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Precision Medicine, where medical treatment is guided by deep molecular knowledge of

the individual, has gained momentum in recent years. Rapid advancement in biological

measurement technologies such as genome sequencing, mass spectrometry, protein capture

assays, microfluidics and quantified self devices provide an unprecedented opportunity to

quantify, explain, and affect each person’s health. The key challenge now is how to utilize

these new capabilities to maximize wellness and prevent disease. These developments are

concurrent with and aided by the increased availability of robust data analytic tools and

cheap, scalable computation. In this dissertation, I present three steps taken to advance

Precision Medicine. I present the first large multi-omic wellness study, where information

from these -omics were integrated and used to provide personalized wellness guidance through

a trained wellness coach. I present a holistic and modifiable wellness marker based on aging,

generated from longitudinal multi-omic data. Finally, I apply systems approaches with dense

phenotypic longitudinal data to profiling cancer, highlighting one approach to personalized

‘N of 1’ medicine. The research I present in this dissertation has led to the formation of two

companies, so far.
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Chapter 1

INTRODUCTION

1.1 Overview

A central theme of research at the Institute for Systems Biology is centered on the idea

that healthcare in the 21st Century should be predictive, preventative, personalized, and

participatory (P4 Medicine). A key enabling approach has been to generate thousands of

multi-modal, longitudinal measurements to quantify the health status of individuals. We

refer to these as personal, dense, dynamic data clouds (PD3 clouds): personal because each

data cloud corresponds to the particulars of an individual; dense to reflect the large num-

ber of measurements taken per person; and dynamic to reflect the longitudinal nature of

the data monitoring over time. These PD3 clouds enable the development of systems and

holistic biomarkers that integrate high-dimensional, multi-modal data sources for quantify-

ing wellness and identifying disease, which are critical aspects of P4 Medicine. The National

Research Council outlined their vision for a 21st-century learning healthcare system in their

report “Toward Precision Medicine: Building a Knowledge Network for Biomedical Research

and a New Taxonomy for Disease.” Their charge was “to explore the feasibility and need

for a new taxonomy of human disease based on molecular biology” [1]. This report proposed

the generation of an “Information Commons,” where information accumulated during the

course of health care is integrated into a “Knowledge Network” that can then guide patient

care by generation of a new taxonomy of disease. It was proposed that the Information

Commons contain genetics, epigenetics, microbiome, exposures, and associated signs and

symptoms from individuals followed over time. Such a resource could help improve patient

outcomes by providing information to inform “Precision Medicine” decisions, where treat-

ment is guided by an individual’s unique biochemistry, exposures, and genetics. Such an
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approach is in contrast to most current practices which provide treatment based solely on

signs and symptoms without accounting for whether the treatment effectively addresses the

uniquely perturbed biochemical mechanism in the patient. Current advances in cancer treat-

ment are a prime example of the precision medicine envisioned in this report. Drugs like

Crizotinib, an inhibitor of MET and ALK, are given to treat non-small cell lung cancer only

in patients with a particular chromosomal translocation in the gene encoding ALK [2, 3].

In my graduate studies, I have had the opportunity to help bring this vision of 21st-century

healthcare closer to fruition, and even extend this vision by incorporating wellness and disease

prevention. I have addressed many challenges and contributed not only by writing grants

and papers but also by developing infrastructure and analytical tools that have been used

to power many studies at the Institute for Systems Biology. These tools allow multi-omic

integrative analysis to be performed more effectively. I am primarily interested in applying

computational methods to improve individuals’ health and healthcare as a whole.

This dissertation is organized into three main chapters, where the first two chapters each

represent a first author paper written during my graduate studies [4, 5]. The third chapter

presents my work on developing systems analysis tools and methodology to understand

disease better using PD3 clouds and will be published later. Several contributions of each

work are highlighted in this overview.

Chapter 2 examines the results of the first large-scale multi-omic, longitudinal wellness

study, termed the Pioneer 100 or P100. The P100 had four objectives which were to a)

establish cost-efficient procedures for generating, storing, and analyzing multiple sources of

health data obtained over time from participants and analyzed in combination with genomic

data, b) develop and use analytic tools to integrate these diverse data sets and derive ac-

tionable information from their observed interrelationships, c) identify patterns within the

health data that correlate with wellness or transitions between wellness and disease, and

d) learn how to best work with and present longitudinal health information to individuals

by studying the participants’ reactions and feedback as they are presented with actionable

information. I developed much of the computational architecture and analysis techniques in
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Figure 1.1: Dissertation overview

Chapter 2 focuses on the Hundred Person Wellness Project. Chapter 3 shows how estimation
of Biological Age from multi-omic data represents a holistic marker for wellness. Chapter 4
demonstrates the application of systems approaches to disease using multi-omic longitudinal
measurement.

achieving the first three goals, in addition to performing the analysis. This chapter led to

the formation of a direct-to-consumer wellness company, Arivale, that ran for four years but

is now closed due to financial constraints. I took a year and a half leave from my graduate

studies to help get Arivale off the ground.

Chapter 3 examines the quantification of wellness using multi-omic data. Customers of

Arivale provided this data, and the analysis used data pipelines and tools developed over

my time at Arivale and ISB. This study showed that computation of Biological Age (BA)

from multi-omic measures was a) elevated in the presence of chronic diseases, b) modifiable

through healthy lifestyle changes, c) and primarily representable as three axes; metabolic

health, inflammation, and toxin accumulation. BA is shown to be a general and interpretable

”metric for wellness.” The results and techniques developed in this study led to my co-

founding a healthy aging company, Aevum Aging, which is being acquired by Onegevity

Health.
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Chapter 4 examines the application of PD3 clouds to cancer. I have developed an in-

tegrative cloud-hybrid system to automate deeply-phenotyped longitudinal data analysis. I

used this system and applied it to longitudinal muli-omic data on cancers to: a) develop

personalized, extreme value profiles for cancer patients, b) apply standard systems analysis

techniques, using a multi-omic knowledge graph, c) report on common perturbations under

breast and ovarian cancer treatment, and d) identify perturbed systems on an N-of-1 basis

while each patient undergoes cancer treatment. Based on these individuals’ unique PD3

profiles, I propose possible personalized adjuvant and alternative therapies, identify early

warning signs of known comorbidities, and demonstrate that at least one individual was

likely misdiagnosed.

Each of these chapters explores a different set of challenges to data-driven Precision

Medicine. This research was motivated by my desire to improve health and wellness by ap-

plying deep phenotyping and computation. This field is rapidly advancing, in both academia

and industry.

I look forward to seeing these changes become part of the wider world.
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Chapter 2

A WELLNESS STUDY OF 108 INDIVIDUALS USING
PERSONAL, DENSE, DYNAMIC DATA CLOUDS

Note: This chapter can be read here or in the cited publication [4]. There is no extra

information here that was not released with the original publication.

2.1 Abstract

Personal data for 108 individuals were collected during a 9-month period, including whole

genome sequences; clinical tests, metabolomes, proteomes, and microbiomes at three time

points; and daily activity tracking. Using all of these data, we generated a correlation net-

work that revealed communities of related analytes associated with physiology and disease.

Connectivity within analyte communities enabled the identification of known and candidate

biomarkers (e.g., gamma-glutamyltyrosine was densely interconnected with clinical analytes

for cardiometabolic disease). We calculated polygenic scores from genome-wide association

studies (GWAS) for 127 traits and diseases, and used these to discover molecular correlates

of polygenic risk (e. g. , genetic risk for inflammatory bowel disease was negatively corre-

lated with plasma cystine). Finally, behavioral coaching informed by personal data helped

participants to improve clinical biomarkers. Our results show that measurement of personal

data clouds over time can improve our understanding of health and disease, including early

transitions to disease states.

2.2 Main

In order to understand the basis of wellness and disease, we and others have pursued a

global and holistic approach termed ’systems medicine’[6]. The defining feature of systems
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medicine is the collection of diverse longitudinal data for each individual. These data sets

can be used to unravel the complexity of human biology and disease by assessing both genetic

and environmental determinants of health and their interactions. We refer to such data as

personal, dense, dynamic data clouds: personal, because each data cloud is unique to an

individual; dense, because of the high number of measurements; and dynamic, because we

monitor longitudinally. The convergence of advances in systems medicine, big data analysis,

individual measurement devices, and consumer-activated social networks has led to a vision of

healthcare that is predictive, preventive, personalized, and participatory (P4)[7], also known

as ’precision medicine’. Personal, dense, dynamic data clouds are indispensable to realizing

this vision[8]. The US healthcare system invests 97% of its resources on disease care[9], with

little attention to wellness and disease prevention. Here we investigate scientific wellness,

which we define as a quantitative data-informed approach to maintaining and improving

health and avoiding disease.

Several recent studies have illustrated the utility of multi-omic longitudinal data to look

for signs of reversible early disease or disease risk factors in single individuals. The dynamics

of human gut and salivary microbiota in response to travel abroad and enteric infection

was characterized in two individuals using daily stool and saliva samples[10]. Daily multi-

omic data collection from one individual over 14 months identified signatures of respiratory

infection and the onset of type 2 diabetes[11]. Crohn’s disease progression was tracked

over many years in one individual using regular blood and stool measurements[12]. Each of

these studies yielded insights into system dynamics even though they had only one or two

participants.

We report the generation and analysis of personal, dense, dynamic data clouds for 108

individuals over the course of a 9-month study that we call the Pioneer 100 Wellness Project

(P100). Our study included whole genome sequences; clinical tests, metabolomes, proteomes,

and microbiomes at 3-month intervals; and frequent activity measurements (i.e., wearing

a Fitbit). This study takes a different approach from previous studies, in that a broad

set of assays were carried out less frequently in a (comparatively) large number of people.



7

Furthermore, we identified ’actionable possibilities’ for each individual to enhance her/his

health. Risk factors that we observed in participants’ clinical markers and genetics were used

as a starting point to identify actionable possibilities for behavioral coaching.

We report the correlations among different data types and identify population-level

changes in clinical markers. This project is the pilot for the 100,000 (100K) person well-

ness project that we proposed in 2014 (ref. [13]). An increased scale of personal, dense,

dynamic data clouds in future holds the potential to improve our understanding of scientific

wellness and delineate early warning signs for human diseases.

2.3 Results

The P100 study had four objectives. First, establish cost-efficient procedures for generating,

storing, and analyzing multiple sources of health data obtained over time from participants

and analyzed in combination with genomic data. Second, develop and use analytic tools for

integrating these diverse data sets and deriving actionable information from their observed

interrelationships. Third, identify patterns within the health data that correlate with well-

ness, or transitions between wellness and disease. And fourth, learn how to best work with

and present longitudinal health information to individuals by studying the reactions and

feedback from participants as they are presented with actionable information.

2.3.1 Data collection

108 individuals (ages 21-89+ years; 59% males, 41% females; 89% of European descent; not

recruited based on any specific phenotype) (Supplementary Table 2.S1) participated in this

study. In month 4, one participant reported to her coach that she had become pregnant

and was withdrawn per protocol and informed consent. Health history and behavioral as-

sessments were performed at the beginning of the study to establish a baseline for health

coaching, including tobacco (4 reported users) and alcohol consumption (91 reported users).

Each individual had their genome sequenced in full. Blood was collected in clinics every 3

months. Additionally, participants completed at-home collections of saliva, stool, and first
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morning void urine every 3 months. Stool and saliva samples were shipped directly to the

vendor by the participant, while urine was given back to the study coordinators for distri-

bution to the proper sample vendor (Figure 2.1). We called each of these three collection

periods ’rounds’. For each participant in each round we carried out 218 clinical laboratory

tests, measured up to 643 metabolites and 262 proteins, and measured the abundance of

4,616 operational taxonomic units in the gut microbiome using 16S rRNA sequencing. We

used the whole genome sequence to calculate 127 polygenic scores for disease risks and quan-

titative traits based on previous studies selected from the National Human Genome Research

Institute (NHGRI) GWAS catalog[14]. Three common copy number variations were also in-

cluded as genomic features, bringing the total to 130. All vendor measurements are listed

in Supplementary Table 2.S1. Participants were asked to record weight, blood pressure,

and resting heart rate weekly, and to track activity and sleep daily using a wearable device

(Fitbit), although compliance with quantified self-tracking was relatively low.

2.3.2 Community structure in the correlation networks

We built two age- and sex-adjusted correlation networks based on Spearman correlations

across our cohort of individuals (Figure 2.2 and Supplementary Figure2.S1). Cross-sectional

correlations were calculated from mean measurements of analytes calculated using all three

rounds (mean A is correlated with mean B across all individuals). Delta correlations were

calculated on the change in analytes between rounds (the change in A between time points

is correlated with the change in B across all individuals). In these networks, vertices (V)

correspond to analytes, and an edge (E) exists between two vertices if and only if a significant

(padj < 0.05) correlation was observed after correction for multiple hypotheses[15]. The

inter-omic cross-sectional correlation network contains 766 nodes and 3,470 edges. The

majority of edges involved a metabolite (3,309) or a clinical laboratory test (3,366), with

an additional 20 edges involving the 130 genetic traits tested, 46 with microbiome taxa or

diversity score, and 207 with quantified proteins. The inter-omic delta correlation network

contained 822 nodes and 2,406 edges. 375 of the edges in the delta correlation network
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Figure 2.1: Types of longitudinal data collected.

(a) Timeline of important events in the P100. (b) Schematic of the data collected every 3
months throughout the study.
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were also present in the cross-sectional network. The cross-sectional correlation network

is provided in Supplementary Table 2.S2 (inter-omic only) and Supplementary Table 2.S3

(full). The delta correlation network is provided in Supplementary Table 2.S4 (inter-omic

only) and Supplementary Table 2.S5 (full).

We identified clusters of related measurements from the cross-sectional inter-omic corre-

lation network using community analysis, an unsupervised (i.e., using unlabeled data to find

hidden structure) approach that iteratively prunes the network (removing the edges with the

highest betweenness) to reveal densely interconnected subgraphs (communities)[16]. Seventy

communities of at least two vertices (mean of 10.9 V and 34.9 E) were identified in the cross-

sectional inter-omic network at the cutoff with maximum community modularity[17] (Sup-

plementary Figure 2.S2), and are fully visualized as an interactive graph in Cytoscape[18]

(Supplementary Dataset 1). 70% of the edges in the cross-sectional network remained after

community edge pruning. The communities often represented a cluster of physiologically

related analytes, as described below.

The largest community (246 V; 1,645 E) contains many clinical analytes associated with

cardiometabolic health, such as C-peptide, triglycerides, insulin, homeostatic risk assessment-

insulin resistance (HOMA-IR), fasting glucose, high-density lipid (HDL) cholesterol, and

small low-density lipid (LDL) particle number (Figure 2.3). The four most-connected clini-

cal analytes by degree (the number of edges connecting a particular analyte) were C-peptide

(degree 99), insulin (88), HOMA-IR (88), and triglycerides (75). The four most-connected

proteins measured using targeted (i.e., selected reaction monitoring analysis) mass spectrom-

etry or Olink proximity extension assays by degree are leptin (18), C-reactive protein (15),

fibroblast growth factor 21 (FGF21) (14), and inhibin beta C chain (INHBC) (10). Leptin

and C-reactive protein are indicators for cardiovascular risk[19, 20]. FGF21 is positively

correlated with the clinical analytes C-peptide (Spearman’s ρ = 0.51; padj = 3.1 × 10−3),

triglycerides (ρ = 0.50; padj = 3.3 × 10−3), HOMA-IR (ρ = 0.50; padj = 3.6 × 10−3), insulin

(ρ = 0.47; padj = 9.0 × 10−3), and small LDL particle number (ρ = 0.42; padj = 4.3 × 10−2),

and is a recently reported biomarker for cardiometabolic disorders[21]. INHBC, a member
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Figure 2.2: Top 100 correlations per pair of data types.

Subset of top statistically significant Spearman inter-omic cross-sectional correlations be-
tween all data sets collected in our cohort. Each line represents one correlation that was
significant after adjustment for multiple hypothesis testing using the method of Benjamini
and Hochberg[15] at padj < 0.05. The mean of all three time points was used to compute the
correlations between analytes. Up to 100 correlations per pair of data types are shown in
this figure. See Supplementary Figure2.S1 and Supplementary Table 2.S2 for the complete
inter-omic cross-sectional network.



12

of the TGF-beta superfamily, is positively correlated with the clinical analytes triglycerides

(ρ = 0.45; padj = 3.0 × 10−3), small LDL particle number (ρ = 0.43; padj = 6.8 × 10−3),

C-peptide (ρ = 0.40; padj = 1.8× 10−2), HOMA-IR (ρ = 0.38; padj = 3.4× 10−2), and insulin

(ρ = 0.38; padj = 3.8× 10−2); it has not been reported to be a marker for cardiovascular risk

and therefore represents an interesting candidate for follow-up. Serum amyloid P compo-

nent (SAP) was positively correlated with LDL particle number (ρ = 0.39; padj = 1.8×10−2).

SAP is a universal constituent of amyloid deposits observed in Alzheimer’s disease[22], and

is associated with myocardial infarction[23].

Total cholesterol and LDL cholesterol (LDL-C) segregate into a separate community from

the cardiometabolic community (22 V; 48 E) with a broad array of plasma lipids (Figure

2.4a). Thyroid hormone L-thyroxine is also present and is negatively correlated with total

cholesterol levels (ρ = −0.44; padj = 5.0×10−4) as well as LDL cholesterol (ρ = −0.41; padj =

2.1 × 10−3). Hypothyroidism has long been recognized clinically as a cause of elevated

cholesterol values[24].

A community formed around plasma serotonin (18 V; 25 E) containing 12 proteins listed

in Supplementary Table 2.S6, for which the most significant enrichment identified in a

STRING ontology analysis[25] was platelet activation (padj = 1.7 × 10−3) (Figure 2.4b).

Serotonin is known to induce platelet aggregation[26]; accordingly, selective serotonin reup-

take inhibitors (SSRIs) may protect against myocardial infarction[27].

We identified several communities containing microbiome taxa, suggesting that there are

specific microbiome-analyte relationships. Hydrocinnamate, L-urobilin, and 5-hydroxyhexanoate

clustered with the bacterial class Mollicutes and family Christensenellaceae (8 V; 8 E). An-

other community emerged around the Verrucomicrobiaceae and Desulfovibrionaceae families

and p-cresol-sulfate (7 V; 6 E). The Coriobacteriaceae and Mogibacteriaceae families were

associated (12 V; 19 E) with phenylacetic acid, eicosadienoic acid, p-cresol-glucuronide, tau-

rine, and phenylacetylglutamine. Phenylacetylglutamine, a known microbial metabolite[28],

was recently identified as a risk factor for mortality and cardiovascular disease in chronic

kidney disease patients[29]. Finally, the bile acid cholate clusters with the Peptostreptococ-
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Figure 2.3: Cardiometabolic community

All vertices and edges of the cardiometabolic community, with lines indicating significant
(padj < 0.05) correlations. Associations with FGF21 (red lines) and gamma-glutamyltyrosine
(purple lines) are highlighted.
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Figure 2.4: Cholesterol, serotonin, α-diversity, IBD, and bladder cancer communities.

(a) Cholesterol community. (b) Serotonin community. (c) α-diversity community. (d) The
polygenic score for inflammatory bowel disease is negatively correlated with cystine. (e) The
polygenic score for bladder cancer is positively correlated with 5-acetylamino-6-formylamino-
3-methyluracil (AFMU).
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caceae family (2 V; 1 E).

A community formed around microbiome α-diversity (8 V; 7 E), a measure of the num-

ber of operational taxonomic units observed and the evenness of their distributions; elevated

diversity is generally thought to be associated with better health in part by ameliorat-

ing inflammation[30]. Microbiome α-diversity was negatively correlated with inflammatory

and immune-related proteins, including interleukin-8 (IL-8), FMS-related tyrosine kinase 3

(FLT3LG), and macrophage colony-stimulating factor 1 (CSF1) (Figure 2.4c). In contrast,

B-nerve growth factor (NGF) was positively correlated with microbiome α-diversity. An

analysis using STRING20 on α-diversity community members revealed a significant enrich-

ment in the KEGG pathway cytokine-cytokine receptor interaction (padj = 1.1 × 10−4);

other pathway members have been implicated in the pathogenesis of inflammatory bowel

disease[31].

2.3.3 Mining multi-omic communities for potential biomarkers

One highly interconnected metabolite in the cardiometabolic community, gamma-glutamyltyrosine

(degree 27), was significantly correlated with markers of cardiometabolic disease: glucose

(ρ = 0.41; padj = 1.6 × 10−3), HOMA-IR (ρ = 0.38; padj = 6.0 × 10−3), and insulin (ρ =

0.36; padj = 9.7× 10−3), as well as triglycerides (ρ = 0.41; padj = 1.5× 10−3), small LDL par-

ticle number (ρ = 0.35; padj = 1.5×10−2), and HDL cholesterol (ρ = −0.35; padj = 1.6×10−2).

Gamma-glutamyltyrosine is produced by the enzyme gamma-glutamyl transferase (GGT),

a known biomarker of diabetes risk independent of body mass index (BMI)[32, 33]. We

carried out an ordinary least-squares (OLS) regression with homeostatic risk assessment

(HOMA-IR, a common marker for insulin resistance), as the dependent variable and GGT,

gamma-glutamyltyrosine, age, sex, and BMI as the regressors (R2
adj = 0.46) (Supplementary

Table 2.S7). In this model, gamma-glutamyltyrosine has a more significant effect on HOMA-

IR (P = 4.3×10−6) than does GGT (P = 0.09). If this finding is confirmed in a larger number

of unrelated samples, gamma-glutamyltyrosine could be a candidate biomarker for diabetes

risk independent of BMI.
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2.3.4 Delta correlation network identifies changes over time

Thirty-three communities of at least two vertices (mean of 24.9 V and 59.2 E) were iden-

tified in the inter-omic delta correlation network at the cutoff with maximum community

modularity12 (Supplementary Dataset 2). 81% of the edges in the delta network remained

after community edge pruning. This network contains many interesting relationships not

found in the cross-sectional network. For example, changes in HDL cholesterol were pos-

itively correlated with changes in galanin (ρ = 0.36; padj = 4.8 × 10−3), a neuropeptide

hormone with many physiological functions, including therapeutic associations with dia-

betes and Alzheimer’s disease[34]. One of the delta communities (V = 15; E = 28) involved

the omega-3 fatty acids eicosapentaenoic acid and docosahexaenoic acid (DHA), as well as

the clinical analyte omega-3 index. Also present in this delta community is the furan fatty

acid metabolite 3-carboxy-4-methyl-5-propyl-2-furanpropanoate (CMPF). CMPF is elevated

in the plasma of type 2 diabetes patients and directly implicated in beta cell dysfunction[35],

and has previously been observed to increase in response to omega-3 fatty acid supplements

in diabetic patients[36].

Polygenic scores correlate with disease-risk analytes Several edges in the cross-sectional

network represented correlations between genetic traits and corresponding biomarkers al-

ready identified in published studies. For example, blood levels of dihomo-γ-linolenic acid

(DGLA) in our study were strongly correlated (ρ = 0.52; padj = 1.8× 10−4) with a polygenic

score computed from genotypes in six variants that were previously associated with DGLA

levels[37] (Figure 2.5a). We observed similar results for other omega-6 fatty acids including

arachidonic acid, linoleic acid, and eicosadienoic acid as well as bilirubin, a marker of liver

dysfunction (ρ = 0.52; padj = 2.3 × 10−4)[38] (Figure 2.5b). All tested associations with

quantitative traits are presented in Supplementary Table 2.S8.

Although GWAS studies that model quantitative traits are most directly applicable to

the measurements made in our study, other edges in the network occurred between polygenic

disease risk and specific analytes. For example, the genetic risk of inflammatory bowel disease
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Figure 2.5: Polygenic scores correlate with blood analytes.

Spearman correlations between polygenic scores (x axis) and analyte measurements (y axis)
from our correlation network. The number of measurements used for each pairwise compari-
son, correlation coefficients, and adjusted P-values are indicated on each figure. Values have
been age and/or sex adjusted as described in Online Methods. The line shown is a y ∼ x
regression line, and the shaded regions are 95% confidence intervals for the slope of the line.
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(IBD) in Europeans has been associated with 110 single-nucleotide polymorphisms (SNPs)26.

In our cohort, the polygenic score for IBD calculated from all 110 SNPs was significantly

negatively correlated with plasma cystine, the disulfide form of cysteine (ρ = −0.46; padj =

7.4× 10−3) (Figs. 2.4d and 52.5c).

We computed a bladder cancer polygenic score for all of our participants from nine

SNPs previously associated with bladder cancer in a European cohort[39]. We identified

an edge between this polygenic bladder cancer score and plasma levels of 5-acetylamino-

6-formylamino-3-methyluracil (AFMU), an acetylated metabolite of caffeine, in our cohort.

(ρ = 0.43; padj = 1.9×10−2). One variant is located downstream of NAT2, which encodes the

enzyme N-acetyltransferase-2 responsible for acetylating carcinogenic compounds in urine.

Polymorphisms in NAT2 are known to produce ’fast’ and ’slow’ acetylator phenotypes, of

which the latter conveys higher risk for bladder cancer[40] (Figs. 2.4e and 2.5d).

2.3.5 Coaching and biomarker improvements

In order to help participants modify their behavior and potentially improve their health

throughout the 9-month period of this study, a behavioral coach talked participants through

actionable possibilities from their data. Each month the coach worked with the participants

and made recommendations for lifestyle changes with the aim of altering markers of known

clinical significance and/or compensating for genetic predispositions (Figure 2.1 and Sup-

plementary Figure 2.S3). Specific coaching recommendations based on personal data were

customized by the coach, in consultation with the study physician. Specifically, for each

measurement in an individual that was outside the clinical reference range (out-of-range)

recommended by the clinical laboratory, the coach would recommend lifestyle changes that

have been previously demonstrated to produce improvements in that marker. In making

personalized recommendations, the coach used evidence-based behavioral approaches tai-

lored to the participant’s preferences and behavioral skill level. For example, for individuals

identified with elevated fasting glucose or HbA1c at baseline (pre-diabetes), the coach made

recommendations based on the Diabetes Prevention Program[41], customized for each per-
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son’s lifestyle. These individual recommendations typically fell into one of several major

categories: diet, exercise, stress management, dietary supplements, or physician referral, as

relevant for each participant. Coaching focused on four primary health areas: cardiovascu-

lar, diabetes, inflammation, and nutrition. Weight loss was not a primary focus area. The

clinical tests that were actively coached on are provided in Supplementary Table 2.S9. For

clinical tests actively coached on, we used generalized estimating equations to calculate the

average population change in each clinical analyte by round while controlling for the effects

of age, sex, and self-reported ancestry. The results are shown in Table 2.1 and Supplemen-

tary Table 2.S10. The most significant improvements for those who began the study out

of range were observed in vitamin D (+7.2 ng/mL/round), mercury (-0.002 mcg/g/round),

and HbA1c (-0.085%/round). We observed consistent improvements in total cholesterol mea-

sured by both Quest and Genova (-6.4 mg/dL/round and -5.4 mg/dL/round, respectively).

LDL cholesterol, measured only with Genova, significantly decreased (-4.8 mg/dL/round),

while HDL cholesterol significantly increased (+4.5 mg/dL/round). Other significant im-

provements were observed in other diabetes risk factors (fasting insulin and HOMA-IR),

and inflammation (IL-8 and TNF-alpha). Lipoprotein fractionation, performed by both lab-

oratory companies, produced significant but discordant results for LDL particle number.

We observed significant improvements in fasting glucose with Quest and concordant but

non-significant improvements in fasting glucose with Genova.

During the introductory coaching call one participant, a 65-year-old male, reported de-

creased mobility during hiking trips with his family and that his primary care physician had

identified cartilage damage in his ankle. The baseline blood collection revealed that he had

ferritin levels of 399 ng/mL, above the clinical reference range, and subsequent genetic anal-

ysis by our clinical team revealed he was homozygous for HFE C282Y, the primary genetic

risk factor for hereditary hemochromatosis. Given his reported ferritin levels and genetic risk

factors, our clinical team referred him to a hematologist, who diagnosed hemochromatosis

and prescribed therapeutic phlebotomy. At the next blood draw, ferritin levels had dropped

to 175 ng/mL and remained normal throughout the remainder of the study (Supplementary
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Table 2.1: Longitudinal analysis of clinical changes by round

Health area Name N Change per round P-value
Nutrition Vitamin D 95 +7.2 ng/mL/round 7.1× 10−25
Nutrition Mercury 81 -0.002 mcg/g/round 8.9× 10−9
Diabetes HbA1c 52 -0.085%/round 9.2× 10−6
Cardiovascular LDL particle number (Quest) 30 +130 nmol/L/round 9.3× 10−5
Nutrition Methylmalonic acid (Genova) 3 -0.49 mmol/mol creatinine/round 2.1× 10−4
Cardiovascular LDL pattern (A or B) 28 -0.16 /round 4.8× 10−4
Inflammation Interleukin-8 10 -6.1 pg/mL/round 5.9× 10−4
Cardiovascular Total cholesterol (Quest) 48 -6.4 mg/dL/round 7.2× 10−4
Cardiovascular LDL cholesterol 57 -4.8 mg/dL/round 8.8× 10−4
Cardiovascular LDL particle number (Genova) 70 -69 nmol/L/round 1.2× 10−3
Cardiovascular Small LDL particle number (Genova) 73 -56 nmol/L/round 3.5× 10−3
Diabetes Fasting glucose (Quest) 45 -1.9 mg/dL/round 8.2× 10−3
Cardiovascular Total cholesterol (Genova) 43 -5.4 mg/dL/round 1.2× 10−2
Diabetes Insulin 16 -2.3 IU/mL/round 1.5× 10−2
Inflammation TNF-alpha 4 -6.6 pg/mL/round 1.8× 10−2
Diabetes HOMA-IR 19 -0.56 /round 2.0× 10−2
Cardiovascular HDL cholesterol 5 +4.5 mg/dL/round 2.2× 10−2
Nutrition Methylmalonic acid (Quest) 7 -42 nmol/L/round 5.2× 10−2
Cardiovascular Triglycerides (Genova) 14 -18 mg/dL/round 1.4× 10−1
Diabetes Fasting glucose (Genova) 47 -0.98 mg/dL/round 1.5× 10−1
Nutrition Arachidonic acid 35 +0.24 wt%/round 1.9× 10−1
Inflammation hs-CRP 51 -0.47 mcg/mL/round 2.1× 10−1
Cardiovascular Triglycerides (Quest) 17 -14 mg/dL/round 2.4× 10−1
Nutrition Glutathione 6 +11 micromol/L/round 2.5× 10−1
Nutrition Zinc 4 -0.82 mcg/g/round 3.0× 10−1
Nutrition Ferritin 10 -14 ng/mL/round 3.1× 10−1
Inflammation Interleukin-6 4 -1.1 pg/mL/round 3.8× 10−1
Cardiovascular HDL large particle number 8 +210 nmol/L/round 4.9× 10−1
Nutrition Copper 10 +0.006 mcg/g/round 6.0× 10−1
Nutrition Selenium 6 +0.035 mcg/g/round 6.2× 10−1
Cardiovascular Medium LDL particle number 20 +2.8 nmol/L/round 8.5× 10−1
Cardiovascular Small LDL particle number (Quest) 14 -2.3 nmol/L/round 8.8× 10−1
Nutrition Manganese 0 N/A N/A
Nutrition EPA 0 N/A N/A
Nutrition DHA 0 N/A N/A

Generalized estimating equations (GEE) were used to calculate average changes in clinical
laboratory tests over time, for those analytes that were actively coached on. The ’Change per
round’ column is the average change in the population for that analyte by round adjusted
for age, sex, and self-reported ancestry. ’Out-of-range at baseline’ indicates the average
change using only those participants who were out-of-range for that analyte at the beginning
of the study. Rows in boldface indicate statistically significant improvement, while the
italicized row indicates statistically significant worsening. N/A values are present where
no participants were out-of-range at baseline. For example, the average improvement in
vitamin D for the 95 participants that began the study out-of-range was +7.2 ng/mL per
round. Several analytes are measured by both Quest and Genova; with the exception of LDL
particle number, the direction of effect for significantly changed analytes was concordant
across the two laboratories. An independence working correlation structure was used in the
GEE. See Supplementary Table 2.S10 for the complete results.
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Figure 2.S4). Hemochromatosis leads to excessive accumulation of dietary iron in various

tissues and can be associated with serious complications later in life, including cartilage dam-

age, liver disease, diabetes, and cardiac decompensation. After diagnosis, this individual’s

primary care physician attributed his cartilage damage to early symptoms of hemochromato-

sis. Six other males had high ferritin levels but neither of the common genetic risk factors;

four of the six were of Asian ancestry, out of only six male Asians in our study. It has pre-

viously been observed that Asians and Pacific Islanders have the highest mean population

levels of ferritin despite a very low prevalence of risk factors for hemochromatosis[42]. These

individuals were referred to their physicians for monitoring.

2.4 Discussion

We report here the main findings from the P100 Wellness Project. We computed thou-

sands of statistically significant inter-omic correlations using personal, dense, dynamic data

clouds to identify many associations that could be followed up with perturbation experi-

ments. We partitioned the correlations into data communities, which placed biomarkers

in context within biological networks. This in turn led to the identification of putative

biomarkers such as gamma-glutamyltyrosine, which was highly interconnected with clinical

analytes for cardiometabolic disease. We identified molecular correlates of polygenic disease

risk scores computed from published GWAS data, revealing possible ways in which genetic

predisposition is manifested through analyte changes. Finally, the clinical biomarkers of

many participants significantly changed in a healthy direction (Table 2.1 and Supplemen-

tary Table 2.S10) during the course of the study (e.g., type 2 diabetes and cardiovascular risk

factors). Together these findings show that personal, dense, dynamic data clouds embody

the essence of precision medicine[8] and present possibilities for the discovery of important

medical applications.

Data integration generated 3,470 significant (padj < 0.05) cross-sectional correlations and

2,406 significant delta (change over time) correlations after multiple hypothesis correction.

Two known correlations indicate the potential existence of therapeutically valuable relation-
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ships. First, our analysis identified FGF21 as a potential contributor to cardiometabolic

health. Indeed, obese diabetic patients treated with an FGF21 analog have shown improve-

ments in triglycerides and other cardiovascular markers[43]. Second, L-thyroxine, through

a negative correlation, was placed in a data community with cholesterol markers; supple-

mentation with L-thyroxine lowered total cholesterol and LDL-C levels in patients with

hypothyroidism in a clinical trial[44]. These two examples were identified from our data in

an unsupervised manner.

We detected gamma-glutamyltyrosine, a metabolite of the enzyme biomarker gamma-

glutamyl transferase (GGT). GGT is a clinical biomarker for liver disease, diabetes, and

cardiovascular disease risk[45]. GGT catalyzes the transfer of the gamma-glutamyl moiety

of glutathione to a substrate, commonly another amino acid, producing gamma-glutamyl

dipeptides[46]. One of these dipeptides, gamma-glutamyltyrosine, is highly interconnected

within the cardiometabolic community and is a better predictor of HOMA-IR (insulin resis-

tance) than GGT. Gamma-glutamyltyrosine might be a useful diagnostic marker for diabetes

risk if our findings are replicated in an unrelated larger cohort. In clinical studies gamma-

glutamyl dipeptides also discriminate different forms of liver disease[47] and predict 28-day

mortality in intensive care unit patients[48].

We identified correlations between calculated polygenic scores derived from common

GWAS variants and measured analytes. For several studies (Supplementary Table 2.S8)

we were able to independently validate the cumulative associations of these variants with

the expected quantitative trait (e.g., DGLA, LDL cholesterol, and bilirubin).

The polygenic score for IBD was significantly negatively correlated with levels of cystine

in plasma samples of our cohort. A case-control study of IBD patients with either Crohn’s

disease or ulcerative colitis reported that plasma cystine and cysteine levels were abnor-

mally low in affected individuals relative to controls, with the effect increasing with disease

severity[49]. Decreased availability of the limiting substrate cystine suggests an impairment

of glutathione synthesis in the intestine. Glutathione is an important intracellular antioxi-

dant that is depleted in IBD inflammatory episodes, leading to excess reactive oxygen species
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and subsequent colonic inflammation and oxidative damage. Although Sido et al. [49] dis-

cuss cystine deficiency as an effect rather than a cause of IBD, our preliminary data suggest

that lower levels of blood cystine may be more common in individuals at higher genetic risk

for IBD before the disease manifests itself.

Specific genetic variants can be used to explain metabolite profiles using targeted variant-

pathway interactions[50]. Our data suggest that GWAS polygenic scores can identify analyte

associations with disease risk in a non-targeted manner (e.g., AFMU versus bladder cancer)

and in the absence of direct associations between GWAS loci and plausible metabolic path-

ways (e.g., cystine vs. IBD). It is possible that supplementation with cystine in healthy

individuals with high IBD genetic risk could prevent long-term low-grade inflammation and

oxidative damage and thereby stop the wellness-to-disease transition to IBD. This hypothesis

requires validation in follow-up experiments.

Most (89%) of our study participants were of European ancestry, and most (87%) of the

127 GWAS used as features for the correlation network were determined using European-

ancestry populations (Supplementary Table 2.S1). Principal component analysis plots of

the population distribution of the P100 participants are shown in Supplementary Figures

2.S5 and 2.S6. We are now evaluating approaches to control for ancestry of individuals in

the computation of polygenic scores. This study was constrained to a small population of

individuals living primarily in Seattle and northern California, but as we expand to other

geographic areas our population diversity will increase.

We provided activity trackers (Fitbits) to our participants with the goal of measuring

activity and sleep, but observed only modest compliance. We required a minimum of 40 days

of Fitbit usage to estimate the average activity for each participant; 64% of the participants

met this criterion. We included mean activity calories as a feature in our correlation network,

but did not observe any statistically significant correlations with this feature. We observed

even lower compliance with sleep tracking.

We developed an internal pipeline and curation protocol based on the American College

of Medical Genetics and Genomics (ACMG) recommendations for reporting incidental find-
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ings in disease-associated genes (Online Methods). Three individuals were identified with

previously annotated pathogenic or likely pathogenic variants. Our clinical team contacted

each individual directly and securely provided them with a custom genetic report to take to

their physician, along with a recommendation for follow-up clinical sequencing to confirm or

disprove the incidental finding.

The opportunities for observing health transitions in a cohort of 108 individuals over 9

months are limited. We are now extending this pilot program with the aim of recruiting a

large population[51] of more than 100,000 individuals by 2020.

Our study has the following limitations. The study design was not randomized in that

none of the participants were denied wellness coaching or access to personal data.

We considered potential confounding from seasonality in the vitamin D improvements

reported in Table 2.1 and Supplementary Table 2.S10. The improvements we observed in

vitamin D levels (and attribute to supplementation) were considerably higher than would

be expected based on seasonal changes in sun exposure[52]. Furthermore, we collected in-

formation on vitamin D dosage and report dose-dependent effects of supplementation (Sup-

plementary Fig. 2.S7). We conclude that seasonality is a relatively minor confounding

factor. Even after stringent multiple hypothesis correction, false discoveries are statistically

inevitable. However, our approach could inform major efforts to translate omics-based data

and build a learning healthcare system, as recently advocated by the US National Academy

of Medicine[53].

We hope that analyses of personal, dense, dynamic data clouds for a much larger cohort

will enable the identification of network perturbations that result in common diseases, the

design of diagnostics to detect early disease transitions, and the development of drugs and

other interventions to reverse disease at the earliest stages. Personal, dense, dynamic data

clouds are the essence of what precision medicine should be.
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2.5 Methods

2.5.1 Approval for the study.

Procedures for the P100 were run under the Western Institutional Review Board (IRB Pro-

tocol Number 20121979) at the Institute for Systems Biology (ISB). The study ran April

2014 to January 2015.

2.5.2 Recruitment of participants.

Individuals in Washington state and California were informally identified as interested in the

P100 via personal communication and social networks of the authors. These individuals were

then sent a formal e-mail announcement of the study from L.H. with an invitation to join.

All 108 participants gave written informed consent for analysis of their data. Supplementary

Figure 2.S3 is a flowchart of recruitment/dropout and other events in the P100.

2.5.3 Analysis plan.

At three time points throughout the study blood and urine samples from each participant

were collected and processed using the procedures outlined by Genova Diagnostics and Quest

Diagnostics and couriered to the testing facilities to maintain maximum sample stability.

Additional whole blood and plasma samples were collected from participants and shipped

to BioStorage Technologies, an international CAP-accredited biorepository. Additional sam-

ples were used for metabolomics (Metabolon), SRM proteomics (ISB), Proseek Multiplex

protein panels (Olink), and whole genome sequencing (Complete Genomics and the New

York Genome Center). Participants collected stool samples at home for 16S rRNA sequenc-

ing (Second Genome), and were asked to provide daily activity and sleep data using personal

monitoring devices (Fitbit).

Participants were asked to fast for 12 h before all blood collections. We observed a

99.3% compliance rate in fasting. Participants were asked by the phlebotomist to confirm

compliance with the 12-h fast before each blood draw, and this was recorded on the requisition
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document. The P100 project manager sent out reminder e-mails before each blood draw

period (’round’) with instructions on how long to fast. Our clinical team reviewed the

clinical data from each blood draw before its use in coaching.

Data were used throughout the study for coaching. Results presented in this report

were analyzed at the end of the 9-month study using uniform standardized bioinformatics

pipelines. All raw data collected as part of the P100 are available from dbGaP with accession

ID phs001363.v1.p1.

2.5.4 Clinical laboratory tests.

For Genova, a total of one urine tube and nine blood tubes were collected. The blood tubes

consisted of two Na-Heparin Trace Element tubes, three Serum Separator Tubes (SST), three

EDTA purple top tubes, and one NMR black-top LipoTube. First morning void urine was

collected in the Genova-provided green-top tube by participants the morning of their blood

draw. Urine was sent frozen to Genova. Both Na-Heparin tubes were spun for 15 min at

3,000 r.p.m. The plasma from one Na-Heparin tube was transferred to a blue-top preservative

tube provided by Genova and shaken and spun for 5 min at 2,500 r.p.m. Supernatant was

then transferred to the yellow top transfer tube provided by Genova and shipped frozen.

Plasma from the second Na-Heparin was transferred to an amber top transfer tube and

shipped frozen. Each SST tube was left to clot for 15 min then spun for 15 min at 3,000

r.p.m. The plasma for all three was pipetted to transfer tubes and shipped frozen. All three

EDTA-lavender top tubes were refrigerated after collection and shipped refrigerated. The

single NMR black-top LipoTube was clotted for 30 min then spun for 15 min at 3,000 r.p.m.

The specimen was left in the tube and shipped refrigerated.

Each saliva collection consisted of four samples within a single day (four-point cortisol

test). For collection of the four saliva samples, participants were instructed to abstain from

eating or drinking 30 min before each collection. All participants were given the following

collection times for each of their four samples. Sample 1: collect before breakfast, between

7 a.m. and 9 a.m. and 1 hour after waking up. Sample 2: collect before lunch, between 11
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a.m. and 1 p.m. Sample 3: collect before dinner, between 3 p.m. and 5 p.m. Sample 4:

collect before bedtime, between 10 p.m. and 12 a.m. All samples were frozen overnight after

collection and shipped directly to Genova.

Two SST tubes were collected for Quest Diagnostics. After collection the two tubes were

left to clot for 15 min and then spun for 15 min at 3,000 r.p.m. Samples were left in the

tube and shipped at ambient temperature.

All clinical laboratory tests measured using Quest and Genova are listed in Supplementary

Table 2.S1.

2.5.5 Whole genome sequencing.

Participant whole blood samples were submitted to either Complete Genomics Inc. (41

participants) or the New York Genome Center (NYGC; 67 participants) for whole genome

sequencing (WGS). Complete Genomics conducted the whole genome sequencing using their

standard complete sequencing platform employing high-density DNA nanoarrays populated

with DNA nanoballs for 40x average coverage. The New York Genome Center used Illumina’s

2 150 bp HiSeq X technology for 30x average coverage, using TruSeq kits for library prep.

Both vendors aligned sequenced reads to human reference sequence GRCh37/hg19. NYGC

used BWA v0.7.8-r455.

Complete Genomics provided a vcfBeta file for each sequenced sample calculated with

CGAPipeline v2.5.0.20. NYGC provided a VCF4.1 file for each sequenced sample calculated

with GATK HaplotypeCaller, following duplicate marking with Picard v1.83, and indel re-

alignment and base quality recalibration. GATK v3.1.1-g07a4bf8 was used for BAM file

post-processing and variant calling. Only variants with a FILTER value of PASS were used

in downstream analyses for both CGI and Illumina data. Copy number variant status was

determined using Reference Coverage Profiles49. Variant frequencies were annotated using

Kaviar50. For comparison of the two technologies, we used monozygotic twins sequenced

using separate technologies. We observed 99.12% concordance in variant calls across tech-

nologies in 6,601 distinct loci from the GWAS catalog, while 0.21% were fully observed and
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discordant. Supplementary Table 2.S11 lists the full statistics of this comparison.

2.5.6 Gut microbiome 16S rRNA sequencing.

Gut microbiome data in the form of 16S OTU (Operational Taxonomic Unit) read counts

were provided by Second Genome. 250 bp paired-end MiSeq profiling of the 16S v4 region was

performed as described previously51, with 50,000-150,000 reads generated per sample. 16S

sequence clustering and open reference OTU picking[54] were performed using USEARCH

with a proprietary strain database. Each OTU was then represented as a fraction of an

individual’s total microbiome composition. These OTU proportions were placed in a vendor-

provided taxonomy and aggregated at the kingdom, phylum, class, order, family, genus, and

species levels (Supplementary Tables 2.S1 and 2.S12). α-diversity[55], a measure of the

number of OTUs observed as well as the evenness of their distributions, was calculated as

the within-sample Shannon diversity index:

Hj = −
∑
i

pijln(pij)

where pij is the relative abundance of OTU i in sample j.

Second Genome performed our microbiome OTU picking using their proprietary strain

database. Many microbiome studies are performed using OTU picking against the publicly

available Greengenes database, but Second Genome recommended that we use their curated

database. Their database is specifically customized for microbes that exist in the human

gut, whereas the Greengenes database spans a broad range of microbes, for example, soil and

water microbes and those found in other organisms. The proprietary strain database used for

microbiome analyses can be downloaded using the following URL: http://secondgenome.

com/solutions/resources/data-analysis-tools/strain-select/. We used α-diversity

to assess the degree to which each participant’s microbiome composition resembled itself over

time (Supplementary Fig. 2.S8). In nearly all cases, individuals’ microbiome composition was

more similar to their previous sample than to other individuals’. For these inter-individual

http://secondgenome.com/solutions/resources/data-analysis-tools/strain-select/
http://secondgenome.com/solutions/resources/data-analysis-tools/strain-select/
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comparisons, representative sequences were aligned using PyNAST 1.2.2 ([56]l) via QIIME

1.9.1 (ref. [57]) with the Greengenes[58] 85% OTU representative sequences as a template.

The alignment was filtered to remove high entropy positions using the Lane mask[59]. A

phylogeny was reconstructed using FastTree 2.1.7. Unweighted UniFrac distances[60–62]

were computed on the table using QIIME. scikit-bio 0.2.3 (http://scikit-bio.org) was

used in a custom Jupyter Notebook61 with matplotlib[63] and seaborn to process the distance

matrix. Specifically, for each sample, the distance between it and the participant’s successive

time point was determined (the red points in Supplementary Fig.2.S8). All the distances

from that sample to all other samples at the successive time point were then retrieved (the

box-whisker plots in Supplementary Fig.2.S8). Subsequent statistics were computed using

SciPy 0.17.0.

2.5.7 Metabolomics.

Metabolon Inc. conducted the metabolomics assays on participant plasma samples at three

time points for each participant throughout the course of the study. Metabolon Inc. gener-

ated the data using their DiscoveryHD4 platform in addition to their Fatty Acid Metabolism

(FAME) panel that uses a combination of ultra-high-performance liquid chromatography

with tandem mass spectrometry (MS) and gas chromatography (GC) in the identification

of metabolites and fatty acids. The metabolite values were reported relative to their con-

centrations among all participants, except for lipids that were measured via GC-FID, which

were reported as molar percentages of each participant’s total fatty acids. For analysis,

the metabolomics data were median-scaled, such that the median value for each metabolite

was one, and values that fell beneath the range of detection were imputed to be the mini-

mum observed value. This scaling was performed across all samples. All time points were

run as a single batch. Counts of metabolites detected using each technology are listed in

Supplementary Table 2.S13. See Supplementary Table 2.S1 for all metabolites detected.

http://scikit-bio.org
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2.5.8 Olink proximity extension assays.

Protein levels in plasma were determined by Proximity Extension Assays (PEA) using two

Olink (Uppsala, Sweden) Proseek Multiplex 96 x 96 kits and quantified by real-time PCR

using the Fluidigm (South San Francisco, California) BioMark HD system. Each kit provides

a microtiter plate for measuring 92 protein biomarkers in 90 samples. Each well contains 96

pairs of DNA-labeled antibody probes. When a matched pair of probes bind to their target

protein, their DNA labels are brought into close proximity and a PCR target sequence is

formed by a proximity-dependent DNA polymerization. One plate contains 96 wells for

processing 90 samples, 3 positive controls, and 3 negative controls to determine the lower

detection limit. Each sample is also spiked with four controls to monitor variation in the

three steps of the PEA process. Two non-human antigens serve as incubation controls, one

DNA-labeled antibody serves as an extension control, and an oligonucleotide serves as a

detection control.

The Proseek cardiovascular (CVD I) and inflammation (Inflammation I) panels target

158 different proteins with 19 overlapping measurements. Plasma samples from 80 subjects

drawn at three intervals were assayed. One sample was assayed in triplicate on all plates

and additional samples were replicated for a total of 270 multiplex cardiovascular and 270

multiplex inflammation assays. A total of 41,085 data points were collected. Assays were run

according to the manufacturer’s instructions. In short, 1 µl of each sample was incubated

with the antibody probes at 4 ◦ C overnight. After binding, the extension mix was added and

the products were extended and amplified using 17 cycles of PCR (Applied Biosystems 9700,

Life Technologies, Carlsbad, California). Next, 2.8 µl of each PCR product was added to

the detection mix and loaded into the sample wells of a Fluidigm 96.96 Dynamic Array plate

(Fluidigm Corporation) while kit primers were loaded into the primer wells. The Dynamic

Array was primed in a Fluidigm HX IFC controller and then loaded into the Fluidigm

BioMark imaging thermocycler for quantitative PCR. Quantification cycle (Cq) values for

each measurement were determined using Fluidigm’s Real-Time PCR Analysis software and
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BiomarkDataCollection version 4.1.3. Data were normalized using the extension positive

control and the negative control Cq values. The limit of detection was defined as three times

the s.d. of the negative controls. See Supplementary Table 2.S1 for all proteins detected

using Olink proximity extension assays.

2.5.9 Selected reaction monitoring (SRM) analysis.

SRM assay and method development. SRM assays were developed for 200 peptides rep-

resenting 100 proteins. See Supplementary Table 2.S1 for all SRM peptides. For each

peptide sequence the heavy-isotope-labeled analog was synthesized (PEPotec SRM library

Grade 1, Thermo-Fisher Scientific, Huntsville, AL) with cysteine residues carbamidomethy-

lated and the C-terminal arginine as R[13C6, 15N4] or lysine as K[13C6, 15N2] to allow

for relative quantification. The 200 synthetic peptides were individually analyzed on a 6530

accurate-mass Q-TOF liquid chromatography mass spectrometry (LC-MS) system (Agilent

Technologies, Santa Clara, CA) using a ProtID-Chip-150 (II) (Agilent Technologies, Santa

Clara, CA) to verify and confirm successful peptide synthesis. The 200 peptides were pooled

as internal standard. Multiplexed SRM assays were established with the human SRMAtlas63

(www.srmatlas.org) and the synthetic peptides on a 6460 QQQ MS system equipped with

Jet Stream ESI technology and a 1290 Series UHPLC (Agilent Technologies, Santa Clara,

CA). SRM assays were optimized with regard to sensitivity and specificity, and with the aim

to target 200 peptides in a single analysis. 1,200 transitions were determined, 3 transitions to

target each light endogenous peptide and 3 transitions to target each isotope-labeled heavy

peptide, and peptides separated on a reversed phase column (Zorbax SB-C18, 50 mm x 2.1

mm I.D., 1.8 µm dp, Agilent Technologies, Santa Clara, CA) using a gradient from 3% to

30.5% acetonitrile/0.1% formic acid/water over 55 min at a flow rate of 0.2 mL/min. Data

were acquired in dynamic MRM mode with a fixed cycle time of 2,500 ms and a minimum

dwell time of 10 ms.
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2.5.10 Plasma sample preparation.

Plasma samples were thawed on ice and centrifuged for 10 min at 14,000 r.p.m. to separate

tissue debris or a lipid layer. 110 µL plasma were depleted from the 14 most abundant plasma

proteins using the multiple affinity removal system (MARS Hu-14, 4.6 x 100 mm, Agilent

Technologies, Santa Clara, CA) according to the manufacturer’s protocol. The depleted

fraction was collected in 1.25 mL of MARS Hu-14 Buffer A and denatured by adding 600 mg

urea to 8 M final concentration. Samples were reduced with 5 mM dithiothreitol for 30 min at

55 C, alkylated with 14 mM iodoacetamide for 30 min at room temperature in darkness and

desalted using a GE HiPrep 26/10 column (GE HealthCare Life Sciences, Pittsburgh, PA)

and 1200 HPLC system (Agilent Technologies, Santa Clara, CA). The protein concentration

of the desalted samples was determined by bicinchoninic acid assay (BCA) (Thermo-Fisher

Scientific, San Jose, CA). An aliquot of the pooled 200 synthetic peptides was spiked into

an aliquot of each plasma sample (equal protein amounts) before the digestions with trypsin

(Promega, Madison, WI) at 1:50 enzyme:substrate ratio for 16 h at 37 C. Digests were dried

under centrifugal vacuum evaporation (Savant, Thermo-Fisher Scientific, San Jose, CA) and

reconstituted to 1 µg/µL protein concentration.

Plasma sample analysis. 20 µg of each plasma sample spiked with the 200 isotope-labeled

peptides was subjected to SRM analysis using the method described above. SRM data were

analyzed with Skyline[64]. SRM traces were integrated with default settings and manually

inspected to verify correct peak assignment and co-elution of endogenous and isotope-labeled

standard peptides. The relative peptide abundance level was reported as ratio of endogenous

light to the heavy standard.

2.5.11 Quantified self-tracking.

Participants were asked to wear a Fitbit activity tracker throughout the 9-month study.

Participants were offered either a Fitbit Flex (wrist) or a Fitbit One (clip-on). These Fitbit

models measure activity using the number of steps an individual takes each day. The models
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available at the time of the study did not measure heart rate, as current models do, resulting

in inconsistent activity measurements for, for example, running versus cycling. Furthermore,

the devices required manual entry and exit of ’sleep mode’ for sleep tracking, for which

compliance was too low to provide useful data. We required a minimum of 40 days of Fitbit

usage in order to estimate the average activity for each participant; 64% of the participants

met this criterion. The Fitbit device estimates user-specific ’activity calories’ independently

of basal metabolic rate (BMR). For all calculations, we used only the estimated ’activity

calories’, excluding BMR. We used these data only as a relative indicator of activity levels

rather than an absolute measure of caloric burn.

2.5.12 Genomic traits.

The National Human Genome Research Institute’s GWAS catalog lists results from more

than 2,000 published studies comprising over 1,000 genetic traits [14]. We applied a strict

filtering procedure to identify GWAS used for this study. First, we excluded studies which

did not contain at least one SNP with P < 1.0 ×10−8 Studies which contain few SNPs are

likely to produce a vector of cumulative genetic variation with low entropy, where almost all

values are identical save a few. Such low entropy measurements are more likely to produce

spurious correlations in our relatively small number of samples. We therefore excluded all

traits associated with five or fewer SNPs. Furthermore, we required studies to have a sample

size of at least 5,000 individuals. In the event that multiple studies examined the same trait,

we kept the study with the largest sample size. Finally, we manually excluded traits with

too-generic descriptions (e.g., ’common traits’ or ’metabolic traits’), which did not provide

a useful description of the purpose of the original study. The combination of these filters

retained 127 genetic traits that we used for further analysis. Three common copy number

variations (CNVs) were included as additional genetic features computed using Reference

Coverage Profiles[65], bringing the total to 130. See Supplementary Table 2.S1 for all genetic

traits computed for this manuscript.

Included in the GWAS catalog are the beta-coefficients/odds ratios as well as the P-values
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for the predicted effect of each variant for that trait based on the association models from

the original paper. We made two assumptions to simplify the calculation of the polygenic

scores. First, we assumed that the beta-coefficients (or log odds ratios) combined in an

additive manner based on the number of effect alleles present in each individual. Therefore,

if a single effect allele was present we added the beta-coefficient or log odds ratio for that

variant into the cumulative polygenic score. If two copies of the effect allele were present we

added twice the value of the beta-coefficient or log odds ratio into the cumulative genetic

effect for that individual. The second assumption was that the effects of each variant are

independent of the effects of all other variants used in the model. These two simplifying

assumptions allowed us to calculate the polygenic score for each trait across each individual

in our study.

There are a number of pitfalls to this approach that served to temper our expectations.

First, GWAS only identify variants that occur commonly enough in the population to be

associated statistically with a trait. Unless one is able to genotype a substantial fraction of

the human population at risk for a particular trait, rare variants will never rise above the level

of noise in a GWAS. Furthermore, because they employ genotyping chips most GWAS ignore

CNVs or structural variations (SVs) that may have a significant effect on genetic traits. We

included as part of our study three common CNVs as additional genomic features. Finally,

many GWAS are applied to cohorts of individuals from similar ancestries to improve their

likelihood of discovering associated variants; it is therefore possible that results from these

studies do not generalize to individuals from differing ancestral populations.

There are other analysis options available for WGS data that would be appropriate

for subsequent studies with an ’N of 1’ focus. For example, one could perform rare or

de novo variant analysis, which identify genetic variants that are either very rare in the

population or unique to an individual, respectively. GWAS focus on variants which are

common enough in the population to find significant associations with quantitative traits or

diseases. The interpretation of rare and de novo variants can be difficult, as each variant must

be interpreted in the context of functional impact. Sequencing and phenotyping relatives
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(e.g., family-based analysis) is a method to assist in interpreting the functional impact of de

novo variants. Another possible analysis technique for WGS data is burden analysis, which

calculates a cumulative burden score on each gene and attempts to associate these scores

with phenotypes.

Coaching, charting, and compliance tracking. The P100 was designed as a prospective

study that attempted to help participants modify their behavior to enhance their health

throughout the 9-month period. Participants were assigned to a behavioral coach, who

walked them through actionable possibilities from their data and made recommendations on

lifestyle changes. These lifestyle changes were recommended in an attempt to alter markers of

known clinical significance and/or compensate for genetic predispositions for which reliable

published evidence is available. Each participant was eligible for one 30-min coaching session

per month, though participants were not penalized or excluded from the study if they chose

not to participate in the coaching sessions. Participants were also able to communicate

privately and securely with the coach via a website portal created specifically for this project.

Participants also received their data through the website portal. The P100 collected statistics

on participation in the coaching calls and compliance with sample collection.

As previously stated, clients were offered specific coaching recommendations based on

their genetics and clinically actionable data. These recommendations were customized before

each call by the study clinician and coach, in consultation with the study physician. All clini-

cal markers and recommendations were reviewed and approved by the study physician before

their communication to each participant. While these recommendations were specific to each

individual based on their data, they typically fell into one of several major categories, includ-

ing diet, exercise, stress management, dietary supplements, or physician referral. Coaching

focused on four primary health areas: cardiovascular, diabetes, inflammation, and nutrition.

The clinical tests that were actively coached on are provided in Supplementary Table 2.S9.

We used generalized estimating equations (GEE) to calculate the average change for each

clinical laboratory test by round while controlling for the effects of age, sex, and self-reported

ancestry. Coefficients, 95% confidence intervals, and P-values for all participants as well as
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those who began the study out-of-range are listed in Supplementary Table 2.S10. See also

Table 2.1.

Action items were recorded in each participant’s chart by our behavioral coach during

each coaching call. These charts were used to keep participants on track and follow standard

clinical practice guidelines. Post-study we reviewed each de-identified chart in detail with

our behavioral coach to extract compliance data for each recommendation. We learned a

great deal about how to merge standard clinical practice (e.g., charting in free-text fields,

as practiced by clinicians) with the need for automated database storage of pre-defined

and enumerated recommendations. Subsequent studies will investigate specific effects of

recommendations and compliance on clinical data as well as other omics data with far larger

N.

2.5.13 Data preprocessing.

Each data set was transformed into comparable data vectors for statistical analysis. All

measurements were mean-centered and scaled by the standard deviation of the observed

measurements. The microbiome measurements were compared independently at the phy-

lum, class, order, and family taxonomic levels. With the exception of the median-scaled

metabolomics data, missing data were not imputed; participants that had a missing value

were dropped from pairwise comparisons using that value. Each analyte was age- and/or

sex-corrected if a trimmed mean robust regression identified a significant relationship (P <

0.01, unadjusted) between age and/or sex and the dependent variable. Age and sex correc-

tions were performed independently, so it was possible for an analyte to be age corrected but

not sex corrected, and vice versa. If an analyte was corrected the residuals of the model were

used in place of the original observations. If no corrections were made, the original mean-

centered and scaled measurements were used. See Supplementary Table 2.S14 for statistics

on age and sex correction.
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2.5.14 Correlation network and community analysis.

We created two different types of correlation networks: ’cross-sectional’ and ’delta’ corre-

lations. Cross-sectional correlations were calculated from mean measurements of analytes

calculated across all rounds (i.e., mean A is correlated with mean B across all individuals).

Delta correlations were calculated on the change in analytes between rounds (i.e. the change

in A for an individual between time points is correlated with the change in B, where the

correlation is again calculated across all individuals). We used each pair of adjacent time

points (r2-r1) and (r3-r2) to build the delta correlation network, where all such comparisons

were used in the two vectors that were being compared. Therefore, each individual with

three observations is represented twice for each calculated delta correlation. For example,

while the cross-sectional correlation network was created by correlating vectors of maximum

length N = 108, the delta correlation network was created by correlating vectors of maximum

length N = 216. Our reasoning is that each pair of adjacent time points is an independent

observation of a potential correlation in time, even though they are not drawn from a com-

pletely independent set of individuals. For each pairwise set of data (e.g., clinical tests

versus proteomics, clinical tests versus metabolomics, etc.), each measurement from the first

data set was correlated with every measurement from the second data set using Spearman’s

ρ. P-values were adjusted for multiple hypothesis testing using the method of Benjamini

and Hochberg[15]; we chose an adjusted P-value (padj) cutoff of 0.05 as our significance

level. Only inter-omic correlations were used for community analysis. Both inter-omic and

intra-omic (e.g., metabolomics versus metabolomics) cross-sectional and delta correlations

are reported in Supplementary Tables 2.S2 and 2.S5 and visualized in Figure 2.2 and Sup-

plementary Figure2.S1. We assessed reproducibility of duplicate measurements across two

clinical laboratories (Supplementary Fig. 2.S9). As correlations between repeat measure-

ments do not represent physiologically relevant information, they are not included in our

network or subsequent analysis. We note the poor correlation between LDL particle num-

ber measured with both Genova and Quest as an explanation for the discordant laboratory
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results for this analyte reported in Table 2.1 and Supplementary Table 2.S10.

We performed community analysis using the method of Girvan and Newman[16]. This

method involves iteratively calculating edge betweenness centrality on a network: the number

of weighted shortest paths from all vertices to all other vertices that pass over that edge.

After each iteration, the edge(s) with the highest betweenness centrality were removed, and

the process was repeated until only individual nodes remain. All communities can also be

dynamically visualized in Cytoscape[18] (Supplementary Datasets 1 and 2).

Community analysis forms a dendrogram that can be analyzed at multiple hierarchical

levels. For this manuscript we analyzed our network at a cut level determined using an

unbiased method, the modularity of the community structure[17]. Briefly, modularity of

community structure corresponds to an arrangement of edges that is statistically improbable

when compared to an equivalent network with edges placed at random. At every iteration

of the community analysis, we computed the modularity, and analyzed the communities at

the iteration which maximized this quantity. A visualization of community modularity vs.

iteration is shown in Supplementary Figure 2.S2.

2.5.15 OLS regression tests.

To test for heteroscedasticity in our HOMA-IR regression model, we fit the model using

White’s heteroscedasticity-consistent estimator (HCE), and the results were consistent with

those reported in the manuscript: gamma-glutamyltyrosine was still significantly more pre-

dictive (P = 2.3 ×104) of HOMA-IR than GGT (P = 0.02). To test for the effects of outliers,

we fit a robust regression model and again the results were consistent with those reported

in the manuscript. To test for multicollinearity, we calculated the variance inflation factors

(VIF) for each predictor. The maximum VIF was 1.7, indicating a low amount of correlation

between the predictors of the model.
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2.5.16 Statistical analyses.

All data types used in the cross-sectional and delta correlation networks were normalized as

described in their respective method sections. Additionally, where we were able to identify

a significant effect (P < 0.01, unadjusted) with age and/or sex using trimmed mean robust

regression we used the residuals as the comparison value. These adjustments were performed

independently for age and sex. We report the calculated P-values for age and sex with every

variable, as well as whether the variable was age and/or sex adjusted in Supplementary Table

2.S14. All transformations were performed with the Python Statsmodels package (v0.6) with

robust linear models using the trimmed mean norm. Unadjusted analytes were compared

using the original mean-centered and scaled measurements.

We created two different types of correlation networks: ’cross-sectional’ and ’delta’ cor-

relations. Cross-sectional correlations were calculated from mean measurements of analytes

calculated across all rounds (i.e., mean A is correlated with mean B across all individuals).

Delta correlations were calculated on the change in analytes between rounds (i.e., the change

in A for an individual between time points is correlated with the change in B, where the cor-

relation is again calculated across all individuals). We used each pair of adjacent time points

(r2-r1) and (r3-r2) to build the delta correlation network, where all such comparisons were

used in the two vectors that were being compared. Therefore, each individual with three ob-

servations is represented twice for each calculated delta correlation. For example, while the

cross-sectional correlation network was created by correlating vectors of maximum length N

= 108, the delta correlation network was created by correlating vectors of maximum length

N = 216. For each pairwise set of data (e.g., clinical tests versus proteomics, clinical tests

versus metabolomics, etc.), each measurement from the first data set was correlated with

every measurement from the second data set using Spearman’s ρ. P-values were adjusted for

multiple hypothesis testing using the method of Benjamini and Hochberg[15]; we chose an

adjusted P-value (padj) cutoff of 0.05 as our significance level. Only inter-omic correlations

were used for community analysis.
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We performed community analysis using the method of Girvan and Newman[16]. This

method involves iteratively calculating edge betweenness centrality on a network: the number

of weighted shortest paths from all vertices to all other vertices that pass over that edge.

After each iteration, the edge(s) with the highest betweenness centrality were removed, and

the process was repeated until only individual nodes remain.

For this manuscript we analyzed our network at a cut level determined using an unbiased

method, the modularity of the community structure[17]. At every iteration of the community

analysis, we computed the modularity, and analyzed the communities at the iteration that

maximized this quantity (Supplementary Fig. 2.S2).

OLS regression on the dependent variable HOMA-IR, with regressors including sex, GGT,

gamma-glutamyltyrosine, age, and body mass index was performed (Supplementary Table

2.S7). To test for heteroscedasticity in our HOMA-IR regression model, we fit the model

using White’s heteroscedasticity-consistent estimator (HCE), testing for the effects of outliers

using a robust regression model and testing for multicollinearity by calculating the variance

inflation factors (VIF) for each predictor.

Generalized estimating equations (GEE) were used to calculate the average change in

each clinical analyte by round while controlling for the effects of age, sex, and self-reported

ancestry (Table 2.1 and Supplementary Table 2.S10). An independence working correlation

structure was used in the GEE.

2.5.17 Software packages.

NYGC used BWA v0.7.8-r455 to align sequences. Complete Genomics CGAPipeline v2.5.0.20.

NYGC provided a VCF4.1 file for each sequenced sample calculated with GATK Haplotype-

Caller, following duplicate marking with Picard v1.83, and indel realignment and base qual-

ity recalibration. GATK v3.1.1-g07a4bf8 was used for BAM file post-processing and variant

calling. Copy number variant status was determined using Reference Coverage Profiles[65].

Variant frequencies were annotated using Kaviar[66].

OTU picking for the microbiome results used for the correlation networks was performed
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using USEARCH with a proprietary strain database, which can be downloaded at: http://

secondgenome.com/solutions/resources/data-analysis-tools/strain-select/. Inter-

individual microbiome comparisons were performed using PyNAST 1.2.2 (ref. [54]) via QI-

IME 1.9.1 (ref. [57]) with the Greengenes [58] 85% OTU representative sequences as a tem-

plate. The alignment was filtered to remove high entropy positions using the Lane mask[59].

A phylogeny was reconstructed using FastTree 2.1.7. Unweighted UniFrac distances[60–62]

were computed on the table using QIIME. scikit-bio 0.2.3 (http://scikit-bio.org) was

used in a custom Jupyter Notebook[67] with matplotlib[63] and seaborn to process the dis-

tance matrix.

Olink Cq values for each measurement were determined using Fluidigm?s Real-Time PCR

Analysis software and BiomarkDataCollection version 4.1.3.

Multiplexed SRM assays were established with the human SRMAtlas[68] (http://www.

srmatlas.org/) and analyzed with Skyline[64].

All pairwise statistical tests (Spearman) were performed using the Python scipy.stats

package (v0.14). All regression models (OLS regressions and GEE) were fit using the Python

Statsmodels package (v0.6)[69]. An independence working correlation structure was used for

GEE. Variance inflation factors were calculated using Python Statsmodels (v0.6) package.

Correlation network P-values were adjusted for multiple hypothesis using the Benjamini-

Hochberg [15] method via the Python Statsmodels (v0.6) package for each inter-datatype

comparison. Community analysis and modularity calculations were performed in Python

with the NetworkX66 package, the python-louvain package (v0.3), and custom code. All

custom code used in this manuscript can be downloaded from Github using the link below

and is also available as Supplementary Code. The Github version used for the manuscript

is ’v-release’.

https://github.com/trueprint/p100-network-code/tree/v-release

http://secondgenome.com/solutions/resources/data-analysis-tools/strain-select/
http://secondgenome.com/solutions/resources/data-analysis-tools/strain-select/
http://scikit-bio.org
http://www.srmatlas.org/
http://www.srmatlas.org/
https://github.com/trueprint/p100-network-code/tree/v-release
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2.5.18 ACMG incidental finding reporting.

Genes listed in the American College of Medical Genetics and Genomics (ACMG) recom-

mendations for incidental findings[70] were tabulated along with associated reporting re-

quirements (known pathogenic and expected pathogenic) and inheritance pattern (autoso-

mal recessive, autosomal dominant, X-linked). The ClinVar database was obtained from

the NCBI (ftp://ftp.ncbi.nlm.nih.gov/pub/clinvar/). Records from ClinVar were filtered to

overlap with genes reported in the ACMG incidental finding list by gene symbol. The re-

maining records were further filtered to only include variants where at least one submitter

indicated a variant was pathogenic or likely pathogenic, and no submitter indicated a variant

was benign or likely benign (i.e., no conflicting interpretations of pathogenicity). P100 par-

ticipants’ VCF files were filtered for variant calls intersecting the chromosome and position

of these filtered ClinVar records. Only calls with a FILTER value of PASS were included.

If the record was a SNP, the alternate allele of each variant call was compared against the

effect allele of the ClinVar record to ensure a match. Matching variant calls were further

filtered to match inheritance pattern (e.g., if a disorder was reported as autosomal recessive,

the reported call must be homozygous alternate). 12 variant calls were identified using this

protocol. 8 of these 12 were the same variant (rs34677591), and were discarded as likely false

positives. One of the remaining four was a small indel, and manual curation of the align-

ments determined that it was likely a false positive due to misalignment. The remaining

three were manually curated and determined to be valid calls.

2.5.19 Running the custom code.

This code is meant to be run in a Jupyter[67] notebook that has the scipy stack installed.

We recommend using the datascience docker image created by the Jupyter group at

https://github.com/jupyter/docker-stacks/tree/master/datascience-notebook

The raw data are available from dbGap in a compressed tar.gz file and should be extracted

to the same directory containing the code. We recommend downloading the Jupyter docker

https://github.com/jupyter/docker-stacks/tree/master/datascience-notebook
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image using docker pull jupyter/datascience-notebook on a machine with docker installed.

This is not required, but is recommended and all instructions will be based on the use of

this image. An example shell script is provided with the custom code (startup-notebook.sh).

The startup command is:

docker run -d -p <SOME LOCAL PORT>:8888 -e USE_HTTPS=yes -e GRANT_SUDO=yes -v \

<LOCAL PATH TO p100-network-code>:<ROOT PATH OF NOTEBOOKS ON JUPYTER>/p100-network-code \

-v <LOCAL PATH TO UNZIPPED data>:<ROOT PATH OF NOTEBOOKS ON JUPYTER>/data \

jupyter/datascience-notebook

Then, navigate in your browser to https://<yoururl>:<SOMELOCALPORT>. For ex-

ample, if you ran this on your localhost, with SOME LOCAL PORT = 8888, then you would

navigate to https://localhost:8888. Note: it will give you a warning about an invalid cer-

tificate. The default password for datascience-notebook is empty, i.e., just hit ENTER. The

notebooks provided are: Generate correlation network.ipynb which generates a correlation

network of all data for the P100 project, Community Generation-DELTA.ipynb which gener-

ates a correlation network for change in data measurements for the P100 project, Community

Generation.ipynb which performs community analysis using the intraomic correlation net-

work, Community Generation-DELTA.ipynb which performs community analysis using the

intraomic delta(change) correlation network and GEE longitudinal clinical changes.ipynb,

which uses GEE (generalized estimating equations) to calculate average change over the

course of the study in clinically relevant biomarkers. We also provide the notebook Convert

csvs to pickles.ipynb, which converts raw CSV files and associated meta data in JSON from

the csv folder of the data into Python pickles appropriate to the currently installed pandas

version.

2.5.20 Data availability.

All raw data collected as part of the P100 are available from dbGaP with accession ID

phs001363.v1.p1 (https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_

https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs001363.v1.p100-6


44

id=phs001363.v1.p100-6).
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Figure 2.S1: Full inter-omic cross-sectional correlation network

Statistically-significant inter-omic cross-sectional Spearman correlations (padj < 0.05) be-
tween all datasets collected in our cohort.
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Figure 2.S2: Modularity vs. community analysis iteration

The maximum modularity observed in our inter-omic cross-sectional community analysis was
0.386 at iteration 61 of community pruning. There were 267 total iterations of community
analysis.
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Figure 2.S3: Recruitment, onboarding, and other important events in the P100

Flowchart of important events in the P100, including recruitment, onboarding, withdrawals,
data collection, coaching calls, and events.
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Figure 2.S4: Genetic risk factors for hemochromatosis and ferritin levels

Boxplots for ferritin levels of male (A) and female (B) participants by round in the P100.
Only one male in our study was homozygous for 282YY and was diagnosed with hemochro-
matosis after physician referral. Changes in ferritin levels are shown by the red arrows.
A second male who was heterozygous for both risk factors (282YC/63DH) did not receive
therapeutic phlebotomy, and ferritin levels increased. Six other males presented at baseline
(round 1) with elevated ferritin levels but neither of these genetic risk factors; they were re-
ferred to their physician for monitoring. Four of the six were of self-reported Asian ancestry
(orange dots).
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Figure 2.S5: Population distribution of the 108 Pioneers (PC2 vs PC3)

PCA using a sample of 250,000 common SNPs. Translucent colored points represent the 2504
individuals in the Thousand Genomes Project, phase 3, color-coded by population. Black
points represent the 108 Pioneers. AFR, EUR, SAS, EAS, and AMR represent the conti-
nental populations: African, European, South Asian, East Asian and Admixed Americans,
respectively.
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Figure 2.S6: Population distribution of the 108 Pioneers (PC1 vs PC2)

PCA using a sample of 250,000 common SNPs. Translucent colored points represent the 2504
individuals in the Thousand Genomes Project, phase 3, color-coded by population. Black
points represent the 108 Pioneers. AFR, EUR, SAS, EAS, and AMR represent the conti-
nental populations: African, European, South Asian, East Asian and Admixed Americans,
respectively.
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Figure 2.S7: Dose-dependent effects of vitamin D supplementation

A common intervention for our participants was vitamin D supplementation. The Insti-
tute of Medicine has recommended a minimum 25-hydroxyvitamin D level of 20 ng/mL,
while the Endocrine Society recommends a minimum level of 30 ng/mL. Shown here are the
dose-dependent effects of supplementation on 25-hydroxyvitamin D levels from round 1 to
round 2, with individuals taking less than 3000 IUs/day exhibiting relatively little gains in
25-hydroxyvitamin D levels. Individuals that were noncompliant with the recommendations
(N=13) made no gains in 25-hydroxyvitamin D levels. A one-way ANOVA yields p=0.004
that a significant difference exists between one of the groups. Significant differences with
noncompliant participants at the p<0.05 level are indicated with asterisks, as determined by
Tukey’s range test. Individuals with low blood levels of 25-hydroxyvitamin D were recom-
mended doses between 1000 and 5000 IU. If over time blood levels did not increase at the
highest doses, individuals were referred to their physician for evaluation and, if appropriate,
higher doses.
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Figure 2.S8: Gut microbiome stability over nine months

Participant microbiomes tend to resemble themselves over time. Plotted in red is the un-
weighted UniFrac distance between consecutive microbiome samples for all participants. The
blue box-and-whisker plots represent the distance distribution between each sample and all
others in the same time points. In 97% of cases, an individual’s cross-timepoint distance is
lower than the median inter-individual distance.
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Figure 2.S9: Correlation across different vendors

Most clinical laboratory measurements were assayed by only one of the lab vendors (Quest
or Genova) but certain measurements were measured by both due to overlaps in the stan-
dard analysis panels. Additionally, some analytes from the metabolomics and proteomics
data were also measured by the clinical labs. This figure shows a comparison of these dupli-
cated analytes. For example, triglycerides, total cholesterol, and fasting glucose show high
correlation between clinical lab vendors, while LDL particle number is less correlated. The
correlations represented in this figure have been removed from our correlation networks.
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2.S.2 Supplementary Tables

Table 2.S1: All analytes measured in the P100 (XLSX 317 kb)

Available for download at https://static-content.springer.com/%3A10.1038%2Fnbt.

3870/MediaObjects/41587_2017_BFnbt3870_MOESM30_ESM.xlsx

https://static-content.springer.com/%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM30_ESM.xlsx
https://static-content.springer.com/%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM30_ESM.xlsx
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Table 2.S2: Complete inter-omic correlation network for cross-sectional correlations (XLSX
247 kb)

Available for download at https://static-content.springer.com/esm/art%3A10.1038%
2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM31_ESM.xlsx

Table 2.S3: Complete intra- and inter-omic correlation network for cross-sectional correla-
tions (XLSX 1240 kb)

Available for download at https://static-content.springer.com/esm/art%3A10.1038%
2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM32_ESM.xlsx

Table 2.S4: Complete inter-omic correlation network for delta correlations (XLSX 191 kb)

Available for download at https://static-content.springer.com/esm/art%3A10.1038%
2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM33_ESM.xlsx

Table 2.S5: Complete intra- and inter-omic correlation network for delta correlations (XLSX
1834 kb)

Available for download at https://static-content.springer.com/esm/art%3A10.1038%
2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM34_ESM.xlsx

Table 2.S6: Proteins present in the serotonin community

symbol name uniprot
ACTA2 actin, alpha 2, smooth muscle, aorta P62736
EGF epidermal growth factor P01133
SIRT2 sirtuin 2 Q8IXJ6
PPBP pro-platelet basic protein P02775
CD40LG CD40 ligand P29965
AXIN1 axin 1 O15169
HSPB1 heat shock 27kDa protein 1 P04792
STAMBP STAM binding protein O95630
EIF4EBP1 eukaryotic translation initiation factor 4E binding protein 1 Q13541
PDGFB platelet-derived growth factor beta polypeptide P01127
IL7 interleukin 7 P13232
IKBKG inhibitor of kappa light polypeptide gene enhancer in B-cells, kinase gamma Q9Y6K9

https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM31_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM31_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM32_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM32_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM33_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM33_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM34_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM34_ESM.xlsx
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Table 2.S7: OLS regression on the dependent variable HOMA-IR.

regressor coefficient std error t p-value 95% confidence
Body Mass Index 1.5423 0.318 4.844 4.5e-6 0.911, 2.174
gamma-glutamyltyrosine 1.2984 0.267 4.859 4.3e-6 0.768, 1.828
GGT 0.1233 0.073 1.696 0.093 -0.021, 0.267
Age -0.2744 0.22 -1.247 0.215 -0.711, 0.162
Sex(Male) -0.0114 0.01 -1.169 0.245 -0.031, 0.008

OLS regression on the dependent variable HOMA-IR. Regressors include sex, GGT, gamma-
glutamyltyrosine, age, and body mass index. Body mass index and gamma-glutamyltyrosine
are significant regressors in the model, while GGT is marginally significant. N=108 for this
regression.

Table 2.S8: Polygenic score quantitative traits tested in the P100 (XLSX 51 kb)

Available for download at https://static-content.springer.com/esm/art%3A10.1038%
2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM35_ESM.xlsx

Table 2.S9: Clinical laboratory tests used to analyze changes in the health areas targeted by
coaching

Cardiovascular Diabetes Inflammation Nutrition
Total cholesterol Fasting glucose Interleukin-6 Vitamin D
LDL cholesterol HbA1c Interleukin-8 Glutathione
HDL cholesterol Insulin TNF-alpha Ferritin
Triglycerides HOMA-IR hs-CRP Methylmalonic acid
LDL pattern (A or B) Selenium
LDL particle number Copper
LDL medium particle number Manganese
LDL small particle number Arachidonic acid
HDL large particle number EPA

https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM35_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM35_ESM.xlsx
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Table 2.S10: Longitudinal analysis of clinical changes by round

Clinical Laboratory Test OOR Baseline All
Quadrant Name Unit N Coef. 95% conf. Pvalue N Coef. 95% conf. Pvalue
Nutrition Vitamin D ng/mL 95 7.2 [5.8, 8.5] 7.1E-25 108 6.5 [5.2, 7.9] 2.5E-22
Nutrition Mercury mcg/g 81 -0.002 [-0.003, -0.0015] 8.9E-09 108 -0.0015 [-0.002, -0.0008] 6.7E-05
Diabetes HbA1c % 52 -0.085 [-0.12, -0.047] 9.2E-06 108 -0.047 [-0.071, -0.022] 1.6E-04
Cardiovascular LDL particle number (Quest) nmol/L 30 130 [63, 190] 9.3E-05 108 78 [43, 110] 1.2E-05
Nutrition Methylmalonic acid (Genova) mmol/mol creat 3 -0.49 [-0.75, -0.23] 2.1E-04 108 0.012 [-0.029, 0.053] 5.6E-01
Cardiovascular LDL pattern A(0), B(1) 28 -0.16 [-0.25, -0.07] 4.8E-04 108 -0.01 [-0.047, 0.028] 6.1E-01
Inflammation Interleukin-8 pg/mL 10 -6.1 [-9.6, -2.6] 5.9E-04 108 -0.59 [-1.4, 0.24] 1.6E-01
Cardiovascular Total cholesterol (Quest) mg/dL 48 -6.4 [-10.0, -2.7] 7.2E-04 108 -0.76 [-3.5, 1.9] 5.8E-01
Cardiovascular LDL cholesterol mg/dL 57 -4.8 [-7.6, -2.0] 8.8E-04 107 -1.4 [-3.6, 0.7] 1.9E-01
Cardiovascular LDL particle number (Genova) nmol/L 70 -69 [-110, -27] 1.2E-03 108 -42 [-75.0, -9.2] 1.2E-02
Cardiovascular Small LDL particle number (Genova) nmol/L 73 -56 [-93, -18] 3.5E-03 108 -38 [-65, -11] 6.2E-03
Diabetes Fasting glucose (Quest) mg/dL 45 -1.9 [-3.3, -0.49] 8.2E-03 108 -1.1 [-2.1, -0.21] 1.7E-02
Cardiovascular Total cholesterol (Genova) mg/dL 43 -5.4 [-9.7, -1.2] 1.2E-02 108 0.21 [-2.4, 2.8] 8.7E-01
Diabetes Insulin IU/ml 16 -2.3 [-4.1, -0.44] 1.5E-02 108 -0.64 [-1.0, -0.28] 5.0E-04
Inflammation TNF-alpha pg/mL 4 -6.6 [-12.0, -1.1] 1.8E-02 108 0.31 [-0.045, 0.66] 8.7E-02
Diabetes HOMA-IR (calc) 19 -0.56 [-1.0, -0.089] 2.0E-02 108 -0.15 [-0.26, -0.05] 3.5E-03
Cardiovascular HDL cholesterol mg/dL 5 4.5 [0.64, 8.4] 2.2E-02 108 1.9 [0.98, 2.8] 3.7E-05
Nutrition Methylmalonic acid (Quest) n mol/L 7 -42 [-85.0, 0.43] 5.2E-02 108 -8.6 [-13.0, -3.9] 3.8E-04
Cardiovascular Triglycerides (Genova) mg/dL 14 -18 [-42.0, 6.2] 1.4E-01 108 1 [-5.8, 7.8] 7.7E-01
Diabetes Fasting glucose (Genova) mg/dL 47 -0.98 [-2.3, 0.35] 1.5E-01 108 -0.28 [-1.1, 0.51] 4.9E-01
Nutrition Arachidonic Acid wt% 35 0.24 [-0.12, 0.59] 1.9E-01 108 -0.21 [-0.39, -0.028] 2.4E-02
Inflammation hs-CRP mcg/mL 51 -0.47 [-1.2, 0.28] 2.1E-01 108 -0.09 [-0.47, 0.29] 6.5E-01
Cardiovascular Triglycerides (Quest) mg/dL 17 -14 [-37.0, 9.4] 2.4E-01 108 -0.68 [-8.0, 6.6] 8.5E-01
Nutrition Glutathione micromol/L 6 11 [-7.6, 29.0] 2.5E-01 108 -0.49 [-20.0, 19.0] 9.6E-01
Nutrition Zinc mcg/g 4 -0.82 [-2.4, 0.74] 3.0E-01 108 -0.37 [-0.49, -0.24] 9.9E-09
Nutrition Ferritin ng/mL 10 -14 [-42, 13] 3.1E-01 108 -5.7 [-10.0, -1.1] 1.5E-02
Inflammation Interleukin-6 pg/mL 4 -1.1 [-3.6, 1.4] 3.8E-01 108 0.12 [-0.058, 0.31] 1.8E-01
Cardiovascular HDL large particle number nmol/L 8 210 [-390, 800] 4.9E-01 108 110 [-62, 280] 2.2E-01
Nutrition Copper mcg/g 10 0.006 [-0.018, 0.031] 6.0E-01 108 0.001 [-0.005, 0.007] 7.1E-01
Nutrition Selenium mcg/g 6 0.035 [-0.1, 0.17] 6.2E-01 108 0.014 [-0.003, 0.032] 1.1E-01
Cardiovascular Medium LDL particle number nmol/L 20 2.8 [-27, 32] 8.5E-01 108 21 [13, 29] 3.3E-07
Cardiovascular Small LDL particle number (Quest) nmol/L 14 -2.3 [-31,27] 8.8E-01 108 13 [4.9,22] 2.0E-03
Nutrition Manganese mcg/g N/A N/A N/A N/A 108 -0.001 [-0.0011, -0.00025] 1.9E-03
Nutrition EPA wt% N/A N/A N/A N/A 108 0.034 [-0.051, 0.12] 4.3E-01
Nutrition DHA wt% N/A N/A N/A N/A 108 -0.07 [-0.11, -0.028] 1.0E-03

Generalized estimating equations (GEE) were used to estimate average changes in clinical
labs over time. The coefficient is an estimate of the average change in the population for that
analyte by round adjusted for age, sex, and self-reported ancestry. Each coefficient shown
has the unit of the analyte it represents. ”Out-of-range at baseline” shows the estimates
using only those participants who were out-of-range for that analyte at the beginning of
the study. N/A values are present where no participants were out-of-range at baseline.
”All participants” shows the estimates using all participants in the study. Several analytes
are measured by both Quest and Genova; with the exception of LDL particle number, the
direction of effect for significantly changed analytes was concordant across the two labs. An
independence working correlation structure was used in the GEE.

Table 2.S11: Concordance of 6601 loci between monozygotic twins sequenced on Illumina
and CGI

Count Percent* Description
6543 99.12% Fully observed and concordant between Illumina and CGI
13 0.20% Partially observed in CGI but compatible with Illumina
29 0.44% NOCALL in CGI
2 0.03% NOCALL in Illumina
14 0.21% Fully observed and discordant between Illumina and CGI
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Table 2.S12: Number of unique taxa measured for each taxonomic level

Domain Phylum Class Order Family Genus Species OTU
2 13 27 52 205 779 1275 4616

Table 2.S13: Number of metabolites observed by detection method

GC-FID GC/MS LC/MS(neg) LC/MS(pos) LC/MS(polar)
34 29 347 159 74

Table 2.S14: Age and sex adjustments for the correlation networks (XLSX 81 kb)

Available for download at https://static-content.springer.com/esm/arti%3A10.

1038i%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM36_ESM.xlsx

https://static-content.springer.com/esm/arti%3A10.1038i%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM36_ESM.xlsx
https://static-content.springer.com/esm/arti%3A10.1038i%2Fnbt.3870/MediaObjects/41587_2017_BFnbt3870_MOESM36_ESM.xlsx
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Chapter 3

MULTI-OMIC BIOLOGICAL AGE ESTIMATION AND ITS
CORRELATION WITH WELLNESS AND DISEASE

PHENOTYPES: A LONGITUDINAL STUDY OF 3,558
INDIVIDUALS

Note: This chapter can be read here or in the cited publication [5]. There is no extra

information here that was not released with the original publication.

3.1 Abstract

Biological age (BA), derived from molecular and physiological measurements, has been pro-

posed to better predict mortality and disease than chronological age (CA). In the present

study, a computed estimate of BA was investigated longitudinally in 3,558 individuals using

deep phenotyping, which encompassed a broad range of biological processes. The Klemera-

Doubal algorithm was applied to longitudinal data consisting of genetic, clinical laboratory,

metabolomic, and proteomic assays from individuals undergoing a wellness program. BA

was elevated relative to CA in the presence of chronic diseases. We observed a significantly

lower rate of change than the expected 1 year/year (to which the estimation algorithm was

constrained) in BA for individuals participating in a wellness program. This observation

suggests that BA is modifiable and suggests that a lower BA relative to CA may be a sign

of healthy aging. Measures of metabolic health, inflammation, and toxin bioaccumulation

were strong predictors of BA. BA estimation from deep phenotyping was seen to change

in the direction expected for both positive and negative health conditions. We believe BA

represents a general and interpretable ”metric for wellness” that may aid in monitoring aging

over time.
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3.2 Introduction

Age is the most important risk factor for most common diseases. There is considerable

interest in mitigating aging-related disease risks through lifestyle, pharmaceutical, and en-

vironmental interventions that attenuate biological aging. A hurdle in this quest is the

quantification of an individual’s ‘wellness‘, which is not only the absence of disease but also

their resilience to future disease, general satisfaction with one’s health and wellbeing, and

energy for activities that enrich a person’s life. While a multitude of signals relevant to

an individual’s health and wellness can be captured, meaningful clinical relevance remains a

challenge. The development of tools and methods for the collation, integration, analysis, and

application of these signals is essential to realizing the goals of precision and personalized

medicine[71]. More sensitive and precise assessments of health status and trajectory, guided

by dense longitudinal phenotyping, will enable a transformation in modern health care. Such

a paradigm shift can only occur by converting these sophisticated, high-dimensional measures

into actionable metrics. Biological age (BA), to the extent it can be estimated, may provide

one such personalized and intuitive metric of overall health status that can be communicated

effectively to a general population.

Estimation of BA was first proposed in 1969 [72]. In 1988, Baker and Sprott proposed

that a biomarker of aging is a biological parameter of an organism that either alone or in

some multivariate composite will, in the absence of disease, predict physiologically functional

capacity at some later stage better than chronological age (CA) [73]. More recently, BA has

been assessed via epigenetic markers [74], proteomics [75], and Electronic Medical Records

[76]. The Klemera-Doubal (KD) method has been suggested as a better predictor of all-cause

mortality than either CA alone or using multiple linear regression of ten clinical biomarkers

[77, 78]. Studies using small numbers of highly informative clinical variables to develop KD-

computed BA measures have demonstrated these measures associated with poor balance,

physical weakness, declining cognitive performance, physical appearance, cardiovascular risk,

frailty indices, extrinsic epigenetic age, caloric restriction (CR), and gene expression [79–83]
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.

Deep phenotyping offers the opportunity to explore multiple systems that contribute to

BA in greater depth, and generate more comprehensive metrics of overall health that change

over time, aimed at reflecting an individual’s changing health [84]. Herein, we also explore

estimated BA by distinct data types: the metabolome, proteome, and clinical labs, as well

as a BA calculation that integrates all of these together. BA appears to be modifiable, and

thus may be a simple metric that is useful to monitor general health.

In this work, KD was applied to over 900 disparate (principal component analysis, PCA,

transformed) biomarkers, including metabolites, proteins, genomics, and clinical measures.

This collection of biomarkers is herein termed personal, dense, dynamic data (PD3) clouds

[4]. Data type (eg, different omics measures)-specific BA estimates were compared to each

other and changes in BA over time were examined by data type, and among subgroups that

were hypothesized to have different BA trajectories (including stratifications by sex, ethnicity,

age group, and baseline BA). Differences between biological and chronological age (BA-CA)

were utilized as a metric, noted as ∆Age (more negative indicates scoring younger than CA),

and associations between ∆Age and lifetime prevalence of common health conditions were

examined.

In this study, we ascertained the effects of conditions and behaviors generally thought of

as being healthy or unhealthy upon the introduced BA measure. We found that ”healthy”

behaviors, such as participation in a scientific wellness program [85], were found to be as-

sociated with a decreasing ∆Age over time. Conversely, ”unhealthy” conditions, such as

self-reported diseases, were found to increase ∆Age in every condition we had data for where

there was a significant effect (no significant effects in the opposite direction). The obser-

vation indicated that ∆Age was sensitive to changes in the blood associated with common

disease states. Association strength and computed BA estimates varied significantly by

data type (proteomics, metabolomics, and clinical labs), demonstrating that BA depends

on the systems being interrogated. These results support the construction of a BA measure

that integrates diverse information across different -omics, biological systems, and disease
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biomarkers – and/or the use of multiple BA measures to reflect different biological systems

– to help assess individual health and for the quantification and exploration of aspects of the

aging process in humans.

3.3 Methods

3.3.1 Study Population

The sample studied consisted of men and women participating in a consumer data-intensive

wellness program (Arivale, now closed) that varied by age and health status (demographics

given below). The program involved lifestyle coaching on exercise, nutrition, stress manage-

ment, and sleep all tailored to the participants’ health goals, specific genetic markers, and

clinical metrics as detailed in a prior publication [85]. Deidentified data from consenting

participants were collected from July 2015 to July 2018. A total of 3,558 participants were

observed for an average of 214 days, with an average of 2.1 longitudinal data points with a

total of 7,634 observations. In total, 1,354 participants had a single time point, 1,105 had

two, 711 had three, and 388 had four or more, with two participants having the maximal (8)

number of time points. Average time between observations was 190 days among participants

with multiple time points. The study was approved by the Western Institutional Review

Board.

3.3.2 Personal, Dense, Dynamic Data Clouds (PD3 Clouds)

We previously developed and published analyses incorporating proteomic, metabolomic, mi-

crobiomic, and genetic data (the PD3 cloud) on 108 participants in the context of health

and wellness [4]. This cohort ultimately expanded to 3,558 individuals at the time data were

collected for this study. Participants’ genetic profiles were assessed either by whole genome

sequencing (2845) or by single nucleotide polymorphism (SNP) chip (713). Detailed infor-

mation on the acquisition, storage, generation, and analyte-specific pre-processing of these

measures is available in the Supplementary Methods 3.S.1. After pre-processing, the PD3
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clouds included genomics plus longitudinal measures from blood, including 54 clinical lab

tests from LabCorp or 67 clinical lab tests from Quest, 243 proteins, and 611 metabolites

with CA ranging across the adult lifespan (18-89+ years).

3.3.3 Creating the BA Measure

The KD method, with a PCA transformation on the input features, was used to create the

BA measure [77]. Briefly, KD is a weighted average of independent linear regressions of

biomarkers to CA. Ten iterations of 10-fold cross-validation were performed to estimate BA

from each data type (clinical labs, metabolites, and proteins). Male and female data were

trained separately, as were observations from different laboratory vendors. Training/testing

set splits were generated by randomly shuffling participants, partitioning them into ten sets,

and iterating over those sets, with one set as the test set and the remaining nine being

used for training. Training sets were restricted to baseline measurements, ensuring those

participants had minimal wellness coaching, and only one observation of a participant was

trained on. All observations of participants in the test set were predicted from the training

set. Clinical labs had two vendors, so only the earliest observation among both vendors

was included in the training. All samples were z-score normalized using the mean and SD

estimated from the training set at each fold.

Similarly, principal components were estimated using the training, and the transformation

was then applied to all samples. Principal components were used to satisfy the biomarker

linear independence requirement of the KD algorithm. Slopes, SDs, and intercepts were

calculated for each of the strongest components explaining up to 90% of the variance. These

variables were then used to calculate BA using KD. The contribution of each analyte to

BA was calculated by multiplying the weights learned for each component by the analyte

contribution to each component and summing across all components. These representa-

tions are equivalent because PCA and KD are linear transformations (see Supplementary

Methods3.S.1). CA was excluded as a biomarker, although KD allows its inclusion. Do-

ing so reduces variance, but adds limited information regarding BA’s relationship to health
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outcomes For each data type, the 10 predictions were averaged. For each observation of a

participant, all available data type predictions were averaged and presented as the overall BA

prediction. A total of 2,742 observations had only one data type, 3,634 had two, and 1,258

had all three. See Supplementary Figure 3.S1 and Supplementary Table 3.S1 for details.

3.3.4 Trajectory of the BA Measure Over Time

To determine whether BA changed over time after initiation of health coaching, Generalized

Estimating Equations (GEEs) with exchangeable correlation structure were utilized, which

accounts for the correlation between multiple observations (time points) per participant [86].

Participants with two or more blood draw visits were included in the trajectory models. The

primary model assessing linear change in BA included time in the program as the independent

variable, starting at time zero (time of first blood draw), and BA as the dependent variable;

baseline CA was included as a covariate. Models were stratified by baseline age group, sex,

and race (white vs non-white), and interaction terms between study time and sex/race were

included to assess for effect modification. Additionally, as factors that may impact BA over

time are of interest, models were stratified by CA decade and BA starting point to model BA

changes due to differences in initial health status at coaching initiation (model A: participants

with an initial BA that was 5 or more years greater than CA; model B: participants with an

initial BA that was 5 or more years less than CA. This analysis was repeated with BA ± 10

years from CA).

3.3.5 Health History, Behaviors, and Associations With ∆Age

GEE models with exchangeable correlation structure were used to examine associations be-

tween ∆Age under combined and independent data modalities and the lifetime prevalence

of the 40 most common self-reported health conditions, along with lifetime and/or current

smoking. In the minimally adjusted model, ∆Age was modeled as the outcome variable, and

self-reported past or current condition was the predictor, with CA at each prediction included

as a covariate. Each condition was modeled separately. Since obesity was hypothesized to be
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strongly associated with ∆Age and many conditions, obesity (0 for body mass index [BMI] <

30, 1 for BMI geq 30) was included as a covariate. Association between obesity and BA itself

was also calculated. A Bonferroni correction at alpha = .05/(43(conditions)*4 (modalities))

= 3E-04 threshold for statistical significance was applied. Many health outcomes are highly

correlated with one another, and thus, this correction is highly conservative.

3.4 Results

3.4.1 Population Characteristics

Mean age was 47.5 years, with more females than males (58.6% female). Baseline character-

istics are presented in Table 3.1. The percent of obese participants was 27.9%, lower than

the Center for Disease Control reported estimate of 37.9% for all U.S. adults. This bias

appears to be driven primarily by regional makeup, rather than the self-selection of lower

BMI individuals. This cohort is predominantly ( 80%) drawn from Washington or California.

Given the state/province of residence, the expected percentage of obese individuals is 27.7%

[87]. Socioeconomic status of participants is presumably higher than the national average,

but that information was not captured.

3.4.2 BA Estimation Through PD3 Clouds

BA estimates using the KD method are shown in Figure 3.1. The Pearson correlation

between BA and CA was .78 overall, .70 for the clinical labs, .81 for the metabolomics, and

.88 for the proteomics. The median absolute error, that is, the median absolute difference

between BA and CA, of these predictions was 5.54 years overall, 8.04 years for clinical

labs, 4.82 years for metabolomics, and 4.39 years for proteomics. Mean (SD) over repeated

predictions for the same observation was 3.83 years overall, 1.05 years for clinical labs, 1.52

years for metabolomics, and 1.03 years for proteomics. ∆Age had a mean (SD) of -0.78

(9.28) years overall, -0.43 (12.18) years for clinical labs, -0.11 (7.48) years for metabolomics,

and -0.73 (6.57) years for proteomics. ∆Age was largely uncorrelated with CA, at a Pearson
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Table 3.1: Demographic Information

Characteristic Alla Womena Mena p Valueb

Chronological age, mean years (SD) 47.6 (12.2) 48.7 (11.6) 47.9(11.8) .1
Non-white, no. (%), n = 3,452 784 (22.7) 416 (20.5) 368 (25.8) <.001
BMI, mean (SD), n = 3,227 27.7 (6.3) 27.8 (7.1) 27.4 (4.9) .05
Obesec, no. (%), n = 3,227 901 (27.9) 584 (30.7) 317 (23.9) <.001
Moderate activity ≥ 3×/wk, no. (%), n = 3,468 2,253 (65.0) 1,278 (62.0) 975 (69.3) <.001
Vigorous activity ≥ 3×/wk, no. (%), n = 3,467 1,121 (32.3) 528 (25.6) 593 (42.1) <.001
Sitting > 8 h/d, no. (%), n = 3,467 2,303 (66.4) 1,392 (67.6) 911 (64.7) .09
Ever smoker, no. (%), n = 2,825 774 (27.4) 448 (25.9) 326 (29.7) .03
Current smoker, no. (%), n = 3,469 174 (5.0) 73 (3.5) 101 (7.2) <.0001
Cholesterol-lowering meds, no. (%), n = 2,817 337 (12.0) 163 (9.5) 171 (15.7) <.001
Past and/or current self-report of:

High cholesterol, no. (%), n = 3,351 788 (23.5) 408 (20.4) 380 (28.1) <.001
Hypertension, no. (%), n = 3,361 579 (17.2) 313 (15.6) 266 (19.6) .003
Asthma, no. (%), n = 3,389 559 (16.5) 370 (18.3) 189 (13.8) <.001
Type 2 diabetes, no. (%), n = 3,309 125 (3.8) 78 (4.0) 47 (3.5) .6
Breast cancer, no. (%), n = 3,235 63 (1.9) 59 (3.0) 4 (0.3) <.001
Coronary artery disease, no. (%), n = 3,280 50 (1.5) 19 (1.0) 31 (2.3) .003

a) Total N = 3,558; women, N = 2,087; men, N = 1,471. b) For comparisons between
men and women, chi-square tests were run for categorical variables and two-sided t-tests for
continuous variables. c)Obese defined as BMI ≥30.
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r of -.06 overall, -.03 for clinical labs, -.18 for metabolomics, and -.10 for proteomics. See

Supplementary Table 3.S2 for summary statistics.

Pearson correlation of ∆Age between multiple observations of the same participant, that

is, ρ(∆Aget, ∆Aget+1), was .66 overall, .67 for clinical labs, .67 for proteomics, and .64

for metabolomics. These correlations were stronger than the between-data type ∆Age, with

clinical labs correlating with metabolomics at an r of .26, clinical labs with proteomics at

.25, and metabolomics with proteomics at .27 (Supplementary Figure 3.S2).

3.4.3 BA Changes Over Time

Mean linear trajectory of BA over time, calculated using longitudinal measurements among

participants with at least two visits, varied according to whether the predictions were based

on clinical labs, metabolites, proteins, or a combination of all three categories (Table 3.2). In

the minimal model adjusted for baseline CA, BA prediction based on all available analytes

showed that BA stayed statistically stable over time. On average, BA decreased by 0.16

years for every year of participation in the wellness program (B = -0.16, 95% CI: -0.45,

0.19). This is significantly lower than the expected increase of 1 year/year. BA estimates

from all data types had a B coefficient < 1, the natural rate of aging, with all data types

except metabolomics being significantly < 1.

3.4.4 Potential Modifiers of BA Trajectory Over Time

Exploratory analyses to examine several baseline factors (sex, ethnicity, age group, and base-

line health status) that were hypothesized a priori might have an impact on BA trajectories

were performed. In sex-stratified models based on the ”all analyte” BA predictions (clinical

labs, metabolites, and proteins combined), BA decreased in women over time (coefficient:

-.48, 95% CI: -0.93, -0.04), but stayed constant in men (coefficient: .19, 95% CI: -0.36, 0.74)

(Table 3.2). The sex-time interaction term was weakly significant (p < .05), indicating a

difference between men and women in their BA trajectories over time. A similar pattern in

BA derived from proteins and clinical labs was observed (Supplementary Table 3.S3), with
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Figure 3.1: Multi-omic Biological Age Estimates.

Scatter plots of Biological Age estimates using the KlemeraDoubal algorithm for each data
type individually, and in aggregate (All Data Sources). Each point is one observation of an
individual. The solid line in each plot is the ordinary least squares regressed line, and the
dotted line is biological age = chronological age. The Clinical Lab plot contains estimates
from two vendors: Labcorp (circle) and Quest (triangle).
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Table 3.2: Change in ∆ Age over time.

Data set used for BA predictiona B Coefficient Std. error 95% CI Interaction pc

All analytes -0.160 0.181 -0.452, 0.194 NA
Proteins 0.524 0.179 0.174, 0.874 NA
Metabolites 0.274 0.471 -0.648, 1.196 NA
All clinical chemistries -0.374 0.216 -0.798, 0.049 NA

Stratified analysesb

Sex

Males (n=908) 0.192 0.281 -0.359, 0.742
Females (n=1297) -0.484 0.229 -0.932, -0.036 0.043

Self-reported ethnicity
White (n=1705) -0.111 0.198 -0.498, 0.276
Non-white (n=433) -0.589 0.465 -1.500, 0.322 0.371

Age at baseline, by decade
18-29 years (n=130) -2.720 0.744 -4.180, -1.270
30-39 years (n=388) -0.055 0.419 -0.877, 0.766
40-49 years (n=658) -0.356 0.332 -1.010, 0.295
50-59 years (n=638) 0.530 0.356 -0.168, 1.230
60-69 years (n=322) -0.285 0.393 -1.050, 0.484
70+ years (n=69) -0.895 0.853 -2.570, 0.776 NA

Baseline BA prediction
BA=5 years > CA (n=481) -0.985 0.423 -1.814, -0.157
BA=5 years < CA (n=540) 0.024 0.377 -0.715, 0.764
BA=10 years > CA (n=167) -1.540 0.686 -2.88, -0.194
BA=10 years < CA (n=187) 1.613 0.651 0.388, 2.890 NA

a GEE Model: BAsimtime in Arivale + baseline CA; clustered by client ID, fam-
ily=Gaussian, with an exchangeable correlation matrix; only individuals with at least two
visits were included b GEE Models, stratified by sex, ethnicity, age group, and baseline BA
prediction: ∆Age (BA-CA) ∼ time in Arivale + baseline CA; clustered by client ID, fam-
ily=Gaussian, with an exchangeable correlation matrix; All models use BA predictions based
on the ”All analyte” data set c Interaction models: ∆Age (BA-CA) ∼ time in Arivale +
predictor variable + baseline CA + predictor variable × time in Arivale; clustered by client
ID, family=Gaussian, with an exchangeable correlation matrix.
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BA from clinical labs also indicating a weakly significant difference between men and women

(interaction p = .02). Since race was unevenly distributed throughout CA, self-reported

race (white vs non-white) was also stratified; the interaction term was not significant, and

both groups had slowed BA compared to CA. In models stratified by age (in decades), the

youngest age group had the slowest rate of biological aging (using BA estimates from the

all-analyte data set), though all age groups except 50-59 years indicated slowed aging (upper

95% CI < 1). This effect was not dose dependent (ie, rate of aging did not increase monoton-

ically) and was roughly consistent across data types. This analysis for BA was repeated for

each data type and observed similar patterns in BA derived from clinical labs; B coefficients

derived from proteins and metabolites were highly variable and had wide CIs, likely due to

small N per age group (Supplementary Table 3.S3).

Lastly, baseline ∆Age was stratified, with the idea that participants with higher ∆Age

at study entry would be less healthy (under the assumption that ∆Age is an adequate

summary metric for health and wellness), and therefore experience greater benefit from

health coaching. Participants with BA 5 or more years higher than their CA at baseline

experienced approximately 1-year decline in BA for every 1 year in the program (coefficient:

-.99, 95% CI: -1.81, -0.16), while participants who entered the program with BA at least

5 years less than CA maintained their youthful BA over time based on the all-analyte BA

estimates (coefficient: .02, 95% CI: -0.72, 0.76). These effects were more pronounced in

individual data modalities, though many stratified analyses had small N, which likely inflated

estimates. Regression-to-the-mean effects could not be ruled out in the absence of a control

group, particularly when N was small or when baseline deviations were extreme (ie, the >10

years plus or minus for ∆Age) [88].

∆Age Is Associated With Health and Behavior and Especially With Type 2 Diabetes

Among the top 43 most common health conditions and behaviors in our cohort, after cor-

recting for multiple comparisons, obesity, hypertension, high cholesterol, lung infection, type

2 diabetes (T2D), and breast cancer were associated with increased ∆Age in models adjusted

for CA and obesity (Figure 3.2). T2D had the highest increase in ∆Age in combined models,
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such that these participants had a BA that was higher than their CA by an average of 6.4

years (95% CI: 4.6, 8.2). This effect was consistent among data types for T2D. However,

effects varied slightly among the different data types. For instance, the combined data type

derived BA provided highest statistical significance for increased ∆Age among participants

with high cholesterol, the estimates based on metabolomics and clinical labs were also asso-

ciated with increased ∆Age, though below the threshold for multiple corrections. Estimates

derived from proteomics did not show as pronounced an effect, with the coefficient having a

p-value >.05. Since the all-data modality and the clinical labs had the largest N, these asso-

ciations were well powered and most likely to show significant associations. However, several

nonsignificant trends of interest were observed indicating potential disease-specific differences

in sensitivity among different data modalities, with some health conditions having a trending

association (p < .05)

with only one of the four modalities (such as concussion, endometriosis, kidney stone,

gallstones, cataracts, and coronary artery disease). While these trends were not strong

enough to be significant individually after a conservative Bonferroni correction for multiple

hypothesis testing, collectively, every one is in the direction of increasing ∆Age with none

in the opposite direction, adding confidence in their likely validity.

3.4.5 Analytes That Are Most Predictive of a High or Low BA Measure

The top mean model coefficients, representing the importance of individual analytes in the

model, are shown in Figure 3.3. The value of each analyte coefficient corresponds to the

contribution of that analyte to the computed BA. For instance, a coefficient of +1 indicates

an increase in BA of 1 year per SD higher than the mean, while a coefficient of -1 indicates

a corresponding decrease in BA of 1 year per SD above the mean. Most markers that

were strongly predictive of BA were dominated by three axes of aging: metabolic health,

inflammation, and bioaccumulation of toxins.

In clinical labs, glycated hemoglobin (HbA1c) was the strongest positive predictor of BA

independent of sex, with other (highly correlated) metabolic health markers demonstrating
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Figure 3.2: Disease associated with increased Age.

Forest plot of Age estimates and 95% confidence intervals associated with the 40 most com-
mon health conditions, plus ever smoking, current smoking, and obesity. Each condition or
behavior was modeled individually, with Age as the dependent variable, the health condi-
tion/behavior as the independent variable, and further adjustment for chronological age (CA)
and obesity (body mass index > 30) in Generalized Estimating Equation models clustered
by client ID with an exchangeable correlation matrix to account for multiple observations
from individual clients. The obesity outcome was adjusted for CA only. Biological age (BA)
estimates for each data type are shown. The blue dotted line at 0 indicates no difference
between BA and CA; point estimates to the right of the blue line indicate higher BA than CA
associated with the health condition/behavior (eg, based on the all-data-type BA estimate,
individuals with type 2 diabetes have BAs that are, on average, 6.4 years greater [95% CI:
4.6, 8.2] than their CAs, after adjustment for CA and obesity). ***p < .0003 (Bonferroni
threshold); **p < .005; *p < .05. GERD = gastroesophageal reflux disease; IBS = irritable
bowel syndrome; PTSD = Post-traumatic stress disorder



73

Figure 3.3: Top 20 aging predictors by data type.

Shown are the strongest 20 analytes per data type by average effect for males (red) and
females (blue). The y-axis demonstrates the effect in years per SD of the analyte, that is,
1 SD greater than the mean value for HbA1c in the Labcorp clinical labs would result in a
roughly 4-year increase in biological age, all other values held constant.
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similar effects, that is, adiponectin and glucose. Metabolic health was also reflected in

proteomics, where agouti-related peptide (AgRP) was the strongest negative predictor of

BA for both men and women. AgRP is involved in energy balance through regulation of

appetite and energy expenditure (RN19). Similarly, analytes reflective of redox balance, an

integral component of metabolic homeostasis, were strongly predictive of BA. The metabolite

subfamily of glutathione was one of the strongest predictors of BA for both men and women

(Supplementary Figure 3.S3).

Multiple proteomic markers of inflammation were associated with BA, including chemokine

C-X-C motif ligand 9 (CXCL9), interleukin 17D (IL17D), and growth/differentiation factor

15 (GDF15); additionally, the lymphocyte produced lymphotoxin alpha (LTA) was a neg-

ative predictor of BA in men, but not in women. Inflammation plays a crucial role in BA

prediction in the clinical labs as well, where monocyte count was a strong positive predictor

of BA and lymphocytes were a strong negative predictor.

Several environmental pollutants, including the heavy metals lead and mercury, were

identified as strong predictors of BA. Within the metabolomics, the bioaccumulated toxin

perfluorooctanesulfonic acid (PFOS) emerged as the second strongest positive predictor. The

related metabolite, perfluorooctanoic acid (PFOA) was a strong positive predictor in men

but not in women (Figure 3.3).

Sex steroid hormones dominated the calculation of BA in metabolites for men and women.

Dehydroepiandrosterone (DHEA-S) and its direct metabolite androstenediol monosulfate

were strong negative predictors with the stress-related hormone vanillylmandelic acid (VMA)

being a strong positive predictor. Similar to PFOA and LTA, several other analytes demon-

strated sex-specific differences (Supplementary Table 3.S4). Alkaline phosphatase (ALP)

proved to be a strong positive predictor in women but not in men (Figure 3.3 ). In contrast

to ALP, creatine metabolites emerged as an important subfamily for calculation of BA in

men, but not women (Supplementary Figure 3.S3). Within the creatine metabolite subfam-

ily, creatinine was one of the stronger negative predictors in men. Several elements of the

immune system also showed sex-specific differences in calculating BA, including Spondin 2
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(SPON2), which was a negative predictor in women, but not in men. Macrophage receptor

with collagenous structure (MARCO) was a positive predictor in women, but a negative

predictor in men. IL-16 was a positive predictor in women, but a negative predictor in men.

The intestinal mucosa secreted protein trefoil factor 3 (TFF3) was a positive predictor in

men, but a negative predictor in women.

3.5 Discussion

The BA measure was generated by integrating and comparing diverse data types, including

clinical labs, proteomics, metabolomics, and genetics. The key findings of this paper are as

follows: 1) Higher ∆Age was shown to be associated with lifetime prevalence of common

disease conditions, and BA was seen to decrease over time after joining a wellness program,

supporting the hypothesis that BA is reflective of increasing or decreasing health as com-

monly understood, 2) The degree of plasticity in BA is dependent on several factors such

as sex, current health status, and CA, 3) Blood factors corresponding to metabolic health,

inflammation, and bioaccumulation of toxins were found to be the most strongly related

to BA across data types, 4) Men and women showed distinct differences in the features

most relevant to the determination of BA, especially those related to aspects of sex-specific

physiology, such as bone density, muscle mass, immune system function, and sex-related

metabolism of environmental pollutants, 5) BA was affected by the data type used in their

determination, and different BAs can thus be derived from different data sources.

The complexity and variability of the aging process justify the development of system-

level predictive and analytical models to describe it, with the ultimate goal of maintaining

healthy aging and improving the extent and quality of healthspan through actionable lifestyle,

environmental, and pharmaceutical interventions. Following an unscreened sample enabled

the observation of health-related changes across the spectrum of commonly observed health

conditions. The highest ∆Ages, perhaps indicating poor wellness relative to CA, are in the

T2D subpopulation (+6 years) which is consistent with studies observing 5-9 years shortened

life expectancy with T2D[89]. Average ∆Age was higher among participants self-reporting
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multiple types of current or past health conditions. This finding does not suggest that BA is

a useful diagnostic for any specific disease, but instead that ∆Age maps consistently to the

concept of general wellness, where every disease condition in which a statistically significant

association was discovered (or even a lower-threshold trend observed) was in the direction

of increasing ∆Age. Stationary or negative BA trajectories over time, after initiation of a

wellness program, was consistent with the potential utility of BA as an aggregate marker

(metric) of increasing wellness. In general, the all-analyte predictions of BA did not increase

or decrease over time in this sample on average, despite increasing CA. Further study is

required to determine the persistence of these effects or efficacy relative to other interventions.

Stratified analyses highlight differences between groups in response to their engagement

in a wellness program. Both men and women experienced slowed BA on average, but the

effect was stronger in women with their BA decreasing over time, while men maintained their

BA. On average, the youngest participants (18-29) tended to show more ability to reduce

their BA, while older participants decreased their ∆Age but maintained their initial BA.

Importantly, a dose-dependent response was not observed, that is, participants over 29 have

roughly similar trends. Participants tended to maintain a high degree of consistency in ∆Age

over time for all data types.

Of interest is baseline health status. Participants with high ∆Age experienced a greater

decline in BA over time in the program, which may be expected, given that less healthy

participants had more actionable ”wellness targets” to work on. Diminishing returns were

also observed as those with extremely low baseline BA relative to CA had a slope of approxi-

mately the expected standard rate of BA (though confidence intervals were wide). While this

seems expected from a biological perspective, the direction and magnitude of these trends

are consistent with regression-to-the-mean effects, especially at the most extreme strata (ie,

> 10 years —∆Age—). An independent control group, not undergoing wellness coaching,

would be required to differentiate these two effects regression to the mean and improvement

from the wellness program.

Metabolic health, inflammation, and bioaccumulation of toxins represent dominant themes
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under our BA models across data types. The importance of metabolic health is well sup-

ported in aging literature, and a major concern in the developed world with nearly 40%

of Americans expected to develop T2D in their lifetime and diagnosed diabetes patients

accounting for one in four health care dollars in the United States in 2017 [90, 91]. The

substantial effect of HbA1c, where 1 SD increase corresponded to a roughly 4-year increase

in BA, partially explained the considerable effect on BA observed in participants that self-

reported T2D. Adiponectin and AgRP are involved in the regulation of appetite and energy

balance, with their levels in the blood rising in response to fasting and CR [92, 93]. Interest-

ingly, adiponectin was a positive predictor of BA in our models, despite its aforementioned

beneficial role in metabolic regulation. This is consistent with the proposed ”adiponectin

paradox,” where despite its beneficial role throughout the life span, increased circulating

adiponectin levels in elderly populations are associated with a higher risk of mortality [94].

The purported health benefits of CR are, in part, attributed to its ability to slow down

metabolic decline and decrease oxidative stress. Consistently, strong beneficial effects from

the anti-oxidant glutathione subfamily observed in the metabolites are consistent with these

inter-relationships. Chronic inflammation is a common risk factor in many age-associated

diseases, including heart disease, depression, cancer, osteoarthritis, and diabetes [95, 93].

Concordantly, changes in immune activity as people age were reflected in BA [75, 96].

CXCL9, a strong positive predictor of BA, is involved in the chemo-attraction of T cells

and NK cells and has been demonstrated as a biomarker for the development of heart failure

[97, 98]. CXCL9 and GDF15 were shown to explain significant variability in arterial stiffness

and myocardial relaxation [99]. The negative association of LTA with BA is aligned with

its broad anti-tumor active, via multiple pathways, including the recruitment of NK cells

[100]. Bioaccumulation of toxins is known to be detrimental to human health, especially in

Alzheimer’s disease, and a growing concern as people age [101, 102]. Several environmental

pollutants, including the heavy metals lead and mercury, were identified as strong positive

predictors of BA.

While most of the strongest predictors of BA were shared, sex-specific analyte contribu-
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tions illuminate some differences in the biological aging process. For example, ALP was a

strong positive predictor of BA in women, but not in men (Figure 3.3). Circulating ALP

levels are commonly used as a marker for liver or bone disease, as total ALP consists mainly

of bone and liver-derived isoforms. Particularly relevant to bone, increase in total and bone-

specific ALP levels has been associated with increased rates of bone turnover ([103, 104]).

Given postmenopausal women experience higher bone turnover rate and accelerated bone

mineral density loss with age compared to men, the difference in the effect of ALP on BA

between men and women may result from sex-specific differences in bone physiology across

the life span ([105]).

In contrast to ALP, creatine metabolites emerged as a notable subfamily for BA estima-

tion in men, but not in women (Supplementary Figure 3.S3). Within the creatine metabolite

subfamily, creatinine was one of the stronger negative predictors for men. While creatinine

build-up can be an indicator of reduced kidney function, it is also commonly used as a sur-

rogate marker for muscle mass [106–108]. This difference may reflect age-related muscle loss

(sarcopenia) that is generally more pronounced in males than females [109]. PFOA was also

a strong positive predictor of BA in men only. Kinetic studies suggest sex differences in

the excretion of PFO metabolites, which may in part explain the observed effects [102, 110].

Additionally, animal studies have shown that higher testosterone levels increase the rate of

elimination of PFOA [111]. Decreasing testosterone levels as men age or with obesity may

partially explain the predictive capacity of PFOA levels in men but not in women.

Particularly intriguing is the fact that different data types illuminate different facets

of wellness (Supplementary Figure 3.S2), even though each data type was independently

effective at estimating CA (Figure 3.1 and Supplementary Table 3.S2). While each data type

provides rich information about an individual’s biological state, the view into that state is

inextricably affected by the modality of those measures. It has previously been demonstrated

that different omics profiles of the same individuals do not cluster together[112]. Data type-

dependent differences among associations between ∆Age and some health conditions were

observed (Table 3.2). For instance, ∆Age estimates derived from proteomics were associated
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with coronary artery disease, while estimates from the other data types had CIs showing little

effect. While this association was not significant after FDR correction (unadjusted p = .004),

the protein panels used were heavily focused on inflammation and cardiovascular disease, and

so this result is not surprising. Determining which data types are most appropriate for certain

diseases may help create condition-specific calculations of BA, and lead to greater precision

based on an individual’s specific health concerns and history. This study argues that a fuller

picture of an individual’s health emerges by incorporating multiple views of aging systems.

As costs decrease over the next 10-15 years, expanding the protein, clinical chemistry, and

metabolites panels to the largest extent reasonable will enable each of the different analyte

classes to reflect in the broadest possible manner the ”integrated” aging process.

This study confirms previously identified biomarkers that also estimated BA. Eight of

the 10 biomarkers identified in Levine (2012) are measured in the clinical labs, with 6 being

top predictors in our clinical lab models (Figure 3.3 and Supplementary Table 3.S4) [78].

Creatinine was not directly a top predictor in the clinical labs, but the blood urea nitrogen

and creatinine ratio was, and creatinine is one of the strongest predictors of BA in men

in the metabolomics. Presence of a large number of inflammatory markers may explain

why C-reactive protein does not emerge as a particularly strong predictor. Another study

demonstrated GDF15 as a potent predictor of BA [75]. These verifications reinforce the

generalizability and relevance of these biomarkers to BA.

Strengths of this study include deep phenotyping, large cohort size, a broad age distribu-

tion (18-89+), and longitudinal measurement of participants actively improving their health

through lifestyle changes. Limitations of this study include the lack of many aging-specific

covariates (such as grip strength, balance, and cognition), the short duration of observation

relative to earlier epidemiological studies, and the lack of uniformity of measures across all

people and observations. As mentioned, since a suitable control population (individuals not

enrolled in a wellness program) was not available, regression-to-the-mean effects in analy-

ses stratified by baseline BA subgroups could not be ruled out, particularly those with the

largest deviation (outside of ±10) of ∆Age away from zero. The lack of a control group
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additionally raises issues for interpretation of these results. Neither causality nor the rel-

ative efficacy of this program compared to other interventions can be determined. Data

type-specific stratified analyses were often underpowered, yielding large CIs and inconsistent

estimates. Nevertheless, these exploratory analyses demonstrate intriguing trends for future

studies. This study focuses on the applicability of BA to the whole adult life span as a general

measure of wellness by assessing through hundreds of blood analytes literally 100s of bio-

logical networks. The lack of uniformity of measured variables over time presents challenges

in integration and analysis, which are inevitable in the process of utilizing real-world data.

Interest in repurposing incidental measures, electronic medical records, patient-contributed

data, and mining of public databases is high. Thus, developing flexible methods that ro-

bustly integrate existing data is a superior strategy to ignoring essential features of human

health due to partial missingness.

One question raised by application of deep phenotyping to calculate BA is whether mea-

suring these large sets of variables is justified. They are at the level of discovery,that is, you

want to survey the largest possible set of analytes to discover those which have the domi-

nant effects on BA. Once these are discovered, far more limited feature tests can likely be

assembled to calculate BA. Notably, a perfect predictor of CA would be useless as a wellness

marker, giving no more information than the individual’s birthday[113]. The main point is

whether deviations in prediction represent deviations from wellness states and the extent to

which this measure is modifiable. Longitudinal, deep phenotyping of individuals allow us to

fully realize the broad dimensionality of a given population – and they allow us to stratify

the population based on personal data clouds of the individuals and not on averaged data

from populations. Additionally, if BA or ∆Age were used as a summary metric for well-

ness, a drop in BA over time may encourage participants to persist with healthful behaviors

in order to maintain their ”healthy” progress and allow one to carry out individual N =

1 studies on interesting compounds to facilitate healthy aging with lower BA as a target

measure. Thus, it is proposed that ∆Age can be a useful metric to facilitate healthy aging.

While the population insights herein are robust, reducing the high variance in the metric,
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however, is clearly an important factor in how such a measure might be used in the future

on an individual basis.

This study estimates BA measures from PD3 clouds as gross, aggregate measures of

health and wellness, which are useful because they constitute the averaging of many different

biological systems. Importantly, BA has the potential to serve as a metric that can be

used to track progress towards healthy aging. The factors affecting BA represent acute

and cumulative damage that occurs over an individual’s lifetime and are mostly actionable

through lifestyle, environmental, and pharmaceutical intervention. BA measures may be

positive or negative wellness markers that can be used in instances where an individual lacks

any specific disease conditions but is still interested in increasing wellness and preventing

disease. Additionally, as CA is used to determine risk categories for many prophylactic

tests such as colonoscopies, prostate exams, and mammograms, so too might BA provide

personalized guidance on the relevance of those tests. As health care moves its focus from

treatment to prevention, this actionable, holistic, and easily interpretable metric of wellness

can be a valuable tool.
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3.S Supplementary Materials

3.S.1 Supplementary Methods

Clinical labs

Blood and saliva samples were drawn from each subscriber every 189 days on average, and a

battery of clinical chemistry measures was conducted using standard procedures. The clinical

lab work contained many clinical analytes associated with biological health measures such

as cardiometabolic health (including triglycerides, highdensity lipoprotein (HDL), small low-

density lipoprotein (LDL) particle number), diabetes (such as insulin, Hemoglobin A1c and

fasting glucose), inflammation (such as TNF-alpha, interleukin 6, interleukin-8) and nutri-

tion (including vitamin D (blood 25-dihydroxyvitamin D), copper and ferritin). Two vendors

were used for clinical labs (Quest and LabCorp); their measurements are analyzed indepen-

dently to account for vendor-specific effects. Measurements related to supplements commonly

recommended by health coaches or derived from other analytes or age were dropped from

the analysis in order to minimize confounding (for instance, individuals with worse clinical

health metrics may be more inclined to take supplements). These dropped measures are
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detailed in Supplemental Table 3.S5.

Metabolomics

Prior to processing, plasma was stored in a bio-storage facility at -80 C. Frozen plasma sam-

ples in anticoagulant Ethylenediaminetetraacetic acid (EDTA) were sent to Metabolon, Inc.

to conduct metabolomics assays. Data were generated using the Metabolon HD4 discovery

platform, a combination of ultra high-performance liquid chromatography (HPLC) tandem

mass spectrometry (MS) and gas chromatography (GC) for identification of metabolites and

fatty acids. Relative concentration values were reported for over 700 different metabolites,

while the platform itself has the potential to measure up to 2200 unique metabolites though

many remain unidentified. Existing metabolomics samples were run in several batches. Be-

tween four and sixteen previously generated pooled control samples were run with each

batch and used for batch correction. Roughly 1300 metabolomics samples were used in the

analyses for this paper. KEGG pathway associations for each identified metabolite were

provided by Metabolon. Measurements related to supplements commonly recommended by

health coaches or derived from other analytes or age were identified in the Clinical Labs,

and metabolites strongly correlated ( r2 > .05) with these measures were dropped from the

analysis in order to minimize confounding (for instance, individuals with worse clinical health

metrics may be more inclined to take supplements). These dropped measures are detailed

in Supplemental Table 3.S5.

Proteomics

Proteomics analysis was performed on EDTA-anticoagulated plasma extracted from whole

blood using Olink’s proximity extension assay panels, including Cardiovascular II (http:

//www.olink.com/products/cvd-iipanel/), Cardiovascular III (http://www.olink.com/

products/cvd-iii-panel/), and Inflammation (http://www.olink.com/products/inflammation/);

92 proteins are measured on each panel. Prior to processing, plasma was stored in a bio-

storage facility at -80 C. Existing proteomics samples were run in several batches. Two

http://www.olink.com/products/cvd-iipanel/
http://www.olink.com/products/cvd-iipanel/
http://www.olink.com/products/cvd-iii-panel/
http://www.olink.com/products/cvd-iii-panel/
http://www.olink.com/products/inflammation/
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control samples were run with each batch. Batch correction was performed using median

centering. 10 proteins were shared by at least 2 panels, providing another level of internal

control.

Genomics

Whole genome sequencing was performed on 2806 participants. All whole genome sequenc-

ing was performed on DNA extracted from whole blood with library preparation using the

Illumina TruSeq Nano Library prep kit and sequenced using Illumina technology (Illumina

HiSeq X, PE-150, target 30X coverage) at a single CLIA-approved sequencing laboratory.

Raw sequencing data were processed using a consistent bioinformatics pipeline, including

BWA 0.7.12 for alignment to reference sequence hg19 and duplicate marking with biobam2

2.0.70. Variant calling was performed using GATK best practices for whole genome data

with GATK 3.3.0, including indel local realignment followed by base quality recalibration.

VCF files were produced by GATK HaplotypeCaller followed by GenotypeGVCFs. CNV

calling from WGS data was performed using a bioinformatics pipeline on BAM files using

CNVnator 0.3. Polygenic score computation and ancestry estimates were performed using

the bioinformatics pipeline. 814 participants were genotyped using the Illumina Multi-Ethnic

Global SNP Array at a single CLIA-approved lab. This array consisted of roughly 1.8 mil-

lion variants. An additional roughly 38 million variants were imputed using the Haplotype

Reference Consortium (HRC) panel as part of the bioinformatics pipeline. 56 individuals

were missing genomic information; their genetic components were mean imputed. Genetic

ancestry was represented by principal components (PCs) 1-7 from an analysis of 107,280

linkage disequilibrium pruned autosomal SNPs with minor allele frequency > 5% using the

combined PC-AiR(1) and PCRelate(2) approach as described by Conomos et al. (3).

Lifestyle Information (Quantified self)

Health history and behavioral assessments were performed at baseline and then every 6

months to obtain self-reported data on health status, including (but not limited to): to-
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bacco and alcohol consumption; past and/or current incidence of multiple health outcomes

(including cancer, cardiovascular and metabolic diseases, infections, respiratory diseases,

mental health issues such as depression and anxiety, and others), family history of health

outcomes (maternal, paternal, and sibling); and self-reported use of prescription drugs and

nutritional supplements.

Data processing

Proteomics, clinical labs, and metabolomics data were measured from the blood at the

same blood draw for each participant. Analytes that were missing in more than 20% of

the samples were removed from the analysis. Observations missing more than 10% of the

remaining values were removed from the analysis. In order to minimize the effect of outliers,

values greater than 3 standard deviations from the mean were iteratively shrunk to be within

3 standard deviations from the mean. Analytes that were calculated from other analytes,

or were partially calculated using participant age (such as estimated Glomerular Filtration

Rate), or were measures of values directly targeted by wellness coaching, were removed

from the analysis (see Supplementary Table 3.S5). Mean imputation was performed on the

remaining missing data values. To account for variation in populations, the first 7 principal

components (calculated using the method of Conomos, et al. (3) from each participant?s

genetic profile were added to each observation. All baseline ages were rounded to birth year,

with age at observation being that rounded age plus the number of days in the wellness

program at the time of the blood draw.

Demonstration of Equivalence of PCA KDM and reported analyte specific effect sizes

The Klemara-Doubal Algorithm estimates the m-dimensional vectors of slopes( k ), intercepts

( q ), and standard deviations (s ) of each element of the m-dimensional input vector (y ),

and uses these parameters to estimate biological age. In this study, the input vector ( y ) is

a PCA transformation (the nxm matrix W ) of the original data vector ( x ), as represented

in equation 3.2. The Biological Age estimate ( BAE ) from the y vector is computed by
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equation 3.3. Here we demonstrate that the summed effect sizes for each original analyte

in data vector x are equivalent to the originally estimated BAE from the PCA transformed

data equations(Equations 3.2-3.11).

Variables from PCA transform

W − an mxn matrix for the linear transformation from Rn to Rmlearned via PCA

x−Original data vector of size n

y = W Tx− A PCA transformed vector of size m used in KD

Parameters learned from Klemera-Doubal on PCA transformed data.

k − a vector of m slopes

q − a vector of m intercepts

s− a vector of m standard deviations
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3.S.2 Supplementary Figures
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Figure 3.S1: BA estimates per data type

Venn diagram showing the number of observations per combination of data types.
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Figure 3.S2: Interomic comparison of deviations



90

Figure 3.S3: Contribution of metabolite families and subfamilies to BA predictions for males
and females, measured by average weight per metabolite in each group

Average weights are expressed in days, corresponding to the average change in BA (positive
or negative) for 1 standard deviation change in metabolite concentration. a) and b) The
average contribution of each metabolite family in predicting BA for males (a) and females
(b). The absolute value of the mean ?-coefficient for each metabolite obtained using the KD
algorithm across the cross-validation procedure was summed within each metabolite family
and divided by the total number of metabolites for that family. The number of metabolites
in each family is noted. c) and d) The same analysis was performed as in figures a) and b),
but at the level of metabolite subfamilies. The y-axis corresponds to the mean contribution
(positive or negative) of each metabolite subfamily to the overall BA prediction. Each sub-
family data point is further sized by the number of metabolites measured in that subfamily
in our metabolomics panel.
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3.S.3 Supplementary Tables
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Table 3.S1: Baseline self-reported characteristics of the wellness program sample

Characteristic
Total

N=3558

Women
N=2087

Men
N=1471

P-value

Past and/or current self-report of:
Migraine, no.(%), n=3273 774(23.6) 605 169 <0.001

High cholesterol, no.(%), n=3351 788(23.5) 408 380 <0.001
Depression, no.(%), n=3312 750(22.6) 550 200 <0.001

Gastroesophageal reflux disease,
no.(%),

619(19.0) 381 238 0.4

Hypertension, no.(%), n=3361 579(17.2) 313 266 0.003
Asthma, no.(%), n=3389 559(16.5) 370 189 <0.001

Lung infection, no.(%), n=3265 501(15.3) 352 149 <0.001
Eczema, no.(%), n=3269 468(14.3) 337 131 <0.001

Colon polyps, no.(%), n=3285 458(13.9) 261 197 0.3
Osteoarthritis no.(%), n=3398 406(11.9) 292 114(8.3) <0.001
Sleep apnea, no.(%), n=3295 392(11.9) 179(9.1) 213 <0.001
Leiomyoma(fibroids), no.(%),

n=1960b
332(10.2) 329 3(2.3) <0.001

Concussion, no.(%), n=3265 330(10.1) 182(9.4) 148 0.1
Irritable Bowel Syndrome, no.(%),

n=3225
300(9.3) 227 73(5.7) <0.001

Breast lump, no.(%), n=3239 299(9.2) 290 9(0.7) <0.001
Endometriosis, no.(%), n=1945b 162(8.3)b 162(8.3) NA NA

Enlarged prostate, no.(%), n=1315c 100(7.6)c NA 100(7.6) NA
Kidney stones, no.(%), n=3239 193(6.0) 94(4.9) 99(7.6) 0.002

Gallstones, no.(%), n=3228 186(5.8) 158(8.1) 28(2.2) <0.001
Cataracts, no.(%), n=3315 180(5.4) 113(5.7) 67(5.0) 0.4
Psoriasis, no.(%), n=3249 154(4.7) 90(4.6) 64(4.9) 0.8

Post-traumatic stress disorder, no.(%), 149(4.6) 122(6.3) 27(2.1) <0.001
Thyroid nodules, no.(%), n=3257 143(4.4) 129(6.6) 15(1.1) <0.001

Peptic ulcer, no.(%), n=3275 134(4.1) 87(4.5) 47(3.6) 0.2
Diverticulosis, no.(%), n=3227 129(4.0) 72(3.7) 57(4.4) 0.4

Type 2 Diabetes, no.(%), n=3309 125(3.8) 78(4.0) 47(3.5) 0.6
Rheumatoid arthritis, no.(%), n=3390 100(2.9) 61(3.0) 39(2.9) 0.9

Gout, no.(%), n=3233 90(2.8) 24(1.2) 66(5.1) <0.001
Chronic fatigue syndrome, no.(%),

n=3237
78(2.4) 65(3.4) 19(1.4) 0.001

Hyperthyroid, no.(%), n=3259 78(2.4) 63(3.2) 15(1.1) <0.001
Blood clots, no.(%), n=3213 70(2.2) 41(2.3) 29(2.3) 0.9

Fibromyalgia, no.(%), n=3212 68(2.1) 59(3.1) 9(0.7) <0.001
Breast cancer, no.(%), n=3235 63(1.9) 59(3.0) 4(0.3) <0.001

Epilepsy, no.(%), n=3230 55(1.7) 34(1.8) 21(1.6) 0.9
Coronary artery disease, no.(%),

n=3280
50(1.5) 19(1.0) 31(2.3) 0.003

Celiac disease, no.(%), n=3234 45(1.4) 35(1.8) 10(0.8) 0.02
Bipolar disorder, no.(%), n=3381 38(1.1) 15(0.7) 23(1.7) 0.07

Glaucoma, no.(%), n=3231 38(1.1) 19(1.0) 16(1.2) 0.6
Graves disease, no.(%), n=3204 32(1.0) 27(1.4) 5(0.4) 0.008
Heart attack, no.(%), n=3301 31(0.9) 16(0.8) 15(1.1) 0.5

a) Obese defined as BM≥30 b) Evaluated in women only c) Evaluated in men only
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Table 3.S2: Detailed Prediction Statistics by data type

C.L.(Quest) C.L. C.L.(Labcorp)
Prot. or
Met. or
C.L.a

Met. Prot.

n Ind. 581 3553 3503 3558 1631 2162
n Obs. 783 7603 6820 7634 2133 4048

n Females 307 2083 2057 2087 968 1259
n Males 274 1470 1446 1471 663 903
MAE 8.15 8.04 8.03 5.54 4.81 4.39
RMSE 12.14 12.19 12.19 9.32 7.48 6.61

Pearson r of BA
and CA

0.67 0.7 0.7 0.78 0.81 0.88

Pearson p of BA
and CAb 1.32E-101 NA NA NA NA NA

Pearson r of
delta BA and

CA
-0.12 -0.03 -0.02 -0.06 -0.18 -0.10

Pearson p of
delta BA and

CA
7.27E-04 2.46E-03 4.16E-02 2.03E-08 2.63E-17 1.12E-09

Mean SD of
repeated

predictions(10x)
2.3 1 0.9 3.8 1.5 1

Cont. on next
page

a) the ”Overall predictions” b) an NA represents a p-value less than machine precision, at
least p<1E-200
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Detailed Prediction Statistics by data type(Cont)

C.L.(Quest) C.L. C.L.(Labcorp)
Prot. or
Met. or

C.L.
Met. Prot.

SD of SD of
repeated

predictions(10x)
0.84 0.58 0.32 3.66 0.44 0.31

Mean SD of
personal

longitudinal
predictions

5.27 5.96 5.71 4.53 3.46 3.22

SD of SD of
personal

longitudinal
predictions

4.17 3.87 3.87 3.19 2.70 2.17

Pearson r of
delta age in

personal
longitudinal
predictions

0.71 0.67 0.70 0.66 0.64 0.67

Mean days
between

longitudinal
observations

116.8 190.4 199.4 190.1 197.2 166.9

Std days
between

longitudinal
observations

20.0 65.9 65 65.6 44.1 51.3

Mean delta age -0.59 -0.43 -0.42 -0.79 -0.12 -0.73
Std dev delta

age
12.1 12.1 12.2 9.3 7.5 6.6
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Table 3.S3: Beta coefficients for stratified analyses by data type.

Stratified analysesb β Coefficient Std. error 95% CI Interaction pc

PROTEOMICS-DERIVED BA
Gender
Males(n=505) 0.762 0.255 0.263, 1.26
Females(n=544) 0.271 0.249 -0.216, 0.759 0.163

Self-reported ethnicity
White(n=839) 0.740 0.188 0.372, 1.107
Non-white(n=145) -0.509 0.616 -1.715, 0.697 0.059

Age at baseline, by decade
18-29 years(n=67) -0.239 0.865 -1.930, 1.460
30-39 years(n=155) -0.033 0.519 -1.05, 0.985
40-49 years(n=295) 0.059 0.366 -0.658, 0.776
50-59 years(n=292) 0.800 0.342 0.129, 1.47
60-69 years(n=182) 1.12 0.362 0.414, 1.83
70 years and over(n=58) 0.849 0.546 -0.221, 1.92 NA

Baseline BA prediction
BA=5 years > CA(n=227) -2.31 0.530 -3.347, -1.27
BA=5 years < CA(n=242) 3.369 0.256 2.87, 3.871
BA=10 years > CA(n=64) -3.44 1.037 -5.477, -1.41
BA=10 years < CA(n=68) 0.97 0.039 0.894, 1.05 NA
Continued on next page

* GEE Model: BA∼time in Arivale + baseline CA; clustered by client ID, family=Gaussian,
with an exchangeable correlation matrix; only individuals with at least two visits were in-
cluded b) GEE Models, stratified by sex, ethnicity, age group, and baseline BA prediction:
∆Age (BA-CA) ∼ time in Arivale + baseline CA; clustered by client ID, family=Gaussian,
with an exchangeable correlation matrix; All models use BA predictions based on the ”All
analyte” data set c) Interaction models: ∆Age (BA-CA) ∼ time in Arivale + predictor
variable + baseline CA + predictor variable x time in Arivale; clustered by client ID, fam-
ily=Gaussian, with an exchangeable correlation matrix.
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Beta coefficients for stratified analyses by data type. (cont. Table 3.S3)

Stratified analysesb β Coefficient Std. error 95% CI Interaction pc

METABOLOMICS-DERIVED BA
Gender
Males(n=178) 0.352 0.680 -1.009, 1.658
Females(n=273) 0.237 0.644 -1.025, 1.498 0.883

Self-reported ethnicity
White(n=331) 0.23 0.531 -0.81, 1.269
Non-white(n=120) 0.281 1.003 -1.684, 2.25 0.890

Age at baseline, by decade
18-29 years(n=24) -2.38 1.4 -5.13, 0.37
30-39 years(n=85) -0.669 1.399 -3.41, 2.07
40-49 years(n=147) 1.68 0.763 0.185, 3.18
50-59 years(n=140) 0.678 0.85 -0.987, 2.34
60-69 years(n=47) -0.496 1.07 -2.59, 1.59
70 years and over(n=8) -5.8 3.19 -12.1, 0.459 NA

Baseline BA prediction
BA=5 years > CA(n=101) -4.782 0.971 -6.68, -2.88
BA=5 years < CA(n=113) 6.348 0.834 4.713, 7.984
BA=10 years > CA(n=31) -8 1.415 -10.776, -5.23
BA=10 years < CA(n=46) 7.348 0.0491 0.845, 1.04 NA
Continued on next page
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Beta coefficients for stratified analyses by data type. (cont. Table 3.S3)

Stratified analysesb β Coefficient Std. error 95% CI Interaction pc

CHEMISTRIES-DERIVED BA
Gender
Males(n=1327) 0.25 0.332 -0.401, 0.901
Females(n=1881) -0.75 0.257 -1.254, -0.246 0.021

Self-reported ethnicity
White(n=2417) -0.245 0.231 -0.697, 0.208
Non-white(n=692) -0.657 0.516 -1.668, 0.355 0.617

Age at baseline, by decade
18-29 years(n=235) -2.710 0.798 -4.27, -1.14
30-39 years(n=622) 0.0355 0.454 -0.854, 0.926
40-49 years(n=950) 0.024 0.387 -0.734, 0.782
50-59 years(n=836) 0.161 0.422 -0.655, 0.987
60-69 years(n=447) -0.888 0.508 -1.880, 0.107
70 years and over(n=118) -0.316 0.791 -1.870, 1.230 NA

Baseline BA prediction
BA=5 years > CA(n=1007) -3.88 0.3855 -4.633, -3.12
BA=5 years < CA(n=1111) 3.088 0.3678 2.287, 3.73
BA=10 years > CA(n=615) -4.93 0.452 -5.82, -4.05
BA=10 years < CA(n=692) 0.983 0.024 0.936, 1.03 NA

Table 3.S4: Coefficient estimates for each analyte by model

This table is available for download at https://doi.org/10.1093/gerona/glz220

Table 3.S5: Dropped values and their reason for exclusion.

This table is available for download at https://doi.org/10.1093/gerona/glz220

https://doi.org/10.1093/gerona/glz220
https://doi.org/10.1093/gerona/glz220
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Chapter 4

SYSTEMS BIOMARKERS FOR DISEASE FROM PERSONAL
DENSE DYNAMIC DATA CLOUDS

4.1 Abstract

This chapter presents a prototypical application of personal, dense, dynamic data clouds

(PD3 clouds) to studying disease trajectories, specifically for cancers. Multi-omic quantifi-

cation of changes to wellness are performed using biological age calculations, and differences

in holistic wellness status between stages and -omics profiles are detailed. Breast and ovarian

cancer characteristics are compared and explored, with differences in severity and progression

examined and quantified. Techniques for identifying disease-relevant features in multi-omic

longitudinal data are demonstrated, as are applications of Systems Biology approaches that

culminate in the N-of-1 analyses of two cancer patients with possible data-informed adju-

vant and alternative therapies hypothesized. This approach is then applied to an individual

that was diagnosed with Chronic Lymphocytic Leukemia after a year of observation. Deep-

phenotyping revealed that this individual’s condition was more likely Hairy Cell Leukemia,

a far more treatable condition. Limitations and next steps are explored and proposed as

a guide to future attempts to leverage deep-phenotyping and computational approaches to-

wards creating a 21st-century health care system that is personalized, predictive, preventive,

and participatory.

4.2 Introduction

Systems Biology approaches to understanding cell function have been successfully applied to

diverse omics and phenotypes [114–119]. A tenet of Systems Biology is that the emergent

behavior of complex interactions between biological components of shared functionality is
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central to biology and that complex phenotypes of common interest, such as disease, are

network perturbations. Variations these networks’ components, whether brought about by

genetics, exposures, or chance, have profound effects on individual health. Systems Biology,

therefore, views it as essential that these networks are understood in the context of the

individual. Systems Medicine is the extension of that paradigm, where common phenotypes

are understood as multi-level perturbations of networks, to the treatment of disease and

wellness [120–122].

20th-century medicine treats extreme deviations of a few biomarkers from population

average as markers and risk factors for disease, e.g., cholesterol and triglycerides for heart

disease, insulin, and glucose for diabetes [123, 124]. The traditional thinking is that these

biomarkers must remain few or be condensed into single measures of clinical value to be

interpretable and economically scalable, leading to one-size-fits-all treatments, where an in-

dividual gets diagnosed with a disease based on the common biomarkers and is treated with

the single drug that works best on the average population with that disease [125]. The hu-

man mind cannot reason effectively about more than about four variables at a time [126].

Simple explanations of complex phenotypes ignore essential facets of both the occurrence

and pathology of disease, e.g., the accompanying inflammatory response in insulin resis-

tance [127]. Systems Medicine proposes incorporating a multitude of biomarkers in the form

of inter-omic biological networks, powered by the biochemical data available and the in-

sights developed by Systems Biology into the complex and interconnected workings of the

cell [128]. Interpreting this multitude of signals as systems permits deeper reasoning about

the phenotype. Systems Biology, as a multi-disciplinary field, also leverages computational

approaches, which are free of human limitations in multivariate reasoning. This approach has

already been powerfully applied to cancer research and treatment and is poised to become

the foundation of 21st-century healthcare [129–132].

In this dissertation, personalized “extreme values” were identified as values from the pro-

teome and metabolome that are greater or less than some percentile compared to an age, sex,

and race matched cohort (Figure 4.1A). These extreme values are examined in women under-
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going treatment for breast and ovarian cancer. Common and unique extreme values within

and between cancer types are discussed, as is their known relevance to their phenotypes.

These extreme values are then used as root nodes to select a subgraph from a knowledge

graph, which provides functional and ontological relationships between them (Figure 4.1B).

These relationships are explored in the context of their disease classes and an N-of-1 context

where they are applied to individual patients in two case studies. The analytical system used

to perform these analyzes is also presented, highlighting the challenges, opportunities, and

needs involved in performing systems analysis of large-scale patient data. The software is

freely available under an open-source BSD license. Finally, there is a discussion of challenges,

limitations, and future directions for understanding disease with PD3 clouds.
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Figure 4.1: N-of-1 analysis overview

Basic overview of analysis. A) Process for generating personalized background distributions
for a given analyte from demographic information and subsequent identification of extreme
variables. B) Example system network, with extreme values mapped to that system, showing
over-representation or not within systems of extreme values based on Hypergeometric Test.
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4.3 Methods

4.3.1 Scientific Wellness cohort

The Scientific Wellness cohort (SWC) consisted of men and women participating in a con-

sumer data-intensive wellness program (Arivale, now closed) that varied by age and health

status (client characteristics are presented in Table 4.1). The program involved lifestyle

coaching on exercise, nutrition, stress management, and sleep, all tailored to the partic-

ipants’ health goals, specific genetic markers, and clinical metrics as detailed in a prior

publication [85]. A total of 6,133 (4,881 with blood draws) individuals were observed for an

average of 279 days, with an average of 2.3 longitudinal time points and a total of 11,167

observations. In total, 1,974 individuals had one time point, 1193 had two time points, 879

had three time points, and 835 having four or more time points. Four participants had the

maximal (10) number of observations. The average time between observations for partic-

ipants with multiple time points was 197 days. Supplementary Methods 3.S.1 provides a

general description of data generation and pre-processing.

4.3.2 CARE cohort

The Tor Biorepository provided dense time-series of 188-time points that ranged from 3 to

24 time points per patient with an average of 9.4 (Supplementary Figure 4.S1). These time

series followed 20 women undergoing treatment for ovarian (11) and breast (9) cancers, of

which 14 experienced a cancer recurrence. The mean age at diagnosis was 53.9 years.

Stratified patient characteristics are presented in Table 4.2. In this dissertation, each

observation in the CARE cohort had a metabolomic panel from Metabolon, consisting of

1296 metabolites, and two proteomic panels (Oncology II and Immuno-oncology) from Olink

for a total of 184 proteins. 161 proteins were mapped to existing proteins in the SWC and are

included in this dissertation. All included proteins are listed in Supplementary Table 4.S3.

All metabolites were used, except where detailed below. Supplementary Table 4.S4 contains

a complete list.
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Table 4.1: Scientific Wellness cohort characteristics

Characteristic All Men Women
Chronological age, mean years (SD) 46.4 (13.0) 48.4 (12.9) 45.3 (12.8)
Non-white, no. (%), n = 6133 1325 (21.6) 452 (21.1) 873 (21.9)
BMI, mean (SD), n = 5649 27.4 (6.0) 27.5 (4.9) 27.3 (6.5)
Obese, no. (%), n = 5649 1382 (25.0) 457 (23.4) 925 (25.9)
Mod. activity ≥ 3 times /wk, no. (%), n = 5095 3424 (67.2) 1374 (70.7) 2050 (65.0)
Vig. activity ≥ 3 times /wk, no. (%), n = 5062 1774 (35.0) 816 (42.4) 958 (30.5)
Sitting > 8 h/d, no. (%), n = 5071 3217 (63.4) 1220 (63.1) 1997 (63.6)
Smoke in past, no. (%), n = 2763 709 (25.7) 276 (26.1) 433 (25.4)
Smoke currently, no. (%), n = 5095 235 (4.6) 137 (7.1) 98 (3.1)
Past and/or current report of:

Cholesterol-lowering meds, no. (%), n = 5149 696 (13.5) 393 (20.4) 303 (9.4)
High cholesterol, no. (%), n = 5026 1060 (21.6) 471 (24.6) 589 (19.6)
Hypertension, no. (%), n = 5026 709 (14.4) 330 (17.3) 379 (12.6)
Asthma, no. (%), n = 5026 794 (16.2) 265 (13.9) 529 (17.6)
Type 2 diabetes, no. (%), n = 5026 166 (3.4) 67 (3.5) 99 (3.3)
Breast cancer, no. (%), n = 5026 99 (2.0) 6 (0.3) 93 (3.1)
Coronary artery disease, no. (%), n = 5026 65 (1.3) 41 (2.1) 24 (0.8)

All characteristics were compared for differences between men and women, using t-tests for
real variables and chi-square tests for categorical variables. In all cases, the p-value < .001.

Batch correction

Metabolomic assays are run in batches, with values reported relative to a pooled blood sample

generated by combining samples from the SWC. Each metabolite from the CARE cohort was

normalized to this reference sample as observed quantity over the reference sample quantity

as detailed in Section 3.S.1 of this dissertation.

The batch correction method used to create the ‘corrected’ proteomic version of the data

used in this dissertation is detailed in an unpublished whitepaper and summarized here [133].

Eight technical replicates from a pooled blood sample served as overlapping reference samples

in each plate. Data were batch corrected by normalizing against the overlapping reference

samples within the plate, as described below.

Denote the original protein value for sample i by xi. Samples belong to exactly one run

and plate. Define the set of samples from the pth plate of the rth run by Mpr. Define the
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Table 4.2: CARE cohort characteristics

Characteristic All Patients Breast Cancer Ovarian Cancer
Patients, no. 20 9 11
Age at diagnosis, mean years (SD) 53.9 (8.3) 49.0 (6.4) 57.8 (7.6)
Observations per patient, mean (SD)a 9.4 (5.5) 7.4 (3.7) 11.0 (6.4)
Progression free interval, mean mos. (SD) 36.5 (35.3) 59.3 (38.7) 17.9 (17.9)
Follow-up status (expired), no. 9 2 7
Stage, no.:

I 2 2 0
IIA 2 2 0
IIB 3 2 1
IIC 1 0 1
IIIA 3 2 1
IIIC 7 1 6
IVA 2 0 2

Overview of patient statuses of the CARE cohort acquired from the Tor Biorepository. a)
Total observations is 188 time-points.

set of reference samples by R. The corrected protein value for ith sample in Mpr is defined

as follows,

x′i = xi −mediani∈Mpr∩R + offset

where offset is the median value of the non-reference samples from a reference run of earlier

samples. Intuitively, since the original protein values are on the log2 scale, the corrected

values are scale-shifted to the reference samples and the original delivered data using the

reference run.

Biological age estimation of CARE cohort

The CARE cohort’s change in general wellness was assessed via Biological Age Estima-

tion in the manner described in Chapter 3. Using the SWC as the training set, Biological

Age Estimates (BAE) were calculated. Metabolomic BAE was generated using 862 shared

metabolites from 977 women who identified themselves as ’white.’ Proteomic BAE was gen-

erated from 161 proteomic measures shared with 354 clients of varying gender and race. The

training set for this analysis is much smaller and less specific than the metabolomic train-
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ing set due to a greater number of missing values in the overlapping proteins. Any SWC

individuals with a cancer diagnosis were excluded. Any SWC individuals missing > 10% of

these proteomics values were excluded from the training set. This was generally due to most

individuals in the SWC not having the Oncology II panel. Any remaining missing values

were median imputed. Only baseline observations were used to train the models to minimize

confounding from subsequent wellness interventions. In contrast to the methods described

in Chapter 3, as of the time of this analysis, genetics of the CARE cohort were not available

and, therefore, not included in these calculations.

See Supplementary Methods 3.S.1 for a description of data acquisition, pre-processing,

and training methods.

4.3.3 Extreme value identification

Extreme values were identified by selecting a subset of the SWC as a representative back-

ground set (S) to compare against each observation in the CARE cohort. Each analyte

shared with the background set was then compared to the observed value (xi) and was cho-

sen as being extremely high (ehi ) when its percentile relative to the background set φSi
(xi) was

above some threshold, or extremely low (eli) when its percentile was below some threshold(l).

Precisely, an analyte i from observation x was extremely high if,

ehi = 1{φSi
(xi) > u}

or extremely low if,

eli = 1{φSi
(xi) < l}

or simply extreme e where:

ei = ehi ∨ eli.

for every analyte i ∈ A, where A was the set of all possible analytes.

The selection of S is critical in this process and essential to these values’ personalization.

In this dissertation, background set S was chosen by selecting sex and race matched individ-
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uals in the SWC, and selecting the k nearest individuals in age to the patient, generating a

φS unique to each individual.

4.3.4 Systems enrichment

Each analyte is represented by a vertex in a Knowledge Graph (KG) that provides informa-

tion about the relationship of that measure to various biological entities and processes. This

KG was drawn from numerous publicly available databases, including Kegg, HMDB, Chem-

ical Ontology, Uniprot, Gene Ontology, LOINC, and information and relationships provided

by test vendors [134–139].

While the complete KG may have cycles, queries here were restricted to predefined di-

rected acyclic subgraphs of the KG(KG′). An example of a possible KG′ would be the

subgraph containing all paths of type (protein, Gene Ontology entity, Gene Ontology en-

tity(*)), or in other words, a graph that connects proteins to their related Gene Ontology

concept and follows the ontology concepts until it reaches a base concept. Supplementary

Figure 4.S2 presents all available named paths and the number of entities connected by each

path.

From KG′, two subgraphs are generated, a background subgraph G, which contains the

nodes (Noriginal) that mapped to the initially considered set of analytes and their descendants.

The second subgraph g is a subset of G which contains the nodes that map to the extreme

analytes (Nextreme) and their descendants in KG′

For each vertex {v ∈ g} a set enrichment score is calculated using the Hypergeometric

test[140]. The Hypergeometric distribution is a discrete distribution that measures the prob-

ability of k successes in n draws from a finite population of size N that contains K possible

successes:

f(x;n,N,K) ∼ HG(n,N,K);

In this instance k is the number of extreme analytes (Noriginal) that are ancestors of v. n

is the size of Nextreme, N is the size of Noriginal. Finally, K is the number of ancestors of
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v in G that are in Noriginal. The hypergeometric test for over-representation calculates the

probability of collecting k or more successes from n draws given N and K,

pover =
K∑
i=k

f(i;n,N,K)

Given the large number of hypotheses generated by this procedure, it is important to cor-

rect for multiple hypotheses, which is done by applying the method of Benjamini-Hochberg,

and Bonferroni [15, 141].

4.3.5 Software

The software for performing the analysis is a python-based cloud-hybrid system developed

by the author of this dissertation called the Scalable Retrieval Extraction Correlation and

Ontologization Workflow or Scarecrow. This system is backed by several databases (AWS

DynamoDB, Neo4j, Redis) and can run analyses as asynchronous tasks using the Celery dis-

tributed task queue within a Docker Swarm service [142–145]. It maintains the Knowledge

Graph in Neo4j. This knowledge base is linked to the PD3 cloud analytes and provides inter-

relationships, ontological information, and metadata for the diverse multi-omic data present.

Scarecrow provides functions for standard Extraction, Transform, and Load operations and

provides distributed data management securely. The following sections detail the tools, pro-

cesses, and architecture of Scarecrow, with a focus on the methods used for to manage the

data securely, distribute tasks scalably, manage metadata, access and maintain the Knowl-

edge Graph, calculate extreme values, perform systems enrichment, and tools produced to

analyze and present the results of these analyses.

Secure data management

In developing a system to query and analyze sensitive personal health information, it is

essential to provide secure data management[146]. The current legal definition of what

constitutes health information and personally identifiable information in the context of health
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in the United States is presented in the Health Insurance Portability and Accountability

Act of 1996, with updates from the HITECH Act provisions of the American Recovery and

Reinvestment Act of 2009. These restrictions are primarily concerned with the confidentiality

of the patients’ healthcare information. The confidentiality of patient records is highly

regulated.

HIPAA has a well-defined set of variables regarding what it considers to be personally

identifiable information ([147]). Health organizations that want to share information acquired

during the course of care freely must remove these identifiers before sharing that information,

creating what is known as a “Limited Data Set”. All data analyzed in this chapter qualifies

as “Limited Data Sets.“

No restrictions on the use or disclosure of de-identified health information exist. Accord-

ing to HIPAA, de-identified health information neither identifies nor provides a reasonable

basis to identify an individual. There are two legally acceptable ways to de-identify infor-

mation; either: (1) a formal determination by a qualified statistician; or (2) the removal of

specified identifiers of the individual and the individual’s relatives, household members, and

employers is required and is adequate only if the covered entity has no actual knowledge that

the remaining information could be used to identify the individual.

The data analyzed here have been de-identified to conform with HIPPA rules on person-

ally identifiable information[147]. To prevent data leakage of primary or secondary results, as

much of the analysis done through Scarecrow is intended to occur on ephemeral virtual ma-

chines and scale across diverse clusters, all individual-related data is transferred as encrypted

files.

The ”CachedFileManager” maintains a database of file descriptions and a set of tools for

managing the secure distribution and retrieval of source and derived data files. The primary

repository for metadata about ”CachedFileRecords” is a DynamoDB database. A unique

name keys each CachedFileRecord that can be autogenerated from an MD5 hash of the record

content. The CachedFileManager maintains queryable metadata on each CachedFileRecord,

e.g., tags, date created, date modified, expiration date, description, etc.
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The data file for each CachedFileRecord is maintained in an Amazon S3 bucket. Before

the data file is sent to S3, it is encrypted using AES encryption via the pycrypto pack-

age [148, 149]. Each data file is encrypted in 1-megabyte chunks to allow large data files to

be encrypted without requiring enormous amounts of memory and is seeded with a random

IV, thereby preventing identity attacks where two files containing the same information can

be identified. Each file is encrypted by a random key that is then encrypted using the AWS

Key Management System (KMS) [150]. The encrypted encryption key is then stored in the

CachedFileRecord. This multi-layered security approach means that to read an encrypted

file an adversary must access the DynamoDB database to get the key, access the S3 bucket

to get the file and access the AWS KMS system in order to decrypt the encryption key. It is

possible to prevent the object’s future decryption of the object by revoking the AWS KMS

key. This key can also be restricted to specific users and teams via the AWS Identity Access

Management (IAM) system.

It is possible to encrypt existing local files or any pickleable python object [151]. Pro-

vided the AWS IAM user account has the proper permissions, one can simply provide the

CachedFileManager with the proper file name, and it will download the encrypted file to

a local directory, decrypt the file in memory, and return the object as it was when it was

generated. The file is never stored on disk or in the cloud as an unencrypted object.

This system is used not just to store analysis results but also maintains intermediate

analysis files providing provenance management over analyses. Finally, this framework is

also utilized to allow secure data transfer between distributed components.

Distributed task management

Scarecrow utilizes Celery task management workers to distribute asynchronous tasks eas-

ily [144]. Celery utilizes task queues to distribute work across threads or machines. Each

unit of work is called a task. Celery workers are distributed processes that monitor the task

queues for available tasks. These workers can autoscale the number of subprocesses available

to do work, increasing or decreasing as the workload increases and decreases. Each Celery
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worker is run as a Docker service that can be distributed across any number of machines, as

long as the machine is part of a Docker Swarm and part of the shared docker overlay network.

This allows cloud-hybrid processing where some of the processing can be performed on a local

network, but in the event of a large processing job, it can easily be scaled to any number of

servers on the cloud that only need the proper Docker image. By using multiple workers and

brokers, Celery provides Scarecrow high availability and horizontal scaling. Celery requires a

message broker to manage the task queues and share messages between clients and workers.

Scarecrow uses the Redis in-memory key-value database as a broker[143]. This also allows

Scarecrow to use Redis as a distributed in-memory cache for common data access operations,

preventing frequent communications to higher latency databases, e.g., DynamoDB.

Many functions in Scarecrow provide a ”celery” boolean parameter, which then packages

the request, sends it to the message broker, and returns a Celery AsyncTaskResult. That

AsyncTaskResult can then be queried to determine if the task has finished, and return the

expected result once it has.

When a task has a large data object that needs to be shared, that data object is packaged

as an auto-generated and encrypted CachedFileRecord, which is then provided to the Celery

task for loading. This allows secure distributed file processing and minimizes the need to

replicate data architectures among the distributed components.

Additionally, Celery maintains a task scheduler that allows the scheduling of tasks at

regular intervals. This allows system maintenance, data ingestion, and common transfor-

mations to occur regularly and at off-peak hours. This task distribution system allowed a

task to generate 100 extreme value systems analyses in 14 minutes using 80 processes, rather

than the 10 hours required when run under one process. Caching operations are submitted

in the background to a low priority queue, allowing new data to be efficiently cached without

requiring primary processes to pause, thereby decreasing the apparent overhead incurred by

caching operations. One final capability the distributed task management system provides

Scarecrow is running multiple queries simultaneously against primary datastores such as Dy-

namoDB and the Neo4j databases. These databases are designed to allow large numbers of
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concurrent queries, and the separation of these queries into parallel tasks can dramatically

increase throughput.

Metadata management

A key challenge when working with deeply-phenotyped data is organizing the metadata

around each measured analyte. Scarecrow has a hierarchical and scalable metadata man-

agement system. The key to achieving this functionality is the judicious application of the

object-oriented principle of inheritance [152]. A BaseMetaData class contains the shared code

for communicating with the DynamoDB, where the records are stored, the Redis database,

where records are cached and manages necessary operations like invalidating cached records

when the base records are changed. This class also contains functions for access the Neo4j

Knowledge Graph, where relationships between an instantiated piece of Metadata can be

accessed. The BaseMetaData class provides a common API to accessing the information

contained in each instantiated metadata object. Each metadata object is uniquely keyed

by its datasource id, which denotes the class to which it belongs, and its source key, which

uniquely identifies the object within its class. Each instantiable object also maintains a

metadata property that wraps all information available to this object. All metadata objects

can be converted to JSON to allow the eventual development of a RESTful interface[153].

The class hierarchy is detailed below. Note that (*)- indicates the class is instantiable.

Uninstantiable classes allow polymorphic operations on similar objects and the ability to

select all objects of a related type.

1. BaseMetaData - The base metadata class. This contains most of the functionality

and provides a common interface.

(a) ColumnMD - The base class for analytes that have measurements. These pri-

marily serve as a base to link out to more semantically meaningful classes.

i. MetabolitesColumnMD(*) - The source keys are columns from the Arivale

metabolite data source.
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ii. ProteinColumnMD(*) - The source keys are columns from the Arivale

proteomic data source.

iii. ChemistriesColumnMD(*) - The source keys are columns from the Arivale

clinical labs data source.

(b) ChemistriesMD - The base class for metadata objects related to clinical chemistries.

i. ArivaleChemistriesMD(*) - General information provided by Arivale on

chemistries.

ii. LabcorpChemistriesMD(*) - Information provided by a blood vendor in-

cluding units, descriptions, and links to conditions related to the lab.

iii. LoincChemistriesMD(*) - Related LOINC objects [139].

(c) KeggMD A base class for the many different KEGG data types. These metadata

objects are densely linked to each other [134].

i. KeggCompoundMD(*), KeggDrugMD(*), KeggReactionMD(*), Keg-

gPathwayMD(*), KeggDiseaseMD(*), KeggModuleMD(*), KeggOrthol-

ogyMD(*), KeggGenesMD(*), KeggNetworkElementMD(*), Keg-

gReactionClassMD(*), KeggDrugGroupMD(*), KeggBriteMD(*),

KeggEnvironMD(*), KeggEnzymeMD(*), KeggGenomeMD(*), KeggGly-

canMD(*), KeggVariantMD(*)

(d) ProteinMD - Base class for metadata specific to proteins.

i. GOMD(*)- Gene ontology annotations [138].

ii. UniprotGOMD(*) - A many-to-many mapping between UniprotMDs and

GOMDs.

iii. UniprotMD(*) - Uniprot annotations of proteins [137]

iv. UniprotKeggGenesMD(*) - A one-to-many mapping from uniprot to KeggGe-

nesMD.

(e) MetaboliteMD A base class for metadata on metabolites.
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i. HmdbMD(*) - Descriptions of metabolites from the Human Metabolite

Database [135].

ii. ChemOntMD(*) - An ontology of metabolites from Classyfire [136].

The above hierarchy is intended to be extendable to other data modalities, such as mi-

crobiome, or genetics, and additional data sources, such as Reactome, the Small Molecule

Pathway Database, or the Ensemble gene database [154–156].

An additional advantage of the above architecture is the ability to wrap database-specific

identifiers into common functionality. For example, all classes have ‘name’ and ‘description’

properties, but the source database may denote these as ‘gene name’ or ‘def’. This class

hierarchy’s extensibility allows aliasing these identifiers to provide a consistent interface for

commonly needed information, without losing the original format.

Knowledge graph

While each metadata object contains links to its immediate neighbors, recursively querying

for these relationships is slow when using a NoSQL datastore such as DynamoDB. To fa-

cilitate querying deep linkages between metadata objects, Scarecrow utilizes a Neo4j graph

database[142]. This provides an efficient means to select multi-layer relationships between

metadata objects. The database is automatically generated from the metadata objects.

A GraphResult object is provided to simplify everyday interactions with the graph

database, including the generation of NetworkX graph objects, the preferred in-memory

graph analysis package for the Python programming language[157]. The Neo4j database

only maintains metadata object identifiers and their relationships, so the GraphResult ob-

ject provides easy access to each node’s metadata objects. As of this dissertation’s writing,

the Neo4j database contains 300,000 metadata objects as nodes and connects those objects

with over 1,500,000 relationships.

To simplify accessing these relationships, common paths such as relationships from pro-

teins to their associated GO ontologies or metabolites to their associated Chemical Ontologies
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are provided as prepackaged queries or ”named paths.” There are currently 30 named paths

available where a seed list of metadata objects of interest can be presented, and all associ-

ated paths will be returned (Supplementary Figure 4.S2). Custom Cypher queries are also

available [158].

Extreme value identification

The calculation of extreme or unusual values is central to this dissertation (Section 4.5.3).

Identifying the optimal method for identifying these values for any given use case is an open

question. To facilitate future exploration of these methods, a flexible interface was developed

to allow the user to change the extreme value identification method. Again, a base class

(ExtremeValueBase) maintains common interactions to facilitate database communications,

secure intermediate and final result storage (Section 4.3.5), and distributed task processing

(Section 4.3.5).

The base class provides an interface that assumes there will be some background data

source that will contain values that map to a given observed vector, as well as a mapping data

source of relevant metadata associated with each individual in the background data source,

such as age, sex, race, etc. It also provides a function to get the extreme values that takes

an observed vector, that vectors associated metadata to be used to generate the background

distribution from similar individuals in the background dataset and the parameters for cut-

offs, directionality, and so on.

As of this dissertation, there are two instantiable sub-classes of the base class. The

simplest class uses hard selects to identify a subset of records in the background dataset

from client metadata using categorical similarities such as age and sex. These categories are

not known beforehand but based on the information provided at the time of the function call.

The method used in the reported results provides the above functionality, plus the selection

of k-nearest neighbors in age after the hard selection.

After processing, all classes return subsets of measurements from the observed vector

that meet the criteria to be considered extreme. This process is made efficient by utilizing
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the distributed task processing detailed earlier to allow many concurrent jobs (Section 4.3.5).

While this does increase the latency of any given query, this is made up for by the enormous

increase in throughput. If latency is the greater concern, then one can simply choose not to

use the distributed task processing by setting the celery parameter to False, in which case

the analysis will proceed synchronously.

Systems enrichment

The output of the extreme value identification is one or more sets of analytes. In this

work, those sets were of analytes that were extremely high, extremely low, and the union

of those two sets for a combined set. Additionally, to provide a background distribution

of extreme values, the extreme value process is repeated for a user-determined number of

random individuals in the background set. The systems enrichment process takes each of

those sets and the set of all initial analytes as a background set, and queries against a

named path (Section 4.3.5) with the given set as the root. The Knowledge Graph then

returns the subgraph that is the result of that query. For each set, every node from the

graph gets a count of the number of analytes from the set that are ancestors of that node.

Node ancestor counts for each extreme set are then compared to the node ancestor counts

for the background set using the hypergeometric test for over- and under-representation.

This generates a probability for each node of the likelihood of having as many ancestors

as observed or more, given the background set. Those probabilities are adjusted for the

large multiple hypotheses number of multiple hypotheses using the method of Benjamini-

Hochberg, after filtering sets where it is impossible to get enrichment, such as sets where

all members are part of the set [15]. Each enrichment result is returned as a table and the

generated subgraph for the extreme value set.

All of these processes are run as distributed tasks. Each observation’s procedure is

managed as a simple state machine where each step’s completion leads to the following

step’s initiation. Errors are handled by setting the procedure back to the previous state and

retrying the procedure. The most common errors are communication errors, and retries with
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exponential backoffs tend to resolve these. There is an upper limit to the number of retries

allowed that can be set by the user. If a process was unrecoverable, its final state would be

‘error’ to allow debugging.

The cumulative result of this process is then saved as a CachedFileRecord (Section 4.3.5)

for downstream analysis and visualization of the result.

Analysis and interpretation

Scarecrow provides several tools for managing the results of the above analyzes. The primary

tool is a class wrapper for each of the above results that provides methods for graphing, and

the calculation of basic statistics. Additionally, a collection class is provided that aggregates

the set enrichments by the given patient ids to allow characterization and visualization of

longitudinal results.

4.4 Results

4.4.1 CARE

Cohort-wide descriptive statistics

Comparing the CARE cohort to an age- and sex-matched background population showed 190

metabolites and 18 proteins to be significantly (after Bonferroni adjustment) differentially

abundant using Generalized Estimating Equation models (Figure 4.2). Using a Benjamini-

Hochberg cut-off of 0.05, 47 proteins and 360 metabolites were differentially abundant. The

top 5 most differentially abundant proteins and metabolites are presented in Tables 4.3 and

4.4. Supplementary Tables 4.S6 and 4.S5 provide full results.

Biological Age

Biological age estimates were made for each time point using metabolomics and proteomics.

The breast cancer group showed no increase in their proteomic ∆Age (Figure 4.3b) with a

mean of -0.4 years and a standard deviation of 6.8 years, approximately consistent with the
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Table 4.3: Top 5 differentially abundant metabolites

Name Super-Pathway Sub-Pathway p-value∗

Cysteinylglycine Amino Acid Glutathione Metabolism < 10−16

Cystine Amino Acid Methionine, Cysteine, SAM and Taurine Metabolism < 10−16

Ornithine Amino Acid Urea cycle; Arginine and Proline Metabolism < 10−16

Sarcosine Amino Acid Glycine, Serine and Threonine Metabolism < 10−16

Oleoyl-ethanolamide Lipid Endocannabinoid < 10−16

The most differentially abundant identifiable metabolites between the whole CARE cohort
and the Scientific Wellness cohort.
* - Each analyte was modeled individually, with the analyte as the dependent variable, cancer or no cancer as
the independent variable with adjustment for age. This was run only against white females using Generalized
Estimating Equation models clustered by client ID with an exchangeable correlation matrix to account for
multiple observations from individual clients.

Table 4.4: Top 5 differentially abundant proteins

Gene Name Description Uniprot p-value
VIM vimentin P08670 3.3× 10−16

CASP8 caspase 8, apoptosis-related cysteine peptidase Q14790 1.7× 10−14

GPNMB glycoprotein (transmembrane) nmb Q14956 3.8× 10−9

KLK13 kallikrein-related peptidase 13 Q9UKR3 2.3× 10−7

CD40 CD40 molecule, TNF receptor superfamily member 5 P25942 2.54× 10−7

The most differentially abundant proteins between the CARE cohort and the Scientific Well-
ness cohort.
* - Each analyte was modeled individually, with the analyte as the dependent variable, cancer or no cancer as
the independent variable with adjustment for age. This was run only against white females using Generalized
Estimating Equation models clustered by client ID with an exchangeable correlation matrix to account for
multiple observations from individual clients.
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Figure 4.2: Differential expression between CARE and Scientific Wellness cohorts

Each analyte was modeled individually, with the analyte as the dependent variable, cancer
or no cancer as the independent variable with adjustment for age. This was run only against
white females using in Generalized Estimating Equation models clustered by client ID with
an exchangeable correlation matrix to account for multiple observations from individual
clients.
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Figure 4.3: Biological Age estimates with CARE

Biological age estimates of individuals in the CARE cohort. Models were trained on indi-
viduals from the Scientific Wellness cohort. Hold-out samples from that cohort are shown in
gray in a and b for comparison. a) BAE using metabolomics. b) BAE using proteomics. c)
Comparison of proteomic and metabolomic ∆Ages.

mean ∆Age of the SWC, which was -0.7 years with a standard deviation of 7.6 years. The

ovarian cancer group showed a much higher mean ∆Age of +10.5 years, with a standard

deviation of 10.0 years. The breast cancer group presented higher metabolomic ∆Ages

(Figure 4.3a) on average with a mean of +6.0 years and a standard deviation of 4.8 years.

Similarly, the ovarian cancer group showed higher metabolomic ∆Ages on average with a

mean of +8.4 years and a standard deviation of 8.4 years. Metabolomic and proteomic ∆Ages

were largely uncorrelated under breast cancer with a Spearman r of 0.16 (p-value < .20),

weakly positively correlated among the ovarian cancer patients Spearman r of .25 (p-value

< .008), and, while quite significant, only marginally correlated over all cancer patients with

a Spearman r of .31 (p-value < 10−5)(Figure 4.3c). This is consistent with the inter-omic

correlations observed in Chapter 3 and Figure 3.S2.
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Extreme Values

The most commonly and frequently over-abundant metabolites, at an extreme cut-off of

the 99th percentile, among the CARE cohort are presented by cancer type in Figure 4.4.

Many similarities exist between extreme analytes in the breast and ovarian cancer cohorts.

Eleven of the top 20 most frequently over-abundant metabolites were shared between ovarian

and breast cancer; 2-oleoyl-GPE (18:1), X - 12007(unannotated), Vanillic acid glycine, 3-

hydroxypyridine sulfate, Methionine sulfoxide, cysteine s-sulfate, 3-methyl catechol sulfate

(1), N-(2-furoyl)glycine, ornithine, maleate, and 1-linoleoyl-GPE (18:2). Of the metabolites

(with annotations) present in the top 20 most frequently over-abundant breast cancer, but

not in the ovarian cancer top 20, Fructose, Quinate, Sphinganine-1-phosphate, Fumarate,

and Sphingosine 1-phosphate had median frequencies (rank out of 791) of .25 (24), .18

(38.5), .17 (52.5), .17 (52.5), .10 (83), respectively. Only two unannotated metabolites

were never present in the ovarian cancer patients ( X - 24307 and X - 15245). Of the

metabolites (with annotations) present in the top 20 most frequently over-abundant ovarian

cancer, but not in the breast cancer top 20, Palmitoyl ethanolamide was tied for the last

value at a median frequency of 0.25. 2-linoleoyl-GPE (18:2)*, 9,10-DiHOME, and N-alpha-

acetylornithine were relatively common in breast cancer with median frequencies (rank) of .22

(25.5), .20 (34 ), and .10 (51.5), respectively. 1-palmitoleoylglycerol (16:1), 1-linoleoylglycerol

(18:2), 1-oleoylglycerol (18:1), 1-arachidonylglycerol (20:4), and benzoate were never present

as over-abundant in breast cancer.

The most commonly and frequently over-abundant proteins, at an extreme cut-off of the

99th percentile, among the CARE cohort are presented by cancer type in Figure 4.5. In

comparison to the metabolites, relatively few proteins were consistently extreme. This is

possibly due to the much smaller number of proteins used. It is notable that the breast

cancer subclass had very few commonly extreme proteins between patients. Four patients

(less than half) had GZMB as extremely over-abundant at some point in their treatment.

On the other hand, the ovarian cancer patients had four proteins that were observed in 10



121

Figure 4.4: Common extremely over-abundant metabolites in CARE cohort

At an extreme cut-off of the 99th percentile, the above metabolites were commonly extreme
among individuals. a) and b) present the number of individuals with this metabolite being
over-abundant in at least one observation in breast and ovarian cancer patients, respec-
tively. c) and d) present the over-abundance frequency distributions of the most frequently
over-abundant metabolites (by median frequency) in breast and ovarian cancer patients,
respectively.
* - Unnannoted metabolites are labeled as X - number. These metabolites have not yet been identified.
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Figure 4.5: Common extremely over-abundant proteins in CARE cohort

At an extreme cut-off of the 99th percentile, the above proteins (labeled by gene symbol)
were commonly extreme among individuals. a) and b) present the number of individuals
with this protein being over-abundant in at least one observation in breast and ovarian
cancer patients, respectively. c) and d) present the over-abundance frequency distributions
of the most frequently over-abundant proteins in breast (by mean frequency) and ovarian
(by median frequency) cancer patients, respectively.
* - The frequency of breast cancer patients is ordered by mean rather than median due to no protein having
a median frequency greater than zero.

out of the 11 patients as being extreme at some point. Out of the top 10 proteins, three

(PPY, KLK13, MDK) were present in both ovarian and breast cancer. Descriptive statistics

for extreme value counts by cohort and cut-off are available in Supplementary Table 4.S1.

4.4.2 N-of-1 analyzes

The results of examining three individuals in an N-of-1 fashion are discussed below. Note,

these patients were explicitly chosen due to having interesting profiles that exemplified the
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goals of performing this analysis. They do not represent the results as a whole, which is

addressed in limitations and future work. Full results from all patients are available in

Supplementary Data 4.S.1.

CARE patient: 7

CARE patient 7 (CP7) was a white female diagnosed with stage IIIC invasive lobular breast

cancer at age 55. She had unknown chemosensitivity status, with a progression-free interval

of 35 months and overall survival of 87 months. Her final follow-up status was “alive with

breast cancer.” The first blood draw available

to this dissertation was at surgery, which has a de-identified age of 56.5, with subsequent

blood draws at 57.5, 58.4, and 59.3 years of age for a total of four observations. Her first

round of chemotherapy was at 56.6, with hormone therapy at 56.9 years and radiation therapy

immediately following at 57.0 years of age. She was diagnosed with recurrence at 59.4 years

of age, closely following our final observation.

CP7’s initial BAE was below her Chronological Age (CA) in both metabolites and

proteins (Supplementary Figure 4.S6). She experienced a large jump in BAE in both

metabolomics and proteomics following initial treatment, with gradual decrease in BAE

up to her recurrence event. Metabolomic BAE was much higher than proteomic BAE at all

time points.

The proteomic signal was generally weaker in the breast cancer patients, with only 13

proteins being extreme at a cut-off of greater than 99th percentile in this individual and

none of those being extreme at more than one time point. Therefore, our proteomic analysis

of CP7 was restricted to extreme values greater than the 97.5th percentile and less than the

2.5th percentile. Metabolites were examined at the 99th and 1st percentiles.

CP7’s initial proteomic extreme value signature contained no extremely over-abundant

proteins (Figure 4.6A). This increased mildly a year later, mildly again a year after that

until finally there was an extreme jump from 5 to 22 extremely over-abundant proteins at

the final observation where she received a recurrence diagnosis. She was initially high in over-
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abundant metabolites, and again monotonically increased with the greatest change between

the second and third time points (Figure 4.6B). The single protein extreme at more than

one time point was RET (Ret Proto-Oncogene) (Figure 4.6C). At all four observations in

the metabolites, 2-aminoadipate and ornithine were over-abundant. At three out of 4 time

points, CP7 was over-abundant in methionine sulfoxide and cysteine-s-sulfate (Figure 4.6D).

In the systems enrichments for over-abundant proteins via the Gene Ontology, an in-

creasing amount of enrichment was seen as CP7’s recurrence event approached. There was

an increase in and eventual significant enrichment of the serine/threanine protein kinase ac-

tivity network. In the Kegg Networks, immediately preceding recurrence, ERK and PI3K

signaling is present, as is enrichment for several cancers, including breast cancer. In metabo-

lites, there is a gradual increase in enrichment for amino acids and a monotonic increase in

diacylglycerols based on the Chemical Ontology (Figure 4.7).
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Figure 4.6: CARE Patient 7: Longitudinal extreme value profile

Extreme value counts and percentiles of those counts relative to the SWC, and the most
common extreme values among proteins and metabolites. The extreme value cut-offs pre-
sented for metabolites are less than or equal to the 1st percentile for under-abundance and
greater than or equal to the 99th percentile for over-abundance.
The extreme value cut-offs presented for proteins are less than or equal to the first 1st

percentile for under-abundance and greater than or equal to the 99th percentile for over-
abundance.
A and B present the trajectories of extreme values in proteins and metabolites, respectively.
C and D show the number of time points a protein or metabolite value was over- or under-
abundant in Patient 7 of the CARE cohort.
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Figure 4.7: CARE Patient 7: Longitudinal systems

The significantly enriched sets of over-abundant metabolites and proteins for Patient 7 using
the Gene Ontology, Kegg Network annotations, and the Chemical Ontology. The number
of extreme values belonging to each set are presented. They are marked with a circle if
the probability of over- or under-abundance was Benjamini-Hochberg adjusted p-value < .1,
and are marked with a diamond if they had a Bonferroni adjusted p-value < .1. Ontology
structure is presented on the left of each graph. Important events throughout treatment are
presented on the bottom.
Only over-representation of metabolites and proteins was tested.
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Care patient: 10

Care patient 10 (CP10) was a white female, diagnosed with stage IIIC serous ovarian cancer

at age 63. She was classified as chemosensitive, with a progression-free interval of 21 months

and overall survival of 63 months. The first blood draw available to this dissertation was

at surgery, which has a de-identified age of 63.41 years old, with subsequent blood draws

at 63.48, 63.8, 64.0, 64.3, 64.5, 64.8, 65.1, 66.1, 66.4, 66.8, 67.0, 67.3, and 67.7 years of age

for a total of 14 observations. The first round of chemotherapy was initiated at 63.48 years

of age, with subsequent chemotherapy treatments at 65.23, 66, 66.7, 67.0, and 68.5 years.

Recurrence was diagnosed at 65.2 years, and she finally succumbed to the disease at 68.6

years.

CP10’s initial metabolomic BAE was slightly below her CA, and her proteomic BAE was

very slightly above her CA. (Supplementary Figure 4.S7). She experienced a massive jump

in BAE in both metabolites and proteins immediately following initial treatment, followed

by a gradual decrease in metabolic BAE up to her recurrence event, where it increased

dramatically for two time points, then reached its lowest point and recovered to a level

slightly under CA for two time points. After the initial jump in proteomic BAE, she stayed

consistently high until her recurrence event, where she jumped dramatically to a high of

almost 120 years. While there was considerable variance, she stayed extremely high in

proteomic BAE, with four observations being over 100 years throughout the rest of the

observations. Proteomic BAE was much higher than metabolomic BAE at all time points.

Initially, CP10 presented with many extreme values (above 80th percentile) in metabolomics

and proteomics, both in under-abundance and over-abundance. Six months following initial

surgery, extreme protein levels dropped to a relatively normal percentile, with a similar, al-

though less precipitous, drop in metabolite levels. After this drop, a slow and steady increase

in extremely high proteins was observed, with (other than one time point immediately fol-

lowing recurrence) over-abundant metabolites quickly returning to the 99th percentile, while

under-abundant metabolites and proteins fluctuating between the 20th and 80th percentiles
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(Figure 4.8). The most commonly over-abundant protein was ADAM8 (A Disintegrin and

metalloproteinase domain-containing protein 8), which was more abundant than in 99% of

the matched SWC cohort in 12 out of 14 observations. The most commonly over-abundant

metabolite was 9,10-DiHome (9,10-dihydroxyoctadecenoic acid), with several methionine-

related compounds also being regularly over-abundant.

Systems analysis of the metabolites provides insight into the disease’s progression in this

patient (Figure 4.9). Throughout treatment, a strong over-abundance of Amines/Primary

Amines/Monalkylamines is observed, as well as amino acids of different types. Post-recurrence,

there is an increase in extremely over-abundant Monoacylglycerols. Sporadic increases in

Diacylglycerols was also present. A marked under-abundance of Long, Straight, and Unsat-

urated fatty acids preceding tumor recurrence was also seen.

Systems analysis of proteins yielded nothing of significance. While some top Kegg disease

networks were of various cancer types, none were significantly enriched, and the top net-

works also contained many equally weighted networks that were unrelated to ovarian cancer.

Among Uniprot tissue annotations, the only weakly significant tissues were immune-related

(Supplementary Figure 4.S8). While cancer was in the top 10 tissues, it was not significant.

Possible alternative strategies for the future are discussed in the limitations section.
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Figure 4.8: CARE Patient 10: Longitudinal extreme value profile

Extreme value counts and percentiles of those counts relative to the SWC, and the most com-
mon extreme values among proteins and metabolites. The extreme value cut-offs presented
are less than or equal to the 1st

percentile for under-abundance and greater than or equal to the 99th percentile for over-
abundance.
A and B present the trajectories of extreme values in proteins and metabolites, respectively.
C and D show the number of time points a protein or metabolite value was over- or under-
abundant in Patient 10 of the CARE cohort.
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Figure 4.9: CARE Patient 10: Longitudinal systems

The significantly enriched sets of metabolites for Patient 10 using the Chemical Ontology.
The number of extreme values belonging to each set are presented. They are marked with
a circle if the probability of over- or under-abundance was Benjamini-Hochberg adjusted
p-value < .1, and are marked with a diamond if they had a Bonferroni adjusted p-value <
.1. Ontology structure is presented on the left of each graph. Important events throughout
treatment are presented on the bottom.
Only over-representation of metabolites was tested.
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SWC Transitions: Chronic Lymphocytic Leukemia

One client from the SWC was diagnosed with Chronic Lymphocytic Leukemia (CLL) after

three observations. He was the first male in the SWC to be diagnosed with cancer following

joining the program, and was therefore given the pseudonym “Adam.” Adam was a white

male with a de-identified age of 68.1 at his first blood draw and subsequent blood draws at

the age of 68.4, 68.8 and 69.3. He received his diagnosis at the age of 69.0, which he received

after being referred to his physician by Arivale based on abnormal clinical measures. At last

contact, Adam indicated to his health coach that he did not intend to undergo treatment

for his condition.

For the first three time points (pre-diagnosis), 13 Olink protein panels (Organ Dam-

age, Cardiometabolic, Cardiovascular II and III, Metabolism, Immune Response, Neuro-

Exploratory, Inflammation, Oncology II and III, Cell Regulation, and Neurological I) were

run for a total of 1193 Proteins. For the final time point (post-diagnosis), 3 Olink panels

(Cardiovascular II and III, and Inflammation) were run, for a total of 274 proteins.

Adam had extreme over-abundance of the proteins TNFSRF9, TNFRSF138, and CD5

at all four time points with TCL1A, SIGLEC6, CD22, IGSF3, ADAM8, SIGLEC10, COCH,

CD200, CGA, FCER2, LAG3, GALNT7, and FCRL1 extreme at all time points where

they were measured (Figure 4.10C). The most commonly over-abundant metabolite was

N-oleoyltaurine, with several androgens, such as androstenediol and DHEA, being under-

abundant (Figure 4.10D). In aggregate, at the first two time points, the number of extreme

values in over-abundant extreme proteins was above the 90th percentile, with the follow-

ing two time points having percentiles in the high 70s and low 80s, relative to randomly

sampled members of the SWC (Figure 4.10A). Under-abundant proteins were initially in

the 50th percentile, dropped to the 20th percentile, and subsequently returned to the 50th

percentile. Few over-abundant metabolites were present at the first observation, with a

sharp jump at the second time point, a subsequent drop, and a final jump. Under-abundant

metabolites were generally high, although not enormously so, with a drop at the second time
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point(Figure 4.10B) .

The metabolites’ systems enrichment showed an increase of pyrimidines and purines in

the second observation with an over-enrichment of under-abundant androgens at the third

and fourth time points. The second observation of over-abundant proteins showed an over-

representation of nucleotide-related processes from the Gene Ontology. Additionally, a mod-

erate amount of enrichment was present in cell adhesion processes at the first three time

points, although only significant at the first observation. Uniprot tissue annotation showed

strong over-enrichment in immune-related proteins, especially from the B-cells.

Subsequent investigation of this client’s genome revealed that he was homozygous for the

B-RAF V600E effect SNP, rsid:rs113488022(A;A).
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Figure 4.10: SWC Transitions (CLL): Longitudinal extreme value profile

Extreme value counts and percentiles of those counts relative to the SWC, and the most
common extreme values among proteins and metabolites. The extreme value cut-offs pre-
sented are less than or equal to the 1st percentile for under-abundance and greater than or
equal to the 99th percentile for over-abundance.
A and B present the trajectories of extreme values in proteins and metabolites, respectively.
C and D show the number of time points a protein or metabolite value was over- or under-
abundant in the CLL transition from the SWC.
Note: The first three time points use 1193 proteins, while the final time point has 274.
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Figure 4.11: SWC Transition (CLL): Longitudinal systems

The significantly enriched sets from extreme values in proteins and metabolites at a cut-off of
less than the 1st percentile or greater than the 99th percentile. The number of extreme values
belonging to each set are presented. They are marked with a circle if the probability of over-
or under-abundance was Benjamini-Hochberg adjusted p-value < .1, and are marked with a
diamond if they had a Bonferroni adjusted p-value < .1. Ontology structure is presented on
the left of each graph. Age at diagnosis is presented at the bottom.
* - Gene ontology sets annotated as “cellular components” were excluded for brevity from the graph, but
were included in multiple hypothesis adjustment.
Note: The first three time points use 1193 proteins, while the final time point has 274.
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4.5 Discussion

4.5.1 Cohort-level observations

Measures that are commonly extreme, that is are extreme in at least one observation in many

individuals, and measures that are frequently extreme, that is are extreme in multiple obser-

vations of the same individual, are described below. Several of the most frequent and common

metabolites observed in the CARE cohort (Figure 4.4) are well-known products of cancer

metabolism[159]. Fumarate is an onco-metabolite which accumulates to very high levels in

tumors[160]. Lactate is a product of the Warburg effect [161]. Sphingosine-1-phosphate is a

known marker of ovarian cancer invasiveness and breast cancer progression, with the closely

related sphinganine-1-phosphate being a product of the same kinase (Sphingosine kinase

2) [162, 163]. While less studied, sphinganine-1-phosphate has been shown to have oppo-

site modulatory effects to sphingosine-1-phosphate through the PTEN/PPM1A-dependent

pathway [164]. 9,10-DiHOME (9,10-dihydroxy-12Z-octadecenoic acid) is a cytotoxic Linoleic

Acid derivative that has been observed as being over-abundant in several conditions where

oxidative stress and inflammation are present, including cancer [165, 166].

Of particular interest is the commonly and frequently over-abundant metabolite cysteine-

s-sulfate (CSS). CSS is a very potent NMDA receptor agonist, second only to glutamate [167].

Accumulation of this metabolite contributes to severe neurological impairment in the genetic

disease, Molybdenum cofactor deficiency[168]. A metabolomic study of the Breast Cancer

Family Registry, where participants with a family history of cancer were tracked prospec-

tively, showed a 125% increase in CSS in women diagnosed with breast cancer relative to

controls [169]. This dissertation shows that this trend maintained in women undergoing

treatment for breast cancer, and it exists for women undergoing treatment for ovarian can-

cer [169]. The additional relationship of CSS with neurological disorders may point to a

causal factor in the well-known “Chemobrain” effect observed where patients that survive

cancer treatment experience diminished mental capacity [170]. This may suggest possible

treatments based on current therapies for sulfite oxidase deficiencies [171]. This observa-
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tion is being followed up in an ongoing study of wellness in Breast Cancer Survivors via a

partnership between the Institute for Systems Biology and Swedish Medical Center.

The uniquely frequent metabolites in the ovarian cancer patients (1-palmitoleoylglycerol

(16:1), 1-linoleoylglycerol (18:2), 1-oleoylglycerol (18:1), 1-arachidonylglycerol (20:4)) are

all 1-monoacylglycerols. Monoacylglycerols are formed biochemically via the release of a

fatty acid from diacylglycerol by Diacylglycerol lipase or Hormone-sensitive lipase, which

is generated by the break down of triacylglycerides (triglycerides), the primary long-term

energy storage molecule of the body, generally stored in adipocytes. The protein MAGL

(Monoacylglycerol lipase) controls free fatty acid levels in cancer cells by pairing lipogenesis

and high lipolytic activity to promote protumorigenic signals, especially in ovarian cancer

[172]. In intra-abdominal tumors such as ovarian cancer, where metastatic cells migrate and

induce lipolysis, adipocytes provide fatty acids for rapid tumor growth [173]. The high levels

of monoacylglycerols demonstrated here may be a consequence of the increased release of

free fatty acids from diacylglycerol and the death of the exhausted adipocytes, dumping their

waste into the bloodstream.

Many of the remaining metabolites are possibly byproducts of the many drugs and ther-

apies these patients were undergoing. Maleic acid and benzoate are components of common

pharmaceuticals, and often metabolites that are unable to be annotated are xenobiotic and

byproducts of the metabolizing of various less common drugs.

Notably, breast cancer patients appear to have far weaker and less consistent signal in

extreme proteins than ovarian cancer patients. This may be due to the breast cancer patients

being predominantly at an earlier stage than the ovarian cancer patients (Table 4.2), or it

may be a result of bias in the protein panels used in this dissertation. Interestingly, this

is consistent with the observations from the biological age calculations where the breast

cancer patients had similarly high metabolomic BAs to the ovarian cancer patients, while

the proteomic BAs of the ovarian cancer patients was far higher than that of the breast

cancer patients(Figure 4.3). This may indicate that proteomic analysis of the blood from

cancer patients is most useful when examining higher grades of cancer, where metastasis and



137

cell-death provide sufficient proteins to the blood for identification. A larger, less restricted

set of protein markers would be required to test this.

The ovarian extreme values show ample evidence of cancer progression, which is to be

expected as the protein panels were chosen to be oncogenic. Here is discussed, the top 4 most

commonly over-abundant proteins. MUC16 (Mucin-16), also commonly known as CA-125, is

a large integral membrane glycoprotein that can be detected in over 80% of ovarian carcino-

mas, and recently was proposed as a target for T-cell therapies, although this is complicated

by glycosylation [174, 175]. While it was extreme in 10 of 11 ovarian cancer patients, it had

the lowest median frequency of the four most commonly extreme proteins, possibly indicat-

ing an optimal time window of secretion. It appears to be elevated early in treatment with a

resurgence immediately before recurrence (Supplementary Figure 4.S3). FGFBP1 (Fibrob-

last growth factor-binding protein 1) acts as a carrier protein that releases fibroblast-binding

factors (FGFs) from storage in the extracellular matrix and thus enhances the mitogenic ac-

tivity of FGFs [176]. MDK (Midkine) is expressed in various tumor cell lines and regulates

processes such as inflammatory response, cell proliferation, cell adhesion, cell growth, cell

survival, tissue regeneration, cell differentiation, and cell migration [177–179]. This protein

also promotes epithelial to mesenchymal transition through interaction with NOTCH2 mak-

ing it a major contributor to late-stage tumorigenesis [180]. PTN (Pleiotrophin) is commonly

expressed in several tumor types and shares receptors with MDK [181].

4.5.2 N-of-1 Analysis

CARE Patient 7

CP7 shows characteristic metabolomic over-abundance of ornithine, cysteine-s-sulfate, and

methionine metabolism byproducts, which is discussed elsewhere. Of particular interest to

CP7 is her consistent overabundance of 2-aminoadipate, a well-known risk factor for type 2

diabetes [182]. This may be reflected in her high metabolomic BAE, relative to her proteomic

BAE. Breast cancer is more common in women with Type-2-diabetes (T2D), although this
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risk is mediated by obesity with a 27% risk increase with T2D in general, and 16% after

adjusting for BMI [183, 184]. It has been shown that T2D is associated with a 40% increase

in mortality within the first five years following breast cancer, although that may be due to

diabetes rather than cancer [185]. It is unknown if CP7 had pre-existing T2D, but it has been

shown that breast cancer survivors have a 1.22 OR for subsequently developing T2D [186].

The impact of surviving breast cancer on general health and wellness is an important area

of future research, with poor general health outcomes expected among cancer survivors. As

treatments improve and more survivors pass the critical stage of surviving their cancers,

focus on post-treatment wellness will become crucial to returning these individuals to their

prior states. In other words, healthcare that focuses on not only curing cancer, but healing

the patient. This is the essence of Systems Medicine.

From the systems analysis of metabolites, once again, alterations in fatty and amino

acid metabolism leading up to cancer recurrence were detected, presenting more evidence of

changes in catabolic and anabolic processes consistent with rapid cancer growth. Addition-

ally, the systems analysis of proteins provides a window into the eventual recurrence of CP7s

breast cancer. ERK and PI3K pathways, from Kegg network annotations, are classic cancer

pathways, and perturbations are commonly associated with breast cancer [187]. Intriguingly,

some evidence has shown that Simvastatin may promote cancer cell death in breast cancer,

specifically through the deactivation of these pathways [188]. Similarly, the upregulation of

serine/threonine protein kinases from the Gene Ontology is another classic marker of cancer,

with several being explored for their prognostic value in breast cancer [189, 190]. Attempts

have been made to inhibit these kinases as part of cancer treatment, but definitive trials are

ongoing, and results are mixed [191].

CARE Patient 10

While most of the recurrent ovarian cancer patients showed a distinct pattern of resur-

gence in MUC16 abundance before recurrence, CP10 is a notable exception (Supplementary

Figure 4.S3). CP10’s extremely high proteomic BAE, especially post-recurrence, seems in-
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formative given her eventual outcome. That said, there were obvious patterns present in her

commonly extreme values. The most commonly observed extreme metabolite was the leuko-

toxin 9,10-DiHOME, which was also commonly over-abundant in ovarian cancer in general,

as discussed above. A persistent signal in the most commonly over-abundant metabolites

is from methionine and methionine-cysteine related metabolites. This is a common phe-

nomenon that has frequently been observed with these metabolites directly promoting cancer

cells’ proliferation and protecting the cancer cells from chemotherapy, specifically in ovarian

cancer [192, 193]. Intriguingly, methionine-deprivation can be an effective adjuvant therapy

in many cancers [194–196]. ADAM8 has been identified as a significant player in aggres-

sive malignancies, including breast, pancreatic, and brain cancer, with high expression levels

associated with invasiveness and poor outcomes [197]. In pancreatic cancer cells, ADAM8

induces migration and invasion and contributes to chemoresistance [198]. The ubiquity of

the over-abundance of this protein in CP10 leads to the question of whether this patient

may have benefitted from therapies that directly target this protein, which, as a well-known

metastatic marker in other cancers, is a well-studied drug target [193, 199, 200]. While

ADAM8-inhibitors and methionine-deprivation may not be a standard treatment for ovarian

cancer, one must wonder if this is a path that could have made a difference in the out-

come for CP10, were she viewed on an N-of-1 basis with deep phenotyping in real time with

information going to her physician rather than in a retrospective analysis.

Systems analysis of CP10 provides further insight into the progression of her cancer

during treatment. Monoacylglycerols and their relationship to metastasis in ovarian can-

cer are discussed above in Section 4.5.1. Excess amino acids provide several advantages

to cancer metabolism. It has been shown in pancreatic adenocarcinoma, that elevated

amino acids are present and the result of increased whole-body protein breakdown in the

early stages[201, 202]. The Alkylamines are downstream metabolites of ornithine and ODC

(ornithine decarboxylase), which is controlled by the potent oncogenic transcription factor

cMyc[203]. They are derived from amino acids and a common feature of many cancers[204].
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SWC Transitions: Chronic Lymphocytic Leukemia

CLL is characterized by the proliferation of CD5+ B-cells, so the over-abundance of CD5 is

expected [205]. CLL is a B-cell leukemia that progresses slowly initially and where treatment

focuses on controlling the symptoms rather than attempting to cure, as chemotherapy and

radiation treatments do not appear to improve overall survival significantly [206]. The Tumor

Necrosis Factor receptor superfamily proteins, TNFRSF9 and TNFRSF13B, are secreted by

T- and B-cells, respectively. Increased expression of TCL1A (T-cell leukemia/lymphoma

1A) has been associated with shorter time to treatment in Chronic Lymphocytic Leukemia,

where “watchful waiting” is the standard first line treatment [207]. The primary transgenic

mouse model for CLL is a model where TCL1A expression is overstimulated, which leads

to the over-abundance of CD5+ B-cells [208]. In the same mouse model, over-expression

of TNFRSF13B, commonly also known as TACI, accelerated the progression of CLL [209].

In short, there is ample evidence of CLL in the extremely over-abundant proteins, with

many other commonly over-abundant proteins playing important roles in carcinogenesis,

especially the already discussed ADAM8, which was commonly over-abundant in the CARE

ovarian cancer patients. Tissue enrichment demonstrates that there was also an enrichment

specifically in B-cell related proteins.

The metabolite, n-oleoyltaurine, is an endogenously produced N-acyl-taurine conjugate

of oleic acid and the amino acid taurines. It has been shown to have anti-proliferative effects

in cancer as an apoptosis-inducer and an anti-neoplastic agent and may be an early warning

sign of the body fighting cancer [210].

The enrichment of over-abundant purines and pyrimidines among the metabolites, with

concordant enrichment of RNA- and DNA-related metabolic processes, was not found to

be exceptionally informative in the case of common CLL. Neither was the dramatic drop

in androgens/steroids. Interestingly, these are concordant with a specific subtype of CLL,

Hairy Cell Leukemia (HCL) where androgen therapy was an early treatment [211–213].

HCL is rare (less than 2% of all leukemias) and generally presents as typical B-cell lymphoid
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leukemia [214]. HCL is commonly misdiagnosed as CLL, but is very easily treated when

properly diagnosed via a bone marrow biopsy. Treatment with purine analogs, which have

very mild side effects compared to traditional chemotherapy regimens, result in median

follow-ups of 12.5 years [215, 216]. The BRAF v600E variant, while present in other cancers,

was shown to be highly specific to HCL, such that 47 patients with HCL carried the variant

and 195 patients with other peripheral B-cell lymphomas or leukemias did not [217]. It

seems likely that Adam does not have classical CLL, but instead has HCL. Hopefully, Adam

decided to undergo treatment, and the appropriate bone marrow biopsy was performed. As

of this time, this student is not legally allowed to contact or re-identify this client.

4.5.3 Limitations and Future work

Extreme Value Analysis

In this dissertation, I used a simple non-parametric method to identify a given value as

extreme if above or below certain arbitrary percentile thresholds relative to a sample of sim-

ilar individuals based on age, sex, and race. This is not the only, and not proposed as the

optimal, method to identify a value as extreme. The ideal background distribution for iden-

tifying a deviation from an individual’s prior good health would be previous measurements

of that individual, where an individual is used as their own control. While the data here

is longitudinal, there are not enough observations per individual (especially observations of

good health before transition into disease) to develop an empirical distribution. It is hoped

that as multi-omic data becomes ubiquitous, incorporation of prior measurements will be a

pillar of 21st Century Systems Medicine. As this is not feasible currently, this section will

discuss possible alternative implementations.

A background distribution could be generated empirically as done in this dissertation,

or parametrically. When generating this distribution empirically, several options are still

possible and remain to be investigated. The selection of the subset through a combination of

categorical and real variables, as done here, is a simple method for selecting the distribution,
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given the background sample is large, and the categorical restrictions are not too numerous.

The size of the distribution must be sufficient to get a reasonable estimate of the likelihood

of the observed value, and every added categorical variable exponentially diminishes the

size of your sample. A weighted k-Nearest Neighbors approach is recommended for any

selection composed of a large number of variables [218]. It is proposed that each demographic

variable have its own weight based on their effect on the analyte of interest. In that way,

a variable that changes a great deal with age, but not sex, would weigh age higher than

sex, while a variable with the opposite relationship would weigh the age lower than sex.

These weightings could then contain very rich demographic information, including known

disease conditions and medications, without diminishing the sample population, creating

a background distribution where the analyte will only be extreme if there is an unknown

factor at play, e.g., a diabetic would not be repeatedly informed their blood glucose is high.

Alternatively, one could use a training set to develop a posterior distribution for each variable

in any manner of ways, such as Bayesian sampling, linear modeling, or assumptions about

the shape of the underlying distribution [219–221].

Additionally, the choice of the metric for extremity relative to the expected distribution

is another variable. In this dissertation, percentile cut-offs were used, but several other pos-

sibilities exist based on standard deviations, median absolute deviations, or one of many

methods for estimation of a posterior probability for a given analyte value [222]. An ap-

proach similar to the above was successfully applied to SWC individuals that transitioned to

cancer, using a learned median absolute deviation, that has generated putative early-warning

biomarkers for metastatic cancer years prior to diagnosis [223].

Future work must include an exploration and comparison of these options. No matter

the method used to identify these extreme values, the goal remains the same; given a large

vector of variables, identify the variables that fall outside the expected range, conditioned

on what is known about the individual.
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Systems Enrichment of Extreme Analytes

One key question this dissertation attempts to address is, given that a set of variables that

are identified as extreme or unusual by some criteria in an individual, how is that translated

into actionable information. With a large number of possible variables, incidental or fluke

extreme values are a critical concern. Even in studies of disease with enormous statistical

power, false positives and unreproducible results are commonplace [224, 225]. The challenge

of controlling these false positives is enormously amplified when observing many variables

in a single individual, and essential if one is interested in performing medicine on an N-of-1

basis. The difficulty of managing this complexity is a common criticism of the practice of

deeply phenotyping individuals. Several methods of controlling for this problem with PD3

clouds are suggested. One is the use of longitudinal measures. Consistency of extremity can

be a clear indicator that signal and not noise is being observed. Another technique is the use

of deep phenotyping that consists of many different -omics. Each -omic measure will possess

batch effects, selection biases, and noise that make any given observation questionable, but

by incorporating many different -omics and analytes, much (although certainly not all) of

the noise will be orthogonal, which will allow the useful signal to reinforce itself [112]. In

essence, one gets multiple witnesses to the same event. A key challenge to this approach is

identifying when you see the same condition or issue multiple times. This issue is addressed

here through the use of Knowledge Graphs and systems enrichment. The key insight is that

while having a single metabolite in the TCA cycle extreme may not tell you much, having

several metabolites and proteins from the TCA cycle does.

Unfortunately, as observed in the CARE proteomic systems enrichment, one must be

careful with the metrics one applies to these systems and the set of measures one applies

to them. One hypothesis for the poor enrichment identified in this dissertation, which is so

at odds with the obviously cancer-relevant extreme proteins, is the bias of the background

set of proteins used. The proteins used in the CARE cohort are well-known cancer markers.

This makes set enrichment a poor choice for identifying perturbed systems. Set enrichment
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works best on an unbiased background set, as seen in the metabolomic markers. This does

not mean that one cannot focus one’s systems analysis on measures that are known to be

relevant to the phenotype of interest, such as cancer markers in this case. Systems Biology

has developed several techniques for identifying perturbed networks that do not rely on the

background set’s diversity, such as DIRAC, WGCNA, and others [226–230]. These should

be explored.

This dissertation’s knowledge graph was limited and should be significantly expanded

with other knowledge bases, as noted in Section 4.3.5. In addition to the noted publically

available databases, additional multi-omic subgraphs should be examined based on data-

driven approaches, such as correlation, disease-perturbed, and tissue-specific networks.

If I only had a brain

Finally, the insights generated by the above analyses tend to be too broad to be of serious

translational use at present. It is necessary to develop machine learning methods for surfacing

the most relevant pieces of information and tuning the parameters in so that the appropriate

level of information is returned. Cancer is a very dramatic disease with large swings in protein

and metabolite concentrations. Tuning the parameters to fit less dramatic, changes from

diseases such as heart disease, diabetes, liver disease, etc. remains a tremendous challenge

well-suited to machine learning approaches.

4.S Supplementary Materials

4.S.1 Supplementary Figures
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Figure 4.S1: CARE cohort: Number of observations per patient

This stacked bar plot shows the number of time points per individual in the CARE cohort,
stratified by cancer type.
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Figure 4.S2: Knowledge Graph: Named paths

The number of connected entities by relationship in the Scarecrow Knowledge Graph. Note:
this is against all proteins and metabolites in the Scientific Wellness cohot, not just the ones
available in the CARE cohort.
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Figure 4.S3: CARE Expression levels of top 4 common proteins

Expression profiles of the four most commonly over-abundant proteins in ovarian cancer
patients. Mucin-16 (in purple) is highlighted as a possible marker of recurrence.
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Figure 4.S4: CARE Breast Cancer: Top systems enrichments

The top 10 systems enriched in breast cancer at the 1st and 99th percentile cut-offs. Each
system was ranked by the mean of the mean probability of over-representation for each
individual.
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Figure 4.S5: CARE Ovarian Cancer: Top systems enrichments

The top 10 systems enriched in ovarian cancer at the 1st and 99th percentile cut-offs. Each
system was ranked by the mean of the mean probability of over-representation for each
individual.
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Figure 4.S6: CARE Patient 7: Biological Age trajectories

The metabolomic and proteomic biological age trajectories for CARE Patient 7, plotted with
important events during treatment. The gray line shows the Chronological Age trajectory.
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Figure 4.S7: CARE Patient 10: Biological Age trajectories

The metabolomic and proteomic biological age trajectories for CARE patient 10, plotted with
important events during treatment. The gray line shows the Chronological Age trajectory.
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Figure 4.S8: CARE Patient 10: Protein tissue enrichment

The top ten tissues from CP10’s protein set enrichment. Nothing is significant and most are
immune-related.
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Downloadable supplementary file figures

The supplementary data file supplement.zip (6.1 G) contains many figures detailing the

systems results for individuals that were not chosen for N-of-1 discussion. Additionally, there

are figures for individuals that were discussed above, but whose systems were deemed less

informative. File structure is detailed here.

The figures are contained in the supplementary figures folder.

The supplementary figures/set agg folder contains the top systems by the group mean of

individual mean probabilities of over-enrichment. for each system subgraph, grouped by can-

cer type and cutoff values. They are named set agg ‘cancer type’ ‘lower percentile’ ‘upper

percentile’.png.

The supplementary systems figures for each patient are contained in the

supplementary figures/systems figures by patient/ folder. The subfolders are N of 1

which contains the individuals discussed above, CARE cohort which contains members of

the CARE cohort, and SWC cancer transitions which contains the set of individuals that

transitioned to cancer while clients of Arivale. Each individuals root folder contains a

patient info.txt file that contains demographic and condition information for that in-

dividual. Under that folder is a set of folders named ‘named path’ ‘cohort name’ ‘lower

percentile’ ‘upper percentile’/. This contains a text file with the parameters of this

analysis cfr description.txt, and a figures folder. The figures folder contains 3 folders,

enrichment tree which contains the graph of significant relationships for each time point

individually, frequency individual which contains the most common extreme values for

each data type, and longitudinal enrichment graph which contains a set of figures for

each longitudinal enrichment. The significant values, as well as the top 10 and top 20

systems plots are present. Each significant system’s metadata is presented in the summaries

subfolder.

4.S.2 Supplementary Tables
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Table 4.S1: Extreme value counts

Mean Median Std. Dev Max. Min
Cohort Data Type Cutoff

Care(Breast)

Metabolites

< 1 perc. 13.87 9.00 12.51 52 0
< 2.5 perc. 26.37 20.00 17.94 83 6
< 25 perc. 189.85 178.00 45.12 323 118
> 75 perc. 371.99 365.00 72.66 539 227
> 97.5 perc. 75.63 69.00 33.81 167 16
> 99 perc. 41.42 36.00 20.96 101 4

Proteins

< 1 perc. 3.24 1.00 5.69 39 0
< 2.5 perc. 6.12 3.00 8.39 48 0
< 25 perc. 43.34 44.00 29.91 118 3
> 75 perc. 44.36 36.00 31.89 127 4
> 97.5 perc. 5.13 4.00 5.64 27 0
> 99 perc. 2.54 2.00 2.63 10 0

Care(Ovarian)

Metabolites

< 1 perc. 16.62 11.00 15.34 83 1
< 2.5 perc. 32.44 26.00 23.89 139 5
< 25 perc. 206.88 188.00 68.64 494 114
> 75 perc. 384.54 392.00 102.31 589 93
> 97.5 perc. 96.16 93.00 47.22 226 11
> 99 perc. 55.58 51.00 31.59 158 7

Proteins

< 1 perc. 2.53 2.00 3.13 18 0
< 2.5 perc. 4.56 3.00 4.98 28 0
< 25 perc. 35.67 34.00 20.10 90 1
> 75 perc. 51.60 47.00 25.77 134 12
> 97.5 perc. 9.67 7.00 9.60 65 0
> 99 perc. 6.37 5.00 6.86 52 0

SWC(transitions)

Metabolites

< 1 perc. 7.17 6.00 4.60 16 0
< 2.5 perc. 19.26 14.00 12.21 45 3
< 25 perc. 235.35 221.00 85.63 396 102
> 75 perc. 285.96 263.00 109.29 516 142
> 97.5 perc. 29.48 24.00 18.92 69 2
> 99 perc. 11.35 11.00 7.66 23 1

Proteins

< 1 perc. 13.52 4.50 24.94 122 0
< 2.5 perc. 25.83 12.00 39.12 209 0
< 25 perc. 217.73 179.50 159.27 708 11
> 75 perc. 268.25 239.00 196.71 668 16
> 97.5 perc. 34.67 20.00 46.54 214 0
> 99 perc. 18.65 7.50 27.47 128 0

Descriptive statistics of extreme value counts by cohort and cut-off.
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Table 4.S2: Extreme value percentiles

Mean Median Std. Dev Max. Min
Cohort Data Type Cutoff

Care(Breast)

Metabolites

< 1 perc. 0.61 0.64 0.32 1.00 0.00
< 2.5 perc. 0.58 0.59 0.30 1.00 0.04
< 25 perc. 0.35 0.31 0.23 0.97 0.04
> 75 perc. 0.90 0.93 0.11 1.00 0.53
> 97.5 perc. 0.93 0.96 0.10 1.00 0.42
> 99 perc. 0.93 0.95 0.12 1.00 0.16

Proteins

< 1 perc. 0.46 0.52 0.38 1.00 0.00
< 2.5 perc. 0.52 0.66 0.34 0.99 0.00
< 25 perc. 0.50 0.61 0.34 0.97 0.00
> 75 perc. 0.52 0.50 0.32 1.00 0.00
> 97.5 perc. 0.53 0.62 0.32 0.98 0.00
> 99 perc. 0.50 0.68 0.36 0.97 0.00

Care(Ovarian)

Metabolites

< 1 perc. 0.70 0.79 0.29 1.00 0.02
< 2.5 perc. 0.68 0.77 0.26 1.00 0.00
< 25 perc. 0.43 0.37 0.27 1.00 0.02
> 75 perc. 0.88 0.97 0.20 1.00 0.00
> 97.5 perc. 0.94 0.98 0.12 1.00 0.27
> 99 perc. 0.95 0.98 0.09 1.00 0.54

Proteins

< 1 perc. 0.52 0.61 0.33 0.96 0.00
< 2.5 perc. 0.53 0.60 0.29 1.00 0.00
< 25 perc. 0.45 0.49 0.27 0.95 0.00
> 75 perc. 0.63 0.64 0.24 1.00 0.09
> 97.5 perc. 0.75 0.82 0.21 1.00 0.00
> 99 perc. 0.77 0.87 0.26 1.00 0.00

SWC(transitions)

Metabolites

< 1 perc. 0.43 0.44 0.29 0.89 0.00
< 2.5 perc. 0.42 0.28 0.32 0.83 0.00
< 25 perc. 0.53 0.57 0.34 0.97 0.01
> 75 perc. 0.61 0.62 0.33 0.98 0.03
> 97.5 perc. 0.55 0.55 0.31 0.92 0.00
> 99 perc. 0.54 0.68 0.33 0.93 0.02

Proteins

< 1 perc. 0.47 0.46 0.28 0.99 0.00
< 2.5 perc. 0.50 0.51 0.27 0.99 0.00
< 25 perc. 0.45 0.46 0.29 0.97 0.00
> 75 perc. 0.54 0.58 0.31 1.00 0.03
> 97.5 perc. 0.53 0.59 0.32 0.99 0.00
> 99 perc. 0.52 0.61 0.34 1.00 0.00

Descriptive statistics of extreme value percentiles by cohort and cut-off.
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Table 4.S3: Proteins used to calculation BAE and CARE extreme value calculation.

Available in the downloadable supplementary data package, in the supple-

ment/supplementary data/ba proteins.csv file (31K).

Table 4.S4: Metabolites used to calculation BAE and CARE extreme calculation.

Available in the downloadable supplementary data package, in the supple-

ment/supplementary data/ba metabolites.csv file (72K).

Table 4.S5: Results of comparison of metabolomics between CARE and SWC using GEE

models

Available in the downloadable supplementary data package, in the supple-

ment/supplementary data/gee results metabolites.csv file (91K).

Table 4.S6: Full results of comparison of proteomics between CARE and SWC using GEE

models

Available in the downloadable supplementary data package, in the supple-

ment/supplementary data/gee results proteins.csv file (91K).
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Table 4.S7: Full table of systems results

Available in the downloadable supplementary data package, in the supple-

ment/supplementary data/all systems scores.csv file (634M).
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Chapter 5

CONCLUSION

I walked into my new General Practitioner’s office for a checkup about two years ago. He

was a good doctor who seemed to enjoy getting to know his patients and asked me about

myself and what I do. When I mentioned Arivale, he got quite excited and mentioned that

one of his patients was a client. That patient had walked into his office with a printout

of all of the data that was returned to them and asked him what he should be doing to

get healthier. This physician, who was well-versed in functional medicine and in general an

inquisitive sort, said he had no idea what to do with all that information. I told him that

figuring that out was my job.

The data that the patient brought with them was a small fraction of everything we

collected at Arivale, and yet it was still overwhelming. Our ability to affordably capture

the genome, microbiome, metabolome, proteome, and all manner of health-related signals

continues to expand at an tremendous rate. Transformation of this vast information into

actionable signals, specific to the individual to whom they belong, in ways that improve their

health and life is the basis of this dissertation.

The conversion of health data to health intelligence has been the goal of my graduate

studies. While the company that grew from the work described in Chapter 2 is closed;

the data generated, the systems produced, and the expertise developed continue to make

significant contributions to our understanding of health and disease via published papers

and currently ongoing studies of cancer, Alzheimer’s disease, Scientific Wellness, Longevity,

diseases of childhood and COVID [5, 223, 231–238]. Additionally, Arivale enriched and

possibly extended the lives of thousands of customers, to whom this graduate student is

enormously indebted and profoundly grateful.
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This dissertation describes many paths taken and points to many more that need to be

explored. I believe, someday soon, these paths will lead to a new era of medicine that is

personalized, predictive, preventative, and participatory.
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intestinal glutathione synthesis in patients with inflammatory bowel disease. Gut, 42

(4):485–492, April 1998.

[50] Lining Guo, Michael V Milburn, John A Ryals, Shaun C Lonergan, Matthew W

Mitchell, Jacob E Wulff, Danny C Alexander, Anne M Evans, Brandi Bridgewater,

Luke Miller, Manuel L Gonzalez-Garay, and C Thomas Caskey. Plasma metabolomic

profiles enhance precision medicine for volunteers of normal health. Proceedings of

the National Academy of Sciences of the United States of America, 112(35):E4901–10,

September 2015.

[51] Leroy Hood and Nathan D Price. Demystifying disease, democratizing health care.

Science translational medicine, 6(225):225ed5–225ed5, February 2014.

[52] Vin Tangpricha, Elizabeth N Pearce, Tai C Chen, and Michael F Holick. Vitamin D in-

sufficiency among free-living healthy young adults. The American journal of medicine,

112(8):659–662, June 2002.

[53] Christine M Micheel, Sharly J Nass, and Gilbert S Omenn. Evolution of Translational



170

Omics: Lessons Learned and the Path Forward. National Academies Press (US), Wash-

ington (DC), March 2012.

[54] Jai Ram Rideout, Yan He, Jose A Navas-Molina, William A Walters, Luke K Ursell,

Sean M Gibbons, John Chase, Daniel McDonald, Antonio Gonzalez, Adam Robbins-

Pianka, Jose C Clemente, Jack A Gilbert, Susan M Huse, Hong-Wei Zhou, Rob Knight,

and J Gregory Caporaso. Subsampled open-reference clustering creates consistent,

comprehensive OTU definitions and scales to billions of sequences. PeerJ, 2(5):e545,

2014.

[55] R H Whittaker. Evolution and Measurement of Species Diversity. Taxon, 21(2/3):213,

May 1972.

[56] J Gregory Caporaso, Kyle Bittinger, Frederic D Bushman, Todd Z DeSantis, Gary L

Andersen, and Rob Knight. PyNAST: a flexible tool for aligning sequences to a tem-

plate alignment. Bioinformatics (Oxford, England), 26(2):266–267, January 2010.

[57] J Gregory Caporaso, Justin Kuczynski, Jesse Stombaugh, Kyle Bittinger, Fred-

eric D Bushman, Elizabeth K Costello, Noah Fierer, Antonio Gonzalez Peña, Julia K

Goodrich, Jeffrey I Gordon, Gavin A Huttley, Scott T Kelley, Dan Knights, Jeremy E

Koenig, Ruth E Ley, Catherine A Lozupone, Daniel McDonald, Brian D Muegge, Meg

Pirrung, Jens Reeder, Joel R Sevinsky, Peter J Turnbaugh, William A Walters, Jeremy

Widmann, Tanya Yatsunenko, Jesse Zaneveld, and Rob Knight. QIIME allows analysis

of high-throughput community sequencing data. Nature methods, 7(5):335–336, May

2010.

[58] Daniel McDonald, Morgan N Price, Julia Goodrich, Eric P Nawrocki, Todd Z DeSantis,

Alexander Probst, Gary L Andersen, Rob Knight, and Philip Hugenholtz. An improved

Greengenes taxonomy with explicit ranks for ecological and evolutionary analyses of

bacteria and archaea. The ISME journal, 6(3):610–618, March 2012.



171

[59] D J Lane. 16S/23S rRNA sequencing. In ’Nucleic acid techniques in bacterial system-

atics’. 1991.

[60] Catherine Lozupone, Manuel E Lladser, Dan Knights, Jesse Stombaugh, and Rob

Knight. Unifrac: an effective distance metric for microbial community comparison.

The ISME journal, 5(2):169–172, 2011.

[61] Micah Hamady, Catherine Lozupone, and Rob Knight. Fast UniFrac: facilitating

high-throughput phylogenetic analyses of microbial communities including analysis of

pyrosequencing and PhyloChip data. The ISME journal, 4(1):17–27, January 2010.

[62] Catherine Lozupone and Rob Knight. UniFrac: a new phylogenetic method for compar-

ing microbial communities. Applied and environmental microbiology, 71(12):8228–8235,

December 2005.

[63] John D Hunter. Matplotlib: A 2d graphics environment. Computing in science &

engineering, 9(3):90–95, 2007.

[64] Brendan MacLean, Daniela M Tomazela, Nicholas Shulman, Matthew Chambers, Gre-

gory L Finney, Barbara Frewen, Randall Kern, David L Tabb, Daniel C Liebler, and

Michael J MacCoss. Skyline: an open source document editor for creating and an-

alyzing targeted proteomics experiments. Bioinformatics (Oxford, England), 26(7):

966–968, April 2010.

[65] Gustavo Glusman, Alissa Severson, Varsha Dhankani, Max Robinson, Terry Farrah,

Denise E Mauldin, Anna B Stittrich, Seth A Ament, Jared C Roach, Mary E Brunkow,

Dale L Bodian, Joseph G Vockley, Ilya Shmulevich, John E Niederhuber, and Leroy

Hood. Identification of copy number variants in whole-genome data using Reference

Coverage Profiles. Frontiers in genetics, 6:45, 2015.

[66] Gustavo Glusman, Juan Caballero, Denise E Mauldin, Leroy Hood, and Jared C Roach.



172

Kaviar: an accessible system for testing SNV novelty. Bioinformatics (Oxford, Eng-

land), 27(22):3216–3217, November 2011.
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