Pathogenic Variant Carriers 

After QC filtering, clustering of ~181,000 PBMCs generated 21 primary clusters representing the 

major lymphoid and myeloid cell types, including CD4＋ and CD8＋ T cells, B cells, NK cells, 

monocytes, and dendritic cells (Figure 3.1.1A; Figure 3.1.S1). As expected, and in contrast to 

many other FTD-associated genes, MAPT expression was barely detectable in PBMCs (Figure 

3.1.S2). We reasoned, therefore, that any changes detected in PBMC cell-type proportionality or 

gene expression in MAPT pathogenic variant carriers would most likely represent a response to 

tau neuropathology or neurodegeneration rather than cell-intrinsic changes occurring directly 

downstream of variant MAPT. Of all PBMC clusters, only one showed a clear, consistent change 

in abundance in MAPT pathogenic variant carriers relative to controls. This cluster (11), which 

represents FCGR3A＋ (CD16＋) NC monocytes (Figure 3.1.1A, B), localized in UMAP space near 

the more abundant CD14＋ classical monocyte cluster (2) and the CLEC10A＋ conventional 

dendritic cell (cDC) cluster (14). In particular, NC monocytes, expressed as a percentage of total 

PBMCs for each participant, were significantly reduced in MAPT carriers (Figure 3.1.1C). To 

gain more fine-grained insight into the nature of this change in abundance, we subsetted and re-

clustered myeloid clusters 2, 11, and 14. Assessing the myeloid subclusters (Figure 3.1.1D, left), 

we discovered that normalizing the NC monocyte subcluster to the CLEC10A＋, CD1C＋ cDC 

subcluster (corresponding to the most abundant blood cDC population, known as cDC2 [47]; 
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Figure 3.1.1D, lower right panel) yielded better separation between MAPT variant carriers and 

non-carrier controls (Figure 3.1.1E). Further assessing the myeloid subclusters, we found that 

normalizing NC monocyte numbers to total cDCs (i.e., cDC1 + cDC2) gave a similar result 

(Figure 3.1.S3A). On the other hand, expressing NC monocyte abundance as a fraction of all 

monocytes or all myeloid cells did not significantly differentiate carriers from controls (Figure 

3.1.S3B, C). 

3.1.4.2 Differential Expression Analysis 

We next performed differential expression analysis on each of the primary cell clusters, comparing 

MAPT variant carriers to non-carrier controls and adjusting for age, sex, and scRNA-seq batch. 

Focusing initially on DEGs with absolute LFC > 0.2, we determined that cDC, NC monocyte, and 

NK cell clusters had the highest number of DEGs (Figure 3.1.2A, B). We further characterized 

the DEGs of NC monocytes and NK cells by querying the STRING database [40] for functional 

and physical interactions, now using a more-permissive LFC cutoff of 0.1 to facilitate population 

of the gene interaction network (Table S4 for DEG lists for all clusters). 

3.1.4.3 STRING Network Analysis 

MAPT carriers showed striking up-regulation of many ribosomal and mitochondrial genes that, 

respectively, formed large interaction modules (Figure 3.1.3A, B). The biological significance of 

these coordinately up-regulated DEGs is unclear, but tau is known to interact with and affect 

multiple ribosomal subunits [48–51] and mitochondrial proteins [51, 52]. Because the identified 

mitochondrial DEGs represent a subset of the mitochondrial genes used during QC (see Methods) 

to filter out putatively damaged cells [35], we considered the possibility that – despite the removal 

of cells with high mitochondrial mapping percentages (≥ 10%) – the apparent up-regulation of 

mitochondrial DEGs may nevertheless be associated with higher mitochondrial mapping 
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percentage in MAPT variant carriers. Consistent with this possibility, mitochondrial mapping 

percentage was subtly but significantly higher in MAPT carriers in the NC monocyte and NK cell 

clusters (11 and 3, respectively; Figure 3.1.S4A, B). On the other hand, mitochondrial DEGs were 

absent from the cDC cluster (14; Figure 3.1.S4D; Table S4) – despite this cluster having the 

highest overall number of DEGs with LFC > 0.2 (Figure 3.1.2A) – and mitochondrial mapping 

percentage was not significantly increased in variant carriers in this cluster (Figure 3.1.S4C). This 

suggests (i) cell-type-specific and, presumably, biologically relevant dysregulation of 

mitochondrial genes in MAPT variant carriers, consistent with [51]; and (ii) that the up-regulation 

of mitochondrial DEGs in the NC monocyte and NK cell clusters is associated with increased 

mitochondrial mapping percentage. To test the latter possibility, we next included mitochondrial 

mapping percentage as an additional covariate in the differential expression analyses, and, as 

expected, nearly all mitochondrial DEGs that previously had estimated LFCs > 0.1 no longer 

passed this threshold (not shown). Thus, the presence of mitochondrial DEGs is associated with 

increased mitochondrial mapping percentage. Importantly, coordinated up-regulation of 

mitochondrial genes could lead to subtle shifts in mitochondrial mapping percentage, and therefore 

the causality underlying this relationship is unclear. 

The other major up-regulated STRING module found in both NC monocytes and NK cells 

contained members of the AP-1 transcription factor family [53], including FOS, JUN, and JUNB 

(Figure 3.1.3A, B). Multiple members of this module (FOS, DUSP1) were previously found to be 

up-regulated via bulk measurements of both PBMCs and hippocampus in AD [54], suggesting 

consistent dysregulation of AP-1 transcription factor genes in both primary and secondary 

tauopathies. NFKBIA, encoding the NF-κB inhibitor-ɑ, also appears in this module in both NC 
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monocytes and NK cells, and this gene is highly up-regulated by treatment of microglia with tau 

paired-helical filaments [55] and fibrils [56] and in the brain in late-onset AD [57]. 

In terms of significantly down-regulated genes, both NC monocytes and NK cells contained a 

module populated by FCGR3A and CX3CR1 (Figure 3.1.3C, D). Although FCGR3A is an 

established marker of NC monocytes, it is also expressed by a subset of NK cells (Figure 3.1.1B). 

CX3CR1 is highly expressed by both NC monocytes and NK cells (Figure 3.1.4A) and, strikingly, 

is a well known modulator of tau pathophysiology in the brain [58–60]. Additional down-regulated 

modules in NC monocytes included those containing components of the complement pathway 

(CFD, CFP, C3AR1 [61,62]), members of the S100 alarmin family (S100A8-11 [63,64]), highly 

lipopolysaccharide (LPS)-responsive microglial genes (TMEM176A, TMEM176B [65]), and the 

lysosomal gene PSAP, which promotes pro-inflammatory activity in monocytes [66] (Figure 

3.1.3C). Collectively, the down-regulation of these gene modules in MAPT pathogenic variant 

carriers suggests possible dampening of latent pro-inflammatory pathways in NC monocytes. Of 

note, this apparent phenotypic change also occurred within a diminished population of circulating 

NC monocytes. 

3.1.4.4 Validation of Select Differentially Expressed Genes 

We next sought to validate a handful of DEGs which showed robust changes by differential 

expression analysis, often in multiple cell types, focusing on those deemed most likely to be 

biologically relevant to tau pathophysiology. In particular, we selected the following genes for 

validation via an orthogonal technique, ddPCR: CX3CR1, FCGR3A, TMEM176A, TMEM176B, 

and C3AR1. As noted above, CX3CR1 has many well-established connections to tau pathology via 

its role in microglia. However, to our knowledge, its role in peripheral myeloid cells has not been 

studied in the context of neurodegenerative disease. FCGR3A not only serves as a marker gene for 
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the significantly reduced population of NC monocytes, but was also significantly down-regulated 

in both NC monocytes and NK cells of MAPT carriers. TMEM176A/B are less well known but 

have been shown to be extremely responsive to LPS treatment in human microglia [65], are 

homologs of the MS4A gene family involved in risk for AD [67], and have also been shown to be 

dysregulated in PBMCs from AD patients [54]. Finally, C3AR1 has been implicated as a key player 

in the spread of tau neuropathology in mouse models [68], while the complement system more 

generally is thought to be a key regulator of neuronal loss in primary tauopathy as well as AD [69]. 

We first discuss validation of the CX3CR1 finding below. 

3.1.4.5 Reduced CX3CR1 Expression in Familial Tauopathy 

CX3CR1 showed robust expression in NC monocytes and NK cells (Figure 3.1.4A), and its 

expression was significantly reduced in both cell types in MAPT pathogenic variant carriers 

(Figure 3.1.4B, C). To determine whether down-regulation in peripheral leukocytes was mirrored 

by changes in brain myeloid cells in the context of tauopathy, we analyzed a publicly available 

brain RNA-seq dataset [42] derived from MAPT P301S mouse hippocampal microglia. P301S 

microglia also displayed down-regulation of Cx3cr1 (Figure 3.1.4D), indicating consistent 

CX3CR1 dysregulation between mouse microglia and human peripheral immune cells in the 

context of tauopathy. Importantly, the P301S mutation used in this mouse model was not 

represented in our cohort, suggesting that the reduced peripheral CX3CR1 observed here may be a 

general feature of familial tauopathy and may therefore occur downstream of pathogenic MAPT 

variants beyond those directly assessed in this work. To validate the change in CX3CR1 expression 

in peripheral immune cells, we isolated PBMC RNA from MAPT pathogenic variant carriers and 

non-carrier controls and performed ddPCR. ddPCR confirmed the reduction in CX3CR1 (Figure 

3.1.5A). Normalizing the CX3CR1 signal to reference gene EEF2 gave similar results (Figure 
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3.1.S5A, B). When MAPT variant carriers were stratified by variant class (splicing vs. non-

splicing), both groups showed significant reductions in CX3CR1 (Figure 3.1.5B), suggesting that 

multiple mechanistic forms of familial tauopathy converge on perturbation of CX3CR1 expression. 

3.1.4.6 Diminished FCGR3A Expression in MAPT Pathogenic Variant Carriers 

We next focused on validation of FCGR3A. We predicted that FCGR3A would show a robust 

decrease in expression in MAPT variant carriers in bulk PBMC RNA given that (i) NC monocytes 

are reduced in abundance in carriers (Figure 3.1.1C), and (ii) FCGR3A expression was reduced in 

both NC monocytes and NK cells by scRNA-seq differential expression analyses (Figure 3.1.6A, 

2B). Indeed, ddPCR analysis showed a significant reduction in FCGR3A expression in MAPT 

pathogenic variant carrier PBMCs (Figure 3.1.6B). The observed reduction likely reflects both 

reduced expression of FCGR3A and reduced levels of NC monocytes, which express FCGR3A at 

high levels. As with CX3CR1, normalization of the FCGR3A signal to reference gene EEF2 did 

not affect the results (Figure 3.1.S5C). We also analyzed additional marker genes of the NC 

monocyte cluster, including VMO1 and IFITM3. VMO1, which is specifically expressed in cluster 

11 (consistent with [17]), and IFITM3, which is enriched in cluster 11, both showed significant 

differential expression in MAPT variant carriers (Figure 3.1.6C, D; Table S4), indicating changes 

in multiple NC monocyte marker genes. Because the ddPCR and scRNA-seq studies described 

here depend on the use of cryopreserved PBMCs, we tested whether cryopreservation had a major 

effect on the measured expression levels of CX3CR1 and FCGR3A. Direct comparison by ddPCR 

of paired, fresh vs. frozen/thawed samples suggested that cryopreservation was associated with 

only a modest, ~15-20% reduction in the apparent expression of these transcripts (Figure 3.1.S6A, 

B). Cryopreservation, therefore, was not associated with a major change in the levels of CX3CR1 

and FCGR3A. 



 

 144 

3.1.4.7 Analysis of TMEM176A/B in Familial Tauopathy 

TMEM176A/B represent poorly characterized genes of the extended MS4A family [67] thought to 

be involved in microglial LPS response [65], antigen presentation [70], and inflammasome 

regulation [71]. TMEM176A/B were highly expressed in classical and NC monocytes (clusters 2 

and 11; Figure 3.1.7A) and were strongly down-regulated in MAPT variant carrier NC monocytes 

(Figure 3.1.7B). Reduced expression of TMEM176A and TMEM176B was confirmed via ddPCR 

of PBMC RNA (Figure 3.1.7C, D). The levels of TMEM176A and TMEM176B, as detected by 

ddPCR, were tightly associated with one another, and a subset of MAPT pathogenic variant carriers 

(5 of 8) displayed lower expression of both genes than any non-carrier controls (Figure 3.1.S5D). 

3.1.4.8 Analysis of C3AR1 in MAPT Pathogenic Variant Carriers 

Finally, we examined the expression of C3AR1 given its importance in models of tauopathy [68]. 

C3AR1 expression was enriched in NC monocytes (Figure 3.1.8A) and was strikingly reduced in 

this cell type in MAPT variant carriers (Figure 3.1.8B). C3AR1 expression, as measured by ddPCR 

of PBMC RNA, trended toward reduction but did not achieve significance (Figure 3.1.8C). 

However, given the importance of this gene and the complement pathway more generally in 

tauopathy and AD, analysis of peripheral C3AR1 expression in larger, better-powered cohorts is 

still warranted. 

3.1.4.9 Validation of the Reduction in Nonclassical Monocytes via Flow Cytometry 

To determine whether a central finding of the scRNA-seq analysis could be directly validated via 

an independent method, we performed multicolor flow cytometry analysis on PBMCs from MAPT 

pathogenic variant carriers and non-carrier controls. PBMCs, monocytes and monocyte subtypes 

were gated as illustrated in Figure 3.1.9A and B and as described in detail in the methods section. 

Importantly, this analysis enabled us to confirm a significant reduction in NC monocytes 
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(characterized by low CD14 expression and high CD16 expression) as a percentage of all PBMCs 

(p = 0.02; Figure 3.1.9C, upper left). We also observed a marginally significant reduction in NC 

monocytes expressed as a percentage of all monocytes (p = 0.05; Figure 3.1.9C; lower left). 

Intermediate monocytes (characterized by high CD14 levels and moderate-to-high CD16 levels) 

showed a trend toward reduced abundance, relative to either all PBMCs or all monocytes, but this 

difference did not reach significance (Figure 3.1.9C, middle panels). Finally, classical monocytes 

(characterized by high CD14 levels and low expression of CD16) showed no change as a fraction 

of all PBMCs, but, as expected–given the relative reductions in NC and intermediate monocytes–

showed a significant increase when expressed as a percentage of all monocytes (p = 0.04; Figure 

3.1.9C, lower right). No differences in viability were detected between MAPT pathogenic variant 

carriers and non-carrier controls (Figure 3.1.S7). An alternative gating scheme that enabled the 

inclusion of additional NC monocytes with lower levels of CD14 expression resulted in very 

similar findings (Figure 3.1.S8). Taken together, our observations are consistent with a bona fide 

decrease in the frequency of NC monocytes in MAPT pathogenic variant carriers, and this 

alteration does not appear to be secondary to an absolute increase in classical monocyte abundance. 

Finally, we also asked whether alterations in cell-surface expression of CX3CR1 and CD16 could 

be detected via flow cytometry on NC monocytes or NK cells. To do so, we measured the median 

fluorescence intensity (MFI) for CX3CR1 and CD16 in each cell population, but we did not 

observe a difference between MAPT carriers and non-carrier controls (data not shown). We infer 

from this that the ~50% reduction in transcript abundance for CX3CR1 and FCGR3A is insufficient 

to alter the cell-surface levels of their encoded proteins. Alternatively, there may be a more general 

divergence between the dysregulation of these transcripts and their encoded proteins. Future work 

will test these two possibilities. 



 

 146 

3.1.4.10 Analysis of Gene Expression in Human Brain Nonclassical Monocytes 

To begin to understand why peripheral NC monocytes are affected in familial tauopathy, we asked 

whether these cells have access to the human central nervous system (CNS). Indeed, very recent 

work has suggested an important role for human NC monocytes in the CSF during aging [72], and 

a recent analysis [23] of publicly available scRNA-seq data [46,73] has also identified these cells 

in the human temporal cortex. We downloaded and reanalyzed this dataset (accession GSE137444, 

[46]) and similarly identified a clear NC monocyte population (cluster 13 in our reanalysis; Figure 

3.1.S9A), thus recapitulating the findings from [23]. This cluster was unique in its high expression 

of NC monocyte marker genes such as LYZ, S100A8, S100A9, and FCN1 (marker genes from [23]; 

Figure 3.1.S9B). We next assessed expression levels of the DEGs that we focused on in this work 

– CX3CR1, FCGR3A, TMEM176A/B, and C3AR1. We detected robust expression of all genes 

except TMEM176A in the brain NC monocyte cluster (Figure 3.1.S9C). Collectively, these 

findings suggest that NC monocytes have ready access to the human brain and potentially explain 

why robust changes in NC monocytes can be observed in the context of tauopathy – that is, they 

may have direct access to tissue harboring tau pathology. Future functional studies will be needed 

to determine NC monocytes’ potential to impact the course of tauopathy. In particular, depletion 

of NC monocytes in mouse models of tauopathy would enable direct testing of the role these cells 

play in the development of tau neuropathology. 

3.1.5 Discussion 

This study represents an effort to discover novel, blood-based biomarkers of tauopathy, and–more 

broadly–to begin to understand the nature of the peripheral leukocyte response to primary 

tauopathy. To this end, we conducted an unbiased scRNA-seq survey of ~181,000 PBMCs in 

carriers of pathogenic MAPT variants and healthy, non-carrier controls. In doing so, we uncovered 
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novel, peripheral blood transcriptomic signatures of familial tauopathy at single-cell resolution. In 

particular, we observed a significant reduction in circulating NC monocytes and numerous DEGs 

that were particularly enriched in specific myeloid and NK cell clusters. Next, we validated 

changes in several candidate DEGs selected on the basis of plausible biological relevance. These 

included CX3CR1, FCGR3A, and TMEM176A/B. In addition, C3AR1, although not found to be 

significantly reduced in MAPT carriers by ddPCR, still trended toward reduced expression. 

The differential expression of CX3CR1 observed by scRNA-seq was not only replicated via 

ddPCR analyses but also confirmed using a publicly available mouse microglia bulk RNA-seq 

dataset derived from the MAPT P301S model. This suggests CX3CR1 may have potential utility 

as a peripheral biomarker of tauopathy and warrants further study in larger cohorts. Intriguingly, 

mouse Cx3cr1 has been known for over a decade to control the levels of NC monocytes [74–76]. 

In addition, mouse Cx3cr1-mediated control of NC monocyte levels has more recently been 

suggested to modulate the innate immune response to traumatic brain injury [77]. Collectively, 

these findings suggest that the reduction in CX3CR1 expression we observe in MAPT pathogenic 

variant carrier NC monocytes (on a per-cell basis) may be directly related to the concomitant 

reduction in NC monocyte abundance also observed in MAPT carriers. 

Quite aside from the role of Cx3cr1 in controlling circulating NC monocyte levels, Cx3cr1 exerts 

a well-established, microglia-mediated modulatory effect on tau neuropathology in mouse models 

[58–60, 78–84]. In particular, deletion of Cx3cr1 promotes hallmark neuropathological features of 

tauopathy including tau hyperphosphorylation and aggregation [58–60, 84]. More-recent studies 

on induced pluripotent stem cell-derived microglia-like cells have confirmed the importance of 

CX3CR1 in regulating human microglial homeostasis [85], consistent with Cx3cr1’s established 

role in promoting the homeostatic microglial phenotype in mice [86]. Given that microglial 
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homeostasis is dysregulated in tauopathy [87–90], our novel findings–coupled with the well-

defined relationship between CX3CR1 and tauopathy–provide a promising foundation for further 

investigation of this gene as a peripheral biomarker of tauopathy. 

As noted above, we observed a significant reduction in NC monocytes in MAPT carriers relative 

to non-carrier controls. NC monocytes are recruited to sites of vascular damage, infection, or 

inflammation to patrol the local environment [76]. At these compromised sites, chemoattractant 

factors are released, and NC monocytes respond through the expression of cognate receptors, 

including CX3CR1 [76]. Strikingly, NC monocytes are thought to be reduced in peripheral blood 

in a variety of neurodegenerative diseases, including ALS [15, 16], PD [14], and the adult-onset, 

hereditary leukoencephalopathy, ALSP [17]. Conversely, NC monocyte levels may be increased 

in the CSF in PD, suggesting a possible shift of this monocyte population from blood to CSF in 

the context of neurodegeneration [91]. Considering these findings, and given that: (i) ALS exists 

along a spectrum with FTD [92]; (ii) a portion of PD risk is mediated by variation near the MAPT 

locus [93, 94]; and (iii) ALSP can manifest clinically as FTD [18], our finding of reduced NC 

monocytes in familial tauopathy both strengthens and extends the purported relevance of this 

monocyte population in neurodegenerative disease. 

We observed significantly reduced expression of the canonical NC monocyte marker gene 

FCGR3A as well as significant alterations in two additional NC monocyte marker genes (VMO1 

and IFITM3) in MAPT pathogenic variant carriers by scRNA-seq. Given that FCGR3A expression 

was reduced not only in NC monocytes but also in NK cells and considering that NC monocyte 

abundance was simultaneously reduced, we reasoned that bulk assessment of PBMC RNA via 

ddPCR would be well suited to detect reduced expression of FCGR3A in MAPT carriers, and, 

indeed, this is what we found. This cellular phenotype suggests several possibilities. First, the 
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reduced abundance of NC monocytes and diminished expression of FCGR3A on the remaining 

NC monocytes could reflect migration of mature NC monocytes (that express the highest levels of 

FCGR3A) out of the blood and into another compartment (e.g., CSF or brain). Second, our findings 

could reflect impaired survival of NC monocytes in tauopathy. Third, lower FCGR3A levels might 

reflect impaired differentiation of NC monocytes from classical or intermediate monocytes (the 

latter of which express intermediate levels of FCGR3A). We favor the first two possibilities, as the 

latter scenario would be expected to involve accumulation of other classes of monocytes, which 

we did not observe. 

Our differential expression analyses identified cDCs (cluster 14) as the cell type with the highest 

number of DEGs with absolute LFC > 0.2. Although we did not focus on cDCs for our validation 

studies, we did find that normalizing NC monocyte abundance to cDC abundance enabled a clear 

separation of MAPT carriers from non-carrier controls. This finding begets the question: what is 

the biological link connecting NC monocytes to cDCs? Emerging literature has highlighted several 

intriguing connections between NC monocytes and particular subsets of DCs. For example, a 

putative DC subpopulation, identified transcriptomically and originally termed DC4 [95], is now 

considered to probably represent a subset of NC monocytes rather than DCs [47, 96, 97]. In 

addition, pathogenic variants in STAT3 have revealed this gene’s role in regulating the production 

of both NC monocytes and the less-abundant cDC population, cDC1 [98]. Although we could 

detect the rare cDC1 population in our dataset, it became apparent only upon myeloid cell re-

clustering (myeloid subcluster 7, marked by CLEC9A expression), and these cells were too sparse 

to enable us to accurately gauge their abundance or use for normalization purposes. On the other 

hand, it remains unclear precisely how NC monocytes are biologically related to the more-

abundant cDC2 population. Nevertheless, normalizing NC monocyte abundance to either cDC2 or 



 

 150 

total cDC abundance enabled a clear separation of MAPT variant carriers from healthy controls. 

Future studies in larger cohorts will be required to determine the precise quantification metric for 

NC monocytes that best differentiates MAPT carriers from controls. It will also be important to 

establish whether this finding extends to sporadic forms of tauopathy; this seems likely given that 

similar phenomena have been reported in disparate neurodegenerative diseases. 

Recently published work indicates robust transcriptional changes in NC monocytes within the CSF 

during healthy aging and in the context of cognitive impairment [72]. An additional recent finding 

[23], which we confirm here (Figure 3.1.S9), indicates that NC monocytes can also be found in 

the human temporal cortex. Given that the precise role of human NC monocytes in health and 

disease is still largely unknown [76], it remains unclear what a reduction in peripheral NC 

monocytes means vis-à-vis tauopathy. If the observed reduction in peripheral NC monocytes is 

accompanied by a corresponding increase in CNS NC monocytes–and if they contribute to 

heightened neuroinflammation–they are likely to play a net detrimental role in neurodegeneration. 

However, much work remains to be done to test these possibilities. 

Beyond myeloid cells, our work also highlights a potentially novel role for NK cells in primary 

tauopathy. In particular, NK cells had a large number of DEGs with LFC > 0.2, and our findings 

implicating CX3CR1 expression not only in NC monocytes but also in NK cells as a candidate 

peripheral biomarker of familial tauopathy is complemented by recent research suggesting an 

important yet previously unappreciated role for NK cells in a mouse model of AD [99]. In addition, 

NK cell recruitment to the CNS has been observed in ALS as well as ALS models [100]. 

Collectively, the available data suggest a detrimental role for NK cells in ALS and AD. More 

broadly, in the experimental autoimmune encephalomyelitis model of multiple sclerosis, NK cell 

migration into the CNS is mediated in part by CX3CR1-dependent recruitment [101, 102], 
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suggesting that the differential expression of CX3CR1 in NK cells that we observed in our study 

could plausibly affect NK cell recruitment to the CNS in primary tauopathy. 

Reliable biomarkers can improve diagnostic acumen and enable elucidation of specific forms of 

neuropathology underlying clinical dementia syndromes. For example, examination of brain 

structure and function via neuroimaging is a powerful method for the determination of 

neurodegenerative disease etiology. The use of positron emission tomography (PET) imaging, in 

particular, with radiotracers that bind to aggregated forms of tau has facilitated the in vivo detection 

of tau neuropathology in individuals with AD (reviewed in [19,103,104]). However, tau-PET 

tracers do not bind strongly to most forms of FTLD-tau pathology and may exhibit off-target 

binding in individuals with FTLD-TDP pathology [103, 104]. Alternatively, the use of CSF- and 

blood-based protein biomarkers holds great promise for AD [19, 20, 105] and FTD [21, 106], 

although in the case of FTD, we still cannot discriminate between underlying FTLD-tau and -TDP 

pathology. Important limitations apply to several of these methods. In particular, PET imaging is 

costly and available only at specialized medical centers, and CSF collection requires invasive 

lumbar puncture. In contrast to these methods, peripheral blood biomarkers are easy to collect and, 

when coupled with analytic techniques such as ddPCR, may eventually enable low-cost 

alternatives to today’s better-developed biomarkers. 

Despite numerous advances described above, our study has several important limitations. First, 

due to the significant expense of scRNA-seq and our desire to capture a relatively large number of 

PBMCs per individual, we necessarily used a small cohort for this study. We also opted to confirm 

gene expression findings via an orthogonal technique using bulk PBMC RNA measurements in 

essentially the same cohort that was used for the scRNA-seq analysis. While we employed this 

strategy to minimize the possibility that technical artifacts drove discovery of the candidate genes 
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we characterized, it will be important to evaluate the generalizability of our findings in larger 

cohorts. Larger cohorts will also enable us to determine whether any of the dysregulated genes 

identified here are differentially sensitive to pathogenic MAPT variants that affect splicing, relative 

to those that do not, as potentially suggested for CX3CR1 (Figure 3.1.5B). In addition, future work 

that measures absolute numbers of NC monocytes in familial tauopathy would be a valuable 

addition to the field, as the scRNA-seq and flow cytometry data reported here show relative 

reductions in NC monocyte frequency in MAPT pathogenic variant carriers. Another issue to be 

resolved in future studies is the biological significance of the upregulation of ribosomal and 

mitochondrial transcripts in myeloid and other cell types observed here in familial tauopathy. For 

example, do these changes in gene expression in NC monocytes primarily reflect increased 

fragility and/or decreased survival of these cells in tauopathy, or are they reflective of more specific 

changes in ribosomal and mitochondrial biology? 

As alluded to above, it will also be important to determine which peripheral immune changes are 

conserved between familial tauopathy and diverse forms of sporadic primary and secondary 

tauopathy. In addition, given the complex temporal trajectories of brain myeloid responses in 

tauopathy [107], future research on large cohorts of presymptomatic MAPT pathogenic variant 

carriers will be needed to determine which peripheral changes observed here occur prior to disease 

onset. Finally, it will be important to ascertain whether the peripheral leukocyte changes 

discovered here are reflected by parallel changes in brain myeloid cells in individuals with 

tauopathy. 
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3.1.6 Conclusions 

To our knowledge, this is the first scRNA-seq study of peripheral blood cells in primary tauopathy. 

Beyond our initial discoveries, we validated a handful of DEGs via an orthogonal technique, 

ddPCR. In particular, we have connected longstanding observations from mouse models regarding 

microglial Cx3cr1 and tau neuropathology to reduced CX3CR1 in peripheral leukocytes in 

individuals with familial tauopathy. Moreover, we discovered a significant reduction in the 

abundance of circulating NC monocytes, a cell type that is similarly reduced in several additional 

neurodegenerative diseases. We also discovered large numbers of DEGs in NK cells, including 

CX3CR1, which is thought to be involved in recruitment of NK cells to the CNS. Further studies 

are now required to investigate the generalizability of our findings through replication in larger 

cohorts and extension to other tauopathies and related neurodegenerative diseases. Analogous 

studies of PBMCs in GRN pathogenic variant carriers and C9orf72 hexanucleotide repeat 

expansion carriers should enable the discovery of peripheral biomarkers of FTLD-TDP. 

Ultimately, comparative studies should clarify the role of peripheral immune responses in distinct 

proteinopathies and enable discovery of novel peripheral biomarkers that can successfully 

discriminate between tau and TDP-43 neuropathology, providing critical new tools for diagnostics 

and clinical trials. 
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3.1.8 Figures and Tables

 
Figure 3.1.1 Single-cell RNA-seq reveals reductions in NCM in MAPT pathogenic variant 
carriers 
A) Two-dimensional UMAP plot of ~181,000 PBMCs from MAPT variant carriers and non-
carrier controls, colored by cluster identity. Major cell types are labeled within the plot. B, C) 
Cluster 11, marked by high FCGR3A expression and identified as NC monocytes, was 
significantly reduced in MAPT carriers (p = 0.02; data are expressed as percentage of total 
PBMCs for each sample). D) Myeloid cells (clusters 2, 11, 14) were subset and re-clustered. NC 
monocyte and cDC2 subclusters were identified by FCGR3A and CLEC10A expression, 
respectively (D, right). E) The ratio of NC monocytes to cDC2 was significantly reduced in 
MAPT variant carriers (p = 0.01) 
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Figure 3.1.2 Differential expression in MAPT variant carriers by cell cluster 
A) Clusters are grouped by cell type and ranked by the number of DEGs with pFDR < 0.05 and 
absolute LFC > 0.2. Differential expression was determined in MAPT variant carriers relative to 
non-carrier controls while covarying for age, sex, and scRNA-seq batch. Solid-colored portions 
of the bars indicate DEGs shared by at least one other cluster, while the translucent portions 
indicate DEGs unique to a given cluster. cDCs (cluster 14), NK cells (clusters 3 and 15), and NC 
monocytes (cluster 11) had the highest numbers of DEGs with absolute LFC > 0.2. B) Volcano 
plots of the NC monocyte cluster and major NK cell cluster; DEGs with absolute LFC > 0.2 are 
labeled in blue (down-regulated) or red (up-regulated). Several NK cell DEGs (right) with -
log10(pFDR) values > 300 were set to 300 for visualization purposes. 
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Figure 3.1.3 STRING interactions in NCM and NK cell differentially expressed genes 
A, B) Up-regulated DEGs in NC monocytes and NK cells had similar overall network 
architecture, with large ribosomal and mitochondrial modules, and a third module containing 
members of the AP-1 transcription factor, among other genes. C) The down-regulated DEGs in 
NC monocytes contained a module featuring CX3CR1 and FCGR3A as members, in addition to 
modules harboring genes involved in LPS response, the alternative and classical complement 
cascades, the S100 alarmin molecules, as well as PSAP. D) Down-regulated DEGs in NK cells 
also featured a large module featuring both CX3CR1 and FCGR3A. All DEGs with pFDR < 0.05 
and absolute LFC > 0.1 from clusters 3 and 11 were input into the STRING database as 
described in the Methods section. Modules are colored according to the results of MCL 
clustering. 
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Figure 3.1.4 CX3CR1 expression is reduced in peripheral myeloid and lymphoid cells in 
familial tauopathy 
A) CX3CR1 is robustly expressed in both NC monocytes (cluster 11) and NK cells (cluster 3). 
NC monocytes (B; pFDR = 5.6 x 10-46) and NK cells (C; pFDR = 2.6 x 10-120) both show 
significantly reduced expression of CX3CR1 in MAPT pathogenic variant carriers. D) Reanalysis 
of publicly available bulk RNA-seq data from mouse hippocampal CD11b＋ microglia 
demonstrated a significant reduction (pFDR = 2.5 x 10-7) of Cx3cr1 in the MAPT P301S model. 
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Figure 3.1.5 Confirmation of reduced CX3CR1 expression in MAPT variant carrier PBMCs via 
ddPCR 
RNA was isolated from PBMCs from MAPT variant carriers and healthy, non-carrier controls; 
gene expression was determined by RT-ddPCR. A) CX3CR1 was significantly reduced in MAPT 
carrier PBMCs (p = 0.0007) relative to controls. B) Separation of samples according to MAPT 
variant class (non-splicing and splicing) reveals that CX3CR1 was significantly reduced in both 
groups, relative to controls (non-splicing, p = 0.01; splicing, p = 0.003).  
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Figure 3.1.6 Analysis of nonclassical monocyte marker genes in MAPT variant carriers 
A) FCGR3A, the NC monocyte marker gene encoding CD16, is robustly expressed not only in 
NC monocytes but also in NK cells. FCGR3A is significantly reduced in both NC monocytes 
(left; pFDR = 5.3 x 10-45) and NK cells (right; pFDR = 3.0 x 10-182) in MAPT pathogenic variant 
carriers. B) ddPCR confirmed a reduction in FCGR3A reduction in MAPT variant carrier PBMCs 
(p = 0.01). C) Additional genes expressed specifically (VMO1, left) or enriched in (IFITM3, 
right) NC monocytes showed significant alterations D) in MAPT variant carrier NC monocytes. 
D VMO1 (left) was significantly reduced (pFDR = 9.2 x 10-16), while IFITM3 (right) was 
significantly increased (pFDR = 4.9 x 10-29) in MAPT carriers. 
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Figure 3.1.7 Analysis of TMEM176A/B in MAPT pathogenic variant carriers 
A) TMEM176A/B are highly expressed in both classical (cluster 2) and NC (cluster 11) 
monocytes. B) TMEM176A/B are significantly reduced in NC monocytes (TMEM176A, pFDR = 
2.4 x 10-31; TMEM176B, pFDR = 2.7 x 10-105) from MAPT carriers. These genes were similarly 
reduced in MAPT carrier classical monocytes (cluster 2; Additional file 5: Table S4). The 
reduction in TMEM176A C) and TMEM176B D) in MAPT variant carriers was confirmed using 
bulk PBMC RNA and ddPCR (TMEM176A, p = 0.03; TMEM176B, p = 0.02).  
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Figure 3.1.8 Potential dysregulation of C3AR1 in MAPT pathogenic variant carriers 
A) C3AR1 expression was enriched in the NC monocyte cluster (11). B) C3AR1 expression in 
NC monocytes was significantly reduced in MAPT variant carriers (*pFDR = 2.2 x 10-23). C) 
ddPCR analysis of PBMC RNA revealed a trend toward reduced expression of C3AR1 in MAPT 
variant carriers which did not reach significance (p = 0.12). 
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Figure 3.1.9 Validation of the Reduction in Nonclassical Monocytes via Flow Cytometry 
A) Gating scheme for identification and analysis of monocyte subtypes. PBMCs were gated as 
follows: debris was excluded, non-viable cells were excluded, then doublets were excluded. 
Next, monocytes were gated based on their high side scatter and CD14 expression. B) Monocyte 
subtypes were gated based on their characteristic CD14 and CD16 expression, with classical 
monocytes having high CD14 expression and low CD16 expression, intermediate monocytes 
having high CD14 expression and moderate-to-high CD16 expression, and NC monocytes 
having low CD14 expression and high CD16 expression. C) Quantification of the frequency of 
NC (left), intermediate (center), and classical monocytes (right), either as a percentage of 
PBMCs (top row) or all monocytes (bottom row). NC monocytes were reduced in MAPT 
pathogenic variant carriers as a fraction of PBMCs (upper left, p = 0.02) and as a fraction of 
monocytes (lower left, p = 0.05). Intermediate monocytes (center) showed a trend toward 
reduction relative to both PBMCs and monocytes. Classical monocytes (right) showed no change 
as a fraction of PBMCs but were significantly increased in MAPT pathogenic variant carriers as a 
fraction of all monocytes. 
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Figure 3.1.S1 Annotation of cell types from cluster markers 
Cell types were annotated using a combination of canonical marker genes and additional markers 
identified via Seurat’s FindMarkers function. Clusters were assigned to the following cell-type 
categories: B cells (clusters 8, 12, 19), CD4＋ T cells (CD4T; clusters 0, 1, 7, 10, 17), CD8＋ T 
cells (CD8T; clusters 4, 5, 6, 9), cDC (cluster 14), classical monocytes (CM; cluster 2), NC 
monocytes (NCM; cluster 11), NK cells (clusters 3 and 15), plasmacytoid dendritic cells (pDC; 
cluster 16), plasma cells (cluster 18), and contaminating platelets (cluster 13) and red blood cells 
(RBC; cluster 20). Expression of marker genes is shown using Seurat’s DotPlot visualization, 
with dot size indicating the percentage of cells in a given category having detectable expression 
of a given marker gene and color indicating the average expression level. 
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Figure 3.1.S2 Expression of FTD-associated genes in PBMCs 
The expression level of nine FTD-associated genes (C9orf72, GRN, MAPT, TBK1, SQSTM1, 
TARDBP, TMEM106B, CSF1R, TYROBP) across all PBMCs in the dataset is depicted. Some 
genes displayed widespread expression across many PBMC cell types (TBK1, SQSTM1, 
TARDBP, TMEM106B), while others showed enriched expression in myeloid clusters (C9orf72, 
GRN, CSF1R, TYROBP). In contrast to other FTD-associated genes, MAPT expression was 
very rarely detected in PBMCs 

Figure S2
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Figure 3.1.S3 Nonclassical monocyte abundance relative to other myeloid populations 
A) MAPT pathogenic variant carriers showed a significant reduction (p = 0.01) in the ratio of 
NC monocytes to total cDCs (cDC1 + cDC2). B, C) In contrast, the ratio of NC monocytes to 
total monocytes B) or total myeloid cells C) was not significantly reduced in MAPT variant 
carriers compared to non-carrier controls. 
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Figure 3.1.S4 Mitochondrial genome mapping percentages and mitochondrial DEGs in selected 
clusters 
 A, B) Mitochondrial mapping percentage was subtly but significantly increased (p < 2 x 10-16) 
in MAPT pathogenic variant carriers in clusters 11 (NC monocytes; A) and 3 (NK cells; B). C) 
On the other hand, mitochondrial mapping percentage was not significantly increased in cluster 
14 (cDC). D) Clusters 11 and 3 both harbored appreciable fractions of mitochondrial DEGs 
relative to total DEGs, while cluster 14 did not contain mitochondrial DEGs 
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Figure 3.1.S5 Additional droplet digital PCR analysis 
A) Normalization of the CX3CR1 concentration to that of reference gene EEF2 produced results 
similar (***, p = 0.0006) to what is depicted in Fig. 5A. B) EEF2 absolute concentration values 
were similar between MAPT pathogenic variant carriers and non-carrier controls. C) 
Normalization of the FCGR3A concentration to that of EEF2 did not alter the results depicted in 
Fig. 6B (*, p = 0.01). D) TMEM176A/B levels were closely associated with one another (R2adj 
= 0.85, p < 1.8 x 10-6). A subset of MAPT variant carriers (5 of 8) showed levels of 
TMEM176A/B that were lower than what was observed for any non-carrier control.  
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Figure 3.1.S6 Potential dysregulation of C3AR1 in MAPT pathogenic variant carriers 
A) C3AR1 expression was enriched in the NC monocyte cluster (11). B) C3AR1 expression in 
NC monocytes was significantly reduced in MAPT variant carriers (*pFDR = 2.2 x 10-23). C) 
ddPCR analysis of PBMC RNA revealed a trend toward reduced expression of C3AR1 in MAPT 
variant carriers which did not reach significance (p = 0.12). 
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Table 3.1.3 Demographic characteristics of cohort. 

 Control MAPT variant carrier 

n 8 8 

Age, mean (SD) 52.8 (10.0) 54.4 (11.4) 

Sex, n female 4 4 

Clinical syndrome (n) clinically normal (8) 
bvFTD (4), frontal AD (1), subjective 

cognitive impairment (1), 
presymptomatic (2) 

MAPT variants (n) N/A p.P301L (1), p.S305I (1), p.S305S (1), 
p.R406W (3), IVS10+16 (2) 

Splicing variants, n N/A 4 

CDR-SB, mean (SD) 0.0 (0.0) 
5.8 (5.7) 
7.8 (5.3)# 

#symptomatic carriers only 

 
3.1.8 Supplemental Online Content, Data and Code Availability 

All supplemental online content can be downloaded directly from the published material at 

Genome Medicine.  
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3.2.1 Abstract 

3.2.1.1 Introduction 

Altered immune signatures are emerging as a central theme in neurodegenerative disease, yet little 

is known about immune responses in early-onset Alzheimer’s disease (EOAD). 

3.2.1.2. Methods 

We examined single-cell RNA-sequencing (scRNA-seq) data from peripheral blood mononuclear 

cells (PBMCs) and droplet digital (dd)PCR data from CD4 T cells from participants with EOAD 

and clinically normal controls. 

3.2.1.3 Results 

We analyzed ~182,000 PBMCs by scRNA-seq and discovered increased interferon signaling-

associated gene (ISAG) expression and striking expansion of antiviral-like ISAGhi T cells in 

EOAD. We isolated CD4 T cells from additional EOAD cases and confirmed increased expression 

of ISAGhi marker genes. Publicly available cerebrospinal fluid leukocyte scRNA-seq data from 

late-onset mild cognitive impairment and AD also revealed increased expression of interferon-

response genes. 

3.2.1.4 Discussion 

ISAGhi T cells, apparently primed for antiviral activity, are expanded in EOAD. Additional 

research into these cells and the role of heightened peripheral IFN signaling in neurodegeneration 

is warranted. 

3.2.2 Background 

Approximately 5–10% of the ~7 million Americans living with Alzheimer’s disease (AD) [1] 

experience symptom onset prior to age 65 [2]. In this early-onset form of AD (EOAD), affected 

individuals are more likely to experience an aggressive clinical course, have an atypical clinical 
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syndrome, encounter delays in diagnosis, and experience unique social disruptions due to their 

relatively young age [2]. The vast majority (≥90%) of EOAD cases are not inherited in an 

autosomal-dominant manner, and for these individuals, we understand relatively little about the 

genetic and other biological factors underpinning disease risk. 

 Recent reports using single-cell RNA-sequencing (scRNA-seq) have highlighted changes in 

peripheral blood and cerebrospinal fluid (CSF) leukocyte populations in AD [3], Lewy body 

dementia [4], familial tauopathy [5], and during aging [6]. To our knowledge, however, a global, 

unbiased scRNA-seq analysis of peripheral blood mononuclear cells (PBMCs) in EOAD has not 

been reported. Using scRNA-seq, we now find evidence for marked expansion of a small 

population of recently characterized CD4 T cells expressing very high levels of interferon (IFN) 

signaling-associated genes (ISAGhi T cells) in EOAD. Remarkably, a CD4 T-cell subtype that 

appears to be highly similar to ISAGhi T cells–with a similar antiviral gene expression signature–

is potently expanded in the CSF in the context of viral encephalitis [7], suggesting that EOAD-

expanded ISAGhi T cells have antiviral properties. Adding to the weight of evidence for augmented 

peripheral IFN signaling in EOAD, we also observe expansion of a rare natural killer (NK) cell 

population previously associated with heightened IFN signaling [8]. 

Beyond changes in cell-type abundance, we report global upregulation of IFN signaling genes 

across additional lymphoid and myeloid PBMC types in EOAD. In addition, by analyzing a 

publicly available scRNA-seq dataset of CSF leukocytes derived primarily from individuals with 

mild cognitive impairment (MCI) and late-onset AD (LOAD) [3], we find striking upregulation of 

the same IFN signaling pathways in CD4 T cells in late-onset disease. These findings suggest at 

least partially conserved IFN responses between EOAD and LOAD. Finally, we find consistent 

upregulation in the hippocampus of a suite of IFN response genes in a mouse model of familial 
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EOAD. Collectively, our findings indicate that dysregulation of IFN-related genes extends from 

the peripheral blood and CSF to the brain in AD and suggest a novel role for a population of 

unusual, antiviral-like T cells in EOAD. 

3.2.3 Methods 

3.2.3.1 Overview 

After obtaining informed consent, PBMCs from study participants (Table 1) at the University of 

California, San Francisco Memory and Aging Center (MAC) were analyzed by scRNA-seq 

essentially as described [5]. Raw sequencing reads were aligned to GRCh38-2020-A and feature-

barcode matrices generated using Cell Ranger (v7.1.0) with intronic reads excluded. Cluster 

proportions were determined for individual samples by dividing the number of cells in a given 

cluster by the total number of cells in clusters representing all PBMCs, all T cells, or all CD4 T 

cells (after quality control) for each individual. Statistical differences in cell-type abundances by 

diagnosis were assessed via linear modeling, controlling for age and sex. Additional details, 

including bioinformatic and experimental methods, are described in the Supplementary Methods 

document. 

3.2.3.2 Clinical assessment 

Study participants underwent a multistep screening prior to an in-person clinical assessment at the 

MAC that included a neurologic exam, detailed cognitive assessment, medical history, and family 

history for neurodegenerative disease [9]. Study partners were interviewed about the participant’s 

functional abilities. A multidisciplinary team consisting of a neurologist, a neuropsychologist, and 

a nurse reviewed all participant clinical information and established diagnoses for cases according 

to consensus criteria for AD [10–12] or frontal AD [13]. All EOAD cases were diagnosed with 

probable AD and had at least one positive biomarker consistent with AD. In particular, 10/13 cases 
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had evidence of amyloid and tau positivity (obtained via PET imaging or assessment of CSF 

amyloid-β42 and phospho-tau181 levels) in addition to neurodegeneration (via structural MRI; 

A+T+N+), while 3/13 cases had evidence of neurodegeneration (N+). The mean (SD) age of first 

abnormal diagnosis for all participants with EOAD was 58.5 (3.0) and the range was 54–62. All 

control participants had a normal neurologic exam, and all controls except one in the ddPCR study 

had a global Clinical Dementia Rating (CDR) [14] scale score of 0; the remaining control 

participant, who was diagnosed as clinically normal, had a CDR score of 0.5 due to subjective 

memory complaint. This participant also reported depressive symptoms. Sensitivity analysis of the 

ddPCR data after exclusion of this individual indicated that the results remained similar or 

unchanged. All participants screened negative for disease-causing pathogenic variants in 

established genes for AD and frontotemporal lobar degeneration, which also causes early-onset 

dementia. 
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3.2.4 RESULTS 

3.2.4.1 Identification of an expanded T-cell subtype in EOAD 

After QC filtering, clustering of ~182,000 PBMCs generated 19 primary clusters consisting of all 

expected PBMC types. Comparison of relative cluster abundance in EOAD cases vs. controls 

revealed a single cluster (cluster 15) that was robustly expanded in EOAD (Figure 3.2.1A). 

Expression of marker genes indicates that cluster 15 is a subtype of CD4 T cell (Figure 3.2.S1A). 

Quantification of cluster 15 abundance relative to either all PBMCs, all T cells, or all CD4 T cells 

revealed significant expansion in EOAD that was driven primarily by females (Figure 3.2.1B and 

C). To determine what type of CD4 T cell cluster 15 represents, we subsetted all T cells and 

reclustered them separately from all other cell types. Reclustering revealed this cell type in sub-

cluster 11, which expresses uniquely high levels of IFN-signaling genes MX1 and IFI6 relative to 

all other T cells (Figure 3.2.1D). As expected, sub-cluster 11 was also significantly expanded in 

EOAD relative to controls (Figure 3.2.1D). 
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3.2.4.2 Characterization of the expanded cell type as ISAGhi T cells 

What is the precise identity of this subset of CD4 T cells? Recent literature using scRNA-seq to 

analyze human leukocyte populations has revealed two poorly understood cell types: ISAGhi T 

cells, detected in peripheral blood [15], and antiviral CD4 T cells, detected in CSF [7]. Antiviral 

CD4 T cells were so named due to their marker gene expression and robust expansion in the CSF 

in the context of viral encephalitis [7]. Comparison of all marker genes for our sub-cluster 11 to 

the top 200 marker genes for CSF antiviral CD4 T cells revealed highly statistically significant 

overlap (P = 6.5 x 10-14; supplementary Table S1) [16]. Moreover, all of the 12 most-significant 

marker genes originally reported for ISAGhi T cells [15] are also top marker genes of our sub-

cluster 11 and of antiviral CD4 T cells. Therefore, from here on we refer to the EOAD-expanded 

CD4 T cells as ISAGhi T cells. 

3.2.4.3 Analysis of ISAGhi T-cell abundance in additional samples and datasets 

ISAGhi T-cell abundance was consistent across scRNA-seq batches (Figure 3.2.S1B) and was not 

driven by APOE ε4 status (Figure 3.2.S1C). Moreover, although our control samples came from 

participants with a younger mean age (Table 3.2.1), there was no relationship between age and 

ISAGhi T-cell abundance (Figure 3.2.S1D). To increase the sample size of our scRNA-seq dataset, 

we included seven additional control PBMC samples previously characterized by scRNA-seq [5]. 

We found that the expansion of ISAGhi T cells relative to PBMCs and all T cells remained 

significant after addition of these independent controls, despite a single outlier control sample with 

very high levels of ISAGhi T cells (Figure 3.2.S2). We recently reported a reduction in peripheral 

non-classical monocytes in familial tauopathy [5]. Comparing the familial tauopathy and EOAD 

datasets, we found that non-classical monocytes are not reduced in EOAD, and ISAGhi T cells are 
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not expanded in familial tauopathy (Figure 3.2.S3), suggesting distinct peripheral immune 

responses in sporadic EOAD and primary familial tauopathy. 

3.2.4.4 Expansion of proliferating natural killer cells in EOAD 

Previous single-cell analyses have revealed additional PBMC types temporally associated with 

heightened type I IFN signaling. In particular, a rare NK cell subpopulation that expresses markers 

of proliferation has been shown to significantly expand after vaccination with an experimental 

HIV vaccine [8]. This expansion coincides with heightened type I IFN signaling in myeloid cells 

[8], which we also observe in EOAD (see below). After mapping the EOAD PBMC dataset onto 

a large, well-characterized multimodal PBMC CITE-seq dataset [8], we identified the proliferating 

NK cell cluster and, remarkably, observed significant expansion of this rare subpopulation in 

EOAD, specifically in female cases (Figure 3.2.S4A). In addition, differential expression analysis 

confirmed significant enrichment for gene ontology (GO) and reactome terms related to IFN 

signaling and antiviral response within the primary NK cell cluster in EOAD (Figure 3.2.S4B). 

These findings provide additional corroborative evidence, via a population of innate lymphoid 

cells, that EOAD is characterized by heightened peripheral IFN signaling. 

3.2.4.5 Differential expression analysis of PBMC subsets in EOAD 

Differential expression analysis revealed a high number of differentially expressed genes (DEGs) 

in classical and non-classical monocytes in EOAD, relative to controls (Figure 3.2.S5A, 

supplementary Table S2). Remarkably, we found that, on average, ~19% of the significantly 

upregulated genes across all clusters (excluding those with fewer than 10 upregulated DEGs) were 

also ISAGhi T-cell marker genes (i.e., IFN response genes; Figure 3.2.S5A). GO analysis of the 

genes upregulated in CD4 T-cell clusters and myeloid cell clusters revealed significant enrichment 

for terms such as ‘IFN α/β signaling’ and ‘response to virus’ (Figure 3.2.S5B and C). In EOAD, 
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we therefore observe both expansion of a CD4 T-cell subpopulation expressing very high levels 

of genes associated with IFN signaling and concomitant upregulation of many of the same genes 

across additional lymphoid and myeloid cell types. 

3.2.4.6 Validation of upregulated ISAGhi T-cell marker genes via ddPCR 

To validate our primary scRNA-seq findings, we magnetically isolated CD4 T cells from an 

additional cohort of EOAD cases and control participants. A droplet digital (dd)PCR-based 

validation assay indicated highly efficient isolation of CD4 T cells (Figure 3.2.S6). Reasoning that 

increased expression of specific ISAGhi T-cell marker genes from isolated CD4 T cells would be 

consistent with expansion of ISAGhi T cells as well as ISAG upregulation, we performed ddPCR 

for ISAGhi marker genes MX1 and IFI6 (Figure 3.2.2A). Cases and controls in the ddPCR cohort 

had similar average ages (Table 3.2.1; see also supplementary Methods document), excluding age 

as an explanatory factor. Strikingly, ddPCR confirmed increased MX1 and IFI6 expression in CD4 

T cells from EOAD cases (Figure 3.2.2B). Increased MX1 was observed across two independent 

ddPCR batches and was driven by females (Figure 3.2.2C). 

3.2.4.7 Secondary analysis of CSF leukocytes in late-onset MCI/AD 

Secondary analysis of a well-known CSF leukocyte dataset [3] revealed that ISAGhi-like T cells, 

although detected, were not expanded in the CSF in late-onset MCI/AD (Figure 3.2.3A through 

C). Strikingly, however, differential expression analysis revealed robust upregulation of MX1 

within CSF ISAGhi-like T cells in MCI/AD (Figure 3.2.3D). Moreover, functional enrichment 

analysis of the genes upregulated in MCI/AD (relative to healthy controls) across all CSF CD4 T 

cells revealed highly significant enrichment for terms such as ‘IFN α/β signaling’ and ‘response to 

virus’ (Figure 3.2.3E). In addition, analysis of upregulated DEGs from individual CSF clusters 

revealed similar enrichment for IFN signaling terms across multiple CD4 T-cell clusters as well as 
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two innate immune clusters (Figure 3.2.3F). Collectively, these results suggest that, although 

expansion of ISAGhi T cells may be specific to EOAD, upregulation of the same IFN signaling 

pathways in CSF CD4 T cells is conserved in late-onset MCI/AD. 

3.2.4.8 Dysregulation of IFN signaling genes in a mouse model of AD 

To assess the relevance of heightened type I IFN signaling in the brain, we asked whether ISAGhi 

T-cell marker genes are dysregulated in the hippocampus and cortex in the APPswe x 

PSEN1.M146V (TASTPM) mouse model [17] of familial EOAD. In the TASTPM model, we 

observed marked upregulation of many ISAGhi marker genes, particularly in the hippocampus 

(Figure 3.2.S7A and B). These results confirm the relevance of dysregulated type I IFN signaling 

in the brain in a model of EOAD-like amyloidosis. 

3.2.5 Discussion 

In this study, we found evidence for a unique peripheral immune signature in EOAD. Our findings 

complement and expand upon existing evidence of diverse T-cell signatures in other forms of AD 

[3,18], additional neurodegenerative diseases [4], and during aging [6]. Our study is limited by the 

relatively small sample sizes that are characteristic of scRNA-seq experiments. Future studies in 

diverse EOAD cohorts from additional recruitment sites will be needed to confirm the broad 

relevance of our findings to EOAD. In light of recent findings suggesting that (i) herpes zoster 

vaccination may be causally associated with reduced dementia risk in women [19]; (ii) viral 

encephalitis exposure markedly increases risk for AD [20]; and (iii) the ISAGhi T cells increased 

in EOAD bear striking resemblance to antiviral CD4 T cells expanded in CSF in viral encephalitis 

[7], our findings raise the intriguing possibility that AD is characterized by an IFN-driven, 

antiviral-like T-cell response in both peripheral blood and CSF. 
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 Recent work in chronic graft-versus-host disease (cGVHD) has revealed a population of naive 

CD4 T cells expressing an IFN response signature including IFI6, ISG15, IFI44L, STAT1, and 

MX1 [21], genes which are all top markers of the ISAGhi T cells described here and elsewhere 

[15], and of antiviral CD4 T cells expanded in viral encephalitis [7]. This population is strikingly 

enriched on day 100 post-transplant in patients who ultimately developed cGVHD, relative to 

those who remained tolerant. This finding strongly suggests that ISAGhi-like CD4 T cells 

contribute to tissue destruction in the context of cGVHD and may therefore also possess 

pathogenicity in other contexts, including AD. Future functional studies will be required to directly 

assess the pathogenic potential of ISAGhi T cells in neurodegenerative disease models. 

Complementing these insights, transcriptomic analyses have demonstrated heightened expression 

of genes linked to IFN signaling associated with the development of post-traumatic stress disorder 

(PTSD) [22, 23]. Intriguingly, upon examination of detailed clinical notes for our additional 

control scRNA-seq samples, we found that the outlier with markedly higher levels of ISAGhi T 

cells (Figure 3.2.S2) had been previously diagnosed with PTSD. These findings suggest that the 

relevance of ISAGhi T cells may extend beyond neurodegenerative disease to neuropsychiatric 

conditions as well. 

In addition to our findings involving T cells, we also found evidence for heightened IFN signaling 

in myeloid cells and NK cells. Indeed, augmented type I IFN signaling in myeloid cells has 

previously been associated with expansion of proliferating NK cells [8]. Although these 

observations were originally reported in the context of vaccination, we observed both of these 

phenomena in EOAD. Given that type I IFN signaling has been shown to promote NK cell 

expansion and survival [24], our findings here not only support these prior observations but also 
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provide additional evidence for heightened peripheral IFN signaling in EOAD in PBMC types 

beyond T cells. 

Our findings build upon prior research that has found increasing evidence for heightened T-cell 

infiltration into the brain in AD [3, 25] and AD models [25, 26]. In addition, recent work in AD, 

primary tauopathy, and related model systems has implicated dysregulated IFN signaling pathways 

in microglia [25, 27–32] and brain barrier tissue [33], indicating that IFN signaling is implicated 

not only in peripheral and CSF immune cells–as shown here–but also at the blood–CSF barrier 

and in brain-resident myeloid cells. Indeed, the heightened expression of ISAGhi marker genes in 

the brain in the TASTPM model that we confirmed here may be mediated primarily by changes in 

microglial gene expression. Collectively, our novel findings, coupled with this prior body of work, 

suggest the importance of heightened IFN signaling in PBMCs, CSF immune cells, brain border 

tissue, and brain parenchyma, which may be mediated by distinct cellular populations in each 

compartment. Future work should focus on identifying the functional and compartment-specific 

roles of these IFN-responsive cells in neurodegenerative disease. 
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all aspects of the studies described here were approved by the UCSF institutional review board. 
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3.2.7 Figures and Tables  

 
Figure 3.2.1 Expansion of ISAGhi T cells in EOAD characterized by scRNA-seq 
A) Uniform manifold approximation and projection (UMAP) plot of ~182,000 PBMCs from 
EOAD cases and cognitively normal controls, colored by cluster identity. Major cell types are 
labeled within the plot. The inset (right) shows the primary T-cell grouping displayed in gray, 
with the ISAGhi T-cell cluster shown in magenta. B) ISAGhi T-cell abundance is quantified 
relative to all PBMCs (left; P = 0.005), all T cells (middle, P = 0.013), and all CD4 T cells (right; 
P = 0.016). C) Stratifying by sex, ISAGhi T-cell relative abundance is significantly increased in 
EOAD only in females, expressed as a percentage of PBMCs (left, P = 0.006), T cells (middle, P 
= 0.01), and CD4 T cells (right, P = 0.008). D) Reclustering of all T cells (left) generates a T-cell 
subcluster (11) representing ISAGhi T cells, which express high levels of marker genes MX1 and 
IFI6, in addition to T-cell markers CD4 and CD3E (middle). Quantification of the ISAGhi 
subcluster relative to all T cells again indicates a significant increase in EOAD cases (right, P = 
0.034). 
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Figure 3.2.2 ISAGhi T-cell marker gene expression is increased in CD4 T cells in EOAD 
A) CD4 T cells were magnetically isolated from PBMCs and RNA was extracted; gene 
expression was determined by RT-ddPCR. B) Expression of MX1 and IFI6 was significantly 
increased in CD4 T cells from EOAD cases relative to cognitively normal controls (P = 0.002 
and P = 0.04, respectively). C) MX1 expression was significantly increased in two independent 
RT-ddPCR batches (P = 0.03, both batches). The increase in MX1 expression observed in EOAD 
was driven by females (P = 0.0002). CD4 was used as a reference gene. 
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Figure 3.2.3 Heightened IFN response signatures in CSF T cells in MCI and AD 
Publicly available data from Gate et al., 2020 [3] were downloaded from GEO (GSE134577) and 
analyzed as described. A UMAP plot (A) shows the distribution of CSF immune cells. B) Violin 
plots show that CSF cluster 15 harbors ISAGhi-like cells expressing high levels of MX1 and IFI6 
along with CD4 and CD3E. C) Quantification of CSF cluster 15 reveals lack of expansion in 
late-onset MCI/AD (P = 0.682). D) MX1 expression is significantly increased (PFDR = 0.014) in 
CSF ISAGhi-like T cells in MCI/AD relative to healthy controls. E) Functional enrichment 
analysis of the genes upregulated (PFDR < 0.05 and log2 fold-change > 0.1) across all CSF CD4 
T-cell clusters (0, 1, 5, 6, 7, 8, 9, 12, and 15) reveals significant enrichment of IFN and antiviral 
response pathways in MCI/AD. GO biological process (BP) and reactome databases were used. 
F) Analysis of significantly upregulated genes from individual CSF immune cell clusters 
revealed significant enrichment for IFN signaling in individual CSF CD4 T-cell clusters (0, 1, 5, 
6, and 7) as well as monocyte and NK cell clusters (4 and 10, respectively).  
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Figure 3.2.S1 Analysis of additional variables’ relationships with ISAGhi T cells 
A) Cluster 15 displays robust expression of both CD4 and CD3E, indicating that it contains CD4 
T cells. B) Estimated relative abundance of ISAGhi T cells (expressed as percentage of total 
PBMCs) was consistent across two scRNA-seq batches. C) APOE ε4 carrier status was not 
clearly associated with ISAGhi T-cell abundance in EOAD cases or controls. D) Increased age 
was not associated with increased abundance of ISAGhi T cells in EOAD cases or controls.  

B CISAGhi batch comparison ISAGhi APOE ε4 comparison

D ISAGhi cluster abundance vs. age

-0.023 x +  1.7 

-0.001 x +  0.2

A ISAGhi is a CD4 T cell subtype 
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Figure 3.2.S2 Reanalysis after integration of additional cognitively normal control samples 
Seven additional cognitively normal control samples from a prior study [1] were integrated 
together with the 16 samples from the present study. ISAGhi abundance relative to all PBMCs 
(top), all T cells (middle), and all CD4 T cells (bottom) was quantified. The increased abundance 
of ISAGhi T cells in EOAD remained significant relative to total PBMCs (P = 0.021) and total T 
cells (P = 0.037), while the difference relative to total CD4 T cells remained significant only 
after removal of the control outlier sample (P = 0.014).  
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Figure 3.2.S3 Analysis of changes in cell-type abundance in familial tauopathy and EOAD 
A) Analysis of changes in ISAGhi T-cell abundance in the present study and an independent 
study focusing on familial tauopathy revealed a specific expansion in EOAD (P = 0.005). B) 
Similar analysis of changes in non-classical monocyte abundance revealed that the reduction in 
non-classical monocytes is specific to familial tauopathy (P = 0.017).  
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Figure 3.2.S4 Analysis of proliferating NK cells and NK cell IFN signaling in EOAD 
A) Quantitative analysis revealed a significant increase in proliferating NK cell abundance 
specifically in female EOAD cases compared to controls (P = 0.005). B) Significant upregulation 
of IFN signaling and antiviral response pathways in NK cells from EOAD patients is 
demonstrated by querying the GO BP and reactome databases with significantly upregulated 
genes.  

**p= 0.005 p=0.870

A BProliferating NK cells

Figure S4
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Figure 3.2.S5 Differential expression analysis in additional PBMC types in EOAD  
A) Significantly upregulated genes are displayed across clusters, which are organized by PBMC 
type. The darker portion of each bar indicates the fraction of upregulated genes that are also 
ISAGhi T-cell marker genes. B,C) Volcano plots for CD4 T cells and NC monocytes (clusters 0 
and 12, respectively) display downregulated (blue) and upregulated (black) differentially 
expressed genes (DEGs); a subset of those with PFDR < 0.05 and absolute LFC > 0.25 are 
labeled on the plots. In addition, a subset of upregulated genes with PFDR < 0.05 and LFC > 0.1 
that are also ISAGhi T-cell marker genes are labeled in red. A maximum of 5 genes are labeled 
for each category to improve readability. Functional enrichment analysis of the upregulated 
genes (PFDR < 0.05 and LFC > 0.1) in CD4 T cell clusters (B) and in monocyte/dendritic cell 
clusters (C). There was significant enrichment of IFN and antiviral response pathways in the 
CD4 T cell clusters (0, 1, 6, 9, and 15) and the monocyte/dendritic cell clusters (3, 12, 14, and 
16) as sourced from the GO BP and reactome databases.  
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NC monocytes, cluster 12C
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Figure 3.2.S6 ddPCR validation of CD4 T-cell isolation 
ddPCR-based quantification of the CD4/CD8A ratio from starting PBMC RNA and isolated CD4 
T-cell RNA revealed an ~4,800-fold increase in the CD4/CD8A ratio upon CD4 T-cell isolation.  
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Figure 3.2.S7 Dysregulation of IFN response genes in a mouse model of familial EOAD 
A) All queried genes are displayed by heatmap in descending order of significance for TASTPM 
status in the hippocampus. Results are also displayed for the cortex. A total of 15 of the 16 genes 
queried showed significant dysregulation in mouse hippocampus. Genes not reaching 
significance for a given region are displayed as gray within the heatmap. B) The top two 
upregulated genes in the hippocampus (Oas2 and Mx2) showed increased expression over time 
in TASTPM mice relative to WT mice, with TASTPM homozygotes showing greater increases 
relative to heterozygotes.  
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Table 3.2.1 Demographic and experimental information for samples used in scRNA-seq and 
ddPCR studies 

 
scRNA-seq 

discovery study 
ddPCR 

validation study 

Controls Cases Controls Cases 

n 8 8 10 9 

n per batch 
(Batch A, Batch B) 4, 4 4, 4 5, 5 4, 5 

PBMCs analyzed, n 91,955 90,398 N/A N/A 

CD4 T-cell RIN, 
mean (SD) N/A N/A 9.5 (0.5) 9.5 (0.3) 

Sex, n female 
(%) 

4 
(50) 

4 
(50) 

7 
(70) 

6 
(66.7) 

Age, mean (SD) 44.6 (7.4) 59.9 (3.1) 56.9 (5.0) 58.6 (2.7) 

APOE ε4 status 
n heterozygous, 
n homozygous 

 
3, 0 

 
5, 1 

 
2, 0 

 
5, 1 

Clinical syndrome 
(n) 

clinically 
normal (8) 

AD (6), 
frontal AD (2) 

clinically normal 
(10) AD (9) 

Global CDR, 
mean (SD) 0.0 (0.0) 1.1 (0.4) 0.1 (0.2) 0.9 (0.2) 

 
3.2.8 Supplemental Online Content 

All supplemental online content can be downloaded directly from the preprint material at BioRxiv. 
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