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Abstract

A longitudinal multi-omics examination of Alzheimer’s disease (AD) risk factors in
the years prior to AD diagnosis is critical to better understand, prevent, diagnose, and
treat the disease. Using longitudinal plasma samples from the Wisconsin Registry for
Alzheimer’s Prevention (WRAP), we investigated relationships between genomics,
metabolomics, and risk factors for AD, including age, sex, cognitive function, and
cerebral spinal fluid (CSF) markers of beta-amyloid deposition. The research conducted
in this dissertation offers an important improvement regarding our knowledge of risk
factors of AD in several key ways. First, it offers a deeper knowledge about the impact
of aging and sex, two known risk factors for AD, on a panel of plasma metabolite levels,
while also describing how heritable each of those metabolites are. Second, it has
identified several metabolites and metabolic pathways, particularly those related to fatty
acid metabolism and cysteine metabolism, to be associated with an aspect of cognition
that declines early in the AD trajectory. Third, using a data-driven approach, it identifies
many potential gene-metabolite relationships that could be associated with AD risk
factors, and shows that most plasma and CSF metabolite levels are weakly correlated
with each other. This information could be used to guide further investigations of
specific biological mechanisms that could lead to the development of AD, and

ultimately, could be used to improve predictive models of this devastating disease.
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Introduction and literature review

A longitudinal multi-omics examination of Alzheimer’s disease (AD) risk factors in
the years prior to AD diagnosis is critical to better understand, prevent, diagnose, and
treat the disease. First, studying individuals at risk for AD (due to a parental history of
the disease, for example) in the decade or two prior to typical onset provides a window
into the preclinical phase of the disease and the factors contributing to risk for or
protection from AD. Second, the pathophysiology of AD is complex and integration of
multiple types of data is key to understanding this complexity (Ritchie, Holzinger, Li,
Pendergrass, & Kim, 2015; Shah & Newgard, 2015). Finally, several metabolomics
studies of AD have been published (Enche Ady et al., 2017), but the examination of
metabolomic profiles prior to AD diagnosis is important to identify and distinguish
predictive versus diagnostic metabolomic profiles, since the disease process itself
influences metabolites. This dissertation utilizes rich longitudinal neuropsychological,
biometric, and biofluids data from the Wisconsin Registry for Alzheimer’s Prevention
(WRAP) cohort to investigate longitudinal metabolic changes and genomic factors that
could influence risk for AD. This contribution will be significant because identification of
novel genes, metabolic profiles, and interactions between the two is expected to lead to:
identification of new pathways to target with therapeutic agents; novel risk prediction
and diagnostic tools for early AD pathophysiology; and dietary, lifestyle, or
environmental interventions to prevent or impede AD.

The proposed research has several innovative aspects with respect to genomics.
First, it focuses on families with a strong history of AD, a more powerful approach for

low frequency variants. While these variants are less common in the general population,



such variants will be found in about half the individuals from a family in which that
variant is increasing risk for the disease. Therefore, while studies of unrelated cases
and controls were successful for genome-wide association studies (GWAS) of common
variants, studies of families with a history of the disease are ideal for the discovery of
low frequency variants with a more substantial effect on disease risk. In previous
research, we compared several statistical approaches designed to maximize the power
of family-based genomic analyses of rare variants and found that all performed well
(Darst & Engelman, 2016).

Further proof of this concept is provided by Cruchaga et al. who identified a low
frequency variant in PLD3 that segregated with AD status in 2 of the 14 families studied
(Cruchaga et al., 2013). This variant was enriched in AD cases with a strong family
history of dementia, with an OR of 6.7, and doubled the risk for AD in seven
independent case-control studies with a total of over 11,000 individuals. In the WRAP
sample, we found this variant to be twice as common in those with a parental history of
AD than in those without a parental history. Moreover, in longitudinal analysis of WRAP
participants with up to 12 years of follow-up data, we found that carriers of this variant
had lower cognitive function in all 6 of the domains examined and the effect of carrying
the risk allele was 2-6 times that of carrying the APOE €4 allele (Engelman et al., 2017).
Our proposed research builds on the success of this groundbreaking study, but is
distinct and innovative in that it focuses on cognitive trajectories prior to AD diagnosis.
This is an important time period since the pathophysiology of AD begins decades before

the clinical diagnosis. And we have shown the heritability of certain aspects of cognitive



function to be as high as 0.52 (Darst et al., 2015), implying an important role of genetics
in cognition.

With respect to metabolomics, most studies of AD to date have focused on the
cross-sectional metabolic profile in one biofluid from cases versus controls(Enche Ady
et al., 2017; Trushina & Mielke, 2014). The WRAP cohort is a longitudinal study of
individuals at risk for AD due to parental history, but initially asymptomatic, with serial
collection of both blood and cerebrospinal fluid (CSF) (Johnson et al., 2018; Sager,
Hermann, & La Rue, 2005), allowing an innovative approach to investigate the
metabolomics of AD. Examining the metabolome prior to AD diagnosis is important
because the disease process can influence the metabolome. Moreover, it is unknown
how the metabolome changes over time in those with and without preclinical changes
associated with AD (beta-amyloid (AB) deposition and cognitive decline). Finally, it is
critical to examine both the blood, which is much more practical to measure in a clinical
setting, and CSF, which surrounds the brain and may be more relevant in AD
pathophysiology.

Finally, metabolomics offers an unprecedented opportunity in epidemiologic
research to measure environmental and exogenous exposures with far less
measurement error than with standard epidemiologic questionnaires (2016; Tzoulaki,
Ebbels, Valdes, Elliott, & loannidis, 2014). The integration of this rich longitudinal
metabolomic data with genomic data allows for the discovery of novel pathways

involved in AD pathophysiology.



Specific aims

A longitudinal multi-omics examination of AD risk factors in the years prior to
Alzheimer’s disease (AD) diagnosis is critical to better understand, prevent, diagnose,
and treat the disease. Integrating genomic and metabolomic data will enable more
thorough and comprehensive modeling of AD risk. Continuing to focus on single-data-
type study designs, which do not accurately reflect the complexity of AD, will hinder
progress in our understanding of this disease and of effective prevention, diagnosis, and
treatment.

Our long-term goal is to elucidate complex interactions involved in AD pathology
using a comprehensive set of omics data in order to inform precision medicine for AD.
As a first step, this dissertation is focused on the role of genomics and metabolomics in
risk factors for AD in the Wisconsin Registry for Alzheimer’s Prevention (WRAP), which
has collected over 16 years of serial cognitive data and plasma, DNA, and
cerebrospinal fluid on a subset. Our central hypothesis is that genetic variants,
metabolites, and interactions between these will influence longitudinal risk factors for
AD. Integrating genomic and metabolomic data will enable modeling and identification
of the complex interplay of genes and metabolites involved in AD pathology, which is
necessary to achieve the goal of precision medicine for AD. We will test our central

hypothesis by executing the following aims:

Aim 1: Characterize the metabolomics of aging and sex and the heritability of the
metabolome.
H1a: Plasma metabolites will change with age and differ by sex. Further, plasma

metabolite trajectories will differ by sex.



H1b: Plasma metabolites are influenced by a complex combination of genomic and

environmental factors.

Aim 2: Determine the metabolomic profile of longitudinal cognitive decline.
H2: A set of plasma metabolites will be longitudinally associated with the earliest

aspects of cognitive decline.

Aim 3: Detect complex relationships associated with AD risk factors by
integrating genomic and metabolomic data.

H3a: One or more plasma or CSF metabolites, particularly those with low heritability
(and a stronger environmental contribution), will interact with or mediate one or more
genetic variants to steepen cognitive decline and increase A} deposition.

H3b: A set of plasma and CSF metabolites will be highly correlated between tissues,

while others will have low correlations.

The findings from the proposed study are expected to have an important positive impact
because integration of both genomic and metabolomic data lays the groundwork for

precision medicine and provides a more comprehensive picture of the etiology of AD.



Methods
WRAP Study Design
WRAP is an ongoing longitudinal study of over 1,500 initially asymptomatic adults, age
40-85 at baseline, enriched for a parental history of dementia due to AD. This was
determined by review of medical records of the parent, including autopsy records in
some cases, or by administering a dementia questionnaire to the adult child regarding
the parent with AD. Details of the study design and methods have been published
(Johnson et al., 2018; Sager et al., 2005). Recruitment began in 2001; the study
protocol targeted a window of four years between the baseline and Wave two visits, with
ongoing follow up every two years. Wave six visits began in September 2016. The
average follow up is nine years, with a maximum of 16 years thus far and an 81%
retention rate. Assessments include a neuropsychological test battery, blood laboratory
values, and extensive questionnaires ranging from medications and medical history to
physical activity and diet. Blood specimens including plasma, serum, and whole blood
for DNA extraction are collected and archived at each visit. A subset of the cohort is
enrolled in one or more linked biomarker studies including lumbar puncture (LP) for
collection of CSF (Johnson et al., 2014). The study design included participation of

multiple siblings per family.

Neuropsychological assessment
The WRAP cognitive test battery consist of standardized, widely used clinical
neuropsychological tests, which were selected to provide a comprehensive estimate of

cognitive abilities, with an emphasis on abilities most likely to be affected in early-stage



AD. Cognitive composite scores were calculated in WRAP to reduce the number of
outcome measures to a small number of reliable cognitive scores (Clark et al., 2016).
These were calculated by standardizing (~N [0,1]) into z-scores, neuropsychological
tests, using means and standard deviations obtained from the whole baseline sample,
then averaging tests that were relevant to a particular aspect of cognition. WRAP

participants have up to six time points of cognitive data.

Plasma collection

Fasting blood samples for this study were drawn the morning of each study visit, which
was also the day cognitive testing was completed. Blood was collected in 10 mL
ethylenediaminetetraacetic acid (EDTA) vacutainer tubes. They were immediately
placed on ice, and then centrifuged at 3000 revolutions per minute for 15 minutes at
room temperature. Plasma was pipetted off within one hour of collection. Plasma
samples were aliquoted into 1.0 mL polypropylene cryovials and placed in -80°C
freezers within 30 minutes of separation. Samples were never thawed before being
shipped overnight on dry ice to Metabolon, Inc. (Durham, NC), where they were again

stored in -80°C freezers and thawed once before testing.

Cerebrospinal fluid (CSF) collection and biomarker measurement

CSF has been collected in a subset of WRAP participants (~25%) via lumbar puncture
(LP) in the morning after a 12-hour fast using a Sprotte 25- or 24-gauge spinal needle at
the L3/4 or L4/5 interspace using gentle extraction into polypropylene syringes. CSF (22

mL) was then gently mixed, and centrifuged at 2000g for 10 minutes. Supernatants



were frozen in 0.5 mL aliquots in polypropylene tubes and stored at -80°C, as
previously described (Darst et al., 2017). WRAP participants have up to four CSF
samples.

The following have been measured or calculated in the WRAP samples: ABao,
total-tau (T-tau), phosphorylated-tau (P-tau), and ratios ABa2/AB4o, T-tau/ABs2, and P-
tau/AB42. Previous literature has demonstrated that ABs2/ABso is decreased in AD
(Blennow, 2004; Skoog et al.,, 2003) and that the ratio normalizes the ABa
concentration to a measure of overall amyloidogenic processing by amyloid precursor
protein, making it possible to detect low AB42 in high AB producers and vice versa
(Lewczuk, Lelental, Spitzer, Maler, & Kornhuber, 2015). Similarly, studies have shown
that combinations of tau and AB42 improve sensitivity and specificity (Blennow, 2004; De
Meyer et al., 2010; Duits et al., 2014), and predict subjective cognitive decline (Stomrud,
Hansson, Blennow, Minthon, & Londos, 2007).

CSF A4, T-tau, and P-tau were quantified with sandwich ELISAs (INNOTEST
B-amyloid1-42, hTAU-Ag, and Phospho-Tau[181P], respectively; Fujirebio Europe,
Ghent, Belgium). For the AR/AR4o ratio, CSF levels of ABs2 and AP (a less
amyloidogenic AR fragment as compared to AP42) were quantified by
electrochemiluminescence (ECL) using an AR triplex assay (MSD Human AR peptide
Ultra-Sensitive Kit, Meso Scale Discovery, Gaithersburg, MD). Intra-assay coefficients

of variation were below 10%.

Metabolomic profiling and quality control



An untargeted plasma metabolomics analysis was performed by Metabolon, Inc.
using Ultrahigh Performance Liquid Chromatography-Tandom Mass Spectrometry
(UPLC-MS/MS). Quantification was performed as previously described (Evans et al.,
2014); details are described in Appendix A1. Metabolites within nine super pathways
were identified: amino acids, carbohydrates, cofactors and vitamins, energy, lipids,
nucleotides, partially characterized molecules, peptides, and xenobiotics.

Up to three longitudinal plasma samples were available for each participant.
Metabolites with an interquartile range of zero (i.e., those with very low or no variability)
were excluded from analyses (n=178 metabolites). After removing these metabolites,
samples were missing a median of 11.7% metabolites, while metabolites were missing
a median of 1.2% of samples. Missing metabolite values were imputed to the lowest
level of detection for each metabolite. Metabolite values were median-scaled and log-
transformed to normalize metabolite distributions(van den Berg, Hoefsloot, Westerhuis,
Smilde, & van der Werf, 2006). If a participant reported that they did not fast or withhold
medications and caffeine for at least eight hours, the sample was excluded from
analyses (n=159 samples). A total of 1,097 metabolites among 2,316 samples remained

for analyses.

DNA collection and genomics quality control

DNA was extracted from whole blood samples using the PUREGENE® DNA
Isolation Kit (Gentra Systems, Inc., Minneapolis, MN). DNA concentrations were
quantified using the Invitrogen™ Quant-iT™ PicoGreen™ dsDNA Assay Kit (Thermo

Fisher Scientific, Inc., Hampton, NH) analyzed on the Synergy 2 Multi-Detection
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Microplate Reader (Biotek Instruments, Inc., Winooski, VT). Samples were diluted to 50
ng/ul following quantification.

A total of 1,340 samples were genotyped using the lllumina Multi-Ethnic
Genotyping Array at the University of Wisconsin Biotechnology Center (Appendix A2).
Thirty-six blinded duplicate samples were used to calculate a concordance rate of
99.99%, and discordant genotypes were set to missing. Sixteen samples missing >5%
of variants were excluded, while 35,105 variants missing in >5% of individuals were
excluded. No samples were removed due to outlying heterozygosity. Six samples were
excluded due to inconsistencies between self-reported and genetic sex.

Due to sibling relationships in the WRAP cohort, genetic ancestry was assessed
using Principal Components Analysis in Related Samples (PC-AIR), a method that
makes robust inferences about population structure in the presence of relatedness
(Conomos, Miller, & Thornton, 2015). This approach included several iterative steps and
was based on 63,503 linkage disequilibrium (LD) pruned (r?><0.10) and common
(MAF>0.05) variants, using the 1000 Genomes data as reference populations
(Genomes Project et al., 2015). First, kinship coefficients (KCs) were calculated
between all pairs of individuals using genomic data with the Kinship-based Inference for
Gwas (KING)-robust method (Manichaikul et al., 2010). PC-AIR was used to perform
principal components analysis (PCA) on the reference populations along with a subset
of unrelated individuals identified by the KCs. Resulting principal components (PCs)
were used to project PC values onto the remaining related individuals. All PCs were
then used to recalculate the KCs taking ancestry into account using the PC-Relate

method, which estimates KCs robust to population structure (Conomos, Reiner, Weir, &
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Thornton, 2016). PCA was performed again using the updated KCs, and KCs were also
estimated again using updated PCs. The resulting PCs identified 1,198 WRAP
participants whose genetic ancestry was primarily of European descent. This procedure
was repeated within this subset of participants (excluding 1000 Genomes individuals) to
obtain PC estimates used to adjust for population stratification in subsequent genomic
analyses. Among European descendants, 160 variants were not in Hardy-Weinberg
equilibrium (HWE) and 327,064 were monomorphic and thus, removed.

A total of 1,294,660 bi-allelic autosomal variants among 1,198 European
descendants remained for imputation, which was performed with the Michigan
Imputation Server v1.0.3 (Das et al., 2016), using the Haplotype Reference Consortium
(HRC) v. r1.1 2016 (McCarthy et al., 2016) as the reference panel and Eagle2 v2.3 (Loh
et al., 2016) for phasing. Prior to imputation, the HRC Imputation Checking Tool
(Rayner, Robertson, Mahajan, & McCarthy, 2016) was used to identify variants that did
not match those in HRC, were palindromic, differed in MAF>0.20, or that had non-
matching alleles when compared to the same variant in HRC, leaving 898,220 for
imputation. A total of 39,131,578 variants were imputed. Variants with a quality score
R?<0.80, MAF<0.001, or that were out of HWE were excluded, leaving 10,400,394
imputed variants. These were combined with the genotyped variants, leading to
10,499,994 imputed and genotyped variants for analyses. Data cleaning and file
preparation were completed using PLINK v1.9 (Chang et al., 2015) and VCFtools

v0.1.14 (Danecek et al., 2011). Coordinates are based on GRCh37 assembly hg19.
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Chapter 1. Longitudinal metabolomics of aging and sex

Abstract

Understanding how metabolites are longitudinally influenced by age and sex could
facilitate the identification of metabolomic profiles and trajectories that indicate disease
risk. We investigated the metabolomics of age and sex using longitudinal plasma
samples from the Wisconsin Registry for Alzheimer’s Prevention (WRAP), a cohort of
participants who were dementia free at enrollment. Metabolomic profiles were quantified
for 2,316 fasting plasma samples among 1,187 participants, each with up to three study
visits. Of 1,097 metabolites tested, 608 (55.4%) were associated with age and 680
(62.0%) with sex after correcting for multiple testing. Approximately twice as many
metabolites were associated with age in stratified analyses of women versus men, and
63 metabolite trajectories significantly differed by sex, most notably including
sphingolipids, which tended to increase in women and decrease in men with age. Using
genome-wide genotyping, we also report the heritabilities of metabolites investigated,
which ranged dramatically (0.2-99.2%); however, the median heritability of 36.2%
suggests that many metabolites are highly influenced by a complex combination of
genomic and environmental influences. These findings offer a more profound
understanding of the aging process and may inform many new hypotheses regarding

the role metabolites play in healthy aging.
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Introduction

The metabolome represents the functional endpoints of a complex network of
biological events, including genomic, epigenomic, transcriptomic, proteomic, and
environmental factors (Deidda, Piras, Bassareo, Dessalvi, & Mercuro, 2015). Being the
final downstream product, the metabolome is the closest to the phenotype among the
biological systems (Horgan & Kenny, 2011), making it particularly relevant to
investigate. Age is known to be the single largest risk factor of most prevalent diseases
in developed countries (Niccoli & Partridge, 2012). A better understanding of how the
metabolome changes with age could further reveal the mechanisms by which age
influences disease risk and could facilitate the identification of high-risk metabolomic
profiles that are suggestive of the early stages of particular diseases.

Previous studies have provided important evidence that age and sex influence
the metabolome (Dunn et al., 2015; Krumsiek et al., 2015; Menni et al., 2013;
Mittelstrass et al., 2011; Rist et al., 2017; Z. Yu et al., 2012). While informative, these
studies are limited by their cross-sectional designs and the relatively small number of
metabolites assessed by most. According to the Human Metabolite Database (HMDB)
v4.0, there are an estimated 25,424 blood metabolites (Wishart et al., 2018). However,
due to current technical limitations in identifying and quantifying metabolites, most
recent studies have only been able to confidently capture ~100-600 of these. A larger
panel of metabolites will provide a more comprehensive understanding of the
metabolomics of age and sex. Further, in order to assess the metabolomics of aging, it
is crucial to use a longitudinal study design that can capture age-related phenomena,

particularly due to the high variability of metabolites (Makinen & Ala-Korpela, 2016).
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Longitudinal assessments also facilitate the examination of metabolite trajectories,
which can address important biological questions.

Using longitudinal plasma samples from the Wisconsin Registry for Alzheimer’s
Prevention (WRAP), we investigated how a large panel of metabolites is influenced by
age and sex, and whether metabolite trajectories vary by sex. To facilitate the
interpretation of our results and determine whether identified metabolites are more
strongly influenced by genetic or environmental factors, we used genome-wide

genotyping data to assess the heritability (h?) of metabolites.

Methods
Participants

Study participants were from WRAP, a longitudinal study of initially dementia free
middle-aged adults that allows for the enrollment of siblings and is enriched for a
parental history of Alzheimer’s disease (AD). Further details of the study design and
methods used have been previously described (Johnson et al., 2018; Sager et al.,
2005). For the current analyses, follow-up occurred every two years. This study was
conducted with the approval of the University of Wisconsin Institutional Review Board
and all subjects provided signed informed consent before participation.
Plasma collection and sample handling

Fasting blood samples for this study were drawn the morning of each study visit.
Blood was collected in 10 mL ethylenediaminetetraacetic acid (EDTA) vacutainer tubes.
They were immediately placed on ice, and then centrifuged at 3000 revolutions per

minute for 15 minutes at room temperature. Plasma was pipetted off within one hour of
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collection. Plasma samples were aliquoted into 1.0 mL polypropylene cryovials and
placed in -80°C freezers within 30 minutes of separation. Samples were never thawed
before being shipped overnight on dry ice to Metabolon, Inc. (Durham, NC), where they
were again stored in -80°C freezers and thawed once before testing.

Metabolomic profiling and quality control

An untargeted plasma metabolomics analysis was performed by Metabolon, Inc.
using Ultrahigh Performance Liquid Chromatography-Tandom Mass Spectrometry
(UPLC-MS/MS). Quantification was performed as previously described (Evans et al.,
2014); details are outlined in Appendix A1. Metabolites within nine super pathways were
identified: amino acids, carbohydrates, cofactors and vitamins, energy, lipids,
nucleotides, partially characterized molecules, peptides, and xenobiotics.

Up to three longitudinal plasma samples were available for each participant.
Metabolites with an interquartile range of zero (i.e., those with very low or no variability)
were excluded from analyses (n=178 metabolites). After removing these metabolites,
samples were missing a median of 11.7% metabolites, while metabolites were missing
in a median of 1.2% of samples. Missing metabolite values were imputed to the lowest
level of detection for each metabolite. Metabolite values were median-scaled and log-
transformed to normalize metabolite distributions (van den Berg et al., 2006). If a
participant reported that they did not fast or withhold medications and caffeine for at
least eight hours, the sample was excluded from analyses (n=159 samples). A total of
1,097 metabolites among 2,344 samples remained for analyses.

DNA collection and genomics quality control
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DNA was extracted from whole blood samples using the PUREGENE® DNA
Isolation Kit (Gentra Systems, Inc., Minneapolis, MN). DNA concentrations were
quantified using the Invitrogen™ Quant-iT™ PicoGreen™ dsDNA Assay Kit (Thermo
Fisher Scientific, Inc., Hampton, NH) analyzed on the Synergy 2 Multi-Detection
Microplate Reader (Biotek Instruments, Inc., Winooski, VT). Samples were diluted to 50
ng/ul following quantification.

A total of 1,340 samples were genotyped using the lllumina Multi-Ethnic
Genotyping Array at the University of Wisconsin Biotechnology Center (Appendix A2).
Thirty-six blinded duplicate samples were used to calculate a concordance rate of
99.99%, and discordant genotypes were set to missing. Sixteen samples missing >5%
of variants were excluded, while 35,105 variants missing in >5% of individuals were
excluded. No samples were removed due to outlying heterozygosity. Six samples were
excluded due to inconsistencies between self-reported and genetic sex.

Due to sibling relationships in the WRAP cohort, genetic ancestry was assessed
using Principal Components Analysis in Related Samples (PC-AiR), a method that
makes robust inferences about population structure in the presence of relatedness
(Conomos et al., 2015). This approach included several iterative steps and was based
on 63,503 linkage disequilibrium (LD) pruned (r?><0.10) and common (MAF>0.05)
variants, using the 1000 Genomes data as reference populations (Genomes Project et
al., 2015). First, kinship coefficients (KCs) were calculated between all pairs of
individuals using genomic data with the Kinship-based Inference for Gwas (KING)-
robust method (Manichaikul et al., 2010). PC-AIR was used to perform principal

components analysis (PCA) on the reference populations along with a subset of
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unrelated individuals identified by the KCs. Resulting principal components (PCs) were
used to project PC values onto the remaining related individuals. All PCs were then
used to recalculate the KCs taking ancestry into account using the PC-Relate method,
which estimates KCs robust to population structure (Conomos et al., 2016). PCA was
performed again using the updated KCs, and KCs were also estimated again using
updated PCs. The resulting PCs identified 1,198 WRAP participants whose genetic
ancestry was primarily of European descent. This procedure was repeated within this
subset of participants (excluding 1000 Genomes individuals) to obtain PC estimates
used to adjust for population stratification in subsequent genomic analyses. Among
European descendants, 160 variants were not in Hardy-Weinberg equilibrium (HWE)
and 327,064 were monomorphic and thus, removed.

A total of 1,294,660 bi-allelic autosomal variants among 1,198 European
descendants remained for imputation, which was performed with the Michigan
Imputation Server v1.0.3 (Das et al., 2016), using the Haplotype Reference Consortium
(HRC) v. r1.1 2016 (McCarthy et al., 2016) as the reference panel and Eagle2 v2.3 (Loh
et al., 2016) for phasing. Prior to imputation, the HRC Imputation Checking Tool
(Rayner et al., 2016) was used to identify variants that did not match those in HRC,
were palindromic, differed in MAF>0.20, or that had non-matching alleles when
compared to the same variant in HRC, leaving 898,220 for imputation. A total of
39,131,578 variants were imputed. Variants with a quality score R?<0.80, MAF<0.001,
or that were out of HWE were excluded, leaving 10,400,394 imputed variants. These
were combined with the genotyped variants, leading to 10,499,994 imputed and

genotyped variants for analyses. Data cleaning and file preparation were completed
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using PLINK v1.9 (Chang et al., 2015) and VCFtools v0.1.14 (Danecek et al., 2011).
Coordinates are based on GRCh37 assembly hg19.
Metabolite correlations

Correlations between metabolites were assessed using Pearson r and the first
available sample for each individual (i.e., using a cross-sectional approach).
Metabolome-wide association study

Associations were tested using linear mixed effects regression models
implemented in the SAS MIXED procedure (Singer, 1998). Primary predictors included
age and sex, which were assessed within the same models. Reported effects are from
the main effects (1) of age and sex, which are calculated by combining the inverse
variance weights of the between individual (8s) and within individual (Bc) effects:

_ weightpPp + Y-, weightc, B,
Y7 weighty + Y7, weightc,

To examine effect modification of the metabolomics trajectories by sex, analyses
were repeated stratifying the sample by sex. To assess the statistical significance of the
effect modification, separate models were run that included an interaction term for age-
by-sex using the full sample (men and women combined). All models included random
intercepts for within-subject correlations (due to repeated measures) and within-family
correlations (due to siblings). Models included fixed effects for age, sex, self-reported
race, and cholesterol lowering medication use, which was the most commonly used
class of medications in our sample. Sensitivity analyses were performed with an
additional fixed effect for plasma sample storage time. Each set of analyses was
corrected for multiple testing using the Benjamini-Hochberg (Benjamini & Hochberg,

1995) adjustment with an alpha of 0.05.
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Metabolite heritability estimates

The h? of each metabolite was estimated using a variance components method
that jointly models narrow-sense h? and the h? explained by genotyped variants (Zaitlen
et al., 2013), which allows for the inclusion of both closely and distantly related
individuals, as implemented in GCTA (Yang, Lee, Goddard, & Visscher, 2011). A
genetic relationship matrix was created from 272,839 weakly linked (R?<0.50) and
common (MAF>0.05) directly genotyped variants. Analyses of h? were cross-sectional,
using the first available metabolomics sample for 1,111 Caucasians that had both
metabolomic and genomic data, and adjusted for sex and age. To assess whether
metabolite h? could influence the effect of age or sex on metabolite levels, Pearson r
was used to calculate correlations between h? estimates and the strength of

associations (i.e., P-values) for age and sex.

Results
Participants

A total of 1,212 WRAP participants with 2,344 longitudinal plasma samples were
available for analyses. At the baseline visit for the current study, participants were 61
years old on average, 69% were female, and 94% were Caucasian (Table 1). Most
individuals were unrelated (n=825), but 147 families had >1 individual (family sizes
ranged from 1-9 members, with an average of 1.2 individuals per family). Analyses
stratified by sex included 838 women and 374 men, who had similar characteristics with
the exception of more men taking cholesterol lowering medications than women.

Participants each had 1,097 plasma metabolites available for analyses, 347 (31.6%) of
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which were of unknown chemical structure. Metabolites were largely uncorrelated with
each other (Appendix A3). Properties of each metabolite, such as biochemical name,
super pathway, and sub pathway, are described in Appendix A4.

Metabolome-wide association study

Aging Metabolomics

All metabolome-wide association results are summarized in Table 2 and detailed
in Appendix A4. After adjusting for multiple testing, the levels of 637 metabolites (58.1%
of metabolites assessed) significantly changed with age, 516 of which increased with
age (Figures 1A and 2). Of the total 34 steroid lipids tested, 28 significantly decreased
with age (including 20/22 androgenic, 5/5 progestin, 4/4 pregnenolone, and 1/3
corticosteroids), while two, 11-ketoetiocholanolone glucuronide, an androgenic steroid,
and cortisol, significantly increased with age.

Higher levels of most fatty acid lipids were associated with increased age
(including 13/14 long chain fatty acids, 28/34 acylcarnitines, and 41/78 other fatty
acids), with the exception of eicosanodioate (C20-DC), a dicarboxylate fatty acid that
decreased with age. Higher levels of sphingolipids tended to be associated with
increased age (19/21 associated sphingolipids).

The majority of amino acids associated with age increased with age (82.6% or
90/109 associated amino acids), including glutamine, one of the 20 common amino
acids that are encoded directly by the genetic code. Seven other common amino acids
decreased with age (histidine, threonine, tryptophan, leucine, methionine, aspartate,
and asparagine), while the 12 others were not associated with age.

Sex Metabolomics
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Six hundred and ninety-eight metabolites (63.6% of metabolites assessed)
significantly differed by sex, with the slight majority (388 metabolites or 55.6%) found in
lower levels in women (Figures 1B and 3). Of the metabolites associated with sex, 415
were also associated with age. Twenty-nine steroid lipids were associated with sex, all
of which were found in significantly lower levels in women, with the exception of two
corticosteroids (cortisol and corticosterone), which were found in higher levels in
women. Androgenic steroids constituted the three metabolites most strongly associated
with sex (5alpha-androstan-3alpha, 17beta-diol monosulfate, P<4.0e-308, 5alpha-
androstan-3alpha, 17beta-diol 17-glucuronide, P=4.3e-226, and 5alpha-androstan-
3alpha, 17beta-diol disulfate, P=2.6e-185).

Ninety fatty acids were associated with sex, 60 of which were found in higher
levels in women. Acylcarnitine fatty acids were an exception, as 17/26 significantly
associated acylcarnitines were found in lower levels in women. Among all tested
phospholipids, 73.8% (48/65) were higher in women, as were 85% (34/40) of all tested
sphingolipids.

The majority of amino acids associated with sex were found in lower levels in
women (76.8% or 86/112), including 13 of the 20 common amino acids (alanine,
tyrosine, methionine, arginine, proline, aspartate, asparagine, tryptophan, glutamate,
phenylalanine, and the three branched-chain amino acids (BCAAs): leucine, isoleucine,
and valine), while two were found in higher levels in women (glycine and serine). The
remaining five did not significantly differ by sex.

Effect Modification of Metabolomics Trajectories by Sex
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Analyses stratified by sex identified 588 metabolites (53.6% of metabolites
assessed) that were significantly associated with age among women (Figures 4A and
Appendix A5) and 297 metabolites (27.1% of metabolites assessed) among men
(Figures 4B and Appendix A6), with 206 being common to both groups.

The trajectories of 80 metabolites (7.3%) significantly differed over time by sex
(Figures 4C and 5). Of the four most significant metabolites, three were sphingolipids,
which were also the largest group of metabolites whose trajectories differed by sex
(20.0% or 16/80). Fifteen of these sphingolipids increased with age among women and
decreased with age among men. Several other groups of metabolites had trajectories
that also differed by sex, including seven fatty acids, six of which showed larger
increases with age among women than men; nine steroid lipids, eight of which showed
larger decreases with age among women than men; eight phospholipids, five of which
increased in women and decreased in men with age; and cholesterol, which increased
in women and decreased in men with age.

Metabolite heritability estimates

Metabolite h? estimates ranged widely (0.2-99.1%) and had a median h? of
36.3%, with a first quartile (Q1) of 25.5% and a third quartile (Q3) of 49.7% (Figure 6 and
Appendix A4). The metabolites with the lowest h? were three lipids: adipoylcarnitine
(C6-DC), an acylcarnitine (h? = 0.2%), 15-methylpalmitate (i17:0), a branched fatty acid
(h?=0.2%), and glycosyl-N-stearoyl-sphingosine (d18:1/18:0), a ceramide lipid
(h?=0.6%). The metabolites with the highest h? estimates were two unknown
metabolites (X-12093 and X-24328, h’=99.1% and 91.1%, respectively) and a

nucleotide involved in purine metabolism (N2,N2-dimethylguanosine, h?=90.0%).
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Metabolon recently identified X-12093 as N2-acetyl, N6 methyllysine, an amino acid in
the lysine catabolic sub pathway.

Super pathway median h? estimates ranged from 23.2-46.3%, with peptides
having the highest median, followed by amino acids (40.4%), and partially characterized
molecules having the lowest median, although the latter pathway only contained five
metabolites. Among the metabolite subgroups that were recurrent themes in our
association results (i.e., sub pathways highlighted in Table 2), the 20 common amino
acids had a median h? of 49.3% (Q1—Qs: 36.9-65.1%); fatty acids overall had a median
h? of 30.3% (Q1—Qs: 16.9-42.4%), while acylcarnitines had a slightly higher median h?
of 41.3% (Q1—Qs: 26.6-56.0%); phospholipids overall had a median h? of 35.9 (Q—Qa:
24.7-53.3%), while phosphatidylcholines had a slightly lower median h? of 30.6% (Qi—
Qs: 22.6-39.6%); sphingolipids had a median h? of 42.0% (Q1—Qa: 31.8-51.7%); and
steroid lipids overall had a median h? of 39.6% (Q1—Qs: 35.0-50.7%), while androgenic
steroids had a median h? of 42.5% (Q+—Qs: 37.6-50.7%).

Metabolites associated with age and sex had h? estimates that were
representative of overall metabolite h? estimates. Among the 608 metabolites
associated with age, the median h?=36.1% and Q—Qs: 25.9-50.0%. Similarly, among
the 680 metabolites associated with sex, the median h?=37.1% and Q-Qs: 26.0-50.6%.
Overall, metabolite h? estimates were not correlated with the strength of associations for

age or sex (Pearson r=-0.03 and -0.02, respectively).
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Discussion

To our knowledge, this is the first longitudinal metabolomics assessment of aging
and sex and uses one of the largest panels of metabolites reported to date. Our results
provide strong evidence that most plasma metabolite levels are highly influenced by
aging and that aging has a broader effect on metabolites in women than men.
Metabolites are also highly influenced by sex, with men and women having substantially
different metabolomic profiles. We report h? estimates on more metabolites than
previously reported and find that the variation of only a few metabolite levels can be
attributed almost entirely to either genetic or environmental influences. Rather, most are
influenced by a complex combination of genetic and environmental factors, consistent
with previous studies (Long et al., 2017; Shin et al., 2014). How heritable a metabolite
was did not appear to influence the effect of age or sex on metabolite levels.

Differences in levels of plasma lipid steroids, including androgens, progestins,
and pregnenolones, were among the most significant findings for both age and sex. The
steroid sex differences serve as a proof of concept, as it is well established that
androgens are present in lower levels in women than men (Goodman-Gruen & Barrett-
Connor, 2000). Androgens are also known to decrease with age among men in both
plasma (Ferrini & Barrett-Connor, 1998) and serum (Harman et al., 2001), and also
decline with age in serum among women (Spencer, Klein, Kumar, & Azziz, 2007),
perhaps most steeply during early reproductive years (Davison, Bell, Donath, Montalto,
& Davis, 2005).

The plasma metabolites we identified to be associated with sex and age are

consistent with findings from previous cross-sectional studies. The UK Adult Twin
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Registry (TwinsUK) study reported 165 out of 280 (58.9%) tested serum and plasma
metabolites to be associated with age in cross-sectional analyses (Menni et al., 2013).
Our data had 114 of these 165 metabolites, of which 71 were significantly associated
with age, and 65 had effects that were in the same direction as those reported in the
TwinsUK study (Appendix A7). The metabolites that had the opposite direction of effect
between studies were four amino acids (dimethylarginine, leucine, asparagine, and
tryptophan), one nucleotide (uridine), and one xenobiotic (theophylline), all of which we
reported decreased with age, with the exception of dimethylarginine, which increased
with age, contradictory to findings from the TwinsUK study. However, other studies have
reported that serum tryptophan levels decrease with age (Dunn et al., 2015; Z. Yu et al.,
2012). Among the 65 metabolites with the same effect, 29 were lipids, all of which
increased with age (the majority were fatty acids, including 10 long chain fatty acids, six
polyunsaturated fatty acids, and six other fatty acids), and 13 were amino acids
(including glutamine, which increased with age, and histidine and aspartate, which both
decreased with age).

The Cooperative Health Research in the Region of Augsburg (KORA F4) study,
which was also cross-sectional, reported 180 out of 507 (35.5%) tested serum
metabolites to be associated with sex (Krumsiek et al., 2015). Our data had 98 of these
180 metabolites, of which 84 were significantly associated with sex, and all had effects
that were in the same direction as those reported in KORA F4 (Appendix A8). Among
these were 33 amino acids (including 11 common amino acids, all of which were lower
in women except glycine and serine, which is also consistent with Mittelstrass et al.

(Mittelstrass et al., 2011)); 18 lipids (including five long chain fatty acids and three
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medium chain acids, all of which were higher in women, and three androgenic steroids,
all of which were lower in women); and 18 unknown metabolites (all but one were lower
in women). The single most significant finding in the KORA F4 study was the third most
significant in our study (5alpha-androsta-3beta, 17beta-diol disulfate, an androgenic
steroid; the two other androgenic steroids that were our first and second most significant
sex findings were not tested in the KORA F4 study). Also consistent with our findings,
other studies have reported serum and plasma phosphatidylcholines and sphingolipids
levels to be higher in women than men (Gonzalez-Covarrubias et al., 2013; Mittelstrass
et al., 2011; Rist et al., 2017), and serum acylcarnitines to be lower in women
(Mittelstrass et al., 2011).

Consistent with results from our sex-stratified analyses, a previous KORA F4
publication also reported serum sphingolipids to increase in concentrations with age
among women and acylcarnitines to increase with age among both women and men (Z.
Yu et al., 2012). The KORA F4 study, which had a sample of 1,038 women and 1,124
men, also similarly found twice as many metabolites associated with age among women
than men. This suggests that our similar observation may not be driven solely by the
differences in sample sizes between women and men in our study and that it may have
biological implications; i.e., aging may influence a wider breadth of metabolites in
women than men. A probable cause for such a difference may be that during
menopause, women experience very abrupt and dramatic hormone changes and loss of
ovarian function, whereas during “andropause”, men experience a gradual loss of
hormones and decline in fertility (Vermeulen, 2000). These hormonal changes could be

associated with other metabolic changes as well. Post-menopausal women have higher
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levels of sphingomyelins, fatty acids, acylcarnitines, lysophosphatidylcholines, and
several amino acids than pre-menopausal women (Auro et al., 2014; Ke et al., 2015),
and a recent study found that plasma and urine metabolomics can be used to predict
menopause status with 90% accuracy. Moreover, androgenic steroids have been linked
to lipid levels in postmenopausal women (Noyan, Yucel, & Sagsoz, 2004). Given that
the baseline average ages of women and men in our sample are each ~61 years old, it
is likely that our results are indicative of hormonal changes that occur in later ages and
that most of our female participants have undergone menopause. It will be crucial to
replicate these findings with a metabolomics panel that captures a larger proportion of
the ~25,000 known blood metabolites in order to determine the validity of this
hypothesis.

Among the 80 metabolites with different trajectories between women and men
were sphingolipids, phosphatidylcholines, and cholesterol. Metabolites from the latter
two subgroups have been previously reported to have similar trajectories as what we
identified, i.e., increasing with age in women and decreasing in men (Auro et al., 2014).
To our knowledge, a decrease of sphingolipid levels in men as our results suggest has
not been previously reported. However, greater sphingomyelin increases with age in
women than men have been previously described (Mielke et al., 2015).

We compared our metabolite h? estimates to those recently estimated from a twin
study of 1,930 individuals in the TwinsUK cohort (Long et al., 2017). Among the 466
metabolites overlapping with our study, h? estimates were only moderately correlated
(Pearson r=0.36) and our estimates were 9.6 percentage points lower on average.

However, our metabolite h? estimates were 8.9 percentage points higher on average
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(and had a lower correlation of r=0.25) when comparing 191 overlapping metabolite h?
estimates from an earlier twin study based on 7,824 individuals from both the KORA F4
and TwinsUK cohorts (Shin et al., 2014). Interestingly, despite having some overlapping
participants, h? estimates between these two previous studies were only moderately
correlated: among 163 overlapping metabolite h? estimates, Pearson r was 0.38, with
estimates based on the TwinsUK cohort being 18.8 percentage points higher on
average than the combined KORA and TwinsUK study. Differences in h? estimates may
be driven by differences in population composition and size, phenotypic variation, and
analytic approaches.

This study was not without limitations. Our findings are likely driven by our panel
of metabolites, and it is possible that a different panel of metabolites could produce
different results. Many of our findings are in accordance with previous publications,
thereby strengthening confidence in our results that have not been previously
investigated with regards to age and sex. Accordingly, it will be crucial to replicate novel
findings with an external cohort. However, we also identified several inconsistencies
between our study and others regarding h? estimates and a few of our association
results, which could have been due to differences in study designs and sample
populations. This challenge is common (Enche Ady et al., 2017), as the field of
metabolomics is rapidly developing and widely accepted standards for quality control
techniques are forthcoming. Differences in platforms, quantification techniques,
statistical analysis methods, laboratory techniques for sample handling (i.e., anti-
coagulation method, preservation, storage duration), and fasting status at the time of

the sample draw may result in large variations from one study to another (Gonzalez-



29

Dominguez, Sayago, & Fernandez-Recamales, 2017). The metabolomics quality control
process we have outlined here as well as that described in Voyle et al. (Voyle et al.,
2016) could serve as guidelines for future studies. Many of our findings included
metabolites that had unknown chemical structures, which is a current limitation of the
field of metabolomics, as it can be difficult and costly to accurately identify metabolites.
Further, we only investigated linear effects of age, but non-linear age effects may exist
and should be investigated in future investigations.

Using a large panel of longitudinal metabolomics data, we conducted a
comprehensive investigation of the influence of aging and sex on metabolomics. Our
findings suggest that levels of most metabolites are highly influenced by sex and age,
and that sex differentially influences levels and trajectories of many metabolites. These
findings underscore the importance of incorporating age and sex in the design and
analysis of metabolomics investigations. We also report that many metabolite levels are
influenced by a complex combination of both genomic and environmental influences.
These findings offer a deeper understanding of the aging process and could inform

many novel hypotheses regarding the role of metabolites in healthy and accelerated

aging.



Tables

Table 1. WRAP Participant Characteristics at Baseline for the Current Study.

Mean (SD) or N (%).

Overall Male Female
Characteristic (N=1,212, (n=374, (n=838,
obs=2,344) obs=731) obs=1,613)
Age (years) 60.8 (6.7) 61.2 (6.9) 60.7 (6.6)
Caucasian 1,135 (93.7) 351(93.9) 784 (93.6)
Cholesterol lowering
387 (31.9) 146 (39.0)* 241 (28.8)*
medication
Sample storage (days) | 1,510.5 (415.7) | 1,511.2(424.3) | 1,510.2 (412.0)

obs=number of longitudinal observations

*Significantly differs between men and women (P=3.9e-4)
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Figure 1. Manhattan plots of metabolome-wide associations results.
A. Age significantly influenced 637 metabolites. B. Sex significantly influenced 698

metabolites. Both sets of results use a Benjamini-Hochberg adjusted p-value threshold

(red horizontal line).



Peptide

. Unknown

. Cofactors and Vitamins

. Energy

SUPER.PATHWAY

[ Anino Acid
. Carbohydrate
B L

. Nucleotide

. Xenobiotics

0.50

0.25
) ' I' '
8 o bafbalbatituallilestodi o
:
o

-0.25

-0.50

8¥6¥¢ - X
S¥8ve - X
99/ - X
82.vg - X
9¥S¥g - X
¥S¥e - X
12s¥g - X
v1iabe - X
€Lv¥S - X

998¢1 - X

L9vGL - X

79511 - X

[olyihie

(v ) sjeouejoooionjiad

(SO4d) pioe oluojnsaueoooionjad
Lore|ns

aulpLINOIPAYIP-9‘G
sujplnopnasd
sjeJhingosiouiwe-g
auisouenBlAyrawip-zN‘ZN
auisoullAyraw- | N
ale}|nsip |olp-e1aqoz’ (eleq Jo eydje)g-ueubaid-eydieg
apluoinon|b-g-jolpaueubaid
gag ajejnsouow |o!p-Eqd|Eoz‘e1aqg-uEuﬁeJd-Egdmg
1) Sfejnsouow [oip-e}aqog ejaqe-ueubaid-eydieg
ajej|nsip suojousuBbaidAxXoIpAy- g
? OYEH 12D alejinsououw plois)s ubaid
1:81/0:9}-d )Od? Moleo 2-(ihonwied-jAue-1)-1
ezEJE1n|6|ALueLu £-Ax0IpAY
|olisoul-oAu
awoeqes;{xmp/(q-s
Q- H:810) aunlulesjfolpauaospe)oo
LOZO sUUIEd|KOUBS0oIe
( d-20) euiues|KodipejAyew-¢/aumues|fojawid
,(1:91D) suniuseojhosjoyujed
0@-90) auniuseajfodipe
euloue::MMquxmpAq o)
|,17|,:) auljuies|fos|o}sLAW
910) aumuieajfoywied
1:81.0) suniusesjhos|o
ZLQ auUIEo|AINe|
aupnlue AAmsuALu
g:) aupjureojhouexa
L(0:22/1:91p ‘0:02/}: slp) oplwe.ao |As0oh|B
apiuoInonio suosajsolpue
alej|nsououw (B1eq/ | e1aqs{ |olpausisolpue
Sjejinsououl (e}aq/ | ‘ejaqe) |olpaus)soipue
alejjnsououw (eydie/ | ‘eydjeg) [olpaus)soipue
alejinsououl (eydje/ | "eydeg) [ojpausisoipue
alej|nsip (e180/ | ‘B18GE) [Olpaus]soipue
alej|nsip (e199/ | ‘B1adE) [oipaus)soipue
alej|nsououw [oIp-e1aq/ | ejeqg-uelsolpue-eydieg
slej|nsououw |olp-e1eq/ | ‘eydjeg-ueisoipue-eydeg
ajej|ns auoJs)soipuelds
(S-¥3HQ) eeyins suoislsolpueos|olpAysp
alej|Ns auoJs]soIpuE
[sueu Jo s10] sjejuode
ajeqlo
|plweunodiu
ajeuljouinb
8leuond
JojAx/jo1qe.re
ajeuo|A euoqele
areuoqu
aleuo. IlﬂA IE]
aulqouonoElp SN‘2N
eain
a]eloR||IUBA
(YINA) eua|apueuJ|A||lue/\
aulsoifiAxoyye!
ueqdmdAuMsoo/qﬁ o)
sjeouelNgoplWe}ede-
aupsAo
2U0yNS BUIUOIYIBW
amuonuauuhum;i\]
ajeJaeAoUlLE-G AL WL
auisA|-J-(AxoipAyjhsoroeeb)-g
auifeAA1eoe-N
LaulpnsiyjAyaw- |-|A1eoe-N
a]e1a0Bs|0ZEPIWI-{- |Aq1eu1 1
aulss|faoe- w
sulﬁmedse X0.pAy
BuluEelAloe-N

AN NONT

34



35

Figure 2. Adjusted effects of a 10-year increase in age on the top 100 metabolites most
strongly influenced by age.

Positive values indicate the amount a metabolite increased over 10 years, whereas
negative values indicate the amount a metabolite decreased over 10 years. Black

vertical lines indicate 10*standard errors.
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Figure 3. Adjusted effects of the top 100 metabolites most strongly influenced by sex.
Positive values indicate that the metabolite was higher in women, whereas negative
values indicate that the metabolite was higher in men. Black vertical lines indicate

10*standard errors.
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Figure 4. Manhattan plots of metabolome-wide associations results.

A. Age significantly influenced 588 metabolites in women. B. Age significantly
influenced 297 metabolites in men. C. Trajectories of 80 metabolites significantly differ
by sex. Each set of results uses a Benjamini-Hochberg adjusted p-value threshold (red

horizontal line).
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Figure 5. Adjusted effects of a 10-year increase in age on the 80 metabolites with
trajectories that significantly differ by sex.

For each metabolite, the bar on the left represents the change in metabolite level over
10 years in women, whereas the bar on the right represents the change in metabolite

level over 10 years in men. Black vertical lines indicate 10*standard errors.
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Figure 6. Pinwheel plot of metabolite heritabilities.

Each bar indicates the heritability of the corresponding metabolite. Metabolite names

are indicated in the outer circle.
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Chapter 2. Metabolites associated with early age-related cognitive change in a

cohort at risk for Alzheimer’s

Abstract

Objective: We investigated the metabolomics of early cognitive changes related to
Alzheimer’s disease (AD) in order to better understand mechanisms that could
contribute to early stages and progression of this disease. Methods: This investigation
used longitudinal plasma samples from the Wisconsin Registry for Alzheimer’s
Prevention (WRAP), a cohort of participants who were dementia free at enrollment and
enriched with a parental history of AD. Metabolomic profiles were quantified for 2,338
fasting plasma samples among 1,206 participants, each with up to three study visits.
Results: Of 1,097 metabolites tested, levels of seven were associated with executive
function trajectories, including an amino acid and three fatty acids, but none were
associated with delayed recall trajectories. Conclusions: Our time-varying metabolomic
results suggest potential mechanisms that could contribute to the earliest signs of
cognitive decline. In particular, fatty acids may be associated with cognition in a manner

that is more complex than previously suspected.
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Background

Recent technological advances have made metabolomic studies increasingly
favorable among Alzheimer’s disease (AD) researchers (Enche Ady et al., 2017;
Gonzalez-Dominguez et al., 2017; Trushina & Mielke, 2014); however, these studies
have been limited to cross-sectional approaches comparing patients with either AD or
mild cognitive impairment (MCI) to controls. In these early stages of AD metabolomics
research, few metabolites have been found to be associated with AD in more than one
study (Enche Ady et al., 2017). Because neuropathological changes that lead to the
development of AD occur decades before its clinical presentation (Jack et al., 2010;
Serrano-Pozo, Frosch, Masliah, & Hyman, 2011), longitudinal investigations preceding
its diagnosis could add to our current knowledge. In particular, understanding how
biomarkers correlate with subtle changes in cognition prior to AD diagnosis could help
identify causal mechanisms contributing to its onset.

Executive function and memory deficits occur in the very early stages of AD, prior
to deficits of language and visuospatial functions (Albert, 1996; Baudic et al., 2006;
Lafleche & Albert, 1995), and are associated with AD pathology and subsequent global
cognitive decline (Clark et al., 2016; Clark et al., 2012). Metabolite levels associated
with these early changes in cognition could be indicative of underlying biological
mechanisms and pathways contributing to the pathology of AD and could ultimately
inform stronger predictive models and preventative trials for this disease.

Using longitudinal plasma samples from the Wisconsin Registry for Alzheimer’s
Prevention (WRAP), we investigated whether time-varying metabolite levels predicted

age-related cognitive changes (i.e., trajectories) for executive function and memory,
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specifically, delayed recall. Results from each of these association analyses were
further explored using Mendelian randomization (MR) and in a metabolite pathway

analysis.

Methods
Participants

Study participants were from WRAP, a longitudinal study of initially dementia free
middle-aged adults that allows for the enrollment of siblings and is enriched for a
parental history of AD. Further details of the study design and methods used have been
previously described (Johnson et al., 2018; Sager et al., 2005). Analyses did not include
the baseline WRAP visit due to subsequent protocol changes regarding sample
collection procedures and tests included in the neuropsychological battery. Study visits
included in the current analyses occurred every two years. This study was conducted
with the approval of the University of Wisconsin Institutional Review Board, and all
participants provided signed informed consent before participation.
Biological samples
Plasma collection and sample handling

Fasting blood samples for this study were drawn the morning of each study visit,
which was also the day cognitive testing was completed. Blood was collected in 10 mL
ethylenediaminetetraacetic acid (EDTA) vacutainer tubes. They were immediately
placed on ice, and then centrifuged at 3000 revolutions per minute for 15 minutes at
room temperature. Plasma was pipetted off within one hour of collection. Plasma

samples were aliquoted into 1.0 mL polypropylene cryovials and placed in -80°C
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freezers within 30 minutes of separation. Samples were never thawed before being
shipped overnight on dry ice to Metabolon, Inc. (Durham, NC), where they were again
stored in -80°C freezers and thawed once before testing.

Metabolomic profiling and quality control

An untargeted plasma metabolomics analysis was performed by Metabolon, Inc.
using Ultrahigh Performance Liquid Chromatography-Tandom Mass Spectrometry
(UPLC-MS/MS). Quantification was performed as previously described (Evans et al.,
2014); details are outlined in Appendix A1. Metabolites within nine super pathways were
identified: amino acids, carbohydrates, cofactors and vitamins, energy, lipids,
nucleotides, partially characterized molecules, peptides, and xenobiotics.

Up to three longitudinal plasma samples were available for each participant.
Metabolites with an interquartile range of zero (i.e., those with very low or no variability)
were excluded from analyses (n=178 metabolites). After removing these metabolites,
samples were missing a median of 11.7% metabolites, while metabolites were missing
in a median of 1.2% of samples. Missing metabolite values were imputed to the lowest
level of detection for each metabolite. Metabolite values were median-scaled and log-
transformed to normalize metabolite distributions (van den Berg et al., 2006). If a
participant reported that they did not fast or withhold medications and caffeine for at
least eight hours, the sample was excluded from analyses (n=159 samples). A total of
1,097 metabolites among 2,338 samples remained for analyses.

DNA collection and genomics quality control
DNA was extracted from whole blood samples using the PUREGENE® DNA

Isolation Kit (Gentra Systems, Inc., Minneapolis, MN). DNA concentrations were
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quantified using the Invitrogen™ Quant-iT™ PicoGreen™ dsDNA Assay Kit (Thermo
Fisher Scientific, Inc., Hampton, NH) analyzed on the Synergy 2 Multi-Detection
Microplate Reader (Biotek Instruments, Inc., Winooski, VT). Samples were diluted to 50
ng/ul following quantification.

A total of 1,340 samples were genotyped using the lllumina Multi-Ethnic
Genotyping Array at the University of Wisconsin Biotechnology Center (Appendix A2).
Thirty-six blinded duplicate samples were used to calculate a concordance rate of
99.99%, and discordant genotypes were set to missing. Sixteen samples missing >5%
of variants were excluded, while 35,105 variants missing in >5% of individuals were
excluded. No samples were removed due to outlying heterozygosity. Six samples were
excluded due to inconsistencies between self-reported and genetic sex.

Due to sibling relationships in the WRAP cohort, genetic ancestry was assessed
using Principal Components Analysis in Related Samples (PC-AIR), a method that
makes robust inferences about population structure in the presence of relatedness
(Conomos et al., 2015). This approach included several iterative steps and was based
on 63,503 linkage disequilibrium (LD) pruned (r?><0.10) and common (MAF>0.05)
variants, using the 1000 Genomes data as reference populations (Genomes Project et
al., 2015). First, kinship coefficients (KCs) were calculated between all pairs of
individuals using genomic data with the Kinship-based Inference for Gwas (KING)-
robust method (Manichaikul et al., 2010). PC-AIR was used to perform principal
components analysis (PCA) on the reference populations along with a subset of
unrelated individuals identified by the KCs. Resulting principal components (PCs) were

used to project PC values onto the remaining related individuals. All PCs were then
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used to recalculate the KCs taking ancestry into account using the PC-Relate method,
which estimates KCs robust to population structure (Conomos et al., 2016). PCA was
performed again using the updated KCs, and KCs were also estimated again using
updated PCs. The resulting PCs identified 1,198 WRAP participants whose genetic
ancestry was primarily of European descent. This procedure was repeated within this
subset of participants (excluding 1000 Genomes individuals) to obtain PC estimates
used to adjust for population stratification in subsequent genomic analyses. Among
European descendants, 160 variants were not in Hardy-Weinberg equilibrium (HWE)
and 327,064 were monomorphic and thus, removed.

A total of 1,294,660 bi-allelic autosomal variants among 1,198 European
descendants remained for imputation, which was performed with the Michigan
Imputation Server v1.0.3 (Das et al., 2016), using the Haplotype Reference Consortium
(HRC) v. r1.1 2016 (McCarthy et al., 2016) as the reference panel and Eagle2 v2.3 (Loh
et al., 2016) for phasing. Prior to imputation, the HRC Imputation Checking Tool
(Rayner et al., 2016) was used to identify variants that did not match those in HRC,
were palindromic, differed in MAF>0.20, or that had non-matching alleles when
compared to the same variant in HRC, leaving 898,220 for imputation. A total of
39,131,578 variants were imputed. Variants with a quality score R?<0.80, MAF<0.001,
or that were out of HWE were excluded, leaving 10,400,394 imputed variants. These
were combined with the genotyped variants, leading to 10,499,994 imputed and
genotyped variants for analyses. Data cleaning and file preparation were completed
using PLINK v1.9 (Chang et al., 2015) and VCFtools v0.1.14 (Danecek et al., 2011).

Coordinates are based on GRCh37 assembly hg19.
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Cognitive phenotypes
Composite scores were calculated for executive function and delayed recall based on a
previous analysis (Clark et al., 2016). Each composite score was calculated from three
neuropsychological tests, which were each converted to z-scores using baseline means
and standard deviations. The executive function composite score included the Trails
Making Test Part B (TMTB) (Reitan & Wolfson, 1985) total time to completion, Stroop
Neuropsychological Screen Test (Trenerry, Crosson, DeBoe, & Leber, 1989) color-word
interference total items completed in 120 second, and Wechsler Abbreviated
Intelligence Scale-Revised (WAIS-R) digit symbol coding subtest total items completed
in 90 seconds (Wechsler, 1981). The delayed recall composite score included the Rey
Auditory Verbal Learning Test (RAVLT) (Schmidt, 1996) long-delay free recall,
Wechsler Memory Scale-Revised Logical Memory (WMS-R LM) (Wechsler, 1987)
delayed recall, and Brief Visuospatial Memory Test (BVMT-R) (Benedict, 1997) delayed
recall. The TMTB was multiplied by negative one prior to being converted to z-scores,
so that higher z-scores indicated better performance. These z-scores were then
averaged to derive executive function and delayed recall composite scores at each visit
for each individual.
Statistical analyses
Metabolome-wide association studies

All associations were tested using linear mixed effects regression models
implemented in the SAS MIXED procedure. To assess whether metabolite levels were
associated with age-related cognitive trajectories, an interaction term between

metabolite level and age was used to predict cognitive composite scores (i.e., executive
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function and delayed recall). Models included fixed effects for centered age, sex, self-
reported race, cholesterol-lowering medication use (the most commonly used class of
medications in our sample), sample storage time, education, a genetic risk score for
APOE (Darst et al., 2017), and practice effects (using visit number). Random intercepts
were included for within-subject correlations due to repeated measures and within-
family correlations due to the enrollment of siblings. The two sets of P-values resulting
from testing executive function and delayed recall trajectories were separately corrected
for multiple testing using the Benjamini-Hochberg (Benjamini & Hochberg, 1995)
adjustment with an alpha of 0.05.
Mendelian randomization

MR (Smith & Ebrahim, 2003) was used to assess whether levels of any individual
metabolite identified in our association analyses (i.e., metabolites associated with either
executive function or delayed recall trajectories) could causally influence cognition.
Metabolic quantitative trait loci (mQTL) were identified as genomic variants influencing
metabolite levels with a P<0.001 using genome-wide association study (GWAS)
summary statistics provided by the authors of a recent publication by Long et al., 2017
(Long et al., 2017). A polygenic score (PS) was created for each metabolite identified in
our association analyses that also had GWAS summary statistics available. PSs were
defined as the sum of an individual's metabolite-increasing alleles weighted by the
effect sizes from GWAS summary statistics. PSs were created using the additive allelic
scoring function in PLINK 1.9 (Chang et al., 2015) after LD pruning variants within each
PS (R2>0.50). To be consistent with our discovery models, interactions between each

PS and age were tested for association with cognition using linear mixed effects



50

regression models. Models included fixed effects for age, sex, education, practice
effects, and the first four PCs to account for population stratification, and included
random intercepts for repeated measures and sibling relationships.
Metabolite pathway analysis

Results from association analyses were further investigated using a metabolite
pathway analysis. Metabolites included in this analysis were those associated with
either executive function or delayed recall trajectories with an unadjusted P<0.05 and
that had a Kyoto Encyclopedia of Genes and Genomics (KEGG) compound ID
(Kanehisa & Goto, 2000). Metabolites on our panel with KEGG compound |IDs were
used as the reference panel for this analysis. The pathway analysis was conducted
using MetaboAnalyst 4.0 and included both an overrepresentation analysis, which was
assessed using a hypergeometric test, and a pathway topology analysis, which was
assessed using relative-betweenness centrality (Xia & Wishart, 2016). The
overrepresentation analysis tests whether a user-defined list of metabolites represents a
particular pathway of metabolites more than expected by chance. The pathway topology
analysis considers the structure of a pathway by assessing how connected metabolites
are within a pathway. If a pathway contains metabolites that connect dense clusters of
other metabolites, the pathway would have a high impact score, as changes to its

metabolites would likely have a strong impact on other metabolites within the pathway.

Results

Participants
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A total of 1,206 WRAP participants with 2,338 longitudinal plasma samples were
available for analyses. At baseline for the current study, 69.2% of participants were
female, 93.7% were Caucasian, and participants were 60.9 years old with a bachelor’'s
degree, on average (Table 1). Participants each had 1,097 plasma metabolites
available for analyses, 347 (31.6%) of which were of unknown chemical structure.
Properties of each metabolite, such as biochemical name, super pathway, and sub
pathway are described in Appendix B1.

Metabolome-wide association studies
Executive Function

All metabolome-wide association results are detailed in Appendix B1. Seven
metabolite-by-age interactions were associated with executive function (Figures 1A and
2). Levels of cysteine S-sulfate, an amino acid, had the strongest association
(unadjusted P=5.2e-05), with lower levels associated with better executive function in
midlife and poorer executive function later in life. The six other significant metabolites
showed the opposite relationship with age and executive function, which included
erucate (22:1n9) (a monosaturated omega-9 fatty acid), four partially characterized
molecules (glycine conjugate of C1oH1202, fatty acid 8:1 acyl glutamine conjugate, fatty
acid 6:1 acyl glutamine conjugate, and C12H180Os), and one unknown metabolite (X-
18887).

Delayed Recall

No metabolite-by-age interactions were associated with delayed recall after

adjusting for multiple comparisons. The three strongest interactions included

heneicosapentaenoate (21:5n3) (a polysaturated fatty acid, unadjusted P=0.00009), X —
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02269 (an unknown metabolite, P=0.0004), and erucate (22:1n9) (unadjusted
P=0.0005) (Figure 1B). Four of the seven metabolites associated with executive
function showed a similar relationship with delayed recall, although none were
statistically significant (erucate (22:1n9), X — 13866, X — 12104, and cysteine S-sulfate,
all unadjusted P-values <0.20) (Appendix B2).
Mendelian randomization

GWAS summary statistics were available for three of the seven metabolites
associated with executive function (cysteine S-sulfate, erucate (22:1n9), and X-13866,
an unknown metabolite) and used to create a PS for each metabolite. The three PSs
were fairly weak instruments, with correlations with corresponding metabolites ranging
from r=-0.04 to 0.004 and the largest F-statistic=1.71, well below the commonly used F-
statistic threshold of 10 (Stock, Wright, & Yogo, 2002) (Appendix B3). Not surprisingly,
associations between executive function and the PSs-by-age were not significant (each
P=0.54). Thus, MR analyses were insufficient to draw conclusions about the nature of
the relationship between the metabolites and executive function.
Metabolite pathway analysis

Of the 1,097 metabolites tested, only 291 had KEGG compound IDs that were
recognized by MetaboAnalyst and could be used as the reference panel for the pathway
analysis. A total of 254 metabolites met the inclusion threshold of an unadjusted P<0.05
for the cognitive metabolite pathway analysis; however, only 82 of these were identified
metabolites with KEGG compound IDs. These metabolites most strongly represented

pathways involved in inositol phosphate, ether lipid, and amino sugar and nucleotide
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metabolism, although none of the pathways identified were statistically significant

(Appendix B4 and Appendix BS).

Discussion

We analyzed the metabolomics of cognitive trajectories using time-varying
plasma metabolomic samples and a large panel of metabolites. Our findings suggest
that specific metabolite levels, particularly cysteine s-sulfate and fatty acid lipids,
correspond with executive function trajectories in late middle-aged adults at increased
risk for AD. However, metabolite levels were not statistically associated with delayed
recall trajectories.

The associations we observed between metabolite levels and executive function
trajectories could provide insight to mechanisms contributing to cognitive decline. In
particular, lower levels of the amino acid cysteine S-sulfate were associated with better
executive function in midlife, but poorer executive function later in life. The involvement
of cysteine metabolism in AD has been implicated in a pathway analysis of previous AD
metabolomics studies (Enche Ady et al., 2017). Our results further suggest that such a
relationship could depend on age. Cysteine S-sulfate is a glutamate receptor agonist
that can lead to calcium influx in nerve cells and neurotoxicity when present in high
levels (Olney, Misra, & de Gubareff, 1975; Snowden et al., 2017). It has been shown to
drive excitotoxic neurodegeneration in individuals with molybdenum cofactor deficiency,
an autosomal recessive inborn error of metabolism characterized by early childhood
death (Kumar et al., 2017). This supports our finding that high levels of cysteine S-

sulfate may be detrimental to cognitive function in midlife. However, further
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investigations using longitudinal cohorts, and perhaps experiments using model
organisms, will be crucial to validate our findings and determine whether high levels
could have protective effects later in life.

The opposite pattern was seen for the six other metabolites associated with
executive function, which included three fatty acids, where higher metabolite levels in
younger years, but lower levels in older years, were associated with better executive
function. One of these fatty acids was erucate (22:1n9), an omega-9 fatty acid that
readily crosses the blood brain barrier (Golovko & Murphy, 2006) and has been shown
to enhance memory performance in mice (Kim et al., 2016). Fatty acids have long been
suspected to influence cognitive performance, but studies have had mixed findings
regarding their role, particularly of omega-3 fatty acids (Cederholm, Salem, & Palmblad,
2013; Mazereeuw, Lanctot, Chau, Swardfager, & Herrmann, 2012). Our results suggest
that this role may be difficult to define because the implications of these metabolite
levels change as individuals age. This is further supported by the consistent
relationships seen by two other partially characterized fatty acids (fatty acid 8:1 acyl
glutamine conjugate and fatty acid 6:1 acyl glutamine conjugate). More information
about these two particular metabolites could prove useful in understanding the
relationship between fatty acids and cognitive function. Beyond cognitive performance,
omega fatty acids have also been shown to be dysregulated in certain brain regions of
patients with AD pathology (Snowden et al., 2017), further strengthening the potential
relevance of fatty acids.

This study had several limitations. The pathway analysis we performed was

highly limited due to the large number of metabolites in our panel that did not have
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KEGG compound IDs. This greatly underscores the importance of continued efforts to
identify and characterize metabolites. The PSs we developed for our MR assessment
were weak instrumental variables and did not allow us to determine whether levels of
the metabolites we identified are causally related to executive function. Our cohort may
not have experienced sufficient cognitive decline at this point to identify metabolite
levels associated with delayed recall trajectories. Because our analyses are based on
an average of two and up to three longitudinal samples per participant, we are
somewhat limited in our ability to assess cognitive and metabolite trajectories. Although
our metabolite panel is large relative to previous investigations, it is possible that a
different panel of metabolites could produce different results; however, quantifying and
identifying metabolites is a challenging task that is highly dependent on technological
advances. It will be critical to replicate findings presented here with an independent
cohort. To assist with replication of metabolomics findings, as the field of metabolomics
rapidly develops, it will be crucial to develop standard methods of measuring and
analyzing metabolites.

Using a large panel of longitudinal metabolomics data, we found that levels of
certain plasma metabolites, including cysteine S-sulfate and erucate, were associated
with age-related change in executive function, one of the earliest aspects of cognitive
function to change in the course of AD development. Replication in cohorts with
longitudinal metabolomics data will be necessary to confirm whether these metabolites
contribute to the development of AD. If these metabolites are shown to have causal

influences on cognition through future longitudinal and experimental research studies,
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subsequent investigations of their nutritional influences could further elucidate the

mechanisms influencing early stages of AD and perhaps inform preventative measures.



Tables

Table 1. WRAP Participant Characteristics at Baseline.

Mean (SD) or N (%).

Overall
Characteristic
(N=1,206, obs=2,338)
Age (years) 60.9 (6.7)
Female 834 (69.2)
Years of education 16.3 (2.9)
Caucasian 1,130 (93.7)
APOE &4 carrier 462 (38.3)
Cholesterol lowering medication 385(31.9)

Sample storage (days)

1,517.3 (405.1)

# Visits

1.9 (0.6)

obs=observations

57



Table 2. Top ten metabolite*age interactions on executive function.

58

Metabolite Super Pathway Sub Pathway P-value
Methionine, Cysteine, SAM
Cysteine S-sulfate Amino acid 5.2e-05
and Taurine Metabolism
Partially Characterized Partially Characterized
X — 13866 (C12H1305) 7.3e-05
Molecules Molecules
X — 128309 (fatty acid 8:1 acyl | Partially Characterized Partially Characterized
7.9¢-05
glutamine conjugate) Molecules Molecules
Erucate (22:1n9) Lipid Long Chain Fatty Acid 1.5e-04
Partially Characterized Partially Characterized
Glycine conjugate of C1oH120: 1.8e-04
Molecules Molecules
X — 18887 Unknown Unknown 2.2e-04
X — 12104 (fatty acid 6:1 acyl | Partially Characterized Partially Characterized
5.4e-04
glutamine conjugate) Molecules Molecules
Fatty Acid Metabolism
Dihomo-linolenoyl-choline Lipid 5.4e-04
(Acyl Choline)
Né6-acetyllysine Amino acid Lysine Metabolism 5.5e-04
Heptenedioate (C7:1-DC) Lipid Fatty Acid, Dicarboxylate | 5.9e-04

P-values are unadjusted.

Bold values are statistically significant using a Benjamini-Hochberg adjustment for

multiple comparisons.
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Figure 1. Manhattan plot of metabolome-wide association results for cognitive

composite scores.

A. Seven metabolite*age interactions were significantly associated with executive

function. B. No metabolite*age interactions were significantly associated with delayed
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recall. Both sets of results used a Benjamini-Hochberg adjusted P-value threshold (red

horizontal line).
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Figure 2. Contour plots showing executive function trajectories by seven time-varying
metabolite levels.

The y-axis represents standardized metabolite levels, whereas the z-axis represents the
executive function composite score. In younger ages, higher levels of most metabolite
are associated with above average cognition, whereas in older ages, higher levels are
associated with below average cognition, with the exception of cysteine s-sulfate, where

there opposite is true. Unadjusted P-values are indicated for each test.
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Chapter 3: Integrated network analysis of genomics, metabolomics, and
Alzheimer’s risk factors

Abstract
Although Alzheimer’s disease (AD) is highly heritable, genetic variants known to be
associated with AD only explain a small proportion of its heritability. Genetic factors may
only convey disease risk in individuals with certain environmental exposures,
suggesting that a multi-omics approach could reveal the underlying mechanisms
contributing to complex traits, such as AD. We developed an integrated network to
investigate relationships between metabolomics, genomics, and AD risk factors using
Wisconsin Registry for Alzheimer’s Prevention participants. Analyses included 1,111
non-Hispanic Caucasian participants with whole blood expression for 11,376 genes
(imputed from dense genome-wide genotyping), 1,097 fasting plasma metabolites, and
17 AD risk factors. A subset of 155 individuals also had 364 fasting cerebral spinal fluid
(CSF) metabolites. After adjusting each of these 12,854 variables for potential
confounders, we developed an undirected graphical network, representing all significant
pairwise correlations upon adjusting for multiple testing. There were many instances of
genes being indirectly linked to AD risk factors through metabolites, suggesting that
genes may influence AD risk through particular metabolites. Follow-up analyses
suggested that glycine mediates the relationship between CPS7 and measures of
cardiovascular and diabetes risk, including body mass index, waist-hip ratio,
inflammation, and insulin resistance. We also found that 38 CSF metabolites explained
more than 60% of the variance of CSF levels of tau, a detrimental protein that

accumulates in the brain of AD patients and is necessary for its diagnosis. These results
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further our understanding of underlying mechanisms contributing to AD risk while

demonstrating the utility of generating and integrating multiple omics data types.

Background

Genome-wide association studies (GWAS) have identified thousands of single
nucleotide polymorphism (SNP)-trait associations (MacArthur et al., 2017). However,
these variants tend to have very small effect sizes and typically explain a small portion
of trait heritability. Alzheimer’s disease (AD) is an example of such a trait: 53% of its
phenotypic variance can be explained by genomic variants, collectively (i.e., SNP
heritability); yet, the 21 GWAS variants identified in a meta-analysis to be associated
with AD only account for 31% of its genetic variance, leaving 69% unaccounted for
(Ridge et al., 2016). In order to more comprehensively understand the disease risk
conveyed by genetic factors, it is crucial to consider genomics in combination with other
omics data types and to use integrative multi-omics approaches that can capture
intricate relationships.

Although there has been great interest recently in the integration of multi-omics
datasets, progress in this field is still fairly limited and it faces many challenges
(Bersanelli et al., 2016; Buescher & Driggers, 2016; Gligorijevic & Przulj, 2015; Huang,
Chaudhary, & Garmire, 2017; Lopez de Maturana, Pineda, Brand, Van Steen, & Malats,
2016; Ritchie et al., 2015). However, studies have been able to show that the use of
multiple omics data types is more predictive than single data types (Buescher &
Driggers, 2016; Mankoo, Shen, Schultz, Levine, & Sander, 2011). A recent study with

dense longitudinal omics data displayed the utility of integrating such data with regards
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to personalized medicine (Price et al., 2017). Although limited by its sample size of 108
participants, this investigation identified meaningful systems biology relationships that
were able to improve the health of its participants. As it is becoming more feasible and
common to acquire multiple omics data types, it is essential that we move towards
systems biology approaches of understanding complex diseases, rather than focusing
on single data types that are unable to capture the intricacies imposed by biology.

Recent technological advances have made metabolomics studies increasingly
favorable among investigations of AD (Enche Ady et al., 2017), obesity (Zhang, Sun, &
Wang, 2017), and cardiovascular disease (Ussher, Elmariah, Gerszten, & Dyck, 2016),
to name a few. An appeal of the metabolome is that of the biological systems,
metabolomics could offer an effective way to accurately capture individual-level
environmental exposures; it is the most proximal to the development of the phenotype
(Horgan & Kenny, 2011) and many metabolites have a low heritability (Long et al.,
2017; Shin et al., 2014), implying that such metabolites are more strongly influenced by
the environment than genomics. Metabolomic variations that precede disease onset
could prove to be highly informative for predictive models as well as preventative and
therapeutic medicine. Pathological changes that cause AD are known to begin decades
before the diagnosis of AD (Jack et al., 2009). As such, an integrated approach of
studying the genomics and metabolomics of risk factors that precede an AD diagnosis
could provide a better understanding of the underlying biological and environmental
mechanisms that lead to the onset of AD.

We developed an integrative network to investigate relationships between

plasma metabolomics, cerebral spinal fluid (CSF) metabolomics, genomics, and AD risk
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factors using 1,111 participants with deep longitudinal phenotypes from the Wisconsin
Registry for Alzheimer’s Prevention (WRAP). AD risk factors included
neuropsychological measures of cognitive function, CSF levels of the two proteins
required for an AD diagnosis that are known to accumulate in the brains of AD patients,
amyloid-beta (AB) and tau, and measures of cardiovascular disease and diabetes risk,
two diseases that are known to increase AD risk. Further, in order to understand
whether plasma metabolite levels are representative of metabolites in CSF, which may
be a more relevant tissue for neurological diseases, we also assessed the correlation of

plasma and CSF metabolite levels.

Methods
Participants

Study participants were from WRAP, a longitudinal study of initially dementia free
middle-aged adults that allows for the enrollment of siblings and is enriched for a
parental history of Alzheimer’s disease. Further details of the study design and methods
used have been previously described (Johnson et al., 2018; Sager et al., 2005).
Participants included in this analysis had genetic ancestry that was primarily of
European descent, had both genomic and metabolomic data available, and up to
nineteen AD risk factors (Table 1; of note, cholesterol is not included in this table
because it was measured on the metabolite panel). This study was conducted with the
approval of the University of Wisconsin Institutional Review Board, and all subjects
provided signed informed consent before participation.

Plasma and CSF collection and sample handling
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Fasting blood samples for this study were drawn the morning of each study visit.
Plasma samples were stored in ethylenediaminetetraacetic acid (EDTA) tubes at -80°C.
Blood was collected in 10 mL ethylenediaminetetraacetic acid (EDTA) vacutainer tubes.
They were immediately placed on ice, and then centrifuged at 3000 revolutions per
minute for 15 minutes at room temperature. Plasma was pipetted off within one hour of
collection. Plasma samples were aliquoted into 1.0 mL polypropylene cryvolials and
placed in -80°C freezers within 30 minutes of separation.

As previously described (Darst et al., 2017), CSF was collected via lumbar
puncture (LP) in the morning after a 12-hour fast, not necessarily on the same day as a
study visit (LPs were drawn within a median of 120 days of the study visit, ranging from
0-661 days). LPs were performed using a Sprotte 25- or 24-gauge spinal needle at the
L3/4 or L4/5 interspace using gentle extraction into polypropylene syringes. CSF (22
mL) was then gently mixed and centrifuged at 2000g for 10 minutes. Supernatants were
frozen in 0.5 mL aliquots in polypropylene tubes and stored at —80°C.

Plasma and CSF samples were never thawed before being shipped overnight on
dry ice to Metabolon (Durham, NC), where they were again stored in -80°C freezers and
thawed once before testing.

CSF biomarker quantification

CSF A4z, total tau (T-tau), and phosphorylated tau (P-tau) were quantified with
sandwich ELISAs (INNOTEST B-amyloid1-42, hTAU-Ag, and Phospho-Tau[181P],
respectively; Fujirebio Europe, Ghent, Belgium). CSF levels of AB42 and AB4o (a less
amyloidogenic AB fragment as compared to AB42) used to calculate the ratio of

AB42/ABao were quantified by electrochemiluminescence (ECL) using an AR triplex
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assay (MSD Human A peptide Ultra-Sensitive Kit, Meso Scale Discovery,
Gaithersburg, MD). A total of 223 samples with CSF biomarkers among 141 individuals
were available for this analysis.

Plasma and CSF metabolomic profiling and quality control

Untargeted plasma and CSF metabolomic analyses and quantification were
performed by Metabolon (Durham, NC) using Ultrahigh Performance Liquid
Chromatography-Tandom Mass Spectrometry (UPLC-MS/MS) (Evans et al., 2014);
details are outlined in Appendix A1. Metabolites within eight super pathways were
identified: amino acids, carbohydrates, cofactors and vitamins, energy, lipids,
nucleotides, peptides, and xenobiotics.

Up to three longitudinal plasma samples were available for each participant.
Plasma metabolites with an interquartile range of zero (i.e., those with very low or no
variability) were excluded from analyses (178 metabolites). After removing these
metabolites, samples were missing a median of 11.7% plasma metabolites, while
plasma metabolites were missing in a median of 1.2% of samples.

Up to four longitudinal CSF samples were available for each participant.
Similarly, CSF metabolites with an interquartile range of zero were excluded from
analyses (48 CSF metabolites). After removing these metabolites, samples were
missing a median of 6.9% CSF metabolites, while CSF metabolites were missing in a
median of 0.3% of samples.

Missing plasma and CSF metabolite values were imputed to the lowest level of
detection for each metabolite. Metabolite values were median-scaled and log-

transformed to normalize metabolite distributions (van den Berg et al., 2006). If a
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participant reported that they did not fast or withhold medications and caffeine for at
least eight hours prior to the blood draw, the plasma sample was excluded from
analyses (159 plasma samples), leaving 1,097 plasma metabolites among 2,189
plasma samples (1,111 individuals) for analyses. Similarly, if a participant reported that
they did not fast for at least eight hours prior to the LP, the CSF sample was excluded
from analyses (4 CSF samples), leaving 364 CSF metabolites among 346 CSF samples
(155 individuals) for analyses.
CSF and plasma metabolite correlations

A total of 326 metabolites were captured in both CSF and plasma. The
correlation of these metabolites between tissue types was calculated using the Pearson
correlation coefficient. In order to reduce within individual variability due to metabolite
level changes over time, correlations were based on 141 pairs of plasma and CSF
samples that were collected within a timespan of four months of each other. After
removing these samples, plasma and CSF samples were collected a median of 27 days
apart.
DNA collection and genomics quality control

DNA was extracted from whole blood samples using the PUREGENE® DNA
Isolation Kit (Gentra Systems, Inc., Minneapolis, MN). DNA concentrations were
quantified using the Invitrogen™ Quant-iT™ PicoGreen™ dsDNA Assay Kit (Thermo
Fisher Scientific, Hampton, NH) analyzed on the Synergy 2 Multi-Detection Microplate
Reader (Biotek Instruments, Winooski, VT). Samples were normalized to 50 ng/ul

following quantification.
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A total of 1,340 samples were genotyped using the lllumina Multi-Ethnic
Genotyping Array at the University of Wisconsin Biotechnology Center (Appendix A2).
Thirty-six blinded duplicate samples were used to calculate a concordance rate of
99.99%, and discordant genotypes were set to missing. Sixteen samples missing >5%
of variants were excluded, while 35,105 variants missing in >5% of individuals were
excluded. No samples were removed due to outlying heterozygosity. Six samples were
excluded due to inconsistencies between self-reported and genetic sex.

Due to the sibling relationships present in the WRAP cohort, genetic ancestry
was assessed using Principal Components Analysis in Related Samples (PC-AIR), a
method that makes robust inferences about population structure in the presence of
relatedness(Conomos et al., 2015). This approach included several iterative steps and
was based on 63,503 linkage disequilibrium (LD) pruned (r?><0.10) and common
(MAF>0.05) variants, using the 1000 Genomes data as reference populations
(Genomes Project et al., 2015). First, kinship coefficients (KCs) were calculated
between all pairs of individuals using genomic data with the Kinship-based Inference for
Gwas (KING)-robust method (Manichaikul et al., 2010). PC-AIR was used to perform
principal components analysis (PCA) on the reference populations along with a subset
of unrelated individuals identified by the KCs. Resulting principal components (PCs)
were used to project PC values onto the remaining related individuals. All PCs were
then used to recalculate the KCs taking ancestry into account using the PC-Relate
method, which estimates KCs robust to population structure (Conomos et al., 2016).
PCA was performed again using the updated KCs, and KCs were also estimated again

using updated PCs. The resulting PCs identified 1,198 WRAP participants whose
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genetic ancestry was primarily of European descent. This procedure was repeated
within this subset of participants (excluding 1000 Genomes individuals) to obtain PC
estimates used to adjust for population stratification in subsequent genomic analyses.
Among European descendants, 160 variants were not in Hardy-Weinberg equilibrium
(HWE) and 327,064 were monomorphic and thus, removed.

A total of 1,294,660 bi-allelic autosomal variants among 1,198 European
descendants remained for imputation, which was performed with the Michigan
Imputation Server v1.0.3 (Das et al., 2016), using the Haplotype Reference Consortium
(HRC) v. r1.1 2016 (McCarthy et al., 2016) as the reference panel and Eagle2 v2.3 (Loh
et al., 2016) for phasing. Prior to imputation, the HRC Imputation Checking Tool(Rayner
et al., 2016) was used to identify variants that did not match those in HRC, were
palindromic, differed in MAF>0.20, or that had non-matching alleles when compared to
the same variant in HRC, leaving 898,220 for imputation. A total of 39,131,578 variants
were imputed. Variants with a quality score R?<0.80, MAF<0.001, or that were out of
HWE were excluded, leaving 10,400,394 imputed variants. These were combined with
the genotyped variants, leading to 10,499,994 imputed and genotyped variants for
analyses. Data cleaning and file preparation were completed using PLINK v1.9 (Chang
et al., 2015) and VCFtools v0.1.14 (Danecek et al., 2011). Coordinates are based on
GRCh37 assembly hg19.

Whole blood gene expression imputation

The resulting 10,499,994 imputed and genotyped variants were used to impute

whole blood gene expression using PrediXcan (Gamazon et al., 2015) with the

Depression Genes and Networks reference dataset (Battle et al., 2014), PrediXcan'’s
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largest reference sample consisting of 922 individuals with RNA sequencing on whole
blood and GWAS data. PrediXcan filters results to only include genes that are imputed
with reasonable accuracy, using a false discovery rate of 0.05. After removing genes
with zero variability between individuals (162 genes), whole blood gene expression data
for 11,376 genes were available for analyses.
Integrative network analysis

The approach we used for our network analysis was similar to that of Price et al.,
2017 (Price et al., 2017). A total of 12,854 variables, including 11,376 expressed genes,
1,097 plasma metabolites, 364 CSF metabolites, and 17 AD risk factors, were available
for the network analysis. Linear mixed models, as implemented by the Ime4 package in
R (Bates, Machler, Bolker, & Walker, 2015), were used to adjust each variable for age
and sex and included a random intercept for family. Further adjustments were made
specific to the variable being assessed: imputed gene expression was also adjusted for
the first four principal components to account for ancestry; CSF and plasma metabolites
were adjusted for cholesterol lowering medication use and sample storage time; the
executive function and delayed recall composite scores were adjusted for practice
effects; and systolic and diastolic blood pressure were adjusted for ace inhibitor and
beta blocker medication use. For longitudinal traits (such as metabolites), random
intercepts were used as the new outcomes for each individual, whereas for constant
traits (such as imputed gene expression values), residuals were used as the new
outcomes for each individual. These adjusted outcomes were used to assess all
82,606,231 pairwise correlations between traits using Spearman rank, and significance

was determined using a Bonferroni-adjusted P-value (0.05/82,606,231=6.1e-10). To
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identify relationships between omics data, significant inter-omic associations and
significant associations with an AD risk factor were used to develop an integrative
network, which was created using the igraph R package (Csardi & Nepusz, 2006).
Dense subgraphs were identified using a community detection algorithm that maximizes
the modularity of the network, such that there is high connectivity within communities (or
groups of distinct variables), but low connectivity between communities (Clauset,
Newman, & Moore, 2004).
Targeted mediation and interaction analyses

Results from the integrated network analysis were used to identify potential
mediation and interactions between imputed gene expression and metabolite levels that
could impact AD risk factors, as a proof of concept. Although our network analysis
suggested many potentially meaningful mediation or interaction relationships, we only
investigated the gene-metabolite correlation with the most consistent biological support

from the GWAS catalog (www.ebi.ac.uk/gwas, date accessed: May 9, 2018, MacArthur

et al., 2017) to illustrate the utility of the network analysis results. Such relationships
were investigated using the longitudinal data (2,198 observations among 1,111
individuals) with linear mixed models, again as implemented by the Ime4 package in R
(Bates et al., 2015), including random intercepts for within-individual repeated measures
and within-family relationships. To assess whether a metabolite mediated the
relationship between imputed gene expression and am AD risk factor, models were run
to assess whether: 1) the gene predicted the AD risk factor, 2) the gene predicted
metabolite levels, 3) the metabolite predicted the AD risk factor, and 4) the gene

predicted the AD risk factor while adjusting for the metabolite. The causal mediation
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effect, or the indirect effect of a gene on an AD risk factor through a metabolite, was
calculated as the difference between the effect of the gene in model 1 and model 4, as
implemented in the R mediation package (Imai, Keele, & Tingley, 2010). To determine
whether this difference was significant, standard errors and P-values were estimated
using the quasi-Bayesian Monte Carlo method with 1000 simulations. Because the
mediation package can only handle mixed models with one random effect, the
mediation analysis was run with models 1 and 4 excluding the random effect for family.
As a sensitivity analysis, the mediation analysis was rerun limiting models 1 and 4 to
unrelated individuals (n=898 with 1,774 observations). A fifth linear mixed model was
used to assess interactions by adding a gene*metabolite interaction term to model 4.
Model 5 did not use the mediation package and was thus able to include random
intercepts for both within-individual repeated measures and within-family relationships.
All models including a gene had covariates for age, sex, and the first four PCs, while
models including a metabolite had covariates for age, sex, cholesterol lowering

medication use, and sample storage time.

Results
Participants

A total of 1,111 WRAP participants had both genomic and plasma metabolomic
data. At baseline, 68.9% of participants were female and participants were 61.0 years
old with a bachelor’s degree, on average (Table 2). Participants each had 1,097 plasma
metabolites available for analyses, 347 (31.6%) of which were of unknown chemical

structure, whole blood gene expression for 11,376 genes, and up to 17 AD risk factors.
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A subset of 155 individuals also had 364 CSF metabolites available for analyses, 56
(15.4%) of which were of unknown chemical structure. Participants with CSF
metabolomic data had similar characteristics as the full sample (Table 2). Properties of
each plasma and CSF metabolite, such as biochemical name, super pathway, and sub
pathway are described in Appendix C1, and numbers of metabolites within each super
pathway are summarized in Appendix C2.
Correlation between plasma and CSF metabolomics

The median correlation between the 326 metabolites common to both plasma
and CSF was r=0.26, with some variability existing between different metabolite
pathways (Figure 1). Xenobiotics had the highest median correlation (r=0.53), while
lipids had the lowest (r=0.11). Overall, metabolite correlations ranged from |r|=0.0002
(inosine, a nucleotide) to |r|=0.88 (quinate, a xenobiotic). Interestingly, one of the
highest correlations was caffeine (r=0.81). Correlations between each of the 326 CSF
and plasma metabolites are described in Appendix C3.
Integrated network

After applying a Bonferroni correction for multiple testing, a total of 90,308
significant correlations (edges) among 10,869 variables (nodes) were used to develop
an overall ‘hairball’ network (Appendix C4). Notably, although there were far fewer
metabolites than genes in the network (1,387 metabolites versus 9,481 genes), there
were more edges between metabolites than genes (49,499 versus 37,473 edges,
respectively).

The inter-omic network is shown in Figure 2 (a labeled version is shown in

Appendix C5), and its corresponding community partitions are shown in Appendix C6.
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This network had 1,224 edges and 635 nodes, including 171 metabolite-gene and 833
metabolite-AD risk factor edges. Of these, there were only four CSF metabolite-gene
edges and 73 CSF metabolite-AD risk factor edges, likely due to the much smaller
number of CSF metabolomic samples. No genes were directly linked to AD risk factors;
however, many genes were indirectly linked to AD risk factors through metabolites, as
described below. Each of the 1,224 correlations is described in Appendix C7.

The largest community contained 680 edges among 289 nodes, which included
264 plasma metabolites, ten CSF metabolites, eight genes, and seven AD risk factors
related to cardiovascular disease and diabetes: body mass index (BMI), waist-hip ratio
(WHR), homeostatic model assessment of insulin resistance (HOMA-IR), interleukin 6
(IL-6), metabolic equivalents (METs), diastolic blood pressure (DBP), and systolic blood
pressure (SBP) (Appendix C8). Expression levels of these eight genes were all
indirectly linked to AD risk factors within this community through plasma metabolites.
CPS1 expression levels were negatively correlated with plasma gamma-
glutamylglycine, proprionylglycine, and glycine levels, all of which were negatively
correlated with BMI, WHR, IL-6, and/or HOMA-IR (Figure 3). TMEMZ229B and
PLEKHH1 were both negatively correlated with two glycerophosphatidylcholines (1-(1-
enyl-palmitoyl)-2-palmitoleoyl-GPC (P-16:0/16:1) and 1-(1-enyl-palmitoyl)-2-palmitoyl-
GPC (P-16:0/16:0)), which were also negatively correlated with BMI, WHR, and/or
HOMA-IR. NAALADZ2 was negatively correlated with an amino acid beta-citrylglutamate,
which was positively correlated with BMI, WHR, IL-6, and HOMA-IR. ZNF655 and
ZKSCAN1 were both positively correlated with X-12063, which was also positively

correlated with BMI, WHR, and HOMA-IR. CHRNAS was positively correlated with 5-
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hydroxylysine, which was positively correlated with BMI, WHR, IL-6, and HOMA-IR, and
negatively correlated with METs. ARVCF was negatively correlated with X-11593, which
was positively correlated with BMI, IL-6, and HOMA-IR.

Several genes outside of the cardiovascular and diabetes community were
indirectly linked to AD risk factors within this community. Gene expression of FOSL2,
KRTCAP3, and ZNF513 were positively correlated, while IFT172, NRBP1, PPM1G, and
ZNF512 were negatively correlated, with levels of plasma mannose, a carbohydrate that
was positively correlated with BMI, WHR, IL-6, and HOMA-IR (Appendix C9A). CABP1,
SPPL3, and UNC119B expression levels were negatively correlated with plasma
butyrylcarnitine (C4), which was positively correlated with BMI, WHR, IL-6, and HOMA-
IR (Appendix C9B). SLC27A4, PHYHD1, ENDOG, and SH3GLB2 expression levels
were negatively correlated with plasma 2’-O-methyluridine and 2’-O-methylcytidine
levels, both nucleotides involved in pyrimidine metabolism, and the latter nucleotide is
also negatively correlated with BMI and WHR (Appendix C9C). PHYHD1 was also
negatively correlated with CSF levels of 2’-O-methylcytidine.

The only correlations identified among the CSF biomarkers (i.e., amyloid and tau)
are shown in Figure 4. Higher CSF T-tau and P-tau levels were correlated with higher
levels of 38 CSF metabolites, collectively. These metabolites included 13 lipids (six
phosphatidylcholines, two lysophosphatidylcholines, five sphingolipids, and cholesterol),
seven amino acids, five carbohydrates, one nucleotide, one energy metabolite, one
cofactor and vitamin metabolite, one xenobiotic, and nine unknown metabolites.
However, none of the CSF amyloid biomarkers were correlated with CSF metabolites.

We investigated how much of the variance of T-tau and P-tau could be explained by



78

these metabolites with linear mixed models that included random intercepts for within-
subject repeated measures and within-family relationships, using the R? statistic for
mixed models as defined by Edwards et al., 2008 (Edwards, Muller, Wolfinger, Qaqish,
& Schabenberger, 2008) and implemented in the r2gimm R package. After removing the
variation explained by age and sex, the 37 metabolites correlated with T-tau explained
60.7% of the variation of T-tau, while the 35 metabolites correlated with P-tau explained
64.0% of the variation of P-tau.
Targeted mediation and interaction analyses

Targeted mediation and interaction analyses were focused on a particular
pathway identified within the large cardiovascular and diabetes community involving
CPS1, glycine plasma metabolites (glycine, proprionylglycine, and gamma-
glutamylglycine), BMI, WHR, IL-6, and HOMA-IR. Associations between CPS1 variants
and glycine have been reported in at least nine studies (Demirkan et al., 2015; Draisma
et al., 2015; Kettunen et al., 2016; Long et al., 2017; Raffler et al., 2015; Shin et al.,
2014; Suhre et al., 2011; Xie et al., 2013; B. Yu et al., 2014), more than any of the other
gene-metabolite associations identified in our network analysis, and these studies were
based not only on Caucasian populations, but also on Japanese and African American
populations. Many previous studies have also reported associations between glycine
and cardiovascular risk factors, including BMI, waist circumference, inflammation, and
HOMA-IR (Cheng et al., 2012; Demirkan et al., 2015; Ding et al., 2015; El Hafidi, Perez,
& Banos, 2006; Felig, Marliss, & Cahill, 1969; Geidenstam et al., 2017; Kraus et al.,
2016; Takashina et al., 2016; Thalacker-Mercer et al., 2014). This evidence made this

pathway a strong candidate for mediation and interaction analyses.
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Figure 5 shows results from the mediation analyses using glycine as the
mediator, including the total effect (i.e., the effect of CPS1 in the model unadjusted for
glycine), the direct effect (i.e., the effect of CPS7 in the model adjusted for glycine), and
the indirect effect (i.e., the effect of CPS7 due to the effect of CPS17 on glycine) for BMI
(Figures 5A and 5B), WHR (Figures 5C and 5D), IL-6 (Figure 5E and Figure 5F), and
HOMA-IR (Figures 5G and 5H). The total effect of CPS7 was null for each of these four
outcomes, likely due to the negative association between CPS1 and glycine coupled
with the negative association between glycine and the AD risk factor, resulting in direct
and indirect effects that had opposing directions (Richiardi, Bellocco, & Zugna, 2013).
Our results show that lower levels of CPS1 expression lead to increased glycine levels,
and higher glycine levels lead to decreased BMI, WHR, IL-6, and HOMA-IR. Thus, with
glycine as a mediator, lower levels of CPS1 lead to decreased BMI, WHR, IL-6, and
HOMA-IR. Mediation analyses using propionylglycine and gamma-glutamylglycine as
the mediator showed similar results and can be found in Appendix C10 and Appendix
C11. We did not identify any interactions between CPS7 and glycine that were

associated with BMI, WHR, IL-6, or HOMA-IR (all P-values>0.07).

Discussion

We developed an integrative network to investigate relationships between
genomics, plasma metabolomics, CSF metabolomics, and AD risk factors. Although no
gene expression levels were directly correlated with AD risk factors, there were many
instances of genes being indirectly correlated with AD risk factors though metabolites.

Building on one such instance, we found that glycine mediated the pathway between
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CPS1 expression and cardiovascular and diabetes risk factors. This suggests that our
results may have generated many valid hypotheses that warrant further investigation.
We also found that correlations between plasma and CSF metabolites ranged widely
but had a low average correlation. This could suggest that most plasma metabolites are
not representative of certain metabolic changes occurring in the brain, although we
cannot rule out the possibility that the low average correlation is, at least partially, due to
the time difference between the plasma and CSF sample collection.

The low correlation we observed between plasma and CSF metabolite levels
could be related to ~98% of small molecules not being able to pass the blood-brain
barrier (BBB) (Pardridge, 2005). Cholesterol is an example of a lipid metabolite that
typically cannot pass the BBB (Bjorkhem & Meaney, 2004), and was not correlated
between tissues (r=-0.07). On the other hand, caffeine (a xenobiotic) readily crosses the
BBB (McCall, Millington, & Wurtman, 1982) and it was highly correlated between tissues
(r=0.81), as was 5-acetylamino-6-amino-3-methyluracil (r=0.82), which is a caffeine
metabolite, and theophylline (r=0.82), which is structurally and pharmacologically similar
to caffeine. This could contribute to lipids having the weakest average correlation and
xenobiotics having the strongest average correlation between plasma and CSF tissues.
However, it is important to note that metabolites within a given pathway can vary widely
from each other and should be considered on an individual basis, accordingly, as the
averages presented here may not reflect a particular metabolite’s unique properties.
The hypothesis about plasma and CSF differing due to the BBB is also supported by the
only correlations in the network analysis involving CSF biomarkers (i.e., tau) being with

CSF metabolites, although we cannot rule out the possibility that this correlation is
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related to CSF biomarkers and CSF metabolomics being analyzed from the same
sample and thus, not having time-related variation.

Our network analysis revealed that 38 CSF metabolites were highly predictive of
CSF T-tau and P-tau, collectively explaining 60.7% and 64.0% of the variance of T-tau
and P-tau, respectively. Further investigations of these CSF metabolites could lead to a
better understanding of mechanisms and pathways that influence the development of
tau tangles. In contrast, no CSF metabolites were correlated with CSF amyloid
biomarkers, which could have implications about the biological function of amyloid
versus tau. It is possible that we did not capture small molecules that amyloid may be
associated with, or that amyloid is generally not associated with small molecules.
Although our CSF findings were limited by their small sample size, they offer potentially
novel information regarding the interface between CSF biomarkers and CSF
metabolites, as we have not identified previous studies investigating these relationships.

One advantage of using imputed gene expression data is that it only represents
the genetically regulated component of gene expression, reducing the risk of
confounding due to environmental factors and reverse causality in mediation analyses.
We found that glycine mediated the relationship between CPS1 and BMI, WHR, IL-6,
and HOMA-IR, such that lower CPS7 expression was associated with higher levels of
glycine, which were associated with lower BMI, WHR, IL-6, and HOMA-IR.
Relationships between CPS1, glycine, and cardiovascular risk factors have been
hypothesized recently, but not clearly defined (Matone et al., 2016; Xie et al., 2013).
The CPS1 (Carbamoyl-Phosphate Synthase 1) gene encodes for a mitochondrial

enzyme that catalyzes the first step of the hepatic urea cycle by synthesizing carbamoyl
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phosphate from ammonia, bicarbonate, and two molecules of ATP, and is important for
removal of urea from cells (Haberle et al., 2011). Notably, all genes encoding enzymes
involved in the urea cycle are expressed in the brain, including CPS1 (Hansmannel et
al., 2010), and levels of enzymes and metabolic intermediates involved in the urea cycle
are altered in AD patients (Griffin & Bradshaw, 2017). CPS1 variants have been linked
to CPS1 deficiency (Haberle et al., 2011), neonatal pulmonary hypertension (Pearson et
al., 2001), vascular function (Summar et al., 2004), traits related to blood clotting, such
as fibrinogen levels and platelet count (Astle et al., 2016; Danik et al., 2009; de Vries et
al., 2016; Sabater-Lleal et al., 2013), homocysteine levels (Lange et al., 2010; Pare et
al., 2009; van Meurs et al., 2013; Williams et al., 2014), HDL cholesterol (Willer et al.,
2013), kidney function and disease (Gorski et al., 2017; Kottgen et al., 2010; Mahajan et
al., 2016; Pattaro et al., 2016), AD (Jun et al., 2016), and BMI (Locke et al., 2015; Melen
et al., 2013). Higher adipose tissue expression of CPS1 has been associated with
detrimental traits, including weight gain (Matone et al., 2016). At least nine studies have
reported associations between CPS1 variants and glycine (Demirkan et al., 2015;
Draisma et al., 2015; Kettunen et al., 2016; Long et al., 2017; Raffler et al., 2015; Shin
et al., 2014; Suhre et al., 2011; Xie et al., 2013; B. Yu et al., 2014) and others have
reported associations with betaine, a derivative of glycine (Hartiala et al., 2016; Long et
al., 2017; Shin et al., 2014). Glycine is a common amino acid involved in the production
of DNA, phospholipids, and collagen, and in the release of energy. Previous studies
have identified negative correlations between glycine and cardiovascular and diabetes
risk factors such as BMI, waist circumference, HOMA-IR, obesity and visceral obesity,

subcutaneous and visceral fat area, hypertension, and acute myocardial infarction
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(Cheng et al., 2012; Demirkan et al., 2015; Ding et al., 2015; El Hafidi et al., 2006; Felig
et al., 1969; Geidenstam et al., 2017; Kraus et al., 2016; Takashina et al., 2016;
Thalacker-Mercer et al., 2014). These previous findings are in the same direction as our
findings and are highly supportive of the biological relevance of our results, which lead
us to hypothesize that the CPS7-cardiovascular risk pathway is linked through the
mediation of glycine.

One particular CPS1 variant, rs715, has been linked to urine and blood glycine
levels (Demirkan et al., 2015; Long et al., 2017; Raffler et al., 2015; Shin et al., 2014;
Xie et al., 2013), blood levels of betaine (Hartiala et al., 2016; Long et al., 2017; Shin et
al., 2014), blood levels of fibrinogen (de Vries et al., 2016; Sabater-Lleal et al., 2013),
and BMI(Locke et al., 2015). This is a common variant, with a MAF=0.27 based on
62,784 whole genome sequences from Trans-Omics for Precision Medicine (TOPMed)
(TNT, 2017). The minor C allele of rs715 decreases CPS1 expression (Hartiala et al.,
2016). To further test our findings, we conducted additional mediation analyses using
this variant and found highly consistent results, suggesting that having one or two minor
alleles of rs715 (which decreases CPS17 expression) increases levels of the three
glycine plasma metabolites, which decreases BMI, WHR, IL-6, and HOMA-IR (Appendix
C12-C14). Thus, the minor C allele of rs715 may have a protective role in
cardiovascular risk.

One of the primary strengths of this analysis is that it shows the feasibility of
performing integrated omics analyses and the potential utility of such approaches. It is
becoming more common for cohorts to collect such datasets; for example, the National

Institutes of Health is sponsoring the new TOPMed nation-wide consortium that aims to
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deeply phenotype its participants utilizing omics technologies (www.nhlbiwgs.org). It is

anticipated that initiatives such as TOPMed will greatly advance our knowledge of many
complex diseases and traits. However, to fully utilize these rich data, it will be crucial to
identify effective means of integrating them and maximize their potential to provide a
more holistic understanding of the disease process. While there is still a great need for
such methods, our inter-omic network analysis and subsequent targeted follow-up
analyses outlines one approach to effectively integrate omics data.

This study was not without limitations. Due to computational burdens, our
network analysis did not fully utilize the longitudinal aspect of our data. Further, our
sample sizes for CSF biomarkers and metabolites were limited, which is likely why we
had few CSF findings in our network analysis. Plasma and CSF samples typically were
not collected on the same day, which could influence our correlation results. However,
this may not have influenced our network analysis to a large extent because we
averaged the residuals of longitudinal traits. We were unable to include smoking
behavior in our network analysis due to the prohibitive number of smokers in our cohort
(n=48). Despite these limitations, we were encouraged to find that many of our results
had been previously reported, thereby strengthening confidence in our novel findings.

Opponents of the “big data” era have criticized omics approaches because they
are not hypothesis driven and do not follow the standard scientific method (Duncan,
2007; Stieb, Boot, & Turner, 2017). However, we know biology to be complex far
beyond our current understanding. To believe that we currently have the ability to
generate valid biological hypotheses to understand complex conditions without data

would be a fallacy. This was a lesson learned in the years preceding the completion of
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the human genome sequence in 2001 when research efforts were heavily invested into
targeted genetic loci and genome-wide linkage screens of ~500 loci (Fallin, Duggal, &
Beaty, 2016). While this approach was successful for genes that follow Mendelian
patterns, such as highly penetrant variants in the BRCA1 and BRCAZ2 genes that are
responsible for inherited forms of breast cancer and the APP, PSEN1, and PSENZ2
genes that cause the inherited early onset form of AD, it had limited success for traits
that follow complex inheritance patterns (Fallin et al., 2016). The utility of omics data,
and particularly integrated omics approaches, is the ability to generate data driven
hypotheses. Our knowledge of biology has been evolving for centuries; however, with
the data we are able to generate due to recent biotechnological advances, we now have
the opportunity to advance our knowledge of biology at an unprecedented rate. Such
data could lead to dramatic improvements in the state of preventative and therapeutic
medicine, particularly for complex diseases such as AD, for which few such preventative
or therapeutic methods exist and little is known about the underlying biological
mechanisms.

By integrating genomics, metabolomics, and clinical risk factors for AD, we were
able to identify complex relationships that could lend to a better understanding of the
onset of AD and risk factors associated with its onset. As the generation of omics data
accelerates across investigations of a variety of research fields, continued efforts to
navigate statistical and computational issues will be critical. The work presented here
represents early efforts to integrate omics data, but much more research is needed to
identify the most effective means of doing so and thereby maximize the utility of such

rich sources of data.
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Table 1. Nineteen AD Risk Factors Included in Network Analysis.

Table 1. Seventeen AD Risk Factors Included in Network Analysis

Category of Risk Factor Risk Factor N
Executive function Composite 1,096
Score
Delayed Recall Composite Score 1,107
Cognitive
Education 1,111
Mom’s age at memory loss 608
Dad’s age at memory loss 340
ABa2 141
T-tau 141
Cerebral Spinal Fluid
P-tau 141
ABa2/ABa4o 141
BMI 1,111
WHR 1,111
Cardiovascular/Diabetic METs 1,108
Alcohol use 1,104
IL-6 1,088
SBP 1,111
Cardiovascular
DBP 1,111
Diabetic HOMA-IR 1,107
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AD: Alzheimer’s disease, AB42: B-Amyloidsz, T-tau: Total-tau, P-tau: Phosphorylated-tau,
ABao: B-Amyloidso, BMI: Body-mass index, WHR: Waist-hip ratio, METs: Metabolic
equivalents, IL-6: Interleukin 6, SBP: Systolic blood pressure, DBP: Diastolic blood
pressure, HOMA-IR: Homeostatic model assessment of insulin resistance

Alcohol use=(#drinks/day)*(#days/week)



Table 2. WRAP Participant Characteristics at Baseline Sample. Mean (SD) or N (%).

Overall CSF Metabolomics
Characteristic
(N=1,111, obs=2,191) (N=155, obs=346)
Age (years) 61.0 (6.7) 61.2 (6.6)
Female 766 (68.9) 103 (66.5)
Years of education 16.4 (2.8) 16.7 (2.9)
Parental history of AD 803 (72.3) 112 (72.3)
Use of cholesterol- 354 (31.9) 45 (29.0)
lowering medication
# Visits 2.0 (0.6) 2.2 (1.0)

obs=observations
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Figure 1. Correlations between plasma and CSF metabolites by super pathway.

Vertical bars represent median correlations; box width represents the first and third

quartiles; horizontal bars (whiskers) represent the range of correlations that are within

1.5 times the interquartile range; and dots represent outlier correlations that exceed 1.5

times the interquartile range.



90

® Gene

e CSF Metabolite

e Plasma Metabolite
AD Risk Factor

Figure 2. Inter-omic network.

This network has 1,224 edges and 635 nodes, which included 171 metabolite-gene
edges, 833 metabolite-AD risk factor edges. Of these, 73 were CSF metabolite-AD risk
factor edges (CSF T-tau and P-tau, exclusively) and 4 were CSF metabolite-gene
edges. Red edges indicate negative correlations and blue edges indicate positive

correlations.
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Figure 3. CPS1, glycine, and cardiovascular and diabetes sub-network.

CPS1, glycine, and cardiovascular and diabetes sub-network. Relationships within this

pathway are highly cited; however, the pathway as a whole is not understood as well.

Red edges indicate negative correlations and blue edges indicate positive correlations.
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Figure 5. Mediation analyses to assess whether plasma glycine mediates the
relationships between imputed CPS1 expression, BMI, WHR, IL-6, and HOMA-IR.

A. Total effect of CPS7 on BMI. B. Direct and indirect effects of CPS7 on BMI. C. Total
effect of CPS71 on WHR. D. Direct and indirect effects of CPS71 on WHR. E. Total effect
of CPS1 on IL-6. F. Direct and indirect effects of CPS7 on IL-6. F. Total effect of CPS1
on HOMA-IR. G. Direct and indirect effects of CPS7 on HOMA-IR. All models adjusted
for age and sex; models including CPS17 additionally adjusted for the first four PCs;
models that included glycine additionally adjusted for cholesterol lowering medication

use and sample storage time.
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Conclusion

The research conducted in this dissertation offers an important improvement
regarding our knowledge of risk factors of Alzheimer’s disease (AD) in several key
ways. First, it offers a deeper knowledge about the impact of aging and sex, two known
risk factors for AD, on a panel of plasma metabolite levels, while also describing how
heritable each of those metabolites are. Second, it has identified several metabolites
and metabolic pathways, particularly those related to fatty acid metabolism and cysteine
metabolism, to be associated with an aspect of cognition that declines early in the AD
trajectory. Third, using a data-driven approach, it identifies many potential gene-
metabolite relationships that could be associated with AD risk factors, and shows that
most plasma and cerebral spinal fluid (CSF) metabolite levels are weakly correlated
with each other. This information could be used to guide further investigations of
specific biological mechanisms that could lead to the development of AD, and
ultimately, could be used to improve predictive models of this devastating disease.

While this work is geared towards better understanding AD risk, having
knowledge of how aging and sex influence metabolites has implications for diseases of
aging beyond AD. Using a large panel of longitudinal metabolomics data, we conducted
a comprehensive investigation of the influence of aging and sex on metabolomics. Our
findings suggest that levels of most metabolites are highly influenced by sex and age,
and that sex differentially influences levels and trajectories of many metabolites. Many
metabolites that we identified to be associated with age and sex were previously
reported and had the same effect directions (Krumsiek et al., 2015; Menni et al., 2013),

which strengthens the replicated and novel findings of our investigations. However, our
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investigation provides important advances to what was previously known on this
subject. First, our results are based on a large number of longitudinal samples, which
facilitates the examination of metabolite trajectories and is able to capture age-related
phenomena that could introduce variation to metabolite levels. Second, our study
utilizes a larger panel of metabolites than previously investigated, which enabled us to
identify a broader set of metabolites that are influenced by age and sex. Third, we offer
a more comprehensive investigation than previously reported by assessing the
influences of both age and sex on metabolite levels, as well as metabolite trajectories
that differ by sex.

Our findings underscore the importance of incorporating age and sex in the
design and analysis of metabolomics investigations and offer a deeper understanding of
the aging process. These results could inform many novel hypotheses regarding the
role of metabolites in healthy and accelerated aging. For instance, one could identify a
profile of metabolite trajectories for participants who go on to develop AD and compare
it to trajectories identified here. These results may also have clinical utility, as they could
be used to inform predictive models of accelerated aging. We also report that many
metabolite levels are influenced by a complex combination of both genomic and
environmental influences. This information could help us to understand how much
metabolite variation can be controlled by non-genetic factors and could guide the use of
metabolites to identify gene-environment interactions in future studies. However, our
heritability estimates were not highly correlated with previous estimates (Long et al.,
2017; Shin et al., 2014), which also were not highly correlated with each other, despite

some participants being common to both studies. This is likely a reflection of the high
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variability of metabolites and suggests that these estimates may vary widely between
different populations.

Using the same panel of longitudinal metabolomics data, we also found that
certain metabolites, including cysteine S-sulfate, which is an amino acid, and erucate,
which is an omega-9 fatty acid, were associated with age-related change in executive
function, one of the earliest aspects of cognitive function to change in the course of AD
development. Results from this investigation offer novel insights into cognitive function
and cognitive decline, as we have not identified previous metabolomics studies of
cognitive function. However, fatty acids, particularly of omega-3 fatty acids, have long
been suspected to influence cognitive performance, although studies have had mixed
findings about their involvement (Cederholm et al., 2013; Mazereeuw et al., 2012). Our
results suggest that it may be difficult to define relationships between particular fatty
acids and cognitive function because they may change as individuals age. Specifically,
while investigating how metabolites change with age, we found that the majority of fatty
acids tested (82/126) significantly increased with age; however, our cognitive findings
suggest that higher levels of erucate in midlife and lower levels later in life (i.e., levels
that decrease with age) were associated with better executive function. This is further
supported by consistent relationships seen with two other partially characterized fatty
acids (fatty acid 8:1 acyl glutamine conjugate and fatty acid 6:1 acyl glutamine
conjugate). More information about these two particular metabolites could prove useful
in understanding the relationship between fatty acids and cognitive function. Beyond
cognitive performance, omega fatty acids have also been shown to be dysregulated in

certain brain regions of patients with AD pathology (Snowden et al., 2017), further
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strengthening the potential relevance of fatty acids. As more individuals in the WRAP
cohort develop cognitive impairment, it will be better powered to assess the relationship
between metabolite levels and cognitive function. As such, future assessments could
repeat the analyses conducted here to assess the validity of our findings.

We also developed an integrative network to investigate relationships between
plasma metabolomics, CSF metabolomics, genomics, and AD risk factors. Although no
gene expression levels were directly correlated with AD risk factors, there were many
instances of gene expression being indirectly correlated with AD risk factors through
metabolites. One such relationship was further investigated using mediation and
moderation analyses. We found that glycine mediated the relationship between whole
blood CPS1 expression and body mass index (BMI), waist-hip ratio (WHR), and insulin
resistance, such that higher CPS1 expression was associated with lower plasma glycine
levels, which was associated with higher BMI, WHR, and insulin resistance. Without
considering glycine, the relationships between CPS1 and BMI, WHR, and insulin
resistance were undetectable. This suggests that our results may have generated many
valid hypotheses that warrant further investigation. As such, these hypotheses could
motivate many future research ideas.

Network analyses also revealed that higher CSF total tau (t-tau) and
phosphorylated tau (p-tau) levels were correlated with higher levels of 22 CSF
metabolites, collectively, which included five lipids (four phosphatidylcholines and one
lysophosphatidylcholine), five amino acids, four carbohydrates, one nucleotide, one
energy metabolite, and six unknown metabolites. However, CSF amyloid biomarkers

were not correlated with any CSF metabolites, which could have implications about the
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biological function of amyloid versus tau. For example, the amyloid hypothesis suggests
that the accumulation of amyloid occurs decades prior to the diagnosis of AD and leads
to downstream events, including the accumulation of tau (Jack et al., 2010). The
broader influence of tau that we observed could be in agreement with this timeline, if our
mid-to-late life cohort is transitioning to the tau accumulation stage, and could explain
the observed metabolic associations with tau. It is also possible that we did not capture
small molecules that amyloid may be associated with, or that amyloid is generally not
associated with small molecules. The latter hypothesis is supported by a previous
investigation of amyloid burden (as measured by PET Pittsburgh compound B) and
plasma metabolites, which did not identify any metabolites that were independently
associated with amyloid burden (Voyle et al., 2016). Although our CSF findings were
limited by their small sample size, they offer potentially novel information regarding the
interface between CSF biomarkers and CSF metabolites, as we have not identified
previous studies investigating these relationships. Future CSF metabolomics
investigations utilizing larger sample sizes could offer important information about the
potential metabolic implications of neural amyloid and tau accumulations during AD
progression.

We also found that correlations between plasma and CSF metabolites ranged
widely, but the low average correlation suggested that plasma metabolites typically may
not be representative of certain metabolic changes occurring in the brain. Plasma and
CSF xenobiotics had the strongest correlations, while lipids had the weakest
correlations. However, it is important to note that metabolites within a given pathway

can vary widely from each other. As such, metabolites should be considered on an
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individual basis, as the averages presented here may not reflect a particular
metabolite’s unique properties. The low correlation observed between plasma and CSF
metabolite levels could be related to ~98% of small molecules not being able to pass
the blood-brain barrier (BBB) (Pardridge, 2005). Cholesterol is an example of a lipid that
typically cannot pass the BBB (Bjorkhem & Meaney, 2004), and was not correlated
between tissues (r=-0.07). On the other hand, caffeine readily crosses the BBB (McCall
et al., 1982) and it was highly correlated between tissues (r=0.81), as was 5-
acetylamino-6-amino-3-methyluracil (r=0.82), which is a caffeine metabolite, and
theophylline (r=0.82), which is structurally and pharmacologically similar to caffeine.
This hypothesis is further supported by the observed correlations between CSF
biomarkers and CSF metabolites, but absence of correlations between CSF biomarkers
and plasma metabolites.

By integrating genomics, metabolomics, and clinical risk factors for AD, we were
able to identify potentially complex relationships that could lead to a better
understanding of AD and risk factors associated with its onset. It is becoming more
common for cohorts to collect such datasets—to this effect, the National Institutes of
Health is sponsoring the new Trans-Omics for Precision Medicine (TOPMed) nation-
wide consortium that aims to deeply phenotype its participants utilizing omics

technologies (www.nhlbiwgs.org)—and these data are expected to greatly advance our

knowledge of many complex diseases and traits. To fully utilize these rich data, it will be
crucial to identify effective means of integrating them in order to maximize their potential
to provide a more holistic understanding of the disease process. While there is still a

great need for such methods, the process that we have outlined here, which involved
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building an integrated network based on correlations between inter-omic data and
further exploring the results with mediation and interaction analyses, is one effective
way to integrate omics data.

Although genome-wide association studies (GWAS) have identified thousands of
single nucleotide polymorphism (SNP)-trait associations (MacArthur et al., 2017), these
variants tend to have very small effect sizes and typically explain a small portion of trait
heritability. Alzheimer’s disease (AD) is an example of such a trait: 53% of its
phenotypic variance can be explained by genomic variants, collectively (i.e., SNP
heritability); yet, the 21 GWAS variants known to be associated with AD only account for
31% of its genetic variance, leaving 69% unaccounted for (Ridge et al., 2016). In order
to more comprehensively understand the disease risk conveyed by genetic factors, it is
crucial to consider genomics in combination with other omics data types and to use
integrative multi-omics approaches that can capture intricate relationships.

Although there has been great interest recently in the integration of multi-omics
datasets, progress in this field has been fairly limited and faces many challenges, most
notably including the lack of appropriate statistical methods and the computation
demands of such data (Bersanelli et al., 2016; Buescher & Driggers, 2016; Gligorijevic
& Przulj, 2015; Huang et al., 2017; Lopez de Maturana et al., 2016; Ritchie et al., 2015).
Despite these limitations, studies have been able to show that the use of multiple omics
data types is more predictive than single data types (Buescher & Driggers, 2016;
Mankoo et al., 2011). The integrative approach used by our study was similar to that of
a recent study that integrated dense longitudinal omics data to assess various

outcomes (Price et al., 2017). Although limited by its sample size of 108 participants,
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this investigation identified meaningful systems biology relationships that were able to
improve the health of its participants, displaying the utility of integrating such data with
regards to personalized medicine. For example, they were able to use clinical laboratory
and genomic testing results to identify participants who could be at risk for
hemochromatosis and refer them to the appropriate health care specialist. Our study
considerably adds to the design of this previous investigation, as it is based on a much
larger sample size, utilizes a larger panel of metabolites, and uses genomics in a
manner that could be more effective (the previous study focused on polygenic scores
for 127 traits and diseases, whereas we focused on imputed gene expression data for
~11,000 genes). As it is becoming more feasible and common to acquire multiple omics
data types, it is essential that we move towards system biology approaches of
understanding complex diseases, rather than focusing on single data types that are
unable to capture the intricacies imposed by biology.

Opponents of the “big data” era have criticized omics approaches because they
are not hypothesis driven and do not follow the standard scientific method (Duncan,
2007; Stieb et al., 2017). However, we know biology to be complex far beyond our
current understanding. To believe that we currently have the ability to generate valid
biological hypotheses to understand complex conditions without data would be a fallacy.
This was a lesson learned in the years preceding the completion of the human genome
sequence in 2001 when research efforts were heavily invested into targeted genetic loci
and genome-wide linkage screens of ~500 loci (Fallin et al., 2016). While this approach
was successful for genes that follow Mendelian patterns, such as highly penetrant

variants in the BRCA1 and BRCAZ genes that are responsible for inherited forms of



102

breast cancer and the APP, PSEN1, and PSENZ2 genes that cause the inherited early
onset form of AD, it had limited success for traits that follow complex inheritance
patterns (Fallin et al., 2016). The utility of omics data, and particularly integrated omics
approaches, is the ability to generate data driven hypotheses. Our knowledge of biology
has been evolving for centuries; however, with the data we are able to generate due to
recent biotechnological advances, we now have the opportunity to advance our
knowledge of biology at an unprecedented rate. Such data could lead to dramatic
improvements in the state of preventative and therapeutic medicine, particularly for
complex diseases such as AD, for which few such preventative or therapeutic methods

exist and little is known about the underlying biological mechanisms.
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Appendices
Appendix A

Appendix A1. Metabolomics quantification

Plasma metabolites were profiled by Metabolon (Durham, NC) using Ultrahigh
Performance Liquid Chromatography-Tandom Mass Spectrometry (UPLC-MS/MS).
Samples were prepared using the automated MicroLab STAR® system from Hamilton
Company. Several recovery standards were added prior to the first step in the
extraction process for QC purposes. To remove protein, dissociate small molecules
bound to protein or trapped in the precipitated protein matrix, and to recover chemically
diverse metabolites, proteins were precipitated with methanol under vigorous shaking
for 2 min (Glen Mills GenoGrinder 2000) followed by centrifugation. The resulting
extract was divided into five fractions: two for analysis by two separate reverse phase
(RP)/UPLC-MS/MS methods with positive ion mode electrospray ionization (ESI), one
for analysis by RP/UPLC-MS/MS with negative ion mode ESI, one for analysis by
HILIC/UPLC-MS/MS with negative ion mode ESI, and one sample was reserved for
backup. Samples were placed briefly on a TurboVap® (Zymark) to remove the organic
solvent. The sample extracts were stored overnight under nitrogen before preparation
for analysis.

Several types of controls were analyzed in concert with the experimental
samples: a pooled matrix sample generated by taking a small volume of each
experimental sample (or alternatively, use of a pool of well-characterized human
plasma) served as a technical replicate throughout the data set; extracted water

samples served as process blanks; and a cocktail of QC standards that were carefully
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chosen not to interfere with the measurement of endogenous compounds were spiked
into every analyzed sample, allowed instrument performance monitoring and aided
chromatographic alignment. Tables 1 and 2 describe these QC samples and standards.
Instrument variability was determined by calculating the median relative standard
deviation (RSD) for the standards that were added to each sample prior to injection into
the mass spectrometers. Overall process variability was determined by calculating the
median RSD for all endogenous metabolites (i.e., non-instrument standards) present in
100% of the pooled matrix samples. Experimental samples were randomized across
the platform run with QC samples spaced evenly among the injections.

All methods utilized a Waters ACQUITY ultra-performance liquid chromatography
(UPLC) and a Thermo Scientific Q-Exactive high resolution/accurate mass spectrometer
interfaced with a heated electrospray ionization (HESI-II) source and Orbitrap mass
analyzer operated at 35,000 mass resolution. The sample extract was dried then
reconstituted in solvents compatible to each of the four methods. Each reconstitution
solvent contained a series of standards at fixed concentrations to ensure injection and
chromatographic consistency. One aliquot was analyzed using acidic positive ion
conditions, chromatographically optimized for more hydrophilic compounds. In this
method, the extract was gradient eluted from a C18 column (Waters UPLC BEH C18-
2.1x100 mm, 1.7 ym) using water and methanol, containing 0.05% perfluoropentanoic
acid (PFPA) and 0.1% formic acid (FA). Another aliquot was also analyzed using acidic
positive ion conditions, however it was chromatographically optimized for more
hydrophobic compounds. In this method, the extract was gradient eluted from the same

afore mentioned C18 column using methanol, acetonitrile, water, 0.05% PFPA and
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0.01% FA and was operated at an overall higher organic content. Another aliquot was
analyzed using basic negative ion optimized conditions using a separate dedicated C18
column. The basic extracts were gradient eluted from the column using methanol and
water, however with 6.5mM Ammonium Bicarbonate at pH 8. The fourth aliquot was
analyzed via negative ionization following elution from a HILIC column (Waters UPLC
BEH Amide 2.1x150 mm, 1.7 ym) using a gradient consisting of water and acetonitrile
with 10mM Ammonium Formate, pH 10.8. The MS analysis alternated between MS and
data-dependent MS" scans using dynamic exclusion. The scan range varied slighted
between methods but covered 70-1000 m/z. Raw data files are archived and extracted
as described below.

Raw data was extracted, peak-identified and QC processed using Metabolon’s
hardware and software. These systems are built on a web-service platform utilizing
Microsoft’'s .NET technologies, which run on high-performance application servers and
fiber-channel storage arrays in clusters to provide active failover and load-balancing.
Compounds were identified by comparison to library entries of purified standards or
recurrent unknown entities. Metabolon maintains a library based on authenticated
standards that contains the retention time/index (RI), mass to charge ratio (m/z), and
chromatographic data (including MS/MS spectral data) on all molecules present in the
library. Furthermore, biochemical identifications are based on three criteria: retention
index within a narrow Rl window of the proposed identification, accurate mass match to
the library +/- 10 ppm, and the MS/MS forward and reverse scores between the
experimental data and authentic standards. The MS/MS scores are based on a

comparison of the ions present in the experimental spectrum to the ions present in the
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library spectrum. While there may be similarities between these molecules based on
one of these factors, the use of all three data points can be utilized to distinguish and
differentiate biochemicals. More than 3300 commercially available purified standard
compounds have been acquired and registered into LIMS for analysis on all platforms
for determination of their analytical characteristics. Additional mass spectral entries
have been created for structurally unnamed biochemicals, which have been identified
by virtue of their recurrent nature (both chromatographic and mass spectral). These
compounds have the potential to be identified by future acquisition of a matching
purified standard or by classical structural analysis.

A variety of curation procedures were carried out to ensure that a high quality
data set was made available for statistical analysis and data interpretation. The QC and
curation processes were designed to ensure accurate and consistent identification of
true chemical entities, and to remove those representing system artifacts, mis-
assignments, and background noise. Metabolon data analysts use proprietary
visualization and interpretation software to confirm the consistency of peak identification
among the various samples. Library matches for each compound were checked for
each sample and corrected if necessary.

Peaks were quantified using area-under-the-curve. A data normalization setp
was performed to correct variation resulting from instrument inter-day tuning
differences. Essentially, each compound was corrected in run-day blocks by registering

the medians to equal one and normaling each data point proportionately.
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Appendix A3. Heatmap of metabolite correlations.

Pearson correlations (r) are displayed and hierarchical clustering was used to sort
metabolites. Clusters of strong positive correlations are largely between amino acid—
amino acid and between lipid—lipid (i.e., correlations between super pathway had

weaker correlations). Negative correlations are less common and all have an r=-0.62.
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Appendix A4. Metabolome-wide association study results, metabolite properties, and
metabolite heritability estimates.

Due to the size of the table, it is provided in an excel spreadsheet.
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Appendix A5. Age stratified by sex: Adjusted effects of a 10-year increase in age on the
top 100 metabolites most strongly influenced by age in women.

Positive values indicate the amount a metabolite increased over 10 years, whereas
negative values indicate the amount a metabolite decreased over 10 years. Black

vertical lines indicate standard errors.
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Appendix A6. Age stratified by sex: Adjusted effects of a 10-year increase in age on the
top 100 metabolites most strongly influenced by age in men.

Positive values indicate that the metabolite increased with 10 years of age, whereas
negative values indicate that the metabolite decreased with 10 years of age. Black

vertical lines indicate standard errors.

Appendix A7. Comparison of summary statistics for metabolites that were associated

with age in our analyses and in those of Menni et al. 2013.

Due to the size of the table, it is provided as an excel spreadsheet.

Appendix A8. Comparison of summary statistics for metabolites that were associated

with sex in our analyses and in those of Krumsiek et al. 2015.

Due to the size of the table, it is provided as an excel spreadsheet.
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Appendix B

Appendix B1. Metabolome-wide association study results and metabolite properties.

Due to the size of the table, it is provided in an excel spreadsheet.
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Appendix B2. Longitudinal trajectories of delayed recall by the seven metabolite levels
associated with executive function.

The y-axis represents standardized metabolite levels, whereas the z-axis represents the
delayed recall composite score. Although none are statistically significant, trajectories
are consistent with those of executive function for the four metabolites with a P<0.20.

Unadjusted P-values are indicated for each test.
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Appendix B3. Mendelian Randomization Results for Executive Function.

PS

Correlation

Between PS and

Discovery Results:

Metabolite*Age on

MR Results:

PS*Age on Executive

Metabolite Executive Function Function
Metabolite #Variants | Pearson r F S (SE) P-value S (SE) P-value
Cysteine S-sulfate | 2,601 -0.03 0.77 0.03 (0.01) | 5.2e-05 | 0.0004 (0.001) 0.71
X-13866 2,588 0.004 0.04 | -0.02 (0.005) | 7.3e-04 | -0.00002 (0.001) | 0.98
Erucate (22:1n9) 2,533 -0.03 1.71 -0.03 (0.01) | 1.5e-04 | 0.001 (0.001) 0.54

PS: Polygenic score; MR:

Mendelian randomization
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Appendix B4. Metabolite pathway analysis for cognition.

This included 82 metabolites that were associated with executive function or delayed
recall trajectories with an unadjusted P<0.05 and that had KEGG compound IDs. Larger
circle sizes correspond to higher pathway impacts, while darker circle colors correspond
to the strength of the overrepresentation analysis. The linoleic acid metabolism had the

highest impact score, but it was not significant in the overrepresentation analysis.



Appendix B5. Cognitive Metabolites Pathway Analysis, Top 10 Pathways.

Pathway Name Match Status | P-value | Impact
Ether lipid metabolism 2/2 0.14 0.00
Inositol phosphate metabolism 2/2 0.14 0.14
Amino sugar and nucleotide sugar

3/4 0.15 0.00
metabolism
Fatty acid biosynthesis 4/7 0.25 0.00
Ascorbate and aldarate metabolism 3/5 0.28 0.03
Fatty acid metabolism 2/3 0.32 0.03
Vitamin B6 metabolism 2/3 0.32 0.08
Fatty acid elongation in mitochondria 1/1 0.38 0.00
alpha-Linoleic acid metabolism 1/1 0.38 0.00
Galactose metabolism 3/6 0.41 0.00

P-values are unadjusted and based on the pathway enrichment analysis.

Match status indicates how many metabolites were present in our list compared to

those known to be in the given pathway.

The pathway impact value is based on the pathway topology analysis.
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Appendix C

Appendix C1. Properties of plasma and CSF metabolites.

Due to the size of the table, it is provided in an excel spreadsheet.
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Appendix C2. Number of plasma and CSF metabolites within each super pathway.

Super pathway Plasma Metabolites CSF Metabolites
Amino acids 175 (16.0%) 122 (33.5%)
Carbohydrates 23 (2.1%) 20 (5.5%)
Cofactors and vitamins 28 (2.6%) 14 (3.8%)
Energy 8 (0.7%) 6 (1.6%)
Lipids 353 (32.2%) 69 (19.0%)
Nucleotides 35 (3.2%) 30 (8.2%)
Partially characterized molecules 5 (0.5%) --
Peptides 22 (2.0%) 8 (2.2%)
Xenobiotics 101 (9.2%) 39 (10.7%)
Unknown 347 (31.6%) 56 (15.4%)
Total 1,097 364
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Appendix C3. Correlations between each of the 326 CSF and plasma metabolites.

Due to the size of the table, it is provided in an excel spreadsheet.
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Appendix C4. Overall “hairball” network.

All significant correlations between and within each data type, using a Bonferroni-
adjusted P-value threshold. This network has 90,308 edges and 10,869 nodes. Due to
the large number of nodes in this network, many edges are hard to detect (i.e., blue

nodes are actually multiple overlapping genes).
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Appendix C5. Labeled inter-omic network.

This figure is identical to Figure 2 but with labeled nodes. This network has 1,224 edges
and 635 nodes, which included 171 metabolite-gene edges, 833 metabolite-AD risk
factor edges. Of these, 73 were CSF metabolite-AD risk factor edges (CSF T-tau and P-
tau, exclusively) and 4 were CSF metabolite-gene edges. Red edges indicate negative

correlations and blue edges indicate positive correlations.
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Appendix C6. Community partitions of inter-omic network.

Nodes belonging to a particular community are encompassed. The colors of
encompassments only indicate which community nodes belong to (i.e., similar
encompassment colors do not indicate similar communities; each encompassment is a
uniqgue community). Because some encompassments appear to overlap, nodes are

colored to help distinguish which community they belong to.
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Appendix C7. Description of each of the 908 inter-omic correlations.

Due to the size of the table, it is provided as an excel spreadsheet.
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Appendix C8. Cardiovascular disease and diabetes community.
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Aemethy hz.mmmmc

This is the largest inter-omics community, containing 680 edges and 289 nodes. Red

edges indicate negative correlations and blue edges indicate positive correlations
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Appendix C9. Intricate sub-networks linking gene expression to cardiovascular and

diabetes risk factors.

A. Plasma mannose connected seven genes to BMI, WHR, IL-6, and HOMA. B. Plasma
butyrylcarnitine (C4) connected three genes to BMI, WHR, IL-6, and HOMA-IR. C.
Plasma 2'O’'methylcytidine connected four genes to BMI and WHR. Red edges indicate

negative correlations and blue edges indicate positive correlations.
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Propionylglycine

cPs1 > BMI
Total B (95% CI)=-0.51 (-2.67, 1.54), P=0.64

Direct B (95% Cl)=-0.75 (-2.95, 1.38), P=0.47

CPS1 BMI
Indirect B (95% Cl)=0.24 (0.11, 0.40), P<2.0e-16
Propionylglycine
C D. 2,

CPS1 > WHR

Total B (95% Cl)=-0.01 (-0.04, 0.02), P=0.67 Direct B (95% Cl)=-0.01 (-0.04, 0.02), P=0.59

Indirect B (95% C1)=0.002 (-0.001, 0.01), P=0.17

Propionylglycine

CPS1 > IL-6 R
Total B (95% Cl)=-0.11 (-0.85, 0.66), P=0.78 Direct B (95% Cl)=-0.36 (-1.13, 0.39), P=0.36
CPS1 IL-6
Indirect B (95% C1)=0.26 (0.13, 0.40), P<2.0e-16
Propionylglycine
G H o) 0/950/
CPS1 > HOMA-IR

Total B (95% Cl)=-0.12 (-0.90, 0.63), P=0.76 Direct B (95% CI)=-0.37 (-1.16, 0.39), P=0.34

Indirect B (95% CI)=0.26 (0.14, 0.40), P<2.0e-16

Appendix C10. Mediation analyses to assess whether plasma propionylglycine
mediates the relationships between imputed CPS1 expression, BMI, WHR, IL-6, and
HOMA-IR.

A. Total effect of CPS7 on BMI. B. Direct and indirect effects of CPS7 on BMI. C. Total
effect of CPS1 on WHR. D. Direct and indirect effects of CPS71 on WHR. E. Total effect
of CPS1 on IL-6. F. Direct and indirect effects of CPS7 on IL-6. G. Total effect of CPS1
on HOMA-IR. H. Direct and indirect effects of CPS71 on HOMA-IR. All models adjusted
for age and sex; models including CPS17 additionally adjusted for the first four PCs;
models that included propionylglycine additionally adjusted for cholesterol lowering

medication use and sample storage time.
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Gamma-Glutamylglycine

cPs1 > BMI
Total B (95% Cl)=-0.49 (-2.69, 1.63), P=0.65

Direct B (95% C1)=-0.99 (-3.18, 1.16), P=0.38

CPS1 BMI
Indirect B (95% C1)=0.50 (0.29, 0.74), P<2.0e-16
Gamma-Glutamylglycine
C D. A

CPS1 > WHR

Total B (95% Cl)=-0.01 (-0.04, 0.03), P=0.67 Direct B (95% Cl)=-0.01 (-0.04, 0.02), P=0.53

Indirect B (95% CI1)=0.004 (0.001, 0.01), P=0.02

Gamma-Glutamylglycine

CPS1 > IL-6 S
Total B (95% Cl)=-0.11 (-0.87, 0.61), P=0.77 Direct B (95% Cl)=-0.42 (-1.22, 0.33), P=0.27
CPS1 > IL-6
Indirect B (95% Cl)=0.31 (0.17, 0.47), P<2.0e-16
Gamma-Glutamylglycine
G H. Ny Bios,
cPS1 > HOMA-IR Z8e.r,

Total B (95% CI)=0.12 (-1.20, 1.49), P=0.86 Direct B (95% CI)=-0.39 (-1.76, 1.00), P=0.56

Indirect B (95% Cl1)=0.51 (0.30, 0.76), P<2.0e-16

Appendix C11. Mediation analyses to assess whether plasma gamma-glutamylglycine
mediates the relationships between imputed CPS1 expression, BMI, WHR, IL-6, and
HOMA-IR.

A. Total effect of CPS7 on BMI. B. Direct and indirect effects of CPS7 on BMI. C. Total
effect of CPS1 on WHR. D. Direct and indirect effects of CPS71 on WHR. E. Total effect
of CPS1 on IL-6. F. Direct and indirect effects of CPS7 on IL-6. G. Total effect of CPS1
on HOMA-IR. H. Direct and indirect effects of CPS71 on HOMA-IR. All models adjusted
for age and sex; models including CPS17 additionally adjusted for the first four PCs;
models that included gamma-glutamylglycine additionally adjusted for cholesterol

lowering medication use and sample storage time.
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Glycine

rs715 > BMI R
Total B (95% CI)=0.19 (-0.35, 0.71), P=0.49 Direct B (95% CI)=0.92 (0.36, 1.44), P<2.0e-16 6
rs715 > BMI
Indirect B (95% Cl)=-0.73 (-0.90, -0.58), P<2.0e-16
Glycine
c D' \C] 0/950/
rs715 > WHR T,
Total B (95% CI)=0.01 (0.001, 0.02), P=0.04 Direct B (95% Cl)=0.02 (0.01, 0.03), P<2.0e-16
rs715 2 WHR
Indirect B (95% Cl)=-0.01 (-0.01, -0.01), P<2.0e-16
E F Glycine
. A& ,8/950/
rs715 > IL-6 e,
Total B (95% Cl)=0.002 (-0.19, 0.19), P=0.98 Direct B (95% Cl)=0.24 (0.03, 0.44), P=0.02
rs715 IL-6
Indirect B (95% Cl)=-0.24 (-0.33, -0.16), P<2.0e-16
Glycine
G H' G '8(95.,/
rs715 > HOMA-IR J%.,

Total B (95% Cl)=-0.28 (-0.60, 0.04), P=0.09 Direct B (95% CI)=0.24 (-0.11, 0.57), P=0.20

Indirect B (95% Cl)=-0.52 (-0.67, -0.40), P<2.0e-16

Appendix C12. Mediation analyses to assess whether plasma glycine mediates the
relationships between the minor C allele of CPS1 variant rs715, BMI, WHR, IL-6, and
HOMA-IR.

A. Total effect of rs715 on BMI. B. Direct and indirect effects of rs715 on BMI. C. Total
effect of rs715 on WHR. D. Direct and indirect effects of rs715 on WHR. E. Total effect
of rs715 on IL-6. F. Direct and indirect effects of rs715 on IL-6. G. Total effect of rs715
on HOMA-IR. H. Direct and indirect effects of rs715 on HOMA-IR. All models adjusted
for age and sex; models including rs715 additionally adjusted for the first four PCs;
models that included glycine additionally adjusted for cholesterol lowering medication

use and sample storage time.
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Propionylglycine

rs715 > BMI

Total B (95% Cl)=0.16 (-0.36, 0.67), P=0.54 Direct B (95% CI)=0.27 (-0.27, 0.80), P=0.29

Indirect B (95% Cl)=-0.11 (-0.16, -0.05), P<2.0e-16

Propionylglycine

rs715 > WHR
Total B (95% Cl)=0.01 (0.001, 0.02), P=0.03

Indirect B (95% CI)=-0.001 (-0.003, 0.00), P=0.08

Propionylglycine

rs715 > IL-6

Total B (95% Cl)=-0.002 (-0.20, 0.17), P=0.98 Direct B (95% CI)=0.11 (-0.09, 0.30), P=0.25

Indirect B (95% Cl)=-0.11 (-0.17, -0.07), P<2.0e-16

Propionylglycine

v

rs715 HOMA-IR

Total B (95% Cl)=-0.29 (-0.64, 0.04), P=0.09 Direct B (95% Cl)=-0.13 (-0.48, 0.22), P=0.47

Indirect B (95% CI)=-0.16 (-0.23, -0.10), P<2.0e-16

Appendix C13. Mediation analyses to assess whether plasma propionylglycine
mediates the relationships between the minor C allele of CPS1 variant rs715, BMI,
WHR, IL-6, and HOMA-IR.

A. Total effect of rs715 on BMI. B. Direct and indirect effects of rs715 on BMI. C. Total
effect of rs715 on WHR. D. Direct and indirect effects of rs715 on WHR. E. Total effect
of rs715 on IL-6. F. Direct and indirect effects of rs715 on IL-6. G. Total effect of rs715
on HOMA-IR. H. Direct and indirect effects of rs715 on HOMA-IR. All models adjusted
for age and sex; models including rs715 additionally adjusted for the first four PCs;
models that included propionylglycine additionally adjusted for cholesterol lowering

medication use and sample storage time.
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Gamma-Glutamylglycine

rs715 > BMI

Total B (95% Cl)=0.18 (-0.33, 0.71), P=0.53 Direct B (95% CI)=0.42 (-0.09, 0.95), P=0.10

rs715 BMI
Indirect B (95% Cl)=-0.24 (-0.33, -0.16), P<2.0e-16
Gamma-Glutamylglycine
c D. Ao 8o,
Sy

rs715 > WHR

Total B (95% Cl)=0.01 (0.001, 0.02), P=0.03 Direct B (95% CI)=0.01 (0.003, 0.02), P=0.01

Indirect B (95% Cl)=-0.003 (-0.005, 0.00), P=0.004

Gamma-Glutamylglycine

rs715 > IL-6 S
Total B (95% Cl1)=-0.001 (-0.19, 0.19), P=0.98 Direct B (95% Cl)=0.16 (-0.03, 0.36), P=0.11
rs715 > IL-6
Indirect B (95% Cl)=-0.16 (-0.23, -0.10), P<2.0e-16
Gamma-Glutamylglycine
G H. oy Lo,
rs715 > HOMA-IR Z8e.r,

Total B (95% Cl)=-0.29 (-0.61, 0.05), P=0.08 Direct B (95% CI)=-0.05 (-0.38, 0.29), P=0.78

Indirect B (95% Cl)=-0.24 (-0.33, -0.15), P<2.0e-16

Appendix C14. Mediation analyses to assess whether plasma gamma-glutamylglycine
mediates the relationships between the minor C allele of CPS1 variant rs715, BMI,
WHR, IL-6, and HOMA-IR.

A. Total effect of rs715 on BMI. B. Direct and indirect effects of rs715 on BMI. C. Total
effect of rs715 on WHR. D. Direct and indirect effects of rs715 on WHR. E. Total effect
of rs715 on IL-6. F. Direct and indirect effects of rs715 on IL-6. G. Total effect of rs715
on HOMA-IR. H. Direct and indirect effects of rs715 on HOMA-IR. All models adjusted
for age and sex; models including rs715 additionally adjusted for the first four PCs;
models that included gamma-glutamylglycine additionally adjusted for cholesterol

lowering medication use and sample storage time.



