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ABSTRACT 

Currently, many longitudinal cognition studies measure cognitive function with various 

instruments and in different cognitive domains. This issue makes making inferences about 

causal factors problematic because misclassification of the outcome can bias the null 

hypothesis. To address this issue, our study validated the use of cognitive trajectories (CT) to 

accurately predict low cognitive function versus high cognitive function. CT analysis provides a 

uniform method to detect cases of impairment when instruments for measuring CI are not 

consistent across data. 

Conclusively identifying risk factors for CI (AD) is an important public health priority as 

this information is required to effectively implement intervention strategies that have the 

potential to reduce morbidity and health care costs in an increasing senior population. 

Identifying risk factors and novel genes associated with AD will provide information that may 

illuminate the possible biological mechanisms that can influence the severity or rate of 

cognitive decline in AD patients. 
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CHAPTER ONE 

INTRODUCTION AND LITERATURE REVIEW: GENOMIC STUDIES OF COGNITION TRAJECTORIES 

Introduction 

Cognitive impairment (CI) is a common condition primarily affecting persons 60 years of age 

and older and the incidence and prevalence of CI increase with age [1]. CI is characterized by 

deficits in concentration, memory, reasoning, language and learning that interfere with 

independent living [1]. Dementia is the most common syndrome of CI and Alzheimer’s Disease 

is the primary cause of most dementias, accounting for 60% of all cases [1]. CI cases are 

expected to increase from an estimated 46.8 million individuals (2015) to 74.7 million 

individuals worldwide by 2030 [1]. Persons living with CI are disproportionately affected with 

other chronic illnesses and experience probability of hospitalizations 3 times higher than 

persons without CI [2]. As a result, these individuals have poor long-term health outcomes [2]. 

CI places a substantial economic burden on the US economy and healthcare system. It is 

estimated that dementia and Alzheimer’s disease (AD)  cost the US economy an estimated $159 

to $215 billion annually [2]. 

Age is the most prominent risk factor for CI; however, studies have implicated several other risk 

factors, including smoking, depression, hypertension, physical inactivity, diabetes, obesity, 

hyperlipidemia, cardiovascular disease, kidney disease, nutrition, cognitive inactivity and 

chronic inflammation [3]. However, findings regarding the effect of these behaviors and 

conditions on CI and dementia are still inconsistent [4]. Additional studies that are rigorously 

designed are required to clarify these risk factors for CI. Presently, only age and smoking have 

been conclusively identified as risk factors for CI [4, 5]. Studies have established that dementia 
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rates increase dramatically with advancing age, and a multi-ethnic longitudinal cohort study of 

21,123 participants conducted by Rusanen et al. determined that the risk of dementia was 

highest for smokers of 2 packs of cigarettes per day than for nonsmokers (unadjusted Cox 

proportional hazard 2.01 (95%CI1.57-2.58). Additionally, a positive dose response effect of 

smoking on CI was observed [4, 5]. Cognitive decline and risk of CI can also be attributed to 

genetic factors. Twin and family studies have determined that cognitive ability has considerable 

heritability [6, 7]. A twin-based study by Kremen et al. determined the heritability estimate for 

CI to be between 40% and 48%, while a single-nucleotide polymorphic-based heritability 

estimate was determined to be between 31% and 51% [7, 8]. Twin-based estimates tend to be 

higher because these study designs account for variation in gene-gene interactions as well as 

specific single genes [9]. 

To date, several genomic loci have been identified for CI in large-scale genomic-wide 

association studies (GWAS). So far, 3 GWAS have been conducted for CI, and a total of 131 

novel loci have been reported for CI [10-12].A GWAS meta-analysis of 53,949 participants, 

conducted by Davies et al., was able to identify 13 loci associated with cognitive function, and a 

subsequent study of 35,298 European participants, conducted by Trampush, was able to 

identify 2 additional novel loci associations [10, 12]. A GWAS by Davies et al. of 112,151 

participants investigating cognitive functions and educational attainment identified 36 loci 

associated with general cognitive function [11]. However, current findings for CI only explain a 

small proportion of its heritability [6, 7]. Measurement errors regarding CI, the cross-sectional 

nature of study designs, and relatively small sample sizes have been proposed as explanations 

for the missing heritability problem [13]. But many GWAS involving CI are inconsistent 
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regarding how they measure CI. The meta-analyses conducted by Davies et al. and Trampush et 

al. measured CI across multiple domains, but the same domains were not consistently 

measured among all participants. which could have led to misclassification that biased the 

results and underpowered their study. Additionally, neither study used longitudinal measures 

of CI to appropriately capture the variability in cognition, reduce measurement errors, or 

increase statistical power [10, 11]. Plomin et al. argues that GWASs with large sample sizes 

could potentially find loci accounting for as much as 75% of cognitive heritability [13]. Another 

important factor contributing to the missing heritability problem is the lack of gene-

environment interaction studies. It has been demonstrated that environmental factors can 

attenuate or augment the effects of genes on cognition [9]. For instance, physical activity can 

negate the negative effects of genes on memory [9]. 

As the proportion of individuals in the US aged 65 years and older increases, the incidence and 

prevalence of CI, dementia, and Alzheimer’s disease are also expected to increase along with 

their associated morbidities. Understanding the underlying mechanism of CI and developing 

effective interventions to reduce the risk of these conditions is a substantial public health 

challenge and priority. Therefore, the goal of our study is to identify novel genomic loci through 

genome-wide gene-environment interaction studies of longitudinal cognition measures and to 

delineate the causal role of potential risk factors in CI development through robust Mendelian 

randomization studies. The proposed analyses will be conducted among participants of the 

Health and Retirement Study (HRS), a nationally representative survey among US adults aged 

45 years and older. To achieve our overall objective, we will pursue the following specific aims: 
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Specific Aim 1 

To evaluate the validity of using cognitive trajectories to accurately identify CI cases. 

Specific Aim 2: 

To delineate the causal relationship of coronary artery disease and Alzheimer’s disease by 

Mendelian randomization. 

Specific Aim 3: 

To identify novel susceptibility genes for Alzheimer’s Disease through gene-based genome-wide 

association studies. 

Background 

Dementia places a substantial economic burden on the United States (US) economy. The annual 

direct health care disbursement for dementia totals an estimated $159 to $215 billion, with an 

estimated $41,000 to $56,000 annually per case [2]. As the most common form of dementia, 

AD has caused an estimated annual total disbursement of $109 billion [2]. These disbursements 

exceed those for cancer and heart disease [2]. Seventy-five to eighty-four percent of per-case 

expense can be attributed to home care and nursing home care [2]. The annual mean direct 

medical expense for CI compared to those without CI is marginal ($6,784 vs. $6,042, 

respectively) [14]. However, the direct annual medical expenses associated with prevalent 

dementia compared to CI are nearly double ($11,678 vs. $6784) [14]. As the US population 

ages, the estimated annual health care total disbursement due to dementia is expected to rise 

to $511 billion by 2040 [2, 14, 15]. Because of the expected increases in the burden of 

dementia, along with the associated financial impact, it is imperative that we investigate the 

pathogenesis of cognitive decline to delineate the underlying mechanisms of dementia and to 
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develop novel intervention strategies to prevent and/or slow cognition decline and improve 

health outcomes. 

The term “mild cognitive impairment” has been defined as the period of cognitive decline 

where cognition is no longer considered normal with respect to age but does not disrupt the 

ability to perform normal daily activities and does not meet the criteria for the diagnosis of 

dementia [16-19]. Amnestic MCI has been implicated as the intermediary between normal 

cognitive function and dementia, and it is believed to be the precursor to AD [5-8]. It is 

estimated that 10% to 20% of the US population 65 years and older have MCI, and 5% to 10% 

with MCI will progress to dementia, compared to 1% to 2% of the population without MCI [5]. 

The conversion rate from MCI to AD is estimated to be between 10% and 15% annually [8]. 

Studies have suggested that persons with MCI are at greater risk of developing serious illnesses 

and may have difficulty managing these illnesses if they progress to dementia [10]. 

MCI comprises two subtypes, amnestic and nonamnestic, and they are further subdivided into 

deficits of a single cognitive domain and of multiple cognitive domains [4, 16]. The incidence 

and prevalence of MCI vary in observational studies. The Mayo Clinic Study of Aging among 

1,969 participants found the prevalence of amnestic MCI to be 11.1% among those between 70 

and 80 years of age and nonamnestic prevalence to be 4.9% in the same age group [10]. This 

Mayo Clinic Study of Aging also revealed that 80% of persons with amnestic MCI converted to 

AD within 6 years of follow-up [20]. The Einstein Aging Study (EAS), a longitudinal cognitive 

aging and dementia study among 1,944 participants, confirmed findings by the Mayo Clinic’s 

Study of Aging [4]. The EAS also reported that there was only a marginal difference in prevalent 

MCI between men and women (22.2% and 21.0%, respectively) [4]. However, a significant 
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difference in MCI prevalence was identified between African Americans (AA) and European 

Americans (EA) (27.3% and 19.1%, respectively). The authors attributed this difference to the 

higher prevalence of nonamnestic MCI in AA (16.3% and 6.86%, respectively) [4]. Cognition is 

generally composed of 5 domains (Figure 1.1): Memory, Attention, Language, Visual-Spatial 

Perception, and Executive Functioning. The predominant feature of amnestic MCI is significant 

memory loss. Persons with amnestic MCI begin to forget important details that they once could 

recall (i.e., phone numbers, appointments, conversations or recent events), but other cognitive 

functions such as use of language, visuospatial skills and executive function are preserved [16]. 

As the condition progress, these cognitive domains can also be affected. Verbal and visual 

episodic memory are the major types of memory affected in amnestic MCI, and greatly impact 

the ability to function independently [21]. 

Figure 1.1. Cognitive Domains (Cognitive Therapeutics, 

http://cognitivetherapeutics.com/Services/interventions.php) 
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Executive Functioning includes cognitive abilities such as reasoning, problem solving, judgment, 

and cognitive flexibility; 

Attention refers to the ability to focus on a specific piece of information for a sustained period 

of time while suppressing awareness of other competing distractions; 

Language refers to the ability to execute verbal functions including spontaneous speech, speech 

repetition, speech comprehension, naming, reading and writing; 

Visual-Spatial Perception involves the ability to accurately perceive and understand the visual 

relationships between objects and space; 

Memory refers to the ability to retain information and utilize it later for adaptive purposes 

(Cognitive Therapeutics, http://cognitivetherapeutics.com/Services/interventions.php). 

The operational criteria for the diagnosis of CI is as follows [19, 22]; 

1. Consistent lapses in memory confirmed by a close informant.

2. Deficits in cognitive domains and memory, evidenced by lower than normal

performance for age on validated cognitive assessment tests. 

3. Retention of abilities to perform activities of daily living.

4. Retention of global cognitive function.

5. Nondemented.

Screening for CI could potentially improve health outcomes and reduce morbidity through the 

implementation of early interventions. A review by Lin et al. identified 27 diagnostic accuracy 

studies examining succinct screening methods that were of moderate to good quality for the 

detection of MCI [23]. Only 6 of these methods had been evaluated in more than one 

http://cognitivetherapeutics.com/Services/interventions.php
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appropriately designed diagnostic accuracy study [13]. These methods are the Mini-Mental 

State Examination (MMSE), the Questionnaire on Cognitive Decline, the Clock-Drawing Test, the 

Telephone Interview for Cognitive Status, the Mini-Cog and the Montreal Cognitive Assessment 

(MoCA) [13]. The MMSE was the major method, used by 51% of healthcare professionals and 

endorsed by the American Academy of Neurology [24]. However, the MMSE has limitations that 

pose great concern for researchers. One, it overestimates impairment in persons over 60 years 

of age with less than 9 years of education [25]. Two, it is insensitive to mild forms of cognitive 

deficits as well as right hemisphere dysfunction [15]. And three, it inaccurately detects cognitive 

impairment in persons with average and below average verbal IQs [15]. MoCA is another widely 

used method for MCI screening. One study found that the MoCA performed better than the 

MMSE in screening for MCI; sensitivity and specificity of the MoCA were 80.48% and 81.19%, 

respectively, compared to those of 66.34% and 72.94%, respectively, for the MMSE [24]. An 

additional advantage of the MoCA over the MMSE is that it measures executive and 

visuospatial functions more comprehensively [26]. However, the MoCA does take longer to 

administer than the MMSE [26]. Meanwhile, efforts have been made to predict the progression 

of MCI to dementia. Lee et al. developed a multi-domain risk prediction index that integrated 

functional dependence, magnetic imaging and cognitive test scores to classify amnestic MCI 

patients into categories of high, moderate, and low risk for conversion to AD (N = 382 US 

Caucasians). The prediction index  from MCI to AD has a sensitivity of 83.4% and specificity of 

76.4% [27].  

Treatment for CI is unclear. A meta-analysis conducted by Fitzpatrick-Lewis et al. identified that 

pharmacological interventions were ineffective and that behavioral and cognitive training 
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interventions only had modest effect [28]. There have been indications that interventions 

should target the stage of amnestic MCI, as this stage may be the most susceptible to 

treatment and carries the greatest risk of progression to AD [27]. Therefore, effective screening 

methods may improve the efficiency of intervention studies [27].  Meanwhile, studies are 

warranted to understand the underlying mechanisms, identify causal risk factors, and genes 

associated with CI and AD so that effective novel intervention strategies can be developed to 

prevent and treat CI and AD.  

Risk Factors for CI and AD 

The etiology of MCI is multifaceted. Biological, social, behavioral and environmental factors 

have been implicated in the pathogenesis of this condition as well as its progression to 

dementia and AD [3, 29-34]. Many factors have been associated with CI, including age, race, 

smoking, drinking, obesity, physical inactivity, depression, cognitive inactivity, hypertension, 

diabetes, cardiovascular disease (CVD), and chronic kidney disease. Of these factors, age and 

smoking are the conclusive factors that increase the risk of CI. However, there are limited 

studies that assess a broad range of risk factors [29]. Plassman and colleagues identified 

physical inactivity, diabetes, diet, smoking, depression, and cognitive inactivity as risk factors 

for cognitive decline [29]. Alternatively, Barnes and colleagues proposed that seven modifiable 

risk factors (obesity, hypertension, smoking, depression, cognitive and physical inactivity) are 

responsible for an estimated half of all dementia and AD cases [3]. More recent studies have 

corroborated some of these risk findings [35-43], and other studies have identified chronic 

kidney disease, chronic inflammation, alcohol consumption, vitamin A, education, 

homocysteine, metabolic syndrome, and high cholesterol as potential risk factors as well [31, 
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33, 34, 39, 44-51]. But many of these studies are observational and lack validation [17]. Nor do 

they examine a combination of risk factors [3, 29]. A systematic review by Deckers and 

colleagues found that depression, diabetes, cognitive inactivity, physical inactivity, 

hypertension, diet, obesity, smoking, alcohol consumption, chronic inflammation and 

cholesterol/hyperlipidemia were associated with an increased risk of cognitive decline [3]. 

Moreover, although an association was found for coronary heart disease, renal dysfunction, 

and cognitive inactivity, further studies are required to clarify the association as there were 

inconsistent results due to a small number of studies [3]. This study did not assess the 

association between education, vitamin A, homocysteine and cognitive decline because these 

are relativity new candidates as risk factors. Gender was not associated with MCI but race 

demonstrated an association with MCI [52]. African Americans (AA) were at greater risk of 

overall MCI; however, this was largely due to nonamnestic MCI being more prevalent among AA 

[52]. Amnestic MCI was more prevalent among Caucasians, and therefore, they are at higher 

risk than the AA population of developing dementia or AD [52]. 

The top risk factors for MCI are depression, cognitive inactivity, physical inactivity, 

hypertension, smoking, and diabetes. Studies have determined that depression substantially 

increases the risk of all dementias. A study by Diniz et al. estimated that persons experiencing 

depression had 85% higher risk of dementia than persons that do not and 90% higher risk for 

AD [3]. Cognitive activity has been shown to decrease the risk of AD by 62% [3]. Persons who do 

not engage in physical activity increased their risk of emerging dementia by 39%, and having 

hypertension increased risk by 61% [3]. The risk of dementia is increased by 47% for persons 



11 

affected with diabetes [3]. Conversely, studies have suggested that moderate alcohol 

consumption had a protective effect [3]. 

Studies have also identified cardiovascular disease (CVD) as a major risk factor for cognitive 

decline [53-55]. CVDs are the pathophysiological core of vascular cognitive impairment and 

causes 20% to 30% of all dementias [56]. The brain requires 25% to 50% of total blood glucose, 

20% of total oxygen and 15% of total cardiac output to function properly [56].  A meta-analysis 

indicated that 10% of patients developed dementia following their first stroke, and more than 

30% developed dementia after a second stroke [57]. The Framingham Heart Study implicated 

that elevated systolic blood pressure was associated with declining cognitive function. Poor 

cognitive performance risk increased for every 10 mmHg in systolic blood pressure above 120 

mmHg [57]. However, currently, only age and smoking are conclusive risk factors for CI. As 

stated, smoking more than 2 packs per day increases the risk of dementia and Alzheimer’s 

disease by more than 100% (HR 2.14 95%CI 1.65-4.03) [5]. 

Heritability and Genetic Studies of CI 

Cognition is also determined by genetic factors and their interactions with environmental 

factors. The heritability of cognition ranges from 40% to 48% in population-based studies and 

from 31% to 51% in family and twin-based studies [6, 7]. Genomic studies, including candidate 

gene studies, genome-wide complex trait analysis (GCTA), and GWAS of CI, have made 

substantial progress. However, the current genomic findings explain only a small proportion of 

the CI heritability. Many factors have been postulated for the variation in heritability. This 

phenomenon is commonly referred to as the missing heritability problem (MHP) [13]. It is 

postulated that MHP is the result of multiple genes of small effect size being responsible for the 
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heritability of compound traits [13]. As a result of this complexity, associations conducted by 

GWAS fail to identify or replicate significant SNPs [13]. Plomin and colleagues suggested two 

reasons for the MHP: first, that commercial DNA arrays do not include rare DNA variants, and 

second, that twin and adoption studies may overestimate heritability [13]. 

Genome-wide complex trait analysis (GCTA)  

Genome-wide complex trait analysis (GCTA) is a new population-based method for estimating 

the genetic variance explained by all SNPs genotyped in a sample, not solely SNPs that belong 

to family members as used in twin and adoption studies [13]. GCTA requires large sample sizes 

in which everyone has been genotyped for hundreds of thousands of SNPs. The analysis does 

not identify genes that are correlated with specific traits but uses probability similarities across 

thousands of SNPs to forecast phenotypic similarities, pair by pair, in large samples of unrelated 

persons. GCTA can miss genetic effects due to unrelated causal variants that are not associated 

with common SNPs on genotyping arrays [13]. An additional drawback to GCTA is that it only 

captures additive genetic effects [13], while twin and adoption studies account for both 

additive and nonadditive effects [13]. Despite these deficits, GCTA has been an invaluable 

method to estimate the variance in cognitive ability due to genetic factors. GCTA was initially 

used to investigate cognitive ability in a group of 3,500 unrelated adults, and the results 

determined heritability estimates of crystallized and fluid intelligence to be 0.40 and 0.51, 

respectively [13]. Plomin and colleagues conducted a study to compare heritability estimates 

generated by GCTA to those generated by a twin study design in a sample of 3,154 pairs of 12-

year-old twins [13]. General, nonverbal, verbal cognitive ability and language abilities were the 

measures assessed, and a ratio measure of GCTA heritability estimates to twin-based estimates 
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was used to assess the accountability of GCTA estimates to twin-based estimates. This study 

determined that general cognitive ability had the largest estimates at .35, 95% CI(.12, .58) and 

.46, 95% CI (.36, .48) by GCTA and twin design, respectively, with a ratio estimate of .76 [13]. 

This finding suggests that twin-based estimates may be inflated, but this hypothesis is not 

clearly supported, as twin-based studies account for both additive and nonadditive effects, 

while GCTA accounts only for additive effects and thus has lower heritability estimates [13]. 

However, this study does provide evidence that GWASs with appropriately large sample sizes 

will have greater success in identifying SNPs/genes associated with cognitive ability, accounting 

for roughly 75% of cognitive heritability using current DNA technology [13]. 

Candidate Genes and Polymorphisms   

Candidate gene studies focus on genes that are functionally relevant to cognitive functions 

based on a priori knowledge and test associations of SNPs within the candidate genes with 

cognitive impairment. Candidate gene studies offer a powerful approach for detecting genetic 

variants that influence cognition. Many candidate genes have been studied for AD and its 

related phenotypes, particularly proteins or their precursors involved in senile plaque formation 

[58-63]. 

Liu et al. found that genes TOMM40 and MAPT/STH, associated with amyloid-β and tau 

proteins, respectively, were associated with amnestic MCI among 209 Chinese participants [63]. 

This study also reported that the apolipoprotein gene (APOE), a gene responsible for 

transporting cholesterol, was associated with MCI [63]. This study determined that 

polymorphisms TOMM40 rs157581 and rs2075650, MAPT/STH rs242562, and APOE 4 

rs8126696 were associated with amnestic MCI [63]. However, this study was relatively small 
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and only conducted in a Chinese population; therefore, the findings may not be generalizable 

across different populations. 

Golanska and colleagues discovered that the APBB2 coding β amyloid precursor protein-binding 

family member 2 was associated with CI among 150 Caucasian centenarians [59]. In these 

centenarians, APBB2 rs13133980 and hCV1558625 were associated with an increased risk of 

severe CI [59]. Similarly to those mentioned above, the major limitation to this study was its 

substantially limited sample size. 

A cohort study involving 5,994 65-year-old osteoporotic Caucasian men and 9,704 osteoporotic 

Caucasian women determined that genes BIN1, CD33, CELF1, CR1, HLA CLUSTER, and MEF2C1 

were associated with cognitive decline among women and ABCA7, HLA cluster, PICALM, PTK2B, 

SLC24A4, and SORL1 were associated with cognitive decline among men. A major limitation of 

this study is that it did not explain the function of the genes identified and it also used two 

different methods to assess cognitive impairment. 

Li and colleagues determined that polymorphism rs1699102 of the SORL1 (sortilin-related 

receptor) gene, which modulates amyloid-β production and amyloid precursor protein 

processing, was associated with rapid cognitive decline among 780 non-demented Chinese 

participants older than 50 years of age [62]. Other polymorphisms of SORL1 were not assessed 

in this study. 

Genome-wide Association Studies 

Genome-wide association studies (GWAS) evaluate associations of dense panels of SNPs 

covering the entire genome with disease outcomes and are a powerful hypothesis-free 

approach for the discovery of susceptibility loci for common complex traits such as cognition 
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and CI. Early studies used a case-control design and commercial genotyping chips with different 

genotyping resolutions, such as the Affymetrix 100k or 500k and Illumina 300k chip [64]. 

GWASs were conducted in three stages: discovery, replication and meta-analyses [64, 65]. In 

the discovery stage, genome-wide association analyses were performed for all SNPs with 

disease or disease-related measures, and SNPs with suggestive findings (P<1E-5 or 1E-6) were 

carried forward to the replication stage analyses [64, 65]. In the replication stage, promising 

findings identified in the discovery stage were evaluated for association with the same disease 

or disease-related trait in a second independent population [64, 65]. Then, results across the 

discovery and replication stages were combined using meta-analysis methods. SNPs with 

replication p-values <0.05, meta-analysis stage p-value <5E-8 and having consistent effect size 

directions across the discovery and replication stages were deemed significant [64, 65]. An 

important consideration for conducting GWASs is the appropriate sample size (power) to detect 

a causal genetic variant. 

To date, it has been challenging for GWASs to identify associations between SNPs and cognitive 

abilities, largely due to sample size limitations that can influence the power required to detect 

an effect. Moreover, very few GWASs have investigated genetic variants associated with 

cognitive function [10-12]. Trampush and colleagues conducted a GWAS meta-analysis of 

35,298 participants, firstly, to investigate associations between genetic variants and cognitive 

function and, secondly, to determine the degree to which general cognitive function correlates 

to previously published neurobehavioral phenotypes [10]. This study discovered a novel SNP for 

cognitive function: a variant of CENPO rs76114856, which encodes a centromere complex. The 

study also revealed that genetic variants determining cognitive performance were also strongly 
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correlated with years of education, absence of psychiatric disorders and smoking status [10]. 

The major limitation of this study was that the population’s age range spanned from 

adolescents to seniors [10]. It has been determined that cognitive ability is reduced in early 

childhood in relation to adulthood, which can distort the effect in favor of detecting a 

significant finding. 

Davies et al. conducted the largest GWAS to date for 3 cognitive domains (verbal-numerical 

reasoning, reaction time and memory) and educational attainment using the UK Biobank 

participants (N=112,151). The study identified 149 novel SNPs associated with verbal-numerical 

reasoning, 36 SNPs associated with reaction time, and 1,115 SNPs associated with educational 

attainment, while 327 SNPs were associated with general cognitive function  [11]. The study did 

not identify any SNPs associated with memory. Because educational attainment shared an 

association with SNPs previously identified for general cognitive function, it was suggested that 

educational attainment could possibly serve as a proxy for cognitive function [11]. This study 

did not measure cognitive functions by standardized test, posing a limitation in that the study’s 

findings had little overlap with those reported in previous studies using standard cognitive 

tests. In addition, all participants were British Caucasians, which limited generalizability [11]. 

A meta-analysis conducted by Davies et al. using a cohorts of middle-aged and senior 

participants (N=53,949) from the Cohort for Heart and Aging Research in Genetic Epidemiology 

(CHARGE) identified 13 SNPs within 4 genes that were associated with general fluid cognitive 

function: TOMM40, APOE, MEF2C and ABCG1 [12]. These genes were previously identified as 

being associated with AD [12]. The results of this study demonstrated that cognitive function 

was heritable and likely polygenic [12]. Limitations included that the same cognitive domains 
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measured were not uniformly applied to participants, nor were the same tests administered to 

all participants, which increased the risk of misclassification. 

Gene-Environment Interaction 

Education and APOE 

Cognition is also influenced by the interaction of genes with environmental factors such as 

lifestyle behaviors. Environmental factors can modify the association between 

genes/polymorphisms and cognitive ability. Gene-lifestyle interaction analyses have been 

proposed to explore the missing heritability of many complex traits, including CI [8, 66-72]. 

Such analyses account for the influence of environmental factors and help to identify genetic 

variants that function under certain environments. Using powerful 2-degree-of-freedom (df) 

joint interaction tests [8,66-72], gene-lifestyle interaction studies have successfully identified 

many novel loci underlying complex traits such as blood pressure [8,66-72]. Unfortunately, 

gene-lifestyle interaction analyses on cognitive function have only been explored in candidate 

gene studies [8,66-72]. These studies have primarily focused on the interactions between the 

APOE gene and lifestyles, due to extensive genetic research identifying APOE Є4’s association 

with Alzheimer’s disease and cognitive decline [73, 74]. Twenty-five to thirty percent of the US 

population are carriers of the APOE Є4 allele [73]. 

Smoking and APOE 

In the Rotterman study, when stratified by genotypes of the APOE gene, smoking was a strong 

risk factor for Alzheimer’s disease, but only among individuals without the APOE Є4 alleles, not 

among those carrying the APOE Є4 alleles [75]. Similarly, in a study by Reitz et al., current 

smokers lacking the APOE Є4 alleles had faster memory decline. 
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Studies investigating the joint effect of education and APOE regarding cognitive ability have 

produced mixed results. A longitudinal study (Canadian Study of Health and Aging) comprising 

1,185 seniors determined that educational attainment and physical activity were modifiers of 

the association between APOE and CI [76]. Higher education and regular physical activity 

reduced the risk of CI [76]. The educational joint effect was corroborated by Cook and Fletcher 

(2015), whose study determined that carriers of the APOE Є4 allele who had completed high 

school or less had a greater risk of cognitive decline than those who had completed college 

[77]. However, a study by Seeman et al. (2005) reported a three-way interaction of education, 

APOE Є4 and time with respect to cognitive ability (memory), showing that cognitive decline 

was greatest for persons with the Є4 allele and educational attainment above 8 years, which 

indicated that education may amplify the effect of the APOE Є4 allele. In contrast, Van Gerven 

et al. (2012) were not able to identify any significant interactions between APOE Є4 and 

educational attainment with respect to cognitive decline. 

Cognitive activity and APOE 

The β-amyloid (Aβ) protein forms the characteristic plaque, a precursor of Alzheimer’s disease, 

and is the primary cause of neurodegeneration, which leads to cognitive decline in AD [78]. 

Wirth and colleagues (2014) hypothesized that extensive lifetime cognitive activities such as 

reading and cognitive games may reduce Aβ burden. They tested whether a joint effect existed 

between cognitive activity and APOE Є4 with respect to AD pathogenesis. Their study 

determined that lifetime cognitive activity in carriers of this allele regulated Aβ plaque 

deposition. APOE Є4 carriers who engaged in greater cognitive activity had lower Aβ plaque 

deposition [78]. However, nonsignificant results were determined for noncarriers [78].  
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BMI and APOE  

BMI is a risk factor for CVD, diabetes and hypertension. Each of these conditions have been 

independently associated with cognitive decline [73]. Rajan et al. (2014) investigated the joint 

effect of body mass index (BMI) and APOE Є4 with respect to cognitive decline in 4,055 seniors, 

while controlling for age, education, gender, heart disease, stroke, diabetes and hypertension. 

They determined that BMI modified the association between APOE Є4 and cognitive decline 

[73]. The APOE Є4 allele was not associated with increased cognitive decline in obese persons; 

in general, cognitive decline was slower in obese persons with the APOE Є4 allele than normal 

BMI persons with the APOE Є4 allele [73]. 

Cortisol and APOE 

Cortisol is a steroid produced by the adrenal gland in response to stress and is implicated as a 

risk factor for cognitive decline [79]. Lee et al. (2008) investigated the joint effect of cortisol and 

APOE genotypes with respect to cognitive function in 967 seniors 50-70 years of age. They 

determined that elevated levels of cortisol metrics (pretest, mean and AUC) were associated 

with poor cognitive performance [79]. Carriers of two APOE Є4 alleles who had elevated 

cortisol were at greater risk of cognitive deficits than those without or with only one copy of 

the Є4 allele. This finding provides evidence that APOE Є4 modifies the association between 

cortisol and cognitive function [79]. 

Overall, these gene-environment interaction studies using the candidate gene approach help 

elucidate the mechanism of CI development and AD.  
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Mendelian Randomization 

Mendelian randomization (MR) is a robust technique that uses genes/SNP proxies for potential 

risk factors to delineate causal relationships between the factors and a specified disease 

outcome. According to Burgess et al. (2017), the following assumptions must be met for a 

genetic variant to be used as a proxy: “a genetic variant must be associated with the risk factor; 

the genetic variant is not associated with confounders of the risk factor–outcome relationship; 

and the genetic variant is not associated with the outcome conditional on the risk factor and 

confounders of the risk factor–outcome relations” [80].  This technique is resistant to 

confounding, reverse causation, and selection bias. However, this approach must consider 

population stratification and pleiotropy [81]. 

Some unique features of MR have made it widely adopted for causal inference. First, a genetic 

variant can impact exposure through an effect on constitutional tendency [81], for instance, 

variants that influence the tendency to smoke. Secondly, genetic variants may impact an 

intermediate phenotype, such as serum cholesterol [81]. Third, a biological response to an 

environmental exposure can be altered by a genetic variant [81]. Fourth, genetic variants can 

classify modifiable exposures that are not easily measured [81]. Fifth, maternal genotypes can 

be investigated as causal factors of intrauterine exposure [81]. And lastly, genetic variants can 

be used to characterize exposures that impact disease risk [81]. 

AD Susceptibility Genes 

 Genome-wide association studies (GWAS) have identified 21 risk loci that affect AD phenotype 

(CR1, BIN1, INPP5D, MEF2C, TREM2, CD2AP, HLA-DRB1/HLA- DRB5, EPHA1, NME8, ZCWPW1, 

CLU, PTK2B, PICALM, SORL1, MS4A4/MS4A6E, SLC24A4/RIN3, FER- MT2, CD33, ABCA7, CASS4, 
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APOE)  [82, 85]. And It is estimated that these loci account for 28% of AD’s heritability and 30% 

of the familial risk [86]. Having a first degree relative affected with AD increases the relative risk 

for AD (3.5 95% CI 2.6-4.6) [86]. Studies have found that 30-48% of AD patients had an affected 

first degree relative [86]. The most prominent genetic risk factor for AD was thought to be the 

APOE gene but comprehensive European and International GWAS have identified novel risk 

genes associated with the amyloid β pathway and many of these genes are linked to the 

immune system, CLU, CR1, ABCA7, CD33, EPHA1 and MS4A gene cluster [83, 86, 87]. Several 

more AD risk genes are correlated with synaptic function (PICALM, CD33, CD2AP, EPHA1, and 

BIN1) and lipid metabolism were also identified (CLU and ABCA7) [87].  

Statistical Analysis 

To address Specific Aim 1, of whether cognitive trajectories accurately identify CI cases, 

trajectory modeling was conducted to determine group assignment and cognitive trends over 

time for normal vs. cognitive impairment or worse using the summary cognitive scores 

collected at specific time points.Descriptive baseline statistics were also generated for ADAMS 

and Rand HRS.    

To assess the validity of cognitive trajectory modeling to predict cognitive status, we calculated 

the sensitivity,specificity, positive predictive value , and negative predictive value using the 

physicians’ diagnostic evaluation of the ADAMS participants as the gold standard. Duke 

University specialists (neurologist, neuropsychologist, cognitive neuroscientist and 

geropsychiatrist) reviewed and designated a preliminary research diagnosis of cognitive status: 

normal, cognitive impairment but not demented, and demented (definition based on DSM-II-R 

and DSM-IV) [75]. The preliminary diagnosis was revised by the study geropsychiatrist when 
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medically justified [75]. All analyses were executed in SAS 9.4 (SAS Institute, Cary, North 

Carolina, USA). 

To address Specific Aim 2, of using a two sample Mendelian randomization study to delineate 

causal relations of coronary artery disease and AD. An inverse regression analysis modeling was 

conducted to assess the effect of SNPs associated with CAD and SNPs associated with AD.. 

To address Specific Aim 3, of identifying novel genomic loci through gene-based analysisof AD, 

we used GATES and ECS (VEGAS) statistical methods to identify genes associated with AD. This 

procedure was implemented in KGG4 software. 

Implications 

Currently, many longitudinal cognition studies measure cognitive function with various 

instruments and in different cognitive domains. This issue can make investigating causal 

inferences problematic because misclassification of the outcome can bias the null hypothesis. 

To address this issue, our study validated the use of cognitive trajectories (CT) to accurately 

detect dementia and cognitive impairment. To date, there are no known studies investigating 

the validity of CT to detect CI. CT analysis provides a uniform method to detect cases of 

impairment when instruments for measuring CI are not consistent across data. 

Understanding the underlying biological mechanism and conclusively identifying risk factors for 

CI and AD are an important public health priority as this information is required to effectively 

implement intervention strategies with the potential to reduce morbidity, mortality and health 

care costs in an increasing senior population. Identifying novel SNPs associated with CI and AD 
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will provide information that may illuminate the possible gene-gene interactions that can 

influence the severity or rate of decline of CI.      
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ABSTRACT 

INTRODUCTION 

It is estimated that 10% to 20% of persons 65 years and older are affected by cognitive 

impairment (CI), and 32% to 53% of these individuals will progress to some form of dementia. 

The goal of our study was to assess the validity of using trajectory analysis to accurately 

determine cognitive status and determine the underlying association of heart disease and low 

cognition trajectory. 

METHODS 

Participants were selected from the Aging Demographics and Memory Study (ADAMS). 

Modeling was conducted using the SAS Proc Traj procedure to determine group membership 

and cognitive trends over time for normal vs. cognitive impairment or worse. 

RESULTS 

We have determined that trajectories of cognitive impairment had a sensitivity and specificity 

of 85% and 70%, respectively, and a positive predictive value of 80% and a negative predictive 

value of 77%. Low cognition trajectory was associated with self-reported heart disease. 

CONCLUSION 

Our findings indicated that trajectory analysis achieves greater accuracy than the Mini-Mental 

State Examination (MMSE) and comparable accuracy to the Montreal Cognitive Assessment 

(MoCA). 
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Introduction 

Cognitive impairment (CI) is a common condition of aging and is defined by deficits in memory, 

concentration, reasoning, language and learning that interfere with performance of daily 

activities required for independent living [1]. Dementia is the most common form of CI and 

affects an estimated 46.8 to 74.7 million individuals worldwide. Individuals affected with CI 

disproportionately experience other chronic illnesses and experience 3 times higher 

hospitalizations than those without CI [1]. 

Currently, there are several methods available for evaluating cognitive impairment. Lin et al. 

identified 27 accuracy diagnostic studies assessing cognitive impairment, although these studies 

varied in quality [3]. This variability in screening quality increases the likelihood of false positive 

as well as false negatives (misclassification). The Mini-Mental State Examination (MMSE) was 

the most widely used screening method, with 51% of healthcare professionals employing its 

use [4]. However, the MMSE has limitations. One, it overestimates impairment in persons over 

60 years of age with less than 9 years of education [4]. Two, it is insensitive to mild forms of 

cognitive deficits as well as right hemisphere dysfunction [4]. And three, it inaccurately detects 

cognitive impairment in persons with average and below average verbal IQs [4]. Alternatively, 

the Montreal Cognitive Assessment (MoCA) is a better method for screening CI, as its sensitivity 

and specificity were 80.48% and 81.19%, respectively, compared to 66.34% and 72.94% for 

MMSE [4]. 

Typically, individuals affected by dementia/Alzheimer’s disease have a lengthy preclinical phase 

prior to the onset of cognitive and physical deterioration [5, 6]. Trajectories of cognitive 

impairment may provide discernment into the temporal patterns of deterioration and identify 
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those at the greatest risk of becoming demented, as well as identify those who may benefit 

from participating in clinical studies investigating interventions [5, 6]. Trajectory modeling 

presumes that a study population comprises distinct groups with different latent trajectories 

[7]. This method distinguishes groups of individuals with similar trends in progression of the 

outcome of interest over time and assumes that the repeated measures of the outcome are 

outcomes of the initial exposure by adjusting for group behavior [7]. 

Longitudinal data with time-based measures of cognition provide the underpinning for the 

analysis of the temporal patterns of decline. However, the statistical methods employed can 

affect the results obtained [8]. Generalized estimates of equations (GEE), random effects 

models, and growth mixture modeling have been popular methods for conducting trajectory 

analysis, and each method yields robust estimates. However, these models assume that all 

individuals in the population decline at a uniform rate and that all individuals are members of 

the same population specified by the individual’s average cognitive trajectory [8]. Mixture 

models have the advantages of relaxing the single population assumption, thereby permitting 

the classification of individuals with similar trajectories, the evaluation of unobserved classes of 

individuals with homogenous trajectories and the evaluation of a class’s distinct risk factors [8]. 

The SAS Proc Traj procedure is ideally suited to perform this type of analysis as it has several 

advantages. The procedure is easy to use; accommodates missing data, sample weights, and 

overlapping cohort designs; and can also accommodate irregular spacing of measurements [9]. 

The objective of this study was to determine if group-based trajectory modeling (mixture 

model) was a valid and comparable method to assign cognitive status (impaired vs. normal) 
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versus physician diagnosis in senior adults using the nationally representative cohort of Aging 

Demographics and Memory Study (ADAMS) participants. 

Methods 

Participants 

To facilitate this study, participants were selected from the Aging Demographics and Memory 

Study (ADAMS) and the Rand Health and Retirement Study (Rand HRS, demographics 

information). Both studies are sub-studies of the University of Michigan Health and Retirement 

Study (HRS), which is a longitudinal representative survey study of health, housing, 

employment, disability, demographics, health care utilization and income within the US 

population of persons aged 50 years or older (and spouses) and is supported by the National 

Institute on Aging and the Social Security Administration [10]. The objective of the HRS is to 

enable research in the areas of financial fitness, health insurance policy, and retirement policy, 

and it integrates data from 1992, 1993, 1994, 1998, 2000, 2002, 2004, 2006, 2008, 2010, 2012 

and 2014 [10]. 

The objective of the ADAMS was to acquire clinical assessments of dementia for participants 

who were 70 years of age or older [11]. Assessments were conducted between August 2001 

and December 2003, with a final sample size of 856 participants [11]. The ADAMS was stratified 

regarding gender, age and cognitive test scores in order to ensure adequate sampling over the 

complete range of cognitive status [11]. Based on a battery of cognitive tests, respondents were 

classified into cognitive strata: demented, cognitive impairment but not demented (CIND) and 

normal [11]. Composite scores of the full battery of cognitive tests (ranging from 0 to 35 points) 

were used to classify self-respondents and used in trajectory modeling (scores against time). 
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The follow ups for these cognitive batteries were taken at 18-month intervals for the 2002, 

2004, 2006, 2008, and 2010 waves. 

The Rand HRS is a consolidated, user-friendly version of the HRS data containing derived 

variables that are consistently identified across waves. The data includes imputated information 

for medical expenditures, income and assets [12]. This data was merged with ADAMS data to 

obtain demographic information on ADAMS participants. 

Statistical Analysis 

Trajectory modeling (mixture model) was conducted using the SAS Proc Traj procedure to 

determine group membership and cognitive trends over time for normal vs. demented or 

worse using the summary cognitive scores collected at specific time points. A univariate model 

was chosen to investigate the validity of trajectory modeling to predict cognitive impairment. 

Two x two tables were generated to evaluate the sensitivity and specificity for detecting 

impairment, normal versus demented or worse. Descriptive baseline statistics were also 

generated for ADAMS participants. 

To assess the validity of cognitive trajectory modeling to predict cognitive status, we calculated 

the sensitivity, specificity, positive predictive value and negative predictive value using the 

physicians’ diagnostic evaluation of the ADAMS participants as the gold standard. Cognitive 

measures included vocabulary tests to assess baseline intelligence and an abridged version of 

the Telephone Interview for Cognitive Status (TICS). The abridged version included an object-

naming test, a timed counting backwards test, the serial sevens subtraction test, an immediate 

and delayed 10-noun free recall test and the Informant Questionnaire on Cognitive Decline in 

the Elderly (IQCODE). Duke University specialists (a neurologist, neuropsychologist, cognitive 
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neuroscientist and geropsychiatrist) reviewed the test results as well as proxy interviews and 

designated a preliminary research diagnosis of cognitive status: normal, cognitive impairment 

but not demented, and demented (definition based on DSM-II-R and DSM-IV). The preliminary 

diagnosis was revised by the study geropsychiatrist when medically justified.. All analyses were 

executed in SAS 9.4 (SAS Institute, Cary, North Carolina, USA). We tested the association of self-

reported heart problems and cognitive trajectories in 2000 Rand HRS participants using Chi-

square. 

Results 

Table 2.1 displays the demographic characteristics of the ADAMS participants by cognitive 

status. The median age for cognitively normal individuals and CIND individuals were very similar 

but not statistically significant, 82 years and 83 years, respectively. There was a statistically 

significant difference in median education, 12 versus 10 for CIND individuals. There were no 

significant differences for BMI, number of chronic conditions, or income. For the remaining 

characteristics, the proportion of Caucasians and blacks was significantly different between the 

two groups, as was the proportion of those who ever drank alcohol. 

Table 2.2 displays the trajectory group assignment and distribution of cognitive status among 

ADAMS participants, group 1 (cognitively impaired) and group 2 (cognitively normal), as well as 

the sensitivity, specificity, positive predictive value, and negative predictive value, 85%, 70%, 

80%, and 77%, respectively. We also found that the relative risk of belonging to a low CI 

trajectory given heart problems was 1.4 (95% CI 1.06-1.77) (table 2.3).  The results from the 

trajectory analysis (high and low trajectories) are displayed in Figure 2.1. 
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Discussion 

We have demonstrated that trajectories of dementia and cognitive impairment had a sensitivity 

of 85% and 70% specificity, respectively, and a positive predictive value of 80% and a negative 

predictive value of 77%. To our knowledge, our study was the first to investigate the validity of 

cognitive trajectory analysis within an aging HRS population to assess cognitive status. Our 

findings indicated that trajectory analysis achieves greater accuracy than the MMSE and 

comparable accuracy to the MoCA. The validity of our findings was enhanced by the status of 

the HRS data. The response rate for HRS was 80%, with a re-interview rate for succeeding 

waves being 92-95% [13]. Additionally, the Survey Research Center at the University of 

Michigan has fruitfully tracked 98-99% of HRS participants [13]. ADAMS data provided 

information on dementia from participants from all regions of the United States utilizing a 

uniformed diagnostic protocol [10]. All testing was independently scored by 2 clinical 

neuropsychology technicians before a final review by a PhD-level neuropsychologist [10]. 

However, there are a few important limitations involving the use of ADAMS data. Firstly, the 

generalizability may be less than optimal due to the lower response rate of 56% [10]. And 

secondly, the ADAMS furnishes data on the prevalence of cognitive impairment, which hinders 

determining the causality of potential risk factors [10]. Nevertheless, the latter limitation does 

not affect the goal of this study, which was to determine the validity of trajectory analysis in 

predicting cognitive impairment. We demonstrated that trajectory analysis performs better 

than the widely used MMSE at predicting cognitive impairment [4]. Furthermore, we 

demonstrated that trajectory analysis may be a viable alternative when cognitive assessments 
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are not congruent in subsequent waves or secondary datasets, provided that the assessments 

are collected consistently over time. 

Because our focus was determining the comparability of cognitive trajectories versus 

conventional physician diagnosis, we are very confident that our findings are well supported by 

the SAS Proc Traj procedure. The foundation of this procedure can be structured on a 

semiparametric group-based mixture model, which has the advantage of not being constrained 

by the single population assumption nor by the assumption that a single trajectory suitably 

approximates the entire population [14]. This procedure facilitates a graphical presentation of 

data that is easily understood and displays the repercussions of distinct trajectories of decline. 

This method can also serve to harmonize cognitive status across studies to increase power and 

validity of future studies. 
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Table 2.1. ADAMS participant characteristics by cognitive status 

Characteristics NORMAL (N=139) CIND or WORSE (N=533) 

Age* 82 (95%CI 81.7-83.4) 83 (95%CI 83.0-85.2) 

Education (yrs)* 12 (95%CI 12.2-13.2) 10 (95%CI 9.1-9.8) 

BMI* 25.1 (95%CI 24.7-26.7) 26.5 (95%CI 26.4-28.1) 

Chronic conditions* 2.0 (95%CI 1.75-2.16) 2.0 (95%CI 2.43-2.68) 

Gender 

Male 66 (47.5%) 201 (37.7%) 

Female 73 (52.5%) 332 (62.3%) 

Race 

Caucasian 125 (89.9%) 388 (72.8%) 

Black 11 (7.9%) 123 (23.1%) 

Other 3 (2.2%) 22 (4.1%) 

Smoke (Ever) 

yes 54 (62.1%) 104 (61.2%) 

no 33 (37.9%) 66 (38.8%) 

Drink (Ever) 

yes 46 (52.3%) 55 (32.2%) 

no 42 (47.7%) 116 (67.8%) 

Hypertension (Ever) 

yes 46 (52.3%) 102 (60%) 

no 42 (47.7%) 68 (40%) 

* median values



46 

Table 2.2. Cognitive 
trajectories versus ADAMS 
status (N=325) 

Trajectory 
group 

assignment ADAMS Status Sensitivity 85% 

Cognitive 
impairment or 

worse Normal Specificity 70% 
Low 162 40 Positive predictive value 80% 
High 28 95 Negative predictive value 77% 

Table 2.3. Cognitive 
trajectories versus self-
report Heart Disease 
(N=2000) 

Trajectory 
group 

assignment 
Self-reported Heart 

Disease Status Statistic Prob 

Yes No Chi-Square  Df =1 0.0192 
Low 49 131 Value 
High 361 1459 Relative Risk     MH 1.37(1.06-1.77) 
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Figure 2.1. Trajectory of cognition scores in 10-year follow up 
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CHAPTER THREE 

INVESTIGATING CAUSALITY IN THE ASSOCIATION OF CORONARY ARTERY DISEASE AND 

ALZHEIMER’S DISEASE 

Gillis, E., Li, C. Miles, T. To be submitted to the Journal of Alzheimer’s Disease 
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Abstract 

AD is the most common cause of age-related dementia, accounting for 60% of dementia cases 

in the United States, and is the fifth-leading cause of death among persons 65 years and older. 

It has been postulated that the risk for cardiovascular disease (CVD) and AD may share the 

same biological pathway. The objective of our study was to evaluate the causal effect of CAD on 

AD risk by Mendelian randomization using summary genome-wide association study (GWAS) 

data from the International Genomics of Alzheimer’s Project (IGAP) and CAD summary data 

from 4 large-scale GWASs. We determined that the odds of AD were 1.89 (95% CI 1.18-3.03) 

per doubling of the odds of CAD. 

Introduction 

Alzheimer’s disease (AD) is a neurodegenerative disease that causes cognitive degeneration and 

cannot be cured or prevented, nor can its progression be slowed [1, 2]. It is caused by the 

proliferation of the protein plaques beta amyloid and tau on the exterior and interior of 

neurons, causing cell death by interfering with neuron-to-neuron communication and the 

transport of essential nutrients into neurons [1]. AD is characterized by a progressive decline in 

memory, dysfunction in sensory motor function, impairments in language and spatial 

orientation [1]. These symptoms result in the inability to perform tasks required for 

independent living [1]. AD is the most common cause of age-related dementia, accounting for 

60% of dementia cases in the United States, and is the fifth-leading cause of death among 

persons 65 years and older [2]. It is estimated that 10% of Americans 65 years and older are 

living with AD, and 2 in 1000 are affected annually in this age range [1, 2]. Age, family history of 
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AD and carrying the APOE 4 allele are the most prominent risk factors; however, atherosclerotic 

disorders have also been implicated as potential risk factors [1]. 

Studies have demonstrated that vascular pathology has a causal role in the development of AD 

and dementias [2-7]. Both AD and coronary artery disease (CAD) share genes associated with 

low-density lipoprotein cholesterol and total cholesterol [3]. It has been postulated that the risk 

for cardiovascular disease (CVD) and AD may share the same biological pathway [3]. 

Cholesterol has been robustly established as a risk factor for cardiovascular disease (CVD), and 

studies have determined that lowering circulating cholesterol may lower the risk of AD [3]. 

Coronary artery disease has been associated with reduced cognitive ability and the 

neuropathological lesion of Alzheimer’s disease [4, 8]. Moreover, coronary heart disease was 

found to be associated with an increased risk of cognitive impairment and dementia (OR = 1.45, 

95% CI 1.21-1.47) [9]. 

Mendelian randomization (MR) is a technique that uses genetic variants as proxies for an 

exposure to evaluate the causal relationship between an exposure and outcome in 

observational epidemiological studies that are limited by confounding and reverse causation 

[10]. Because this technique is resistant to confounding and reverse causation, MR provides 

supporting evidence for causality [10]. However, there are 3 assumptions that must be 

satisfied: The genetic variant is associated with the exposure, the genetic variant is not 

associated with confounders of the exposure-outcome association, and the genetic variant is 

independent of the outcome [10-12]. Currently, there are minimal studies evaluating the 

association between cardiovascular diseases and AD, and, as a result, findings are inconclusive. 

The objective of our study was to evaluate the causal effect of CAD on AD risk by Mendelian 
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randomization using summary genome-wide association study (GWAS) data from the 

International Genomics of Alzheimer’s Project (IGAP) and CAD summary data from 4 large-scale 

GWASs. 

Methods 

The International Genomics of Alzheimer’s Project (IGAP) is a two-stage meta-analysis of 4 

previously published genome-wide association studies (The European Alzheimer's Disease 

Initiative, EADI; the Alzheimer’s Disease Genetics Consortium, ADGC; the Cohorts for Heart and 

Aging Research in Genomic Epidemiology consortium, CHARGE; and the Genetic and 

Environmental Risk in AD consortium, GERAD) [13]. We obtained summary data on over 7 

million genotyped or imputed single nucleotide polymorphisms (SNPs) from the stage 1 meta-

analysis of European participants, 17,008 cases of Alzheimer’s disease and 37,154 controls. The 

IGAP dataset included information on chromosome location, SNP position, SNP rsID, coded 

allele, non-coded allele, overall effect size for the coded allele, overall standard error for the 

coded allele and meta-analysis p-value. We also obtained summary data on 95 SNPs associated 

with CAD collected from 4 large-scale GWAS meta-analyses, UK Biobank, 1000 Genome Project, 

and the Coronary Artery Disease Genome-wide Replication and Meta-analysis (CARDIOGRAM). 

All participants were of European ancestry. The UK Biobank consisted of 4,831 CAD cases and 

115,455 controls; the CARDIOGRAM, 63,746 CAD cases and 130,681 controls; the 1000 Genome 

Project, 60,801 CAD cases and 123,524 controls; and 1 independent GWAS conducted by 

Howson et al. included 88,192 CAD cases and 162,544 controls. Eighty-six significant SNPs were 

identified for CAD exposure and AD outcome with a p-value <10-5.   
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Statistical Analysis 

A two-sample Mendelian randomization for multiple genetic variants was conducted using R 

3.4.3 software. To test for a violation of the MR assumption, we performed an Egger regression 

analysis. To examine the causal effect of CAD on AD, the inverse‐variance weighted (IVW) 

regression method was employed to homogenize the SNP-CAD exposure and SNP-AD outcome 

coefficients to calculate the overall estimate of the CAD causal effect. IVW is essentially a 

weighted regression employed when the assumption of constant variance of the least square 

residuals is violated [14]. Considering that AD is binary, the resulting estimate of effect 

represents the log odds for AD per unit increase in the log odds for CAD. For this reason, we 

multiplied the log odds of CAD by 0.693, then exponentiated to represent the OR for AD per 

doubling in the OR for CAD [14]. We formally tested violations of the MR assumptions using 

Egger regression. Egger regression incorporates an intercept parameter to the weighted 

regression model that represents the pleiotropic effect of CAD SNPs on risk of AD [11, 14, 15]. 

The Egger and IVW regression models are: 

βY = θo + θE βx + Є 

βY = θE βx + Є 

where βY is the SNP association with AD (outcome), θo is the intercept, θE is the casual 

estimate, and βx is the SNP association with CAD (exposure). The model is the same for the IVW 

minus the intercept term. Graphs were also produced using R. 
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Results 

The results of the two-sample MR-IVW of 86 SNPs associated with CAD indicate a strong causal 

association with AD. The odds of AD were 1.89 (95% CI 1.18-3.03) per doubling of the odds of 

CAD (Table 3.1). The results of the Egger regression provide evidence that there is no 

pleiotropic effect involved in the association between CAD and AD (Intercept: OR 0.98, 95% CI 

1.03-1.63, p=0.49). Results from the Egger regression also confirm the causal association found 

in the IVW regression (OR AD 4.6, 95% CI 0.76-27.7, p=0.96). 

Discussion 

Our findings provide supporting evidence that CAD is a causal factor in the risk of developing 

AD. This study also provides evidence to support the hypothesis that vascular diseases are 

associated with cognitive impairment and AD [16-18]. We have confirmed the findings of other 

studies investigating the causal role of vascular diseases in the risk of AD. An MR study 

conducted by Proitsi et al. found that the risk of AD increased by 23% per 1-unit increase in low-

density lipoprotein (LDL), and a study of 1,138 Medicare participants found that heart disease 

was associated with an increased risk of AD (OR 1.40, 95% CI 1.10-1.80) [9, 19]. The Rotterdam 

Study, a cohort study of factors that determine cardiovascular disease occurrence, found that 

both clinically diagnosed AD and vascular dementia were associated with atherosclerosis [20]. 

Further, an early study conducted by Martin et al. found that amyloid plaque was abundant in 

the brains of non-demented CAD subjects [21]. 

A major strength of our study was that we were able to obtain summary data from 4 large-scale 

studies of CAD (The European Alzheimer's disease Initiative, EADI; the Alzheimer’s Disease 

Genetics Consortium, ADGC; the Cohorts for Heart and Aging Research in Genomic 
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Epidemiology Consortium, CHARGE; the Genetic and Environmental Risk in AD Consortium, 

GERAD) and AD summary data from the IGAP. These studies provide the substantially large 

sample sizes necessary to detect the small effect sizes indicative of genomic studies. Another 

strength was that all SNPs used in these analyses reached genome-wide significance. A major 

limitation of our study was that we used two independent population samples, which could 

have biased our results in favor of the null hypothesis. However, we were able to detect a 

causal effect between CAD exposure and the risk of AD due to the robustness of the IVW 

regression method. 

In conclusion, we were able to identify CAD as a causal risk factor in the development of AD 

using a two-sample Mendelian randomization that incorporates the IVW regression method. 

We then tested that the MR assumptions were not violated using the Egger regression method. 

MR is a robust and flexible method for investigating causality using individual or summary level 

data.       

  



55 

References 

1. Association, A.S., 2017 Alzheimer's Disease Facts and Figures. 2017. 13: p. 325-373.

2. Bleckwenn, M., et al., Impact of coronary heart disease on cognitive decline in

Alzheimer's disease: a prospective longitudinal cohort study in primary care. Br J Gen 

Pract, 2017. 67(655): p. e111-e117. 

3. Karlsson, I.K., et al., Genetic susceptibility to cardiovascular disease and risk of dementia.

Transl Psychiatry, 2017. 7(5): p. e1142. 

4. Beeri, M.S., et al., Coronary artery disease is associated with Alzheimer disease

neuropathology in APOE4 carriers. Neurology, 2006. 66(9): p. 1399-404. 

5. Deckers, K., et al., Coronary heart disease and risk for cognitive impairment or dementia:

Systematic review and meta-analysis. PLoS One, 2017. 12(9): p. e0184244. 

6. Murdock, D.G., et al., KIAA1462, a coronary artery disease associated gene, is a

candidate gene for late onset Alzheimer disease in APOE carriers. PLoS One, 2013. 8(12): 

p. e82194.

7. Wolozin, B. and M.M. Bednar, Interventions for heart disease and their effects on

Alzheimer's disease. Neurol Res, 2006. 28(6): p. 630-6. 

8. Hagenaars, S.P., et al., Polygenic risk for coronary artery disease is associated with

cognitive ability in older adults. Int J Epidemiol, 2016. 

9. Luchsinger, J., et al., Aggregation of Vascular Risk Factors and Risk of Incident

Alzheimer’s Disease. Neurology, 2005. 65(4): p. 545-551. 



56 
 

10. Zheng, J., et al., Recent Developments in Mendelian Randomization Studies. Curr 

Epidemiol Rep, 2017. 4(4): p. 330-345. 

11. Burgess, S., A. Butterworth, and S.G. Thompson, Mendelian randomization analysis with 

multiple genetic variants using summarized data. Genet Epidemiol, 2013. 37(7): p. 658-

65. 

12. Bowden, J., et al., Consistent Estimation in Mendelian Randomization with Some Invalid 

Instruments Using a Weighted Median Estimator. Genet Epidemiol, 2016. 40(4): p. 304-

14. 

13. Lambert, J.C., et al., Meta-analysis of 74,046 individuals identifies 11 new susceptibility 

loci for Alzheimer's disease. Nat Genet, 2013. 45(12): p. 1452-8. 

14. Gage, S.H., et al., Assessing causality in associations between cannabis use and 

schizophrenia risk: a two-sample Mendelian randomization study. Psychol Med, 2017. 

47(5): p. 971-980. 

15. Burgess, S., A.S. Butterworth, and J.R. Thompson, Beyond Mendelian randomization: 

how to interpret evidence of shared genetic predictors. J Clin Epidemiol, 2016. 69: p. 

208-16. 

16. Hofman, T.E.A., Atherosclerosis, Apolipoprotein E, and prevalence of dementia and 

Alzheimer's disease in Rotterdam Study. The Lancet, 1997. 349(9046): p. 151-154. 

17. Strickland, S., Blood will out: vascular contributions to Alzheimer's disease. J Clin Invest, 

2018. 128(2): p. 556-563. 



57 

18. Iturria-Medina, Y., V. Hachinski, and A.C. Evans, The vascular facet of late-onset

Alzheimer's disease: an essential factor in a complex multifactorial disorder. Curr Opin 

Neurol, 2017. 30(6): p. 623-629. 

19. Proitsi, P., et al., Genetic predisposition to increased blood cholesterol and triglyceride

lipid levels and risk of Alzheimer disease: a Mendelian randomization analysis. PLoS 

Med, 2014. 11(9): p. e1001713. 

20. Torre, Alzheimer Disease as a Vascular Disorder. Stroke, 2002. 33: p. 1152-1162.

21. Martins, I.J., et al., Apolipoprotein E, cholesterol metabolism, diabetes, and the

convergence of risk factors for Alzheimer's disease and cardiovascular disease. Mol 

Psychiatry, 2006. 11(8): p. 721-36. 

Table 3.1. Association between CAD and AD using two-sample Mendelian 
randomization 

Method OR 95% CI P-value 

IVW 1.89 1.18-3.03 0.006 
Egger (Intercept) 0.98 1.03-1.63 0.49 
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Abstract 

AD is the sixth-leading cause of death in the US and is the fifth-leading cause death among 

persons 65 years and older; furthermore, approximately two-thirds of the 5.3 million seniors 

living with AD are women (3.3 million). Age, family history of AD, and genetics are the most 

prominent risk factors for AD, however, cardiovascular disease (CVD), low educational 

attainment, social and cognitive engagement inactivity, smoking and traumatic brain injury 

have been implicated as modifiable risk factors for AD. The objective of this study was to 

identify novel genes associated with Alzheimer’s disease using gene-based genome-wide 

association. 

Introduction 

It is projected by 2060 that persons 65 and older will comprise 24% of the US population, 

resulting in an increase in age-related diseases [1]. An estimated 5.3 million American seniors 

65 years and older are currently living with Alzheimer’s disease (AD), and 2 in 1000 are affected 

annually [1, 2]. AD is caused by the proliferation of protein plaques beta amyloid and tau within 

and outside neurons, causing cell death by interfering with the communication between 

neurons and transport of essential nutrients into neurons [1]. The disease is distinguished by an 

escalating decline in memory, dysfunction in sensory motor function, and impairments in 

language and spatial orientation [1, 3]. Ultimately, these symptoms result in the inability to 

perform tasks required for independent living [1]. AD is the sixth-leading cause of death in the 

US and is the fifth-leading cause death among persons 65 years and older; furthermore, 

approximately two-thirds of the 5.3 million seniors living with AD are women (3.3 million) [1]. 
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Typically, persons 65 years and older survive, on average, 4 to 8 years after diagnosis; however, 

individuals may survive as long as 20 years after diagnosis [1]. Age, family history of AD, and 

genetics are the most prominent risk factors for AD, however, cardiovascular disease (CVD), low 

educational attainment, social and cognitive engagement inactivity, smoking and traumatic 

brain injury have been implicated as modifiable risk factors for AD [1, 3-5]. Studies have 

indicated that factors that increase the risk of CVD, such as obesity, diabetes, hypertension, 

high cholesterol, and physical inactivity, also increase the risk for AD [1, 3, 5]. Individuals with 

more years of formal education have a lower risk of AD and dementia [1, 3]. The rationale for 

this phenomenon is that more years of education is associated with increased neural 

connections, allowing alternate routes of neuron-to-neuron communication to facilitate 

cognitive tasks, commonly known as the cognitive reserve hypothesis [1]. The cognitive reserve 

hypothesis is also used to explain why individuals who engage in social and cognitive activity 

lower their risk of AD and other dementias [1]. 

AD has a very potent genetic determinant. Genome-wide association studies (GWAS) have 

identified 21 risk loci that affect AD phenotype (CR1, BIN1, INPP5D, MEF2C, TREM2, CD2AP, 

HLA-DRB1/HLA- DRB5, EPHA1, NME8, ZCWPW1, CLU, PTK2B, PICALM, SORL1, MS4A4/MS4A6E, 

SLC24A4/RIN3, FER- MT2, CD33, ABCA7, CASS4, APOE) [2, 6-8]. It is estimated that these loci 

account for 28% of AD’s heritability and 30% of the familial risk [6]. Having a first-degree 

relative affected by AD increases the relative risk for AD (3.5 95% CI 2.6-4.6) [6]. Studies have 

found that 30-48% of AD patients had an affected first-degree relative [6]. The most prominent 

genetic risk factor for AD was once thought to be the APOE gene, but comprehensive European 

and international GWASs have identified novel risk genes associated with the amyloid β 
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pathway, and many of these genes are linked to the immune system, such as the CLU, CR1, 

ABCA7, CD33, EPHA1 and MS4A gene clusters [4, 6, 9]. Several more AD risk genes correlated 

with synaptic function (PICALM, CD33, CD2AP, EPHA1, and BIN1) and lipid metabolism were 

also identified (CLU and ABCA7) [6]. 

Conclusively identifying which genes are responsible for AD risk has been elusive. Several 

strategies have been employed to identify these AD risk genes, including transcriptome, 

proteome, and methylome analysis. A study by Humphries et al. found that RNA sequences 

taken from AD patients vs. cognitive healthy controls disclosed differences in the expression 

patterns of two genes in AD patients, TSC22D4 and C7orf61 [10, 11]. This study also revealed 

methylation differences in two genes specific to late-onset AD, PILRA and PILRB [10]. However, 

single nucleotide polymorphism (SNP)-based GWASs are the most elementary method for 

gene-based analysis and have successfully identified several genes linked to AD. However, 

obtaining sufficient statistical power can be problematic due to multiple SNPs being correlated 

or their cumulative effect being correlated with the disease phenotype [11]. Furthermore, SNP-

based GWASs require a rigid significance threshold of 5x10-8 to control false positives, and 

significant SNPs may be surrogate variants because they are in linkage disequilibrium with other 

SNPs that are the true disease risk variant, which contributes to the issue of obtaining adequate 

power [12]. 

Gene-based GWASs have several advantages. First, gene-based analysis improves statistical 

power by collectively analyzing all variants within a gene to obtain a single representative p-

value for the significance of association [12]. Secondly, because genes are a basic unit of the 

human genome, and genes are distinctly consistent over different populations, the results from 
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gene-based analysis are more consistent than the results from SNP-based GWASs [12]. Thirdly, 

the multiple-testing correction problem associated with analyzing millions of SNPs is reduced 

with gene-based analysis, which requires correction for an estimated 200,000 to 300,000 genes 

[12]. And finally, because genes are used as the analysis unit, making inferences about 

biological pathways and protein-protein interactions is uncomplicated [12]. 

The objective of this study was to identify novel genes associated with Alzheimer’s disease 

using gene-based genome-wide association. We used summary genome-wide association study 

(GWAS) data from the International Genomics of Alzheimer’s Project (IGAP) and genomic data 

from the 1000 Genomes Project to conduct our investigation. 

Methods 

IGAP is a two stage meta-analysis of 4 published genome-wide association studies (The 

European Alzheimer's disease Initiative, EADI; the Alzheimer Disease Genetics Consortium, 

ADGC; the Cohorts for Heart and Aging Research in Genomic Epidemiology consortium, 

CHARGE; the Genetic and Environmental Risk in AD consortium, GERAD) [13]. Summary data 

consisted of over 7 million genotyped or imputed single nucleotide polymorphisms (SNPs) from 

the stage 1 meta-analysis of European participants, 17,008 Alzheimer cases and 37,154 

controls. The stage 2 meta-analysis of 8,572 AD cases and 11,312 controls yielded 11,632 SNPs 

genotyped and tested for association and combined stage 1 and 2 p-values [13]. SNPs with a 

call rate of less than 95% were excluded, and only SNPs genotyped or imputed at a minimum of 

40% for both AD cases and controls were analyzed. The IGAP dataset included variables such as 

chromosome location, SNP position, SNP rsID, coded allele, non-coded allele, overall effect size 
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for the coded allele, overall standard error for the coded allele and meta-analysis p-value. The 

genome data was obtained from the 1000 Genomes Project, a collaboration of researchers 

from the US, UK, China, and Germany that produced nearly all genetic variants in regions of the 

genome determined to be associated with disease [12, 13]. 

Statistical Analysis 

To assess the gene-level association, we used GATES, a modified Simes test and an effective chi 

square/versatile gene-based test for genome-wide association studies (ECS/VEGAS) test. Both 

Gates and ECS combine the p-values from SNP-based GWASs to obtain an overall gene-level p-

value. The Gates test produces the overall gene p-value as follows: 

       (
      

     
) 

Where me is the number of p-values amid the m SNPs and me(j) is the number of p-values amid 

the most significant SNPs [12, 14-17]. P-values are estimated by the following equation: 

𝑀−∑[𝐼(𝜆𝑖>1)(𝜆𝑖−1)]𝑀𝑖=1𝜆𝑖>0 

where 𝜆𝑖 is the ith eigenvalue for the SNP-based p-value correlation coefficient matrix [12, 14-

17]. The null hypothesis for the GATES test is that no SNP within the gene is associated with the 

disease outcome [12, 16]. All analyses were conducted using the Knowledge-based mining 

system for Genome-wide Genetic studies (KGG4.0). The ECS/VEGAS test sums SNP-based Chi 

square test within a gene into a gene-based test statistic  

Results 
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The Manhattan plot (Figure 4.1) displays the results of the GATES association test for the stage 

1 IGAP GWAS. Five genes were determined to be significant and were located on chromosomes 

6, 7, and 11: HLA-DRB6, EPHA1, EPHA1-AS1, PICALM, SORLI, respectively. However, none of 

these genes were novel. Results from the effective chi square test yielded 7 highly significant 

genes on chromosomes 1, 5, 78, 11, and 16 (Figure 4.2) not captured by the GATES test: genes 

CR1, VAV3, LOC101929719, ZYX, EPHX2, NUP160, and MTSS1L, respectively. 

Table 4.1 displays the top 20 significant genes resulting from the KGG4 gene scan for associated 

AD genes from IGAP stage 1 using GATES and ECS tests. Protein coding genes CBLC, MIR6503, 

MTSS1L were found to be novel genes, p-values 2.73E-47, 1.46E-09, 2.1E-4, respectively. The 

combined stage 1 and 2 IGAP KGG4 top 20 GATES and ECS scan results, as shown I Table 4.2, 

confirmed the GATES stage 1 CBLC gene finding and identifies LOC101929719 as a novel gene. 

Discussion 

We were successful in identifying 4 novel AD susceptibility genes using publicly available 

GWASs of AD data from IGAP and genomic data from the 1000 Genomes Project. Our gene-

based GWAS was implemented using GATES, an extended Simes test that requires only the 

SNP-based GWAS p-values. This test is optimal when there is only one or a few risk SNPs within 

the gene [12, 14]. The ECS test option is more potent for genes with many dense independent 

risk SNPs [12]. We implemented the GATES and ECS using KGG4.0, a software instrument 

specifically designed for the secondary analysis of SNP-based GWAS as well as gene-pair-based 

and gene-set based association analyses [12]. KGG4.0 is executed in Java with an easy to use 

graphic interface to expedite analysis and can process approximately 10 million SNPs within 

hours using a 15GB RAM computing system [12]. 
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We were able to identify two novel loci through ECS, LOC101929719 and MTSS1L.  

LOC101929719 is a RNA gene that regulates expression, and MTSS1L is a protein coding gene 

involved in actin binding and cytoskeletal adaptor activity with no known disease associations 

[19]. 

A major strength of our study was that we were able to obtain a large sample of 11,632 SNPs 

associated with AD and robustly test genes associated with AD. We were able to successfully 

identify 8 novel genes associated with AD using GATES and ECS test procedures. Additionally, 

GATES has been proven capable of attaining statistically valid gene-level p-values as well as 

accurate type I error rates in both simulated and permutated datasets [15, 18]. This test 

performs very well when the reference population and study population match closely [12]. In 

our study, we used IGAP participants who were of European ancestry and European 

participants from the 1000 Genome Project. 

In conclusion, gene-based analysis can facilitate uncomplicated inferences about biological 

pathways and protein-protein interactions [12, 15]. However, gene-based analysis can only 

capture SNPS near or within genes; therefore, gene-based analysis should be complemented by 

SNP-based tests of SNPs outside of genes [12]. 
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Figure 4.1. Gates IGap stage 1 Manhattan plot 
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Figure 4.2. ECS IGAP combined 1 and 2 Manhattan plot 
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Table 4.1. Top 20 significant genes associated with AD stage 1(KGG4 gene scan results) 
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Table 4.2. Top 20 significant genes associated with AD – stage1 and 2(KGG4 gene scan results) 
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CHAPTER FIVE 

CONCLUSION 

We demonstrated that trajectory analysis can perform better than the widely used MMSE at 

predicting cognitive impairment and that trajectory analysis may be a viable alternative when 

cognitive assessments are not congruent in subsequent waves or secondary datasets provided 

that the assessments are collected consistently over time. We also demonstrated that heart 

disease is associated with low trajectory which confirms the hypothesis that cardiovascular 

pathways may contribute to cognitive impairment. This evidence provides the rationale  for our 

next to two objectives, determining that coronary artery disease is likely a casual risk factor for 

cognitive impairment and AD by Mendelian randomization, and that multiple genes may 

contribute to the development cognitive impairment and AD. 

This study was able to identify CAD as a casual factor in the development of AD using a two-

sample Mendelian randomization that incorporates the IVW regression method. We then 

tested that the MR assumptions were not violated using the Egger regression method. MR is a 

robust and flexible method for investigating causality using individual or summary level data. 

This study also successfully identified 4 novel AD susceptibility genes using publicly available 

GWAS of AD data from IGAP and genomic data from 1000 Genomes Project. Our gene-based 

GWAS was implemented using GATES, an extended Simes test that requires only the SNP-based 
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GWAS p-values. Gene-based analysis can also facilitate uncomplicated inferences about 

biological pathways and protein-protein interactions. 


