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Abstract 

Genotype-Phenotype Correlation of T Cells from Aged and Alzheimer’s Disease Subjects 

Dallin Dressman 

 

Alzheimer’s disease (AD) affects tens of millions of people worldwide.  Its cause is unknown, 

with no cure, and disease-modifying treatment options have only recently become available.  

Emerging research has made a strong case for the involvement of immune cells, such as microglia 

and T cells, in modulating AD pathology.  Newer technologies in RNA-sequencing have detailed 

specific phenotypic changes to microglia and T cells over the course of neurodegenerative disease.  

Some researchers have also used whole-genome sequencing to correlate genetic variants with 

changes in gene expression.  However, no studies thus far have conducted this type of genotype-

phenotype correlation in immune cells from aged individuals or AD patients.  We have collected 

gene expression data from four sorted T cell subtypes in peripheral blood samples from 96 subjects 

in ROSMAP, a cohort of AD patients and age-matched controls.  78 of these subjects also have 

whole-genome sequencing data, which we used to detect genetic variants associated with changes 

in T cell gene expression.  These are known as expression quantitative trait loci (eQTL).  We found 

genes related to T cell cytotoxicity and immunosenescence in gene co-expression modules, among 

the eQTL, and in correlation with AD neuropathological traits or risk variants for several disease 

traits.  We extended our findings related to disease association by calculating polygenic risk scores 



 

 

(PRSs) in our cohort from whole-genome sequencing data for 19 traits related to immune function 

and disease, including AD.  Genes associated with the PRS for one or more disease traits often 

were in biological pathways related to downstream cytokine signaling, regulation of T cell receptor 

signaling, and T cell migration and trafficking.  Overall, our findings indicate that the use of aged 

and AD patients in T cell genotype-phenotype correlation studies highlights genetic variants and 

differentially expressed genes that are not seen in studies using young, healthy individuals. 
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Introduction 

 The rapid expansion of bulk and single-cell RNA-sequencing technology has generated a 

wealth of valuable insight into the pathology and heterogeneity of AD and other neurodegenera-

tive diseases.  We have a growing understanding of the way that various cell types and 

anatomical areas in the brain change over time in aging and AD.  This includes many studies 

specifically focusing on microglia, the resident innate immune cells of the central nervous 

system (CNS), and T cells.  While T cells were once thought to only enter the brain or meninges 

in situations of CNS infection, autoimmune disease, or traumatic brain injury, we now know that 

T cells can approach the brain parenchyma to surveil CNS-derived antigens.  Even T cells 

outside of the brain are able to recognize signs of CNS pathology, including the pathological 

accumulation of amyloid beta and tau protein that occurs in AD. 

With this context, many research groups have taken advantage of the relatively non-invasive 

sampling of peripheral T cells, and the decreasing cost of sequencing technology, to thoroughly 

profile T cells in health and disease.  A growing strategy with these data is to correlate genetic 

variants from whole-genome sequencing with gene expression data to detect expression 

quantitative trait loci (eQTL).  In identifying variants linked to gene expression changes, eQTLs 

help determine the extent to which genetic variability alters transcriptomic phenotypes.  Existing 

studies that profile eQTLs in CD4+ or CD8+ T cells, or more specific T cell subtypes, generally 

use young and healthy individuals as subjects.  This approach has particular utility for T cell-

mediated conditions such as many autoimmune diseases, whose onset often occurs during young 

adulthood or earlier.  However, if there are genetic variants whose effects are only seen in old 
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age or with advanced disease, they might be missed with this study design.  This potential 

drawback is especially important for neurodegenerative disease. 

Here, we specifically use AD patients and aged non-AD controls to profile eQTLs in 

peripheral T cells.  Specifically, we have used flow cytometry to sort the following T cell 

subtypes for bulk RNA-sequencing: CD4+CD45RO-, CD4+CD45RO+, CD8+CD45RO-, and 

CD8+CD45RO-.  CD45RO has traditionally been considered a marker of memory T cells, which 

have encountered and responded to their unique antigen, with T cells lacking CD45RO thought 

to be naïve (not having encountered antigen).  It is important to note that a minority of memory T 

cells lose CD45RO expression and re-express the putative naïve marker CD45RA. 

Chapter 1 introduces the key aspects of AD pathology, including the contributions of 

immune cells.  We give a primer in T cell biology, the different subtypes of T cells, and key T 

cell functions.  We then summarize previous findings about T cells in AD from human and 

murine studies, and catalogue eQTL research in T cells from human donors.  In chapter 2, we 

detail our patient cohort and the methods for data collection, eQTL analysis, and the calculation 

of polygenic risk scores (PRSs) and analysis of PRS-associated genes.  Chapter 3 focuses on our 

eQTL findings, including gene expression changes, correlation with AD neuropathological traits, 

pathway analysis of eQTL, and disease association of eQTL-associated variants.  Finally, in 

chapter 4, we introduce the concept and rationale for polygenic risk score calculation and briefly 

summarize previous studies of PRSs in AD.  We then calculate a PRS for AD and other immune 

and disease traits in our cohort, and correlate the PRSs with T cell gene expression data, 

exploring PRS-associated genes with pathway analysis and T cell subtype specificity.  To 

conclude, we explain the significance of our findings to the field, future directions, and potential 

implications for precision medicine. 
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Chapter 1: Background and Significance 

1.1 Alzheimer’s disease prevalence, pathology, and genetics 

Alzheimer’s disease (AD) is a progressive, age-related neurodegenerative disease with 

limited treatment options.  Individuals with AD, as with other types of dementia, experience 

gradual cognitive decline and memory loss over a period of years to decades.  AD patients often 

lose independence and require additional efforts from caregivers at home, specialized care from 

health professionals, or placement in a dementia unit of a nursing facility.  While the cause of 

AD is unclear, we know that AD neuropathology usually progresses for up to a decade or more 

before any clinical signs are present1.  Growing knowledge about these pathological changes, 

and how they may manifest in alterations to measurable biomarkers, has helped expand 

opportunities for accurate early diagnosis. 

However, owing to the aging population, AD threatens to place serious burdens on 

patients, caregivers, and the healthcare system.  Estimates place the number of afflicted 

Americans around 6 million, with 34.6% over the age of 85 having the disease2.  This number 

could reach nearly 14 million by 2060, with associated healthcare costs ballooning from around 

$305 billion in 2020 to an estimated 1 trillion by 20503.  Owing to the ongoing shortage of 

doctors and other healthcare professionals, dementia care may outstrip the ability of healthcare 

workers to manage the patient load if nothing changes.  Until recently, AD patients faced sparse 

treatment options, with available therapies limited to small-molecule drugs that could only 

temporarily forestall declining brain function.  2021 saw a potentially disease-modifying therapy 

in aducanumab, a biologic designed to boost clearance of toxic amyloid buildup from the brain.  

Aducanumab has been fraught with questions about its efficacy before and after its approval by 

the FDA4, and similar drugs gantenerumab and donanemab are still in clinical trials5,6.  Another 
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biologic, lecanemab, was approved by the FDA as Leqembi early this year, and may prove to 

slow AD pathology more reliably than aducanumab7. 

These therapies are all antibodies that target amyloid beta (Aβ).  Aβ is a peptide formed 

when the amyloid precursor protein (APP) is sequentially processed by beta-secretase BACE1 

and a gamma-secretase complex that includes PSEN1 and PSEN28.  Cleavage by gamma-

secretase can yield peptide products of several lengths, but the 42-amino-acid product is the most 

amyloidogenic, yielding the name Aβ1-42 or simply Aβ429.  Several rare mutations in APP, 

PSEN1, and PSEN2 have been identified, all of which cause an early-onset form of AD with 

dominant familial inheritance10.  The purpose of amyloid beta production from APP is a subject 

of some debate, but the peptide has long been known as the primary component of neuritic 

plaques11, one of two key pathological signs of AD. 

The toxicity of Aβ42 lies mainly in its potential for aggregation.  The peptide forms a 

hydrophobic beta-sheet configuration, which readily interfaces with other Aβ42 molecules12.  

These can assemble into higher-order structures, including oligomers, fibrils, and plaque (see 

Figure 1).  Fibrils and plaque may accomplish much of their neurotoxicity through sterically 

inhibiting neuron-glia crosstalk, neurite outgrowth, and trafficking of neurotransmitters and 

nutrients through the extracellular space.  Conversely, Aβ42 oligomers may affect neurons more 

directly, by binding to key surface molecules and interfering with neurotransmission at 

synapses13.  At the anatomical level, amyloid pathology generally begins in the cortex in early 

stages of AD, progressing to deeper structures later in the course of disease14. 

Another pathological sign of AD is the presence of neurofibrillary tangles (NFTs), 

intraneuronal inclusions that clog the transport of vesicles, nutrients, and signaling molecules 

between the cell body and the distant axon terminal.   NFTs’ core component is the microtubule-
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associated protein tau15.  While no genetic variants of tau predispose to AD, it can be a risk gene 

for other dementias16,17.  Tau has six main isoforms in the central nervous system, differentiated 

by their alternative splicing, and has no consistent secondary structure unless bound to 

microtubules. 

 

Figure 1.  Overview of pathological amyloid and tau aggregation.  A.  Amyloid precursor protein is 

sequentially cleaved by beta-secretase, then gamma-secretase.  The resulting Aβ42 peptide adopts a beta 

sheet conformation, which interfaces with other peptides to form oligomers, fibrils, and eventually 

plaque.  B.  Tau protein stabilizes microtubules, but can aggregate when highly phosphorylated.  This 

causes interaction between tau molecules, leading to microtubule destabilization, and aggregation of tau 

into higher-order structures. 
 

Tau’s hydrophilicity precludes any intrinsic potential for aggregation.  Tau does not 

accumulate into higher-order forms except in cases of excessive phosphorylation18.  Highly 

phosphorylated tau first assembles as a paired helical filament (PHF), then into NFTs.  As tau 

phosphorylation increases throughout the course of disease, tau also begins to migrate from the 
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axon to the dendrites19.  This can cause toxic effects on neurotransmission at the presynaptic 

terminal, possibly in combination with the effects of Aβ42 outside the cell.  Tau pathology in the 

brain generally proceeds from deeper structures such as the entorhinal cortex and hippocampus 

to the neocortex in late-stage AD14. 

The expansion of DNA arrays and sequencing technology in the past 20 years has 

provided additional tools to understand AD etiology.  Genome-wide association studies (GWAS) 

have become a standard approach to detect genetic variants associated with many diseases and 

other traits.  Using arrays that can detect hundreds of thousands of variants simultaneously, or  

by conducting whole-genome sequencing, researchers have found variants in a number of genes 

that are associated with AD status.  The most prominent variant associated with late-onset AD is 

APOE420, an isoform of apolipoprotein E, which is involved in lipid trafficking and metabolism.  

Other well-known risk genes include BIN1, which is associated with synaptic function in 

neurons, and CLU, a molecular chaperone that assists in protein folding and can also regulate 

apoptosis21.  As sample sizes for GWAS began to expand, additional variants were found in 

INPP5D, CD33, PLCG2, SPI1, FCER1G, and other genes22–25.  Several of these genes relate to 

immune or inflammatory processes, suggesting a role for inflammation in AD pathology.  

Perhaps more surprising, these genes, along with APOE and CLU, are highly or specifically 

expressed by microglia, the resident innate immune cells of the central nervous system (CNS). 

1.2 Innate immunity and inflammation in AD 

Microglia are myeloid lineage immune cells, with function and development similar to 

macrophages.  Microglia colonize the brain during prenatal development.  In rodents, microglial 

precursors are known to originate in the yolk sac26, while the exact origin of human microglial 

precursors is an unsettled question.  As innate immune cells, microglia are understood to be the 
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first line of defense against CNS-invading pathogens27.  Researchers have also identified crucial 

roles for microglia in the shaping and wiring of the developing brain.  Among other mechanisms, 

microglia participate in activity-dependent pruning of synapses28, the connections between 

neurons.  This phenomenon is most apparent in early life, but proceeds through the lifespan.  

Some research groups hold that the aberrant acceleration of this function in old age is one feature 

of neurodegenerative disease pathology29. 

Microglia are one of the key mediators of inflammation in the face of pathological 

protein aggregation in the brain.  In this, they are assisted by astrocytes, glial cells that support 

and regulate neuronal function30.  While astrocytes are not of immune lineage, they join with 

microglia in releasing cytokines in response to various insults, including peripheral 

inflammation31.  Cytokines are soluble proteins with a wide variety of effects on CNS neurons 

and glia.  In response to excessive amyloid beta, microglia and astrocytes produce cytokines 

typically understood to be pro-inflammatory, such as IL-1β, IL-6, or TNFα32,33.  Both cell types 

also proliferate in response to inflammation and CNS damage34,35.  Despite our understanding of 

the role of inflammation in many age-related conditions, clinical trials using over-the-counter 

anti-inflammatory drugs to treat AD have largely been unsuccessful36,37.  This may suggest that 

modulation of inflammatory or immune processes in AD needs to be more precise and targeted 

to specific cells or functions. 

The microglial behavior of phagocytosis, in which microglia engulf pathogens or cellular 

debris, has received particular scrutiny in the context of AD.  Microglia can swallow amyloid 

beta aggregates, sometimes resulting in their digestion, sometimes resulting in their deposition in 

the form of dense-core plaque38.  While some debate remains, microglial phagocytosis of 

amyloid beta is generally thought to slow the progression of neurodegeneration.  This hypothesis 
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comes in part because of rare risk variants in TREM2, a lipid sensing receptor expressed by 

microglia39.  The R47H variant, for example, impairs the ability of microglia to contact and 

engulf amyloid40,41.  Interestingly, several studies using single-cell sequencing technology have 

identified TREM2 as a key mediator of a disease-associated transcriptional program in 

microglia42,43. 

 

Figure 2.  Summary of immunity and inflammation in Alzheimer’s disease.  A.  Amyloid fibrils (green), 

plaques (brown), and neurofibrillary tangles (red) lead to the degeneration of neurons (lavender).  B.  

Microglia (yellow) engulf amyloid plaque and tau tangles, and release cytokines (blue).  C.  Amyloid and 

tau from the brain can enter the peripheral blood through lymphatic drainage or blood-brain barrier 

damage.  D.  CD4+ (green) and CD8+ (purple) T cells in the periphery can recognize amyloid fibrils and 

tau tangles as neoantigens.  E.  Amyloid- and tau-specific T cells can infiltrate into the CNS from the 

periphery.  F.  Microglia can present plaque- and tangle-derived antigens to infiltrating T cells, activating 

the T cells.  G.  Activated T cells release cytokines and cytotoxic enzymes in the vicinity of plaques and 

tangles, which can affect neurons and microglia.  Created with Biorender.com 
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Microglial phagocytosis of amyloid beta and other pathological protein aggregates 

positions them to perform another important immunological function (see Figure 2).  In cases of 

CNS infection or disease, microglia can present peptide antigens to T cells of the adaptive 

immune system44.  T cells usually do not enter the CNS in significant numbers, but during acute 

CNS infection, T cells can recognize pathogen-derived antigens presented by microglia and 

mobilize an immune response45.  When proteins or peptides such as amyloid beta and tau 

accumulate with post-translational modifications or higher-order aggregation states, as occurs 

during neurodegeneration, these could theoretically be presented by microglia to T cells as a 

foreign antigen.  T cells could then assist with the clearance of these aggregates.  Some support 

for this idea comes from the identification of HLA-DRB1, a part of the protein complex involved 

in antigen presentation, as another AD risk gene25.  Before examining findings from murine and 

human studies concerning the involvement of T cells in AD, we must understand the function, 

complexity, and diversity of T cells. 

1.3 T cell function and diversity 

T cells are named for their thymic origin.  In the thymus, T cells develop into two distinct 

functional subsets, CD4+ and CD8+ T cells, named after their specific surface markers, CD4 and 

CD846. Before they are activated, and in the absence of antigen-specific stimulation, T cells are 

called naïve cells that are characterized by the absence of the activation markers CD25, CD44, 

and CD69, in addition to the lack of the memory marker CD45RO47. Once in the circulation, T 

cells can interact with antigen-presenting cells (APCs) expressing major histocompatibility 

complex (MHC) that presents foreign (non-self) or auto-antigens (self) to T cells via the T cell 

receptor48 (TCR). This process will lead to the activation of naïve T cells, and their 

differentiation into effector and memory T cells expressing activation and memory markers and 
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secreting inflammatory cytokines49. Although the CD45RA marker has been associated with 

naïve CD4+ and CD8+ T cells, a new subset of effector memory T cell re-expressing CD45RA 

(TEMRA) has been identified50. TEMRA cells accumulate during aging as a result of age-related 

thymic involution and repeated exposure to pathogens51, and have been linked to T cell 

senescence. 

CD4+ T cells are divided into different subsets based on their developmental program, 

their phenotype, and function (see Figure 352). These cell subsets require a specific program for 

Figure 3.  Summary of the origin, differentiation 

pattern, lineage markers, key cytokines, and immune 

functions of CD4+ T cell subtypes.  From Dressman & 

Elyaman, The Neuroscientist, 2021.52 
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their development in vitro and in vivo that is orchestrated by master transcription factors that are 

specific for each cell subset.  In brief, Th1 and Th17 cells primarily target bacterial and viral 

pathogens; Th1 by secreting IFNγ and Th17 by secreting IL-17A, IL-17F, and IL-21, all 

generally understood to be pro-inflammatory53. Th2 and Th9 cells share a similar developmental 

program, and both focus mainly on parasitic infection and allergic responses54. Th2 cells are 

known for secreting IL-4, IL-5, and IL-13, often termed as “anti-inflammatory” cytokines55. 

Regulatory T cells (Tregs) are most commonly developed in the thymus, but can also be 

peripherally differentiated; both routes are necessary to curb excessive T cell activation and 

inflammation56. Last, T follicular helper cells (Tfh) assist in activating B cells to produce 

antibodies57.  

CD8+ T cells (often called cytotoxic T lymphocytes, or CTLs, due to the secretion of 

large amounts of IFN-γ and the protease granzyme B) are very important for immune defense 

against intracellular pathogens, including viruses and bacteria, and for tumor surveillance58. 

However, CD8+ T cells are not a uniform population of cells, as there are multiple subsets within 

the CD8+ effector T cell pool. In addition to regulatory and follicular CD8+ T cell populations, 

multiple types of effector CD8+ T cell subsets mirroring the CD4+ T helper subsets have been 

identified59,60. Each CD8+ T cell subset is functionally distinct and potentially has differential 

roles in vivo. 

1.4 Studies of T cells in mouse models of AD 

Murine studies have expanded on the interplay between T cell biology and AD 

pathology, though different studies often produce conflicting findings.  Mouse models of AD 

generally involve knock-in of a human APP construct and a PSEN1 construct, both bearing one 

or more mutations causative for early-onset AD.  Other models have been developed that also 
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introduce a mutated tau construct to include neurofibrillary tangle pathology.  One fairly 

consistent finding across AD models is that T cells in the periphery and brain generally skew 

towards more pro-inflammatory and late-differentiated subtypes61,62.  T cell infiltration into brain 

parenchyma, which is scarce in healthy mice, increases in AD model mice, especially in old 

age63,64. 

Researchers have also used AD model mice to test the effects of pharmacological or 

genetic interventions in T cells on AD pathology and symptoms.  Two groups who crossed Rag2 

knockout mice with AD model mice, resulting in deletion of all T and B cells, found opposing 

effects on amyloid pathology and microglial phagocytosis of plaque65,66.  Other approaches seek 

to modulate particular T cell subtypes, especially Tregs.  Targeting Tregs in AD mice, whether 

by depletion with an anti-CD25 antibody or infusion of Tregs, has unfortunately yielded 

inconsistent results.  Antibody-mediated Treg depletion has been responsible for worsening AD 

pathology in one study67 and alleviating it in another68.  Treg endogenous amplification or 

exogenous administration appears to reduce cognitive decline and amyloid plaque buildup, while 

increasing microglial clustering around plaque67,69.  This was replicated in a study administering 

human Tregs amplified ex vivo to Rag2 knockout mice crossed with an AD model, resulting in 

reduction of amyloid burden and fewer reactive glial cells70. Knockout of the IL-17 receptor, 

which is expected to affect primarily Th17-type CD4+ T cells, resulted in decreased CD8+ 

infiltration into the brain71; interestingly, direct transient ablation of CD8+ T cells with an anti-

CD8 antibody increased CD8+ T cell brain infiltration in APP/PS1 mice64. 

Additional complexity occurs when considering the antigen specificity of T cells.  A 

common method for raising amyloid beta-specific T cell populations is through vaccination.  

Several vaccination strategies have been tested in AD mouse models, following the unsuccessful 
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trial of an amyloid beta vaccine in humans72.  Several groups have found specific amyloid beta 

epitopes and/or adjuvant formulations that bypass activation of pro-inflammatory subtypes like 

Th173–75, which approach may prevent adverse effects like encephalitis.  Recent efforts in this 

vein appear successful, inducing production of anti-amyloid antibodies and clustering of amyloid 

beta-specific T cells around plaque without autoimmunity or a deleterious Th1 inflammatory 

response74,75. 

Other studies have raised amyloid beta-specific populations of T cells ex vivo and 

injected them in the periphery or cerebrospinal fluid of AD model mice.  Again, results often 

vary between studies.  Amyloid beta-specific Th1 cells, for example, have been shown to 

exacerbate AD pathology76–78 or improve amyloid beta clearance79.  Peripheral injection of 

amyloid beta-specific Th2 cells was protective against cognitive decline, but increased soluble 

amyloid beta levels in plasma80.  Th17 cells were shown in one study to worsen inflammation in 

the periphery and brain of AD mice78, an effect that wasn’t as pronounced in another study using 

the same mouse model at a similar age77.  Amyloid beta-specific T cells may also serve as a drug 

delivery mechanism to the CNS, as evidenced in a recent study using amyloid beta-specific 

CD4+ T cells to reduce AD pathology and produce brain-derived neurotrophic factor, a signaling 

protein that often drops in aging and AD81.  The inconsistency between studies is frustrating, and 

points to the likely dependence of AD-related outcomes on the mouse model used, mouse age at 

the time of T cell intervention or sacrifice, and the type of assays used to determine AD 

pathology and inflammation. 

1.5 T cells in human AD 

Studies of T cell dysregulation in human AD patients yield more harmonized, albeit 

incomplete, results.  Immune cells from peripheral blood or cerebrospinal fluid can be analyzed, 
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and a few groups have looked at T cell markers in post-mortem brain samples from AD or 

cognitively impaired individuals.  The CD4+ T cell pool tends to shift towards more 

inflammatory subtypes in people with AD or mild cognitive impairment (MCI), with higher 

proportions of Th17 cells seen in MCI individuals82 and a drop in Treg abundance and function 

in AD patients83,84.  T cells also upregulate markers of activation, memory, and senescence in 

AD patients compared to controls.  These markers include an increased CD45RO/CD45RA ratio, 

suggesting an expanded memory T cell pool85, increased proportions of activated CD4+ and 

CD8+ T cell populations in peripheral blood and cerebrospinal fluid86, and shorter telomere 

length and loss of CD28 expression in CD8+ T cells87.  Unsurprisingly, AD patients are more 

likely to harbor amyloid beta-specific T cells in circulation, but this is also true for elderly 

individuals88.  Finally, T cell infiltration into the brain is more pronounced with AD89,90, with 

most infiltrating T cells found to be CD8+, though this infiltration is more closely related to tau 

pathology than amyloid91.  Heightened T cell infiltration may be driven by upregulation of MIP-

1α and CXCR2 by peripheral T cells, both of which help T cells cross the blood-brain 

barrier92,93.  Taken together, these studies suggest that T cells in AD patients are more likely to 

enter the brain and exhibit activated, inflammatory, and senescent phenotypes. 

Next-generation sequencing technology has verified these general conclusions, and has 

imparted a much more detailed and nuanced picture of T cell behavior in AD.  Recent advances 

have pioneered the use of unique molecular barcodes to distinguish the transcriptome of 

individual cells, an approach known as single-cell RNA-sequencing94 (scRNA-seq).  Similar 

technology, known as scTCR-seq, exists to sequence the highly polymorphic T cell receptor of 

individual cells95.  This allows us to detect TCR sequences that are shared by multiple cells.  

This phenomenon, known as clonal expansion, occurs after rapid division of a T cell specific to a 
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particular antigen, often during an immune response96.  scTCR-seq can also detect the relatively 

few cases where the antigen specificity of a particular TCR sequence is known. 

The first use of scRNA-seq and scTCR-seq to profile T cells in AD came in early 2020, 

using immune cells from peripheral blood and cerebrospinal fluid of several small AD patient 

cohorts90.  Researchers detected a CD8+ TEMRA population whose abundance correlated 

positively with cognitive decline in AD and MCI individuals.  They found that this population 

was highly clonally expanded, especially in AD patients.  Clonally expanded CD8+ T cells were 

detected in CSF for the first time, and expressed markers of cytotoxicity and senescence such as 

NKG7, CST7, GZMA, and GNLY97–99.  AD-related enhancement of T cell clonal expansion has 

been corroborated elsewhere100.  Several cytotoxicity and senescence-related genes were also 

upregulated in CD8+ T cells from AD patients in another study using single-cell profiling of 

peripheral immune cells101.  Interrogation of CD45+ immune cells in post-mortem brain samples 

from individuals with AD and other neurological disorders also detected a cluster of CD8+ T 

cells, with high expression of many of the same genes102.  Interestingly, these genes related to 

cytotoxicity and senescence are not seen among top upregulated hits in brain-specific or AD-

specific immune cell populations in the APP/PS1 mouse model103. 

The detection of this recurring T cell gene expression signature in AD patients is 

significant, but it may not be specific to neurodegeneration.  Age-related changes to the adaptive 

immune system are prominent and well-documented.  Naïve T cells become less abundant, T cell 

diversity drops as memory populations begin to dominate, and several immune cell types shift 

towards a senescent phenotype104,105.  Early studies examining the transcriptome of T cells from 

aged individuals used gene expression array chips.  One of these found that CD4+ T cells from 

individuals over 65 upregulated pro-inflammatory cytokine genes and genes induced by NFκB, a 
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key signaling molecule regulating inflammation106.  Later studies using bulk RNA-sequencing 

found upregulation of GZMB, PRF1, and KLRF1 with age, genes usually associated with CD8+ 

T cell cytotoxicity or natural killer cell function107.  Finally, a single-cell sequencing study 

profiling peripheral immune cells in supercentenarians (people at or above 110 years of age) 

detected cytotoxic CD4+ T cells in these individuals, suggesting that the progression to a highly 

cytotoxic and senescent phenotype is not necessarily unique to CD8+ T cells108.  Overall, the 

similarity of the findings from aging studies may mean that many T cell phenotypic changes seen 

in AD patients may simply result from the immune aging process.  Further research is needed to 

differentiate the specific effects of canonical AD pathology on T cell function. 

1.6 Genotype-phenotype correlation 

AD is a highly genetically heterogenous condition.  The expanding availability of 

sequencing data has spurred efforts to correlate genetic risk with a variety of phenotypes.  The 

possibilities are almost endless; genetic variants that may or may not confer risk to a given 

disease or trait can be correlated with phenotypes like post-mortem neuropathological 

measurements, patient metrics or lab values from electronic health records, infection or 

environmental exposure history, large-scale “omics” data, and more.  These comparisons are 

broadly referred to as genotype-phenotype correlation. 

One common approach to genotype-phenotype correlation uses whole-genome or chip-

based DNA sequencing alongside RNA sequencing.  While several types of genetic variants 

exist, this approach usually considers only single nucleotide polymorphisms, or SNPs.  While 

much of the human genome is conserved across individuals, a SNP is a particular base in the 

genome that can be any of two or more DNA nucleotides109.  For example, most individuals 

might have an adenine at a certain location in the genome, while a minority of people instead 
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have guanine.  Millions of SNPs exist, most of which are not linked to any known phenotypic 

differences.  When SNPs are correlated with differential expression of one or more genes, they 

are known as expression quantitative trait loci (eQTL). 

 

Figure 4.  Explanatory figure for detection and categorization of expression quantitative trait loci (eQTL). 

A.  Single nucleotide polymorphisms (SNPs) are detected from whole-genome sequencing (WGS) data, 

and gene expression counts are quantified from RNA-sequencing data.  SNPs whose genotype is 

correlated with differential expression of one or more genes are called eQTL.  B.  eQTL are designated 

cis if the distance between the SNP and the associated gene is short (generally 1 Mb or less).  This is 

because the SNP may alter gene expression by its effect on binding of a transcription factor or other 

transcriptional machinery.  C.  eQTL are designated trans if the SNP and associated gene are greater than 

1 Mb apart, or on different chromosomes.  This is because the SNP does not alter gene expression locally 

or directly, but may result in an altered protein product, such as a transcription factor (TF) or upstream 

signaling molecule (US), which can then alter gene expression far away on the same chromosome, on a 

separate chromosome, or indirectly by affecting a signaling pathway that regulates gene expression (see 

right).  Created with Biorender.com 

 

eQTL are generally classified as cis or trans110 (see Figure 4).  The delineation is one of 

genetic distance: a particular number of bases serves as the cutoff between them, usually 1 
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megabase (Mb).  A cis-eQTL, then, means that the SNP and the associated differentially 

expressed gene (DEG) are less than 1 Mb apart, while trans-eQTL have the SNP and DEG more 

than 1 Mb apart or on different chromosomes altogether.  We classify them this way because a 

shorter distance between SNP and DEG is more likely to arise from a direct effect of the SNP on 

transcriptional protein function or binding to DNA.  SNPs that are far from associated DEGs, as 

with trans-eQTL, are more likely to regulate their genes indirectly, perhaps because they affect a 

protein that can alter the expression of many genes in a biological signaling network110. 

eQTL, then, can sometimes inform mechanisms of disease.  If an eSNP (a SNP involved 

in an eQTL) is a known disease risk variant, then that variant may confer risk for disease through 

its effect on the associated gene.  This has potential implications for precision medicine.  If the 

associated gene is a druggable target, it could mean that diseased individuals bearing that risk 

variant might respond to pharmacologic modulation of that gene.  With most chronic diseases, of 

course, the reality is much more complex.  eQTL are often more informative when specific 

tissues or cell types are used to obtain RNA for sequencing, and when analyses are stratified by 

or adjusted for differences in age, sex, or ancestry. 

1.7 Genotype-phenotype correlation in T cells 

Over the past decade, studies have used a variety of approaches to examine eQTL in 

different T cell subtypes in resting and activated conditions.  Most of these studies have focused 

on cis-eQTLs, due to the difficulty of detecting significant trans-eQTLs after correcting for the 

high multiple testing burden.  A common goal in eQTL research is to detect eQTLs with disease-

associated variants, and determine whether interesting functional trends emerge among genes 

regulated by disease-associated variants.  For T cells, unsurprisingly, the focus is on variants 

conferring risk for immune-mediated diseases, especially autoimmune diseases.  Even when the 
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authors compare eSNPs with all known disease-associated variants, autoimmune disease risk 

variants still feature prominently among eQTL hits.  Often, risk variants for immune-mediated 

conditions are shown to regulate genes involved in T cell functions such as cytokine secretion or 

signaling, activation, and cytotoxicity111–114. 

While early eQTL studies in T cells focused only on CD4+ T cells111,115,116, later work 

included other subtypes.  A study sequencing CD4+ and CD8+ T cells separately found a fair 

amount of overlap between their cis-eQTL.  Trans-eQTL, detected using strictly disease-

associated SNPs, were more cell type-specific112.  Interrogation of immune cell populations 

expanded with a study using 13 immune cell subtypes117 and later studies using scRNA-seq of 

peripheral blood mononuclear cells (PBMCs) or sorted cell subtypes114,118–120.  51% of the cis-

eQTL genes in Schmiedel et al. 2018 117 were cell type-specific, and single-cell studies included 

considerable variability between cell types as well.  Two such studies each profiling over 1 

million PBMCs, one from a lupus case-control cohort and one from a large cohort of healthy 

donors, both reported many cis-eQTL with cell-type specificity, including eQTL involving 

disease-associated risk variants and eQTL involving immune regulatory genes such as SELL and 

CTLA4121,122.  Genetic regulation of gene expression, then, can depend heavily on the cell type 

in question, even specific subtypes within CD4+ or CD8+ T cells. 

T cells can make rapid and substantial changes to their gene expression profile in 

response to infectious insults in vivo or with activation of certain receptors in vitro.  Some 

genotype-phenotype correlations in T cells, therefore, may only arise in an activated state.  In 

one study using interferon beta, Th17-polarizing cytokines, or no activation for 4 or 24 hours 

found 38 cis-eQTL that were state-specific111.  Two studies by the same group, using similar 

categorization of immune cell types, found 1300 cis-eQTL that were only detected when naïve 
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CD4+ and CD8+ T cells were activated by antibodies against CD3 and CD28117, and later 

detected 1900 genes across 8 CD4+ T cell subsets whose pattern of genetic regulation had 

significantly stronger effects after activation114.  Another study used scRNA-seq to detect cell 

type-specific eQTL in T cells at resting state or after three timepoints (16 hours, 40 hours, and 5 

days) of in vitro activation120.  Many of their eQTL were detected only in particular T cell 

subtypes or at certain activation time points, including eQTL whose SNP is associated with one 

or more immune-mediated diseases.  Because T cell activation is often a prominent factor of 

disease and age-related inflammation, activation-specific genotype-phenotype correlations are 

important to catalog for disease research and treatment. 

However, ex vivo activation of T cells barely scratches the surface of the variability, 

genetic or otherwise, of T cells in health and disease.  Autoimmunity, neurodegeneration, and 

aging each impart unique signals to T cells.  All of the eQTL studies summarized above use 

immune cells taken from healthy subjects, all young to middle-aged adults.  There are likely 

genetic variants that will only affect T cell gene expression in old age or neurodegeneration.  In 

eQTL studies including T cells thus far, the only eQTLs that involve risk variants for AD were 

found in monocytes115.  Given the known effects of aging and AD on T cell gene expression90,108, 

genotype-phenotype correlation studies need aged and AD subjects to yield results relevant to 

AD and aging. 
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Chapter 2: Materials and Methods 

2.1 The Rush Religious Orders Study (ROS) and Memory and Aging Project (MAP) 

ROS, started in 1994, enrolls Catholic priests, nuns, and brothers, without known 

dementia, aged 53 or older from more than 40 groups in 15 states across the USA. Since January 

1994, more than 1,450 participants completed their baseline evaluation, of whom 87% are non-

Hispanic white, and the follow-up rate of survivors and autopsy rate among the deceased both 

exceed 90%. MAP, started in 1997, enrolls men and women without known dementia aged 55 or 

older from retirement communities, senior and subsidized housing, and individual homes across 

northeastern Illinois. Since October 1997, more than 2,200 participants completed their baseline 

evaluation, of which 87% were non-Hispanic white. The follow-up rate of survivors exceeds 

90% and the autopsy rate exceeds 80%.  Both studies were approved by an Institutional Review 

Board of Rush University Medical Center. All participants signed informed consent for detailed 

annual clinical evaluation, an Anatomic Gift Act, and a repository consent to allow their data and 

biospecimens to be shared. All ROSMAP participants agree to organ donation at death. A subset 

of 450 ROS and all MAP participants agreed to annual blood draw. Cryopreserved PBMCs were 

stored at baseline and annually from 2008 to present.  More detailed descriptions of ROS and 

MAP can be found in prior publications123.  ROSMAP resources can be requested at 

https://www.radc.rush.edu.  

PBMCs from 96 study autopsied participants were used in this study.  48 subjects were 

clinically and/or pathologically diagnosed with AD, while 48 subjects without dementia served 

as controls. Brain tissue from each subject was analyzed post-mortem to detect pathological 

signs of neuritic plaques and neurofibrillary tangles. 

https://www.radc.rush.edu/
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2.2 PBMC Isolation, Cell Sorting, and RNA Extraction 

PBMCs were initially separated after collection in a yellow-top ACD (acid citrate 

dextrose) tube, and later by Ficoll-Paque PLUS (GE Healthcare, Piscataway, NJ) gradient 

centrifugation, which markedly improved yield. PBMCs were frozen at a concentration of 1-

3×107 cells/ml in 10% DMSO (Sigma-Aldrich, St. Louis, MO)/90% FBS (Atlanta Biologicals, 

Lawrenceville, GA). After thawing, PBMCs were washed in 10 ml phosphate-buffered saline 

(PBS). PBMCs were stained with monoclonal antibodies against human CD3, CD4, CD8, and 

CD45RO (BD Biosciences) in PBS plus 1% fetal bovine serum (FBS). The following four T cell 

subsets were sorted by high-speed flow cytometry with a FACS Aria (BD Biosciences) to 

typically >98% purity in postsort analysis: CD3+CD4+CD45RO-, CD3+CD4+CD45RO+, 

CD3+CD8+CD45RO-, and CD3+CD8+CD45RO+. Total RNA was extracted using buffer TCL 

(Qiagen). 

2.3 Digital Gene Expression (DGE) 3’ RNA-seq 

The RNA-seq libraries were prepared according to the Single Cell RNA Barcoding and 

Sequencing method originally developed for single cell RNA-seq124 and adapted to extracted 

total RNA. Briefly, Poly(A)+ mRNA from extracted total RNA were converted to cDNA 

decorated with universal adapters, sample-specific barcodes, and unique molecular identifiers 

(UMIs) using a template-switching reverse transcriptase. Decorated cDNA from multiple 

samples were then pooled, amplified (10 PCR cycles), and prepared for multiplexed sequencing 

using a modified transposon-based fragmentation approach that enriched for 3′ ends and 

preserved strand information.  RNA was sequenced using the Illumina HiSeq at the Broad 

Institute’s Broad Technology Labs and the Broad Genomics Platform using the High-throughput 

3’ Digital Gene Expression (DGE) library124. 
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2.4 Gene Expression Quality Control and Differential Expression Analysis 

Quality control on DGE was applied at sample and gene level. Genes with maximum cell 

count value of at least three and non-zero values in over twenty percent of samples were included 

in differential expression analysis. Expression values were normalized to counts per million 

(CPM). We correlated gene expression with AD and related neuropathological traits including a) 

clinical diagnosis of dementia, b) autopsy confirmed diagnosis of AD, c) global pathology 

defined as global measure of pathology based on the scaled scores of five brain regions, d) Braak 

Stage125, a staging score for the spatial progression of tau pathology, e) tau tangle density across 

eight brain regions, and f) area occupied by β-amyloid across eight brain regions. The EdgeR 

package in R126 was used to conduct differential expression. Voom transformation127 was applied 

to gene expression data and regression analysis was used to test association with the AD and 

neuropathological traits. Models were adjusted for age at death, sex, and total cell counts for 

each sample. Significant genes were determined at FDR≤0.05. 

2.5 Genotyping and Imputation 

Subjects from the ROS and MAP cohorts imputed dosage values were used in our study. 

In these cohorts, DNA was extracted from whole blood or frozen post-mortem brain tissue. 

Genotype data was generated using the Affymetrix Genechip 6.0 platform at the Broad 

Institute’s Genetic Analysis Platform or the Translational Genomics Research Institute. Both sets 

of data underwent the same quality control (QC) analyses in parallel using the PLINK toolkit128 

(http://pngu.mgh.harvard.edu/~purcell/plink/) and quality controlled genotypes were pooled. The 

QC process included a principal components analysis using default parameters in 

EIGENSTRAT129 to identify and remove population outliers. Imputation in ROS and MAP was 

performed using MACH software (version 1.0.16a) and HapMap release 22 CEU (build 36). 

http://pngu.mgh.harvard.edu/~purcell/plink/
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2.6 Gene co-Expression Module Assembly 

To identify modules of co-expressed genes and their associations with cell types and 

traits, we applied weighted gene co-expression network analysis130 (WGCNA) to the sorted cell 

RNA-seq data. Sample expression values were normalized first by randomly subsampling to 

10,000 transcripts, followed by normalization to CPM. These normalized values were then used 

as input to WGCNA, using the top 3000 genes with highest % CV and the following WGCNA 

parameters: power = 6, TOMtype = “unsigned”, minModuleSize=30, and mergeCutHeight=0.25. 

This yielded three modules (apart from the “grey” or unassigned gene module), whose 

eigengenes were then used for association analyses with cell classes and disease traits. 

2.7 Expression Quantitative Trait Loci (eQTL) Testing 

We computed eQTLs with common single nucleotide polymorphisms (SNPs) (minor 

allele frequency > 0.1).  First, we identified independent SNPs across the genome by pruning for 

linkage disequilibrium (or LD, defined as R2 <0.2 between all pairs of SNPs). Then, we used the 

MatrixeQTL131 method to test for associations of SNPs with gene expression in each T-cell 

subtype independently. Association tests were adjusted for age at death, sex, and clinical AD 

status. Significant pairings (eQTLs) were classified as cis (SNPs within 1 Mb of the gene) or 

trans (SNPs at least 1 Mb away from the transcription start site or on a different chromosome).  

Significant eQTLs were determined at a false discovery rate≤0.05, calculated independently for 

the cis and trans-eQTLs. 

2.8 Venn Diagrams and Manhattan plots for trans eQTLs 

Venn diagrams were assembled using the VennDiagram package in R132 with lists of 

unique genes and unique SNPs from each of the four T cell subsets.  The qqman package133 was 
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used to create Manhattan plots of SNPs from the trans-eQTL.  SNPs with a p-value under 1 x 10-

14 were annotated manually on the Manhattan plot. 

2.9 GWAS Catalog Analysis 

We downloaded the GWAS catalog134 v1.0.2 with annotation for SNPs and genotyping 

arrays.  The catalog was filtered to retain studies of traits falling into four categories: a) immune, 

b) autoimmune, c) neurodegenerative, and d) neuropsychiatric. Significant cis- and trans-eQTLs 

were cross-referenced with GWAS catalog entries based on their SNP IDs from the dbSNP 

database. Genes that harbored eQTLs or whose expression was influenced by genetic variation in 

the four disease categories were further prioritized for pathway analysis. 

2.10 Pathway Analysis 

Pathway analysis was done using the enrichR package in RStudio135–137.  Unranked gene 

lists from the co-expression modules or from trans-eSNPs in coding regions were used as input.  

GO Biological Processes 2021 was used as the database138,139.  The enrichr function was used to 

calculate the most highly enriched GO pathways represented by the input genes.  Dot plots were 

generated from the enrichr results using the PlotEnrich function and modified with the ggplot2 

package140.  We also detected SNPs located between the transcription start site and end site of a 

gene, and used enrichR to run pathway analysis on those genes. 

2.11 Disease association of trans-eQTL 

 SNPs from the trans-eQTL were compared against disease-associated SNPs from the 

GWAS catalog in four curated trait categories: immune function, neurodegenerative disease, 

autoimmune disease, and psychiatric disorders.  The number of trans-eQTLs bearing a SNP 

associated with traits in each of these categories was quantified.  We used the Circos package141 
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to visualize the location of disease-associated SNPs in these four categories across the genome, 

along with their associated genes from the trans-eQTL. 

2.12 Statistical Methods for eQTL Studies 

Multiple testing correction for differential gene expression, eQTL detection, and pathway 

analysis was done by calculating the false discovery rate and reporting results with an adjusted p-

value and false discovery rate less than 0.05.  When comparing gene expression with AD 

neuropathological traits in figure 1c, results were reported as nominal p-values with no multiple 

testing correction. 

2.13 Polygenic Risk Score (PRS) calculation 

 Summary statistics files from genome-wide association studies were used as the base 

data.  For traits whose summary statistics were downloaded directly from the GWAS catalog 

website, the accession numbers are as follows: GCST004133 (ulcerative colitis), GCST004132 

(Crohn’s disease), GCST005531 (multiple sclerosis), GCST90132222 (rheumatoid arthritis), 

GCST007400 (systemic lupus erythematosus), GCST90013445 (type 1 diabetes), 

GCST90027163 (amyotrophic lateral sclerosis), GCST009979 (major depressive disorder), 

GCST007343 (epilepsy), and GCST005838 (stroke). 

 Duplicate SNPs were removed from base data files, as were ambiguous SNPs for which 

the effect allele and other allele were complementary nucleotides (C with G or A with T).  For 

summary statistics whose coordinates were found on genome build 38, LiftOver142 was used to 

convert these coordinates to genome build 37, to match the target data.  For traits with missing 

odds ratio values in the summary statistics, these were calculated from the beta values by using 

the exp() function in R.  For traits with missing beta values, beta values were estimated using the 
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sample size, Z-score, and allele frequencies.  The estimated beta values were then converted to 

odds ratio values using exp(). 

 Genomic data from ROSMAP participants was used as the target data.  These data were 

stored as three separate cohorts (ROSMAP_n1686, ROSMAP_n381, and ROSMAP_BU) due to 

separate genotyping batches, and initially processed individually by cohort.  Quality control of 

target data was done with R and PLINK.  First, SNPs were filtered to exclude those with a minor 

allele frequency (MAF) less than 0.01, a Hardy-Weinberg Equilibrium test p-value under 1 x 10-

6, and SNPs missing in at least 1% of subjects.  Individuals missing over 1% of SNPs in their 

genotyping data were also excluded at this stage.  We then pruned highly correlated SNPs using 

a window size of 200 variants, a step size of 50 variants at a time, and filtering out any SNPs 

with an LD r2 value above 0.25.  Subjects with heterozygosity F coefficients greater than three 

standard deviations from the mean, with differences between reported sex and sex chromosomes, 

or with a first or second degree relative in the sample, were excluded. 

 After these quality control steps on individual cohorts, we used PLINK to merge 

ROSMAP_n1686, ROSMAP_n381, and 15 subjects from ROSMAP_BU.  We limited the 

inclusion of subjects from ROSMAP_BU to subjects with T cell gene expression data whose AD 

PRS was not an outlier in the overall distribution.  This was because of the high number of 

unique SNPs in the ROSMAP_BU cohort relative to ROSMAP_n1686 and ROSMAP_n381, 

which we suspect is due to low-quality imputation of rare variants.  In the merged dataset, we 

excluded SNPs with MAF < 0.01 and SNPs missing in at least 5% of subjects.  The merged 

dataset was then used as target data in further PRS calculation. 

 We used PRSice-2143 for PRS calculation.  PRSice-2 performs clumping of input variants 

using parameters of a 250 kb window, p-value threshold of 1, and r2 value threshold of 0.1.  The 
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software also automatically performs strand-flipping for SNPs whose alleles mismatch between 

base and target data.  Individual SNPs were weighted by odds ratio for PRS calculation, and age 

and sex were used as covariates.  For the AD PRS, clinical AD diagnosis was used as the input 

phenotype, and SNPs within 1 Mb of the APOE locus were excluded as input in PRS calculation.  

We also input a range of P-value thresholds for SNP inclusion from 5 x 10-8 (genome-wide 

significant SNPs only) to 1 (all SNPs), yielding a set of PRS scores as output for each individual. 

2.14 Validation of AD PRS against clinical and pathological data 

 The pROC package144 was used to calculate receiver operator characteristic (ROC) 

curves for the AD PRS against clinical AD diagnosis and against pathological AD diagnosis, at 

each SNP significance threshold.  We also used this package to calculate the predictive value of 

the AD PRS from the area under the ROC curves, to determine which significance threshold 

yielded the highest predictive value.  We compared the distribution of AD PRS scores at this 

significance threshold between AD and non-AD subjects using student’s T test.  We also ran 

comparisons of the AD PRS at this significance threshold against Braak score using one-way 

ANOVA, and quantitative pathological measurements (amyloid plaque burden, tau tangle 

burden, and global pathology measurement) using linear regression with age, sex, clinical AD 

status, pathological AD status, and the first ten principal components from genotyping data as 

covariates. 

2.15 Detection and pathway analysis of PRS-associated genes 

 Genotyping data and T cell RNA-sequencing data were available for 78 subjects, with 

one subject excluded whose AD PRS was an outlier.  For each trait and each T cell subtype, we 

used linear regression of gene expression counts against PRS scores to calculate PRS-associated 

genes.  Genes expressed in fewer than 20% of subjects, or with a maximum expression count 
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under 3, were excluded from PRS association analyses.  Because non-AD traits did not have 

relevant phenotypic data for PRS validation, we used the same significance threshold (p = 1) as 

the optimum PRS for all traits.  For pathway analysis of PRS-associated genes, we used Gene Set 

Enrichment Analysis145 (GSEA) separately for each T cell subtype and each trait.   GSEA was 

run using the t-value from the PRS-gene association as the ranking metric, using the default 

value of 1,000 permutations and restricting the gene sets to those with 15-200 genes, using the 

GO Biological Processes 2022 database.  We then detected biological pathways which were 

significantly over-represented or under-represented at a significant level of 0.05, after correcting 

for false discovery rate.  
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Chapter 3: Expression quantitative trait loci (eQTL) analysis of T 

cells in aging and AD 

3.1 Comparison of gene expression between T cell subsets and AD 

neuropathological traits 

 To better understand the phenotypic characteristics of CD4+ and CD8+ T cells in AD 

subjects, we leveraged cryopreserved peripheral blood mononuclear cells (PBMCs) from 48 AD 

patients and 48 age- and sex-matched control subjects in the ROSMAP cohort (Table 1, Figure 

5a146).  We used flow cytometry to sort live naïve and memory CD4+ and CD8+ T cells based on 

the expression of CD45RO. Briefly, 96 cryopreserved PBMC samples were thawed and were 

stained with the following surface markers: CD3, CD4, CD8, and CD45RO. Four T cell subsets 

were sorted from each subject: CD4+CD45RO-, CD4+CD45RO+, CD8+CD45RO-, and 

CD8+CD45RO+ T cells.  Cells were lysed to collect RNA for 3’-digital gene expression (3’-

DGE) sequencing (see Methods).   We compared gene expression between the four T cell 

subsets, and between AD and control subjects within each subset.  Surprisingly, very few genes 

were differentially expressed when comparing AD and age- and sex-matched healthy control 

subjects within a given T cell subset (Figure 5b).  Most of the significant differences in gene 

expression were found in comparisons between T cell subsets, regardless of AD status. 

Number of subjects 96 

Mean age at blood draw ± SD 79.7 ± 6.71 

Women 40 (41.6%) 

Number with autopsies 53 (55.2%) 

Number with AD diagnosis based on pathology 16 (16.7%) 

Number with AD diagnosis based on clinical signs 13 (13.5%) 

Number with both clinical and pathological AD diagnosis 19 (19.8%) 
Table 1:  Demographic summary of ROSMAP subjects used in the study, with data on age, sex, 

pathological AD diagnosis, and clinical AD diagnosis. 
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 To derive further meaning from gene expression data, we tested the correlation of each 

gene’s expression with different neuropathological measurements of AD severity from 

ROSMAP.  These include Braak staging of tau tangle pathology, pathological or clinical 

diagnosis of AD (PathoAD/ClinAD), global AD pathology burden (Gpath), and the presence of 

amyloid beta plaque or tau tangles.  Interestingly, several genes involved in cytotoxicity, 

inflammation, and T cell activation arose (Figure 5c).  We identified hundreds of genes in all 

four T cell subsets that have a nominal relationship with one or more AD neuropathological 

traits.  Of note, several granzyme genes were common in these associations, as well as 

senescence-related genes such as GNLY and NKG7, AD risk genes such as CR1 and BIN1147,148, 

and markers of inflammation and T cell activation such as NFKB1 and CD28149,150.  While the 

role played by senescent or pro-inflammatory T cells in pathological mechanisms of AD is only 

beginning to come to light, other studies have shown an upregulation of several of these 

senescence and late activation markers in T cells from aged individuals and AD patients90,101,108. 

3.2 Gene Co-Expression Network Analysis 

 We also sought to detect broader trends of gene expression and co-expression across 

subjects.  To this end, we used weighted gene co-expression network analysis (WGCNA) to 

detect co-expression modules whose collective expression differed consistently across samples.  

We found three such modules, the first of which was most highly expressed in memory 

CD8+CD45RO+ T cells, and the third most upregulated in naïve CD8+CD45RO- T cells 

(Figure 6a).  Module 1 featured several genes associated with IL-10 signaling, including 

TSC22D3, an anti-inflammatory transcription factor that is known to be stimulated by 

glucocorticoids and IL-10151, that we previously found to be highly expressed in a cluster of 

CD8+ T cells in AD and epilepsy102.  Module 2 included multiple genes associated with 
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ribosomal function, suggesting an overall association with protein synthesis.  Module 3 

contained several genes often associated with senescence and cytotoxicity, including KLRF1, 

KLRG1, GZMA, GZMB, GZMH, GZMK, CST7, GNLY, and NKG798,152–154.  Interestingly,  

module 1 and module 3 genes were among those detected in association with AD 

neuropathological traits (Figure 5c). 

Figure 6:  Relative abundance of WGCNA co-expression modules by cell type and pathway 

analysis.  a) Relative expression of modules 1, 2, and 3 are shown for four T cell subtypes (red = 

CD4+CD45RO-, green = CD4+CD45RO+, cyan = CD8+CD45RO-, magenta = CD8+CD45RO+).  

b-d)  Results of Enrichr pathway analysis on modules 1, 2, and 3.  Dot size reflects the number of 

module genes in a given pathway, location on the X axis represents the proportion of the GO pathway 

represented by module genes, dot color represents p-value.  Terms on the left are from the GO 

Biological Processes 2021 database. (c and d on following page) From Dressman et al. 2022146 

 

a 

b 
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 We conducted unranked pathway analysis using Enrichr on all genes from each co-

expression module, with GO Biological Processes as the input database.  Upregulated pathways 

among module 1 genes include responses to cytokines such as IL-2 and GM-CSF (Figure 6b-d), 

while module 3 involved pathways related to IL-12 and IFN-γ signaling, as well as antigen 

processing.  IL-12 is classically understood to promote the differentiation of Th1 type CD4+ T 

c 

d 
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cells155, while IFN-γ is a potent part of the antiviral immune response156.  These findings suggest 

that T cells in aged individuals exhibit a senescent pro-inflammatory phenotype that may be 

implicated in viral clearance.  

3.3 Expression Quantitative Trait Loci 

 Recent studies have advanced our understanding of the genetic underpinnings of AD 

pathology by detecting links between genetic variants and quantitative traits such as MRI 

imaging metrics157, gene expression from various cell types112,115,116, or protein levels in brain, 

CSF, and plasma158.  To better elucidate the genetic basis of T cell phenotypic changes in AD, 

we correlated gene expression with genomic data previously generated from ROSMAP 

participants to identify eQTLs.  We first tested for cis-eQTL associations, involving single 

nucleotide polymorphisms (SNPs) within 1 Mb of a gene’s coding region (a standard cutoff for 

differentiating cis-eQTLs from trans-eQTLs113,115,159).  We defined significant cis-eQTLs as 

those with a false discovery rate under 0.05, whose gene was expressed in at least 20% of 

individuals with a maximum expression count of 3 or more.  Trans-eQTLs were defined by the 

SNP and gene coding region at least 1 Mb apart, or on different chromosomes, and significance 

at FDR<0.05.  Tens of thousands of significant trans-eQTLs were detected in each T cell subset, 

with over 10,000 unique SNPs and ~5,000 unique genes in each subset (Table 2).   

T cell subset # of cis-

eQTL 

Cis-

eQTL 

unique 

SNPs 

Cis-

eQTL 

unique 

genes 

# of trans-

eQTL 

Trans-

eQTL 

unique 

SNPs 

Trans-eQTL 

unique 

genes 

CD4+CD45RO- 37 32 23 43721 16330 5234 

CD4+CD45RO+ 14 14 14 32550 12246 5224 

CD8+CD45RO- 5 5 5 26315 11293 4566 

CD8+CD45RO+ 32 31 23 64281 19318 5090 

Table 2:  Total numbers of cis- and trans-eQTL, including unique SNPs and genes, among the four T cell 

subsets studied. From Dressman et al. 2022146 
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3.4 Distribution and subset specificity of trans-eQTLs 

 We began our exploration of the eQTL data by examining how eQTLs distributed across 

the genome, and across T cell subsets.  Most genes whose expression was correlated with trans-

eQTLs were shared across all T cell subsets; an unsurprising result, considering the similarity in 

gene expression profiles between CD4+ and CD8+ T cells.  However, the SNPs themselves were 

subset-specific in their association with genes (Figure 7a), suggesting that genetic variability 

driving gene expression changes may be cell type-dependent.  We visualized the distribution of 

trans-eQTL across the genome by generating Manhattan plots to summarize the location of SNPs 

found in trans-eQTL by chromosome (Figure 7b).  Highly significant (-log10(p) > 14) SNPs are 

annotated on the plot, but none were found to have associations with disease traits. 

3.5 Disease association of trans-eQTLs 

 Owing to the age of our cohort, we recognized that gene expression changes in the T cell 

subsets may be driven by variants associated with neurological or immunological conditions other 

than AD.  To assess disease association, we compared trans-eQTLs to SNPs in the GWAS catalog 

database, restricting to traits in four disease categories (see Methods for categorization of GWAS 

traits).  Several dozen SNPs among the trans-eQTLs have been shown to associate with traits 

related to immune function, neuropsychiatric conditions, autoimmune disease, or 

neurodegenerative disease, in genome-wide association studies (Figure 8a).  Most of these SNPs 

were trans-eQTLs from CD4+CD45RO+ cells, with neuropsychiatric conditions featuring 

prominently among the disease-associated SNPs in this cell type.  Circos plots display the 

distribution of these GWAS catalog-associated trans-eQTLs across the genome (Figure 8b).  

Interestingly, among the disease-associated eQTLs in CD4+CD45RO+ cells were several  
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immunosenescence and cytotoxicity-related genes, including GNLY, GZMH, NKG7, and PRF1, 

all of which were regulated by SNPs associated with anxiety.   

Figure 8:  Disease association of trans-eQTL.  a) Stacked bar graph showing numbers of trans-eQTL 

whose SNP is found to associate with certain categories of disease traits as found in the GWAS catalog.  

b) Circos plots displaying the distribution of disease-associated trans-eQTL by chromosome.  Color 

legend for GWAS categories is found on the bar graph. From Dressman et al. 2022146 

 

3.6 Biological pathway enrichment of trans-eQTLs 

 Finally, we sought to highlight overall functional trends in both the SNPs and the 

differentially expressed genes of the trans-eQTLs.  In this way, we could better describe the 

mechanisms behind regulation of T cell gene expression in AD, as well as the nature of 

phenotypic changes specific to each T cell subset.  To elucidate functional and mechanistic 

processes in trans-eQTLs, we conducted pathway enrichment analysis.  For SNPs from the trans-

eQTL, we first determined SNPs found within a gene (between the transcription start site and 

end site), then ran unranked pathway analysis on those genes with Enrichr.  Unexpectedly, these  
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genes were overwhelmingly found in pathways related to neuronal development, axon guidance, 

and synaptic transmission in all four T cell subtypes (Figure 9).  Pathway analysis of genes from 

the trans-eQTL returned GO terms related to general RNA processing and translation in all four 

T cell subsets. 

3.7 Conclusions 

This study is the first, to our knowledge, to examine the genetic underpinnings of T cell 

gene expression phenotypes in aged individuals and AD patients.  Our use of the CD45RO 

marker in cell sorting yields a preliminary look into how naïve and memory T cell phenotypes 

may differ from each other in an AD context.  Furthermore, the neuropathological data collected 

from the ROSMAP cohorts allows us to correlate T cell expression data directly with AD-

relevant traits.  These findings allow us to consider the genetic basis for changes in T cell 

behavior during AD, and how T cell function and CNS AD pathology may influence each other. 

From the expression data alone, our co-expression analyses highlight genes with key 

functional relevance, which may contribute to the neurodegenerative process.  Module 3 is 

especially enriched in genes with direct cytotoxic function, such as granzyme genes, and others 

that are upregulated in T cells that have become senescent and pro-inflammatory, such as GNLY 

and several KLR family members.  Module 1, conversely, includes several genes that participate 

in IL-10 signaling, which is classically understood to be anti-inflammatory, especially for T 

cells.  Interestingly, module 3 is most highly associated with the CD8+CD45RO- subset, 

suggesting a more naïve phenotype for these cytotoxic and senescent T cells, although this 

expression profile may arise from the late-differentiation TEMRA phenotype as well, which is 

also CD45RO-.  Several module 1 and module 3 genes also appear in association with AD 
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neuropathological traits, as do some risk genes for AD and Parkinson’s disease (Fig. 5b), 

although these are only nominally significant. 

Our eQTL analyses resulted in tens of thousands of trans-eQTL for all four T cell subsets, 

despite a relatively small sample size.  The trans-eQTL involved over 10,000 unique SNPs and 

5,000 unique genes in each T cell subtype.  Existing studies of eQTL in T cells often detect SNPs 

that are risk variants for autoimmune disease, as might be expected.  Strikingly, after correlating 

SNPs among our trans-eQTL with disease-associated SNPs, we found many that matched traits 

related to neuropsychiatric conditions such as schizophrenia and depression.   Because few 

studies have examined potential connections between T cell phenotypes and psychiatric 

disorders160, these associations may warrant a further look into how T cells may be altered, or 

alter nervous system function, in these conditions. 

When we determined where SNPs were located among the T cell trans-eQTL, we were 

surprised to find that SNPs within gene coding regions were often found within genes related to 

axon guidance and neuronal process growth, as highlighted in our pathway analysis results.  

While it is important to focus on how T cells might drive neuronal death and dysfunction in 

conditions like AD, these findings suggest that genes that shape nerve growth during 

development and throughout life may also serve to regulate T cell behavior, however distantly.  

Although research examining the interaction between T cells and neural development is in its 

early stages, microglia have been shown to play an active role in neural circuit formation and 

patterning in utero and throughout life161.  Mice genetically altered to lack T cells have shown 

differences in brain morphology162, suggesting that T cells may participate in shaping the 

developing brain, and vice versa. 
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Our results echo findings from recent single-cell sequencing studies in T cells from AD 

patients and aged individuals.  We recently detected a cluster of CD8+ T cells with high 

expression of KLRD1, KLRG1, GNLY, NKG7, and several granzyme genes in immune cells 

isolated from surgically resected and post-mortem tissue102.  This is potentially consistent with 

the characterization of a clonally expanded population of CD8+ T cells within the cerebrospinal 

fluid of AD patients, whose expression of these genes correlates with their degree of clonality90.  

CD8+ T cells from peripheral blood of AD patients have also shown levels of NKG7, GZMB, 

and GNLY expression that match natural killer cells101.  Finally, another study of blood-derived 

T cells in supercentenarians suggests that this cytotoxic profile is not limited to disease.  

Hashimoto et al.108 found a cluster of cytotoxic CD4+ T cells in supercentenarians with many of 

these genes upregulated, especially in cells expressing late-differentiation markers.  Our findings 

from co-expression network analysis confirm the trend of cytotoxic and senescent T cells in 

aging and AD.  The appearance of many of these genes within our significant eQTL build upon 

previous research, by suggesting a contribution of genetic variants to these T cell phenotypes.  

Ascertaining the role of genetic variability behind age- or disease-related T cell cytotoxicity 

could lead to more personalized treatments for neurodegeneration and other conditions. 

To that end, the detection of disease-associated eQTL in an aged and AD cohort warrants 

a closer look into the interindividual variability in T cell responses to neurodegeneration.  

Animal studies designed to examine T cell behavior in CNS disease, or test a T cell-targeted 

therapeutic strategy in a preclinical model, have yielded widely varying results for AD.  Even 

within a T cell subtype such as regulatory T cells, different studies have found reduced68 or 

advanced69 pathology upon depletion of Tregs.  Th1-type CD4+ T cells specific for amyloid beta 

failed to lower amyloid levels in the hippocampus in one mouse model study76, while they 
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improved amyloid clearance by microglia in another79, and amyloid-specific Th2 cells accomp-

lished symptom reduction in AD mice even when introduced outside the CNS80.  While we know 

that T cell infiltration into the CNS occurs in AD91, more research is needed before we can better 

understand which T cell functions are helpful and hurtful in neurodegenerative disease. 

Precision medicine requires a deeper look into the source of genetic and environmental 

variability in T cell behavior, and T cell antigen specificity, during neurodegenerative disease.  

Several recent eQTL studies have begun to detail key genes and pathways contributing to 

differential T cell phenotypes.  While the findings of these studies are detailed in earlier chapters, 

they collectively highlight the cell type and activation state dependency of T cell eQTLs.  Many 

eQTLs are only detected in particular subtypes, in response to activation, or even in specific time 

points of in vitro activation120, including disease-associated eQTL, suggesting that genetic 

regulation of T cells could vary widely between individuals and according to disease state. 

These studies are an invaluable resource to mine genetic and epigenetic changes in T 

cells.  However, their utility in elucidating how genetic variants may alter T cell behavior in age-

related disease is limited, owing to the use of young, healthy subjects for sample collection.  

While our study is the first to use cells from aged and AD subjects to detect eQTL, it represents 

only a preliminary look into the complex network of T cell regulation in AD.  Additional studies 

are warranted with a higher number of participants, to yield sufficient statistical power.  We also 

recognize that the unique contribution of TEMRA cells to T cell phenotypes in neurodegener-

ation, as elaborated by Gate et al.90 and others, may have been obscured in our data, due to our 

sorting strategy.  Therefore, we plan to enrich the existing dataset by examining genotype-

phenotype correlation in T cells using the aggregated effects of many genetic variants in 

association with gene expression. 
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Chapter 4: Correlation of polygenic risk scores with T cell gene 

expression 

4.1 Process and rationale for polygenic risk score calculation 

 As genome-wide association studies (GWAS) have accumulated for many diseases and 

disease traits, we are better able to dissect previously unknown mechanisms of complex disease.  

However, while discovery of new genetic associations spurs the creation of specific research 

directions, it also allows for greater generalizability of complex disease risk.  For conditions like 

AD, most afflicted individuals likely carry a host of genetic risk factors, each contributing a 

miniscule amount to the possibility and prognosis of disease.  Several methods have been 

developed to aggregate the effects of many variants in what is commonly called a polygenic risk 

score (PRS).  

 Because every genetic variant affects 

disease risk differently, individual variants 

are weighted by their effect size, usually 

either a beta value or an odds ratio, as found 

in summary statistics from a GWAS in the 

literature.  Before weighting variants, it is 

standard to include only independent variants 

in PRS calculation.  This is done by 

calculating linkage disequilibrium (LD) 

between variants, a measurement of how 

likely groups of variants are to be inherited 
Figure 10.  Flowchart showing the basic steps 

of PRS calculation. 
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together.  Most PRS calculation software does this automatically, with either default or user-

defined parameters instructing the software to calculate LD for all variants within a certain base 

pair range, then moving a certain number of base pairs down the genome and repeating the 

process.  All variants above a certain LD threshold are then excluded from further analysis (see 

Figure 10). 

 Researchers will also commonly define one or more p-value thresholds for variant 

inclusion.  This can be a stringent threshold, including only variants considered “genome-wide 

significant” (p < 5 x 10-8), or permissive, including all variants, regardless of p-value.  Because it 

is often unknown which p-value threshold will yield the PRS with optimum predictive value for 

disease, most researchers will input a range of thresholds from 5 x 10-8 to 1, as we have done.  

After detecting independent variants and defining output parameters, the simplest method for 

PRS calculation is to multiply each variant present in an individual by its effect size, then 

summing the variants.  This results in one PRS per p-value threshold per individual.  It is 

generally recommended that the cohort for whom PRSs are calculated is independent from the 

cohort used to conduct the original GWAS, or at least that the overlap between the two is 

minimized, to avoid overfitting of the PRS model143. 

 Calculating PRSs brings several benefits to a genotype-phenotype correlation study, 

compared to the approach of interrogating effects of individual variants.  The first is a drastic 

reduction in multiple testing burden.  Detecting eQTL involves conducting hundreds of 

thousands to millions of tests for cis-eQTL, and billions of tests for trans-eQTL.  Correlating 

PRSs with gene expression requires tests in the tens of thousands, increasing the likelihood that a 

finding will remain significant after multiple testing correction.  Secondly, PRSs can be 

calculated long before disease onset for many conditions.  This gives the use of PRS formidable 
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potential in longitudinal studies focused on disease prevention or prognosis.  Another benefit is 

the use of PRS in precision medicine approaches.  Individuals in a study or a clinical trial could 

be stratified by PRS into subgroups to determine whether individuals with low or high PRS 

exhibit differences in selected phenotypes, clinical metrics, or response to treatment.  The main 

drawback, of course, is that PRSs cannot inform us about the specific variants driving changes in 

biological function, reducing our ability to focus on mechanisms of disease and identify potential 

therapeutic targets. 

4.2 Studies of polygenic risk scores in AD 

 For progressive age-related conditions like AD, the potential for PRS to predict disease, 

age of onset, or prognosis could be immensely helpful in the clinic.  Because pathology begins 

decades before cognitive symptoms arise, the need for early intervention is crucial.  A common 

method for estimating predictive value is a receiver operating characteristic (ROC) curve.  When 

modelling a binary trait, ROC curves plot the false positive rate on the x-axis and the true 

positive rate on the y-axis 

(see example plot in 

Figure 11).  The area 

under the curve (AUC) is a 

measure of predictive 

value; thus, ROC curves 

that closely approach the 

upper left corner represent 

models with high 

Figure 11. Example ROC curve, with false positive rate on 

the x-axis and true positive rate on the y-axis. 
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predictive value for the trait.  

 PRS studies that include both genotyping data and diagnostic information for study 

subjects often use ROC curves to determine the predictive value of their model, and report the 

AUC as a percentage.  Within the AD field, the binary distinction between cases and controls can 

be drawn based on clinical diagnosis (determined by cognitive examination) or pathological 

diagnosis (determined by a certain threshold of pathological markers, such as plaques or tangles, 

in post-mortem brain samples).  Depending on the study and the choice of diagnostic strategy, 

PRS predictive value for AD in previous literature ranges from 72-84%163–167.  These and other 

studies also consistently report a higher incidence of AD among individuals with high PRS168,169, 

validating the correlation of the AD PRS with disease status.  At present, PRS alone is 

insufficient for prediction of AD in a clinical setting.  However, several groups are testing 

approaches to achieve higher accuracy with combined models using PRS alongside other metrics 

such as AD biomarkers or cognitive performance. 

 Several longitudinal studies have employed PRS to explore its correlation to cognitive 

impairment within and without AD.  These often enroll individuals younger than the standard 

age of AD onset, who are either cognitively normal or whose cognitive impairment falls short of 

the criteria for dementia.  Sometimes subjects are selected with parents or other close relatives 

with AD, suggesting a genetic propensity for the eventual development of dementia.  PRS has 

successfully been used in cohorts like these to predict conversion of mild cognitive impairment 

(MCI) to AD, and time to AD onset170–172.  Individuals with high PRS, even when examined 

before the onset of dementia, have significantly lower performance on cognitive exams such as 

the Mini Mental State Examination and the Montreal Cognitive Assessment168,173,174.  

Interestingly, one study detected a correlation between PRS and immediate and delayed recall in 
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children and adolescents, suggesting that some genetic variants conferring AD risk may have 

developmental effects as well175. 

 Another important way to validate the utility of PRS for AD is to compare it to signs of 

neuropathology and neurodegeneration, including fluid-based biomarkers that show moderate 

predictive value for AD on their own.  Positron emission tomography (PET) using radiologic 

tags for brain amyloid, as well as magnetic resonance imaging (MRI), are commonly used in 

research studies to track AD neuropathology and neurodegeneration.  PRS has been associated 

with a higher amyloid PET signal173,176.  MRI data has also shown connections between higher 

PRS and reduced volume in hippocampus, amygdala, and entorhinal cortex168,169,176, with the 

correlation to hippocampal volume even apparent in young adults173 and children175.  Levels of 

amyloid beta in cerebrospinal fluid and plasma are higher in individuals with high PRS, as is the 

ratio between Aβ42 and Aβ40168,177.  Phosphorylated tau in plasma and cerebrospinal fluid has 

also been associated with PRS for AD178,179, as has gamma-secretase activity, an enzyme that 

helps process APP into Aβ42177. 

 As a relatively new technique in genetics, PRS calculation is far from a standardized 

process.  The method of PRS calculation, the decision of which SNPs to include or which p-

value thresholds to use, and the inclusion or exclusion of loci imparting significant risk for 

disease, such as APOE for AD, varies by research group.  Some studies calculate PRS with and 

without the APOE locus in parallel, finding that it alters the predictive value of the PRS for 

AD164,167.  While some associations between PRS and AD biomarkers were independent of 

APOE inclusion in the PRS177, excluding APOE often results in loss of significance when 

associating PRS with signs of AD pathology174,179,180.  The stringency of p-value thresholding for 

PRS calculation also has differential effects on PRS predictive value across studies181,182.  PRS 
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predictive value, and its association with cognition, has also been shown to differ by 

ancestry167,174.  Researchers have also subdivided AD-associated SNPs by certain biological 

processes, resulting in functionally relevant AD PRSs relating to inflammation, cholesterol 

metabolism, and Aβ clearance174,180. 

 While novel approaches to PRS studies are accelerating, few studies have correlated 

PRSs with gene expression at this stage.  Those who perform genotype-phenotype correlation in 

this way often assign a PRS cutoff to generate a high PRS/low PRS binary classification in their 

sample, parallel to a standard case/control study design183,184, rather than comparing PRSs and 

gene expression as quantitative traits in a linear regression, as we have.  We aim to better detail 

the connection between T cell gene expression phenotypes and polygenic risk for AD and other 

disorders.  We expect that our dataset, involving four T cell subtypes, will highlight differences 

in PRS-associated genes across T cell subtypes and disease traits.  Our findings may highlight 

biological pathways or other mechanisms of polygenic risk for disease, which can aid in 

hypothesis generation for future targeted studies of T cell behavior in AD and other conditions. 

4.3 Calculation and validation of a polygenic risk score for AD 

 We first calculated a polygenic risk score for AD using PRSice-2143 for 2051 individuals 

in ROSMAP.  We used the GWAS summary statistics from Kunkle et al. 201925 as base data, 

and excluded SNPs in the APOE locus from analysis (see Methods).  Each individual had a 

range of PRSs based on the p-value thresholds for SNP inclusion, from 5 x 10-8 to 1 (all SNPs), 

and PRS distributions at each threshold were standardized to have a mean of 0 and standard 

deviation of 1.  2049 individuals had phenotypic data, including AD clinical diagnostic status 

(hereafter “clinAD”), and 1240 of these also had pathological AD diagnostic status (hereafter 

“pathoAD”).  We plotted a series of ROC curves, one for each p-value threshold for SNP 



50 

 

inclusion, for the predictive value of the AD PRS against pathoAD and against clinAD (Figure 

12). 

 

Figure 12. Validation of the AD PRS against diagnostic data and pathological trait measurements. A) 

ROC curves, colored by the SNP p-value threshold used to calculate the PRS, showing the predictive 

value of each set of PRSs for AD against clinical diagnosis of AD. B) ROC curves showing the predictive 

value of the AD PRS against pathological diagnosis of AD. C) Comparison of the PRS score distribution 

by Braak score. D-F) Scatter plot of the AD PRS against quantification of amyloid burden, tau tangle 

score, and global pathology score (gpath). 

 

 The predictive value of the PRS at the 0.05 threshold and above was similar, but the 

maximum predictive value for the PRS against clinAD was 78.19%, at a threshold of 0.75 

(purple line), and against pathoAD was 69.55%, at a threshold of 1 (yellow line).  These 

predictive values are likely inflated due to overfitting, as the majority of our dataset was also 

used in the base GWAS.  For comparison, we re-calculated the PRS in the non-overlapping 

individuals only, as well as recalculating the PRS using a non-overlapping GWAS as the base 
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data185.  The PRSs calculated from non-overlapping subjects had a maximum predictive value of 

53.59% against clinAD, with a Pearson’s correlation coefficient r = 0.954 for the 77 RNA-

sequencing subjects when comparing to the original PRS distribution.  For PRSs calculated from 

the Marioni et al. GWAS, the maximum predictive value was also 53.59% against clinAD, with r 

= 0.014 for correlation with the original PRS distribution. 

 We also validated the AD PRS by correlating the PRS distribution with semi-quantitative 

and quantitative neuropathological traits from ROSMAP.  We used the same traits as those used 

for the eQTL study: Braak scoring, amyloid burden, tangle burden, and global pathology (gpath).  

Individuals with a higher AD PRS should have a greater pathological burden.  The AD PRS was 

significantly associated with Braak staging using one-way ANOVA (Kruskal-Wallis p < 0.0001).  

Linear regressions of the AD PRS against amyloid, tangles, and gpath, using age, sex, and the 

first ten principal components from genotyping data as covariates, all had slopes significantly 

different from zero (Figure 12).  This helps verify the utility of our method of PRS calculation.  

The predictive value of the AD PRS also helped establish the ideal significance threshold to use 

for correlation of the PRS with gene expression for AD and other traits, since we do not have 

trait-relevant phenotypic data for non-AD traits. 

4.4 Correlation of gene expression with PRSs for AD and other traits 

 Owing to our previous findings detecting eQTL with disease-associated variants in 

several trait categories, we chose common traits or diseases in each of these categories to use for 

PRS calculation in our dataset.  Specifically, we calculated PRSs for lymphocyte counts186, white 

blood cell counts184, C-reactive protein levels184, ulcerative colitis187, Crohn’s disease185, multiple 

sclerosis188, rheumatoid arthritis189, systemic lupus erythematosus190, type 1 diabetes191, 

Parkinson’s disease192, amyotrophic lateral sclerosis193, epilepsy194, stroke195, bipolar disorder196, 
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anxiety disorder197, major depressive disorder198, schizophrenia199, and post-traumatic stress 

disorder200. 

 78 of our 96 RNA-sequencing subjects had whole-genome sequencing data available for 

PRS calculation.  One of these subjects was excluded because their AD PRS was an outlier at the 

PRS distribution for p = 1, leaving 77 subjects for correlation between PRSs and gene 

expression.  In these subjects, we used the PRSs at a p-value threshold of 1 to correlate with T 

cell gene expression, using a linear regression with age, sex, AD status, and the first 10 principal 

components from genotyping as covariates.  We included only genes with expression in at least 

20% of subjects, with a maximum expression count of at least 3, the same parameters used in the 

eQTL study. 

 Genes with a nominally significant relationship with the PRS are shown on the heatmap 

in Figure 13.  Each row of the heatmap is a gene, and columns are color-coded by cell type, trait 

type, and individual trait according to the legend at right.  Heatmap cells are colored by the 

direction and strength of the association between the gene and the PRS.  Overall, 6110 genes 

were associated with the PRS for at least one trait in at least one cell type.  About 50% of these 

genes were significantly associated with the PRS in five or fewer trait/cell type combinations.  

Interestingly, several autoimmune disease and psychiatric disorder traits feature almost all 

significant PRS-associated genes in an inverse relationship with the PRS (as seen by cells 

colored blue), regardless of the cell type, suggesting a pattern of downregulated genes in 

individuals with high polygenic risk for these conditions. 

 Only two PRS-gene associations across all traits remained significant at a threshold of q 

= 0.1 after Bonferroni multiple testing correction: CRIP1 and SKIDA1.  Both of these were from 

associations of gene expression in CD8+CD45RO- T cells with the PRS for lymphocyte counts.  
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This association, when adjusting for multiple testing with the less stringent Benjamini-Hochberg 

false discovery rate method, yielded 2462 genes at the q = 0.1 threshold and 1217 at q = 0.5.  

Few associations for other traits remained significant after either method of multiple testing 

correction. 

 

Figure 13. Heatmap of genes nominally associated with the PRS for one or more traits. Annotation rows 

above the heatmap show cell type, trait type, and trait, matching the color legends at the right. Each row 

of the heatmap is a gene, and each cell is colored by the strength and direction of the association with the 

PRS (shown by the color legend at bottom right), or gray if the association is insignificant. 

 

 Among the genes found nominally associated with the PRS for over ten traits across T 

cell subtypes, several had interesting connections to T cell function or disease pathology.  

TRAT1 helps stabilize the CD3/T cell receptor (TCR) signaling complex201, while SLA 
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negatively regulates TCR signaling202.  CD44 and CD69 are markers of T cell memory and 

activation203,204, and MAF is associated with differentiation of CD4+ T cells into the IL-4 

producing Th2 subtype205.  SOD1, a gene with risk variants for ALS206, was associated with the 

PRS for lymphocyte counts, white blood cell counts, MS, type 1 diabetes, bipolar, and PTSD in 

one or more T cell subtypes in our data.  Finally, CXCR4, a chemokine receptor, was found to be 

upregulated in a cluster of T cells in the cerebrospinal fluid of Lewy body dementia patients207, 

and is thought to regulate infiltration of T cells into the CNS in disease and aging208,209.  

However, CXCR4 was not associated with the PRS for AD or PD in any of the T cell subtypes in 

our data. 

4.5 Pathway analysis of PRS-associated genes 

 To begin interrogating the functional connections of PRS-associated genes, we used Gene 

Set Enrichment Analysis145 (GSEA) to detect biological pathways over-represented by genes 

from our dataset.  The Gene Ontology Biological Processes database138 is a curated list of 

cellular and systemic functions and the genes involved in each.  We ran GSEA by supplying a 

list of genes, from each combination of T cell subtype and disease trait, ranked by the t value for 

association with the PRS.  GSEA then ranked genes by t value and detected pathways from GO 

Biological Processes over-represented by genes at the extreme ends of the t value distribution for 

each trait and T cell subtype.  Pathways with a false discovery rate q-value under 0.05 are shown 

in the four dot plots in Figure 14, organized by cell type and colored within each plot by trait. 

 The majority of pathways significant after multiple testing correction relate to translation, 

RNA processing, cellular respiration, and oxidative phosphorylation, none of which is unique to 

T cell function.  This is consistent with our pathway analysis findings for trans-eQTL genes, 

which also mainly returned basic cellular functions nonspecific to any one cell type, although 
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metabolism and protein translation ramp up during T cell activation210.  However, several 

pathways raised the possibility for interesting functional connections.  In CD4+CD45RO- T 

cells, the “response to interferon alpha” pathway was associated with the PRS for C-reactive 

protein levels, and the “hematopoietic stem cell differentiation pathway” was associated with the 

PRS for ALS.  Other PRS traits with notable pathway analysis findings included “negative 

regulation of neuron differentiation” and “cellular response to acid chemical” for schizophrenia 

in CD8+CD45RO-, “heterotypic cell-cell adhesion” for PTSD in CD8+CD45RO-, and “viral 

translation” for bipolar in CD8+CD45RO+. 

 Closer interrogation of these pathways revealed several genes involved in T cell and 

other immune cell functions.  For “substrate adhesion-dependent cell spreading”, associated with 

the PRS for AD in CD4+CD45RO+, genes included C1QBP, a receptor that binds a protein in 

the complement system211, and ITGA4, which regulates T cell homing and may affect T cell 

migration into the brain212.  Genes in the “cellular response to acid chemical” pathway include 

ZEB1, which inhibits translation of the IL-2 cytokine that is vital for T cells213, KLF2, a 

transcription factor that prevents migration of naïve T cells into nonlymphoid tissues214, MTOR, 

a key regulator of cell growth and proliferation215, and several members of the LAMTOR gene 

family, which are among upstream regulators of the mTOR complex216.  The “heterotypic cell-

cell adhesion pathway” includes several genes related to integrin signaling in T cells, which is 

key to their ability to extravasate from the circulation217.  It also involves genes that can 

modulate or serve as a marker of T cell activation and memory, such as PTPRC, CD44, and 

CD47218,219. 

 These findings suggest a potential for T cell involvement in disorders whose connection 

to T cell biology is sparsely studied, such as bipolar disorder or PTSD.  Pathway analysis also 
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sheds light on potential T cell mechanisms for traits whose connection to adaptive immunity is 

well known, such as lymphocyte counts or C-reactive protein levels.  Finally, these data imply 

that the extent and nature of T cell activity in disease pathology may change with respect to 

polygenic risk for these conditions. 

4.6 Comparing abundance of PRS-associated genes between CD4+ and CD8+ T cell 

subtypes 

 Some conditions feature pathological mechanisms that are unique to a particular T cell 

subtype, or favored by one T cell subtype over another.  Such is the case for several disease traits 

in our PRS analysis.  Many autoimmune disease traits, for example, are driven more by CD4+ T 

cell-mediated pathology than CD8+220, while recent single-cell sequencing research in 

neurodegenerative disease patients has highlighted mechanisms of inflammation and cytotoxicity 

in CD8+ T cell clusters90,102,207.  We sought to determine whether similar patterns existed in our 

genotype-phenotype correlation studies, based on the abundance of PRS-associated genes in 

CD4+ and CD8+ T cell subtypes by trait. 

 Figure 15 shows that autoimmune disease traits (ulcerative colitis through type 1 

diabetes) have most PRS-associated genes in CD4+ T cell subtypes.  However, when only 

considering genes inversely related to the PRS (denoted by a negative t-value and shown in the 

rightmost column), several traits have the majority of these genes in CD8+ T cell subtypes.  

Traits with a higher percentage of all PRS-associated genes in CD8+ T cell subtypes include 

bipolar disorder, schizophrenia, post-traumatic stress disorder, lymphocyte counts, and white 

blood cell counts.  For several traits, the relative percentage of genes in CD4+ or CD8+ T cell 

subtypes differs widely by the t-value sign.  For Parkinson’s, Crohn’s disease, and stroke, genes 

proportionally associated with the PRS are mainly in CD8+ T cells, while genes inversely 
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associated with the PRS are predominantly in CD4+ T cells.  The opposite is true for C-reactive 

protein levels, bipolar disorder, and schizophrenia.  

 We looked further into PRS-

associated genes on the extreme ends of 

the t value distribution for traits where 

gene enrichment in CD4+ vs. CD8+ T 

cells differed by t value sign.  Genes in 

CD4+ T cells with a negative t value for 

association with the PRS included 

HAVCR1 in Crohn’s disease, a gene 

which mediates T cell trafficking in 

autoimmunity and inflammation221.  CD4+ 

genes inversely associated with the PRS 

for Parkinson’s included DOCK8, which 

assists in T cell chemotaxis222, and CD59, 

a protein upregulated on activated CD4+ 

T cells223.  Among CD8+ genes that 

scaled proportionally with the PRS for 

Parkinson’s disease, top genes included GZMM, involved in CD8+ T cell cytotoxicity224 and 

IL2RB, part of the IL-2 receptor complex. 

 Several genes related to the PRS for C-reactive protein levels often serve as regulators or 

downstream mediators of cytokine-induced signaling.  These include IL16, IL10RA (a part of 

the IL-10 receptor complex), CASP1 (which cleaves the precursor of IL-1β225), and PPM1A, 

Figure 15. Comparing enrichment of PRS-

associated genes between CD4+ and CD8+ T cell 

subtypes. Heatmap showing the relative abundance 

of all PRS-associated genes (left column), genes 

with a positive t-value (middle column), or genes 

with a negative t-value (right column) in CD4+ or 

CD8+ T cell subtypes. Cells are colored red when 

most genes are in CD4+ T cell subtypes, and blue 

when most genes are in CD8+. 
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which helps terminate TGFβ signaling and TNFα-induced NFκB signaling226,227.  PPM1A, while 

upregulated in CD4+ T cells of individuals with high PRS for C-reactive protein levels, is 

downregulated in CD8+ T cells for the same individuals in our data.  Individuals with high 

polygenic risk for schizophrenia increased expression in CD4+ T cells of MAL, a gene 

downregulated in memory T cells228, and STAM, a gene mediating downstream effects of 

cytokine signaling229.  Meanwhile, CD8+ T cell genes inversely related with the PRS for 

schizophrenia included IFNAR1, part of the receptor complex that responds to type 1 interferons.  

Finally, in bipolar disorder, CD8+ T cells in individuals with a high PRS reduced expression of 

PTPRJ, a phosphatase that inhibits TCR signaling230. 

4.7 Conclusions 

 To our knowledge, this is the first study to correlate polygenic risk scores for any disease 

trait with T cell gene expression.  We first calculated and validated a PRS for AD, comparing it 

to diagnostic data and pathological trait measurements.  We then used the optimal p value 

threshold from the AD PRS as a benchmark to correlate PRS for other immunological or disease 

traits to T cell gene expression from four sorted T cell subsets.  Most PRS-associated genes were 

not shared widely across traits and cell types, and several autoimmune and psychiatric disease 

traits showed most genes in an inverse relationship with the PRS.  Pathway analysis mainly 

yielded biological processes related to cellular maintenance functions not specific to T cells.  

While most autoimmune disease traits had a majority of PRS-associated genes in CD4+ T cell 

subtypes, with some psychiatric disease traits showing this trend in CD8+ T cell subtypes, 

several traits showed differential enrichment of PRS-associated genes by cell type, depending on 

the direction of association between the gene and the PRS. 
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 The use of many contributing SNPs as input to the PRS often results in more generalized 

findings, compared to the single SNP-single gene approach of eQTL studies.  This was certainly 

the case in our results, as only one PRS-associated gene remained significant after Bonferroni 

multiple testing correction at q = 0.05, unlike our trans-eQTL findings in the same cohort.  

Nevertheless, genes involved in modulation of T cell receptor signaling, cytokine signaling, T 

cell activation and memory, and T cell cytotoxicity arose in a few analyses.   

 The importance of replication, in studies using genotype data alone or studies exploring 

genotype-phenotype correlation, cannot be overstated.  The limitations of the present study 

certainly warrant future efforts in independent cohorts to confirm and expand on our stated 

findings.  Specifically, while our subject pool for genotyping data was sufficient to establish 

well-powered findings for PRS calculation alone, the correlation with T cell gene expression was 

done in only 77 subjects.  Also, as with our eQTL study, the use of CD45RO to distinguish naïve 

and memory T cells is not ideal.  While we did not parse differences between CD45RO- and 

CD45RO+ populations to the same extent in the PRS study, analyses such as GSEA may have 

returned pathways that would not have been found with a sorting approach that properly 

distinguished memory from naïve cells. 

 The number of studies collecting genome sequencing data alongside one or more 

quantitative traits will continue to expand, for AD and other disease cohorts.  Thus far, studies 

using datasets like these tend to stratify PRSs into quantiles for comparison with quantitative 

traits, rather than using linear regression as we have done.  In cohorts where well-powered 

comparisons are possible, it will be interesting to see whether quantitative phenotypes like gene 

expression or pathological biomarkers are better examined as a difference in means between 

stratified PRS quantile groups, or as a linear regression.  The former approach would allow for a 
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case-control type of study design, while the latter enables scalable predictions of how 

quantitative traits might vary with small differences in PRS.  Either way, the utilization of PRSs 

in genotype-phenotype correlation studies will be invaluable for diseases where the contribution 

of T cells is coming to light, such as AD, and could be beneficial as well for diseases with 

sparsely established relevance to T cell biology, as with many psychiatric conditions. 
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Conclusion 

 

 Comparing the findings in chapters 3 and 4 shows the difference in perspective when 

approaching genotype-phenotype correlation from a focus on single variants versus a focus on 

polygenic risk.  Many of our eQTL genes, for example, were regulated by variants with no 

known link to any disease.  This could represent the reality of genetic variability between 

individuals giving rise to subclinical changes in T cell gene expression.  Owing to our use of an 

aged and AD patient cohort for this study, it could also be detailing T cell phenotypic changes 

that result specifically from the presence of certain genetic variants in the context of advanced 

age or neurodegeneration. 

 The finding of T cell genes related to cytotoxicity and senescence was observed far more 

often in our eQTL study than in connection with the PRS for the disease traits we selected.  

While this result is not uncommon in recent sequencing studies of individuals affected by 

advanced age or neurodegeneration90,102,108,207, comparing our two approaches to genotype-

phenotype correlation in T cells suggests that this effect may be more closely linked to particular 

genetic variants than to overall polygenic risk for AD or PD.  Future studies that collect both 

genome sequencing and RNA-sequencing data from aged and AD individuals may benefit from 

determining whether the progression to cytotoxicity and senescence in T cells occurs only in a 

subset of AD patients, or whether this is a common aspect of AD pathology in all affected 

individuals. 

 On the other hand, the PRS approach allows for a targeted examination of how genetic 

risk for disease alters T cell function.  While we took a preliminary look into disease risk in the 
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eQTL study, the PRS analyses uncovered biological pathways and associated genes not found 

previously, and for a wider range of disease traits.  These include biological processes and genes 

related to responses to interferon and other cytokines, downstream signaling of cytokines and the 

T cell receptor, and modulation of T cell trafficking and migration.  Findings like these, if 

validated and replicated in independent cohorts, can have a more direct application in precision 

medicine than those from eQTL studies.  If PRSs become more widely used in clinical settings, 

for example, it could be possible to forestall deleterious PRS-associated phenotypic changes that 

occur in specific cell types.  This could be especially useful for age-related diseases like AD or 

PD, where pathology begins years to decades before the onset of clinical symptoms. 

 Genotype-phenotype correlation in T cells can and should expand in several directions 

from the foundation laid with this research.  First, future studies in this area should better capture 

the heterogeneity of T cell populations.  While our study design focused on four T cell 

populations, beyond what had previously been achieved with most bulk RNA-sequencing studies 

in eQTL research, T cell identity is far more complex.  The use of new technology in single-cell 

RNA-sequencing should be emphasized going forward, to ensure that unique T cell subtypes are 

appropriately characterized.  As recent research has shown119–122, collecting this data will help 

identify cell type-specific eQTL.  It should also be possible to detect changes in the relative 

abundance of T cell subpopulations with respect to the PRS for AD or other conditions. 

 Second, genotype-phenotype correlation should take advantage of single-cell T cell 

receptor sequencing (scTCR-seq) technology.  This represents an unbiased method to interrogate 

the full repertoire of T cell antigen specificity.  As the antigen specificity of most catalogued 

TCR sequences is unknown, the main utility of scTCR-seq at present lies in the quantification of 

T cell clonal expansion.  This has been used to show advanced clonal expansion in populations 
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of CD8+ T cells from AD patients90, but has also generated key findings for autoimmunity231,232, 

cancer immunotherapy233,234, and infectious diseases235.  As we continue to link more TCR 

sequences with antigen specificity over time, we may gain the ability to track specific T cell-

mediated disease outcomes.  Correlating genetic data with scTCR-seq data could shed light on 

how genetic variability or disease risk might alter the way T cells develop reactivity to self-

antigens, mount a response to cancer growth, or respond to viruses and other pathogens, with and 

without clinical intervention. 

 Finally, genotype-phenotype correlation studies of T cells and other immune cells should 

be applied to areas of disease research without a strong historical focus on immunology.  For 

decades, the brain was viewed as an immune privileged site, without its own resident immune 

cells.  We now know that microglia and T cells play vital roles in shaping the developing brain 

and responding to disease processes, and the two most recent therapies approved for AD both 

function by potentiating the immune system to clear accumulated Aβ deposits236,237.  While we 

understand that the immune system participates in, and sometimes drives, nearly every known 

disease process, the use of single-cell and other sequencing technology has not yet been applied 

at scale for several common neurological and psychiatric disorders.  Additional efforts to link 

genome sequencing to immune cell phenotypes, including T cells, carries the potential to better 

tailor therapeutic approaches for age-related neurodegenerative disease and beyond. 
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