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SUMMARY

Studies of long-lived individuals have revealed few
genetic mechanisms for protection against age-
associated disease. Therefore, we pursued genome
sequencing of a related phenotype—healthy ag-
ing—to understand the genetics of disease-free
aging without medical intervention. In contrast with
studies of exceptional longevity, usually focused
on centenarians, healthy aging is not associated
with known longevity variants, but is associated
with reduced genetic susceptibility to Alzheimer
and coronary artery disease. Additionally, healthy
aging is not associated with a decreased rate of
rare pathogenic variants, potentially indicating the
presence of disease-resistance factors. In keeping
with this possibility, we identify suggestive common
and rare variant genetic associations implying that
protection against cognitive decline is a genetic
component of healthy aging. These findings, based
on a relatively small cohort, require independent
replication. Overall, our results suggest healthy aging
is an overlapping but distinct phenotype from excep-
tional longevity that may be enriched with disease-
protective genetic factors.

INTRODUCTION

Age-associated diseases account for two-thirds of human deaths

globally and 90% of all deaths in industrialized nations. Manage-

ment of age-related disease is a major source of disability and

health care costs, and thus management of age-associated dis-

ease is amajor driver ofmedical research and health policy (Gold-

man et al., 2013). Age-standardized death rates for the leading

causesof death havedeclined substantially over thepast half cen-

tury due to an improved understanding of behavioral risks and

more effective medical interventions (Ma et al., 2015). However,

as average life expectancy improves, a shift in increased death
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due to frailty andchronicdegenerativediseasehasbeenobserved

(Lozano et al., 2012). Thus, overall longevity is likely due to the

avoidance of multiple vulnerabilities, such as death due to infec-

tious disease and severe early onset genetic diseases, mid-life

death due to chronic and potentially sporadic diseases, and

late-life death due to degenerative diseases and frailty, each of

which is differentially influenced by the interplay of genetics and

environment. Moreover, technologic progress with pharmaco-

therapy for cancer and with implantable devices, such as defibril-

lators and prosthetic joints, can promote longevity as a function of

medical interventions per se.

Age at death in adulthood has a moderate genetic component

overall, with a heritability of approximately 25% (Murabito et al.,

2012). Heritability of longevity increases with age, with a negli-

gible genetic contribution to survival up to approximately 60

years of age, after which an increasing genetic component to

survival is observed (Brooks-Wilson, 2013; Christensen et al.,

2006). Most genetic studies of aging have focused on long-lived

individuals, typically defined as centenarians 100 years or older,

who may have had exceptional survival due to medical interven-

tions (Murabito et al., 2012). A number of genetic associations

with exceptional longevity have been made (Atzmon et al.,

2006; Bojesen and Nordestgaard, 2008; Hurme et al., 2005; Ku-

ningas et al., 2007; Melzer et al., 2007; Pawlikowska et al., 2009;

Sanders et al., 2010; Suh et al., 2008; Willcox et al., 2008), with

only markers at APOE and FOXO3A being well replicated (Mur-

abito et al., 2012). Overall, the results of genetic and epidemio-

logical longevity studies suggest aging is a complex trait and

that achievement of exceptional longevity may not best capture

the genetics of resistance to or delay of age-associated disease

(Christensen et al., 2006).

In this light, we pursued a genomic study of an alternate but

related aging phenotype—healthy aging—in order to expose

its potential to uncover genetic factors for protection against

age-associated disease. It is important to differentiate longevity

from our healthy aging phenotype, which, as we have defined it

for our healthy aging cohort (Wellderly), attempts to understand

the genetics of disease-free aging in humans without medical in-

terventions. Toward this end, we performed whole-genome

sequencing (WGS) of the Wellderly and compared their genetic

characteristics to an ethnicity-matched population control. Our
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Table 1. Wellderly Demographic Data

Characteristic Wellderly Cohort US Population ITMI Cohort

Median age 84.2 years (±9.3 years) 70+ yearsa or 80+ yearsb 33.3 years

Gendera male = 39.3% (±1.3%) male = 36.3% male = 52.7%

female = 60.7% (±1.3%) female = 63.7% female = 47.3%

Median heightb male = 69’’ (±5.0’’) male = 68’’ male = N/A

female = 63’’ (±5.7’’) female = 63’’ female = 66’’

Median weightb male = 168 lbs (±47 lbs) male = 190 lbs male = na

female = 132 lbs (±45 lbs) female = 160 lbs female = 142 lbs

Ever smokerb male = 61% (±2.6%) male = 54% male = 31.5%

female = 42% (±2.6%) female = 43% female = 26.2%

Exerciseb 66.8% (±2.5%) 44.1% na

Educationb

No high school 0.5% (±0.4%) 24.6% 8.0%

High school 16.8% (±2.0%) 56.2% 17.2%

Bachelor’s 55.0% (±2.7%) 11.9% 38.7%

Advanced 27.7% (±2.4%) 7.3% 36.1%

The 95% confidence interval is in parentheses. na, not applicable.
aUS population 80+ years.
bUS population 70+ years.
findings suggest that healthy aging is associated with a disease-

protective genetic profile that overlaps with but differs from

that observed in exceptional longevity cohorts. These findings

include no enrichment of true longevity variants, a lower genetic

risk from common susceptibility alleles for Alzheimer and coro-

nary artery disease, and no decrease in the rate of rare patho-

genic variants. We identify suggestive common and rare variant

genetic associations that implicate genetic protection against

cognitive decline in healthy aging. Our data are made available

for the discovery of additional disease protective genetic factors

by the research community.

RESULTS

Wellderly Cohort Definition and Demographics
The Wellderly phenotype is defined as individuals who are

>80 years old with no chronic diseases and who are not taking

chronic medications. Individuals with any of the following pheno-

types were excluded from enrollment: autoimmune disease,

blood clots, cancer (except basal and squamous cell carci-

noma), type I or II diabetes, dementia, myocardial infarction,

renal failure, and stroke. The enrollment procedure is described

in the Experimental Procedures, and the specific ICD code,

CPT code, lab value, and medication status exclusion criteria

are provided in the Supplemental Experimental Procedures.

To date, a total of 1,354 Wellderly individuals ranging from

80 to 105 years old have enrolled in our study. Demographic

characteristics of these Wellderly individuals were compared

with the characteristics of the general US population of 70+- or

80+-year-old individuals (depending upon availability) utilizing

data from the US 2010 Census data or the National Health and

Nutrition Examination Survey (Table 1). The Wellderly cohort in-

dividuals differ from these age-matched controls in the following

ways: (1) they are comprised of a slightly but significantly higher
proportion of male individuals overall, (2) they contain a small

but significantly elevated rate of male smokers, (3) they exercise

significantly more frequently, (4) they are leaner on average, but

not significantly so, due to a wide weight distribution (Figure 1C),

and (5) they have attained a significantly higher level of education

relative to the general population. The majority of individuals

were enrolled between the age of 80 and 85 with similar overall

age distributions for female and male Wellderly individuals (Fig-

ures 1A and 1B).

Healthy Aging versus Longevity
It is possible that the Wellderly phenotype simply represents the

tail end of a stochastic age-related disease incidence process in

which theWellderly individuals are simply ‘‘lucky’’ and by chance

do not develop disease. If this were true, one would expect that

the siblings of Wellderly individuals should live no longer than the

average individual, and that no shared factor, whether genetic or

environmental, should have an influence on Wellderly sibling

survival.

To address this possibility, we performed survival analysis

comparing the US Social Security 1920s birth cohort life table

versus Wellderly siblings—the majority being deceased individ-

uals who were obviously genetically similar to the Wellderly

individuals. Survival analysis was initiated at 10 years of age to

eliminate a significant excess of childhood death in the 1920s

birth cohort life table (Bell and Miller, 2005) relative to that

reported by the Wellderly individuals. Survival analysis demon-

strated significant increased survival (log-rank test p value =

3.67 3 10�8) in Wellderly siblings relative to the 1920s birth

cohort (Figure 1D). Inspection of the survival curve reveals

a strong survival advantage in middle age to middle old age

(40–79 years), a limited survival advantage from 80–90 years of

age, and no survival advantage after 90+ years of age. 83% of

Wellderly siblings survive to age 70 yrs, whereas 75% of the
Cell 165, 1002–1011, May 5, 2016 1003



Figure 1. Wellderly Demographic Characteristics

(A) The age distribution of Wellderly female individuals.

(B) The age distribution of male Wellderly individuals.

(C) The BMI distribution of male (blue) and female (red) Wellderly individuals.

(D) Survival curves for theWellderly siblings (red) and the expected survival of a

1920s birth cohort (blue). A significant difference in survival was observed (log-

rank test p value = 3.67 3 10�8) in middle age (40–79 years), but not overall

longevity. The 95% confidence interval is provided for the Wellderly siblings in

red shading (only visible at the end of the survival curve).
1920s birth cohort survives to 70 yrs. This suggests Wellderly in-

dividuals avoid or delay the onset of middle-age onset diseases

through some shared factor. This analysis cannot differentiate

between genetic, environmental, or behavioral characteristics

shared by Wellderly individuals and their siblings, but indicates

the phenotype is not simply due to chance.

Genome Sequencing and Variant Filtration
To determine whether genetic factors underlie the Wellderly

phenotype, WGS of 600Wellderly individuals was performed us-

ing the Complete Genomics platform (Complete Genomics) (see

the Experimental Procedures) (Figure S1). These genomes were

compared to 1,507 adult members of the Inova Translational

Medicine Institute (ITMI) pre-term birth cohort also sequenced

on the Complete Genomics platform (Bodian et al., 2014). Indi-

viduals from these cohorts were filtered to retain only individuals

of R95% European ancestry and a maximum relatedness of

12.5% (see the Experimental Procedures). After cohort filtration,

511 Wellderly individuals and 686 ITMI individuals were carried

forward to downstream analyses. Variants were combinedwithin

and across cohorts and filtered stringently for downstream sta-

tistical analyses (see the Experimental Procedures). Genomic

variant filtration resulted in reduction of the initial�57million total

raw variants to 24,205,551 variants after filtration. Table S1 dis-

plays the number of variants removed by each filtration step. The

count of variants by type and coding impact is presented in Table
1004 Cell 165, 1002–1011, May 5, 2016
S2. Our variant filtration strategy was reinforced by observing no

evidence of genomic inflation in the genome-wide association

results (see below; l = 0.98) (Reich and Goldstein, 2001).

Genetic Longevity and Disease Risk
First, we explored whether previously reported longevity variants

may underlie the Wellderly phenotype (Atzmon et al., 2006; Bo-

jesen and Nordestgaard, 2008; Hurme et al., 2005; Kuningas

et al., 2007; Melzer et al., 2007; Pawlikowska et al., 2009;

Sanders et al., 2010; Suh et al., 2008; Willcox et al., 2008). No

deviation in allele frequency of longevity variants was observed

between the Wellderly cohort and the ITMI cohort or the 1000

Genomes European individuals (Sudmant et al., 2015) (Table 2).

No trend in allele frequency deviations implying even minimal

enrichment of longevity variants was observed, suggesting the

Wellderly healthy aging phenotype is likely distinct from tradi-

tionally defined longevity.

Next, we considered whether the Wellderly have decreased

genetic risk of common disease by calculating genetic risk

scores for theWellderly and ITMI individuals for the top five lead-

ing causes of death with a genetic component—heart disease,

cancer, stroke, Alzheimer disease, and diabetes (CDC Vital

Statistics)—using genetic loci identified from the latest large

genome-wide association studies and/or meta-analyses (Al-

Tassan et al., 2015; Deloukas et al., 2013; Kilarski et al., 2014;

Lambert et al., 2013; Michailidou et al., 2015; Mahajan et al.,

2014; Seshadri et al., 2010; Timofeeva et al., 2012; Wolpin

et al., 2014; Zheng et al., 2008) (Table 3). The five most common

and deadly cancer types were considered—breast, colon, lung,

pancreatic, and prostate—comprising over 75% of cancer

deaths in the United States. We observed no difference in

cancer, stroke, or type 2 diabetes genetic risk. On the other

hand, the Wellderly have a significantly lower genetic risk for

Alzheimer disease (p value = 9.84 3 10�4) and coronary artery

disease (p value = 2.54 3 10�3). Individual marker level differ-

ences are presented in Table S3.

The difference in Alzheimer disease genetic risk is strongly

influenced by the APOE-ε4 marker (rs2075650; p value =

7.023 10�4), though a trend for marginal differences in allele fre-

quency, in the direction consistent with decreased Alzheimer

risk, can be observed for themajority of the 18 Alzheimer disease

risk variants (Table S3). The next most significant single marker

(rs11218343; p value = 2.963 10�2) was also the next strongest

genetic riskmarker for Alzheimer disease in the publishedGWAS

meta-analysis—at the SORL1 locus—suggesting the magnitude

of the deviation in allele frequency between the Wellderly and

ITMI cohort is related to the strength of the genetic risk locus

in mediating disease (correlation between –log10 single marker

p value and genetic risk weight = 0.89, p value < 0.0001).

Similarly, 83 of the 141 previously identified markers for coro-

nary artery disease variants displayed allele frequency differ-

ences consistent with decreased genetic risk for coronary artery

disease in the Wellderly (p value = 0.043). The correlation be-

tween deviation in allele frequency between the Wellderly and

ITMI cohort and the strength of the genetic risk locus was again

significant, though not as strong as that observed for Alzheimer

disease (r = 0.15, p value = 0.04). The strongest differences were

observed at APOE (rs2075650; p value = 7.023 10�4), PECAM1



Table 2. Allele Frequencies for Known Longevity Variants

Variant Gene Longevity Allele Wellderly AF ITMI AF p Value 1000G CEU AF

rs2802292 FOXO3A G 0.41 0.38 0.059 0.43

rs1935949 FOXO3A A 0.31 0.30 0.431 0.35

rs3758391 SIRT1 T 0.32 0.31 0.586 0.33

rs5882 CETP G 0.33 0.33 0.726 0.33

rs1042522 TP53 C 0.74 0.74 0.677 0.72

rs1800795 IL6 C 0.40 0.40 0.761 0.42

rs2811712 CDKN2A G 0.11 0.10 0.727 0.10

rs34516635 IGF1R A 0.01 0.01 0.394 0.00

rs2542052 APOC3 C 0.61 0.59 0.433 0.61

rs3803304 AKT1 C 0.73 0.74 0.511 0.73

Comparison of allele frequency for known longevity variants. The frequency of an allele associated with a longer lifespan is displayed.
(rs2070783; p value = 1.263 10�2), SMG6 (rs2281727; p value =

1.353 10�2), and SCARB1 (rs11057841; p value = 1.693 10�2).

Correspondingly, the single strongest risk markers for Alz-

heimer disease (APOE above) and coronary artery disease

(9p21 rs1333049; p value = 3.57 3 10�2) (Wellcome Trust Case

Control, 2007) demonstrated deviations in allele frequency be-

tween theWellderly and ITMI cohorts, whereas no significant dif-

ference was observed for the strongest risk markers for diabetes

or cancer: FTO (rs9939609; p value = 0.809) (Wellcome Trust

Case Control, 2007), TCF7L2 (rs7903146; p value = 0.728) (Well-

come Trust Case Control, 2007), and 8q24 (rs6983267; p value =

0.421) (Wokolorczyk et al., 2008).

Common Variant Genome-wide Association Study
Next, we globally considered whether any common variants (mi-

nor allele frequency >5%) were associated with the Wellderly

phenotype. We performed a WGS-based genome-wide asso-

ciation study (GWAS) using a logistic model with principal

component correction (Figure 2A) to account for any remaining

population stratification after restriction to individuals with

R95% European ancestry, though inspection of the principal

component plots demonstrates the cohorts are well balanced

(Figure 2A). The quantile-quantile (QQ) plot of association results

demonstrates no genomic inflation (l = 0.98) (Figure 2B). No as-

sociations were observed at the genome-wide significance level

(p value < 5 3 10�8, Figure 2C), though a number of interesting

marginally significant peaks were observed. The full list of top

hits is provided in Table S4.

The top region is a large linkage block at MHC locus 6p22.1

containing lead SNPs rs13217620 (chr6:27,653,120) (p value =

6.1 3 10�7) (Figure 3A) and rs41266839 (chr6:26,409,890)

(p value = 4.13 10�6) (Figure 3B). This region contains a handful

of SNPs that have been replicated and confidently associated

with cognitive traits, including rs1056667, associatedwith cogni-

tive performance (Rietveld et al., 2013, 2014), rs13194053, and

associated with schizophrenia and bipolar disorder (Purcell

et al., 2009; Shi et al., 2009). The two lead SNPs (rs13217620

and rs41266839) from our study are in perfect disequilibrium

(D’ = 1.0) with the aforementioned cognitive trait associated

SNPs (rs1056667 and rs13194053, respectively) (Figures 3A

and 3B).
The second sub-significant region included lead SNP

rs156033 (p value = 1.73 10�6), in the 5q31.1 region, which con-

tains SLC22A4 and multiple variants (rs7727544, rs419291,

rs11950562, rs273914, rs272889, rs272869, and rs274567)

strongly associated with carnitine and carnitine-related metabo-

lite levels (Shin et al., 2014) (Figure 3C). Again, our lead SNP

displays strong disequilibrium with all of these previously

associated SNPs, especially rs11950562 (D’ = 1.0) (Figure 3C),

which was specifically associated with isovalerylcarnitine levels

(p value = 2 3 10�41) (Shin et al., 2014).

Finally, our third sub-significant region included lead SNP

rs10209741 (p value = 7.0 3 10�6) in the 2q36.1 region contain-

ing KCNE4 and nearby (11.4 kb) rs895767, which was previously

associated with cognitive decline (Zhang and Pierce, 2014) (Fig-

ure 3C). Again, rs10209741 and rs895767 are in perfect disequi-

librium (D’ = 1.0).

While no individual locus is genome-wide significant, the

observation that at least two of three of our top GWAS hits are

associated with cognitive function is unlikely to be due to

chance. With the cautious assumption that �100 loci have

been previously associated with cognitive function via GWAS,

the probability that two of our three top GWAS hits land among

these �100 cognitive function loci by chance is p value =

3.0 3 10�8. This observation is also consistent with the finding

that the Wellderly have a lower overall genetic risk for Alzheimer

disease and cognitive decline (above), a lower APOE-ε4 rate

(rs429358 p value = 7.6 3 10�5), and a greatly reduced fre-

quency of the Alzheimer disease-associated rare coding variant

rs145999145 in PLD3 as previously reported (Cruchaga et al.,

2014).

High Penetrance Pathogenic Variants
Next, we explored the contribution of rare monogenic disease

variants to the Wellderly phenotype. We considered mono-

genic disorders that are the most prevalent and relevant to the

Wellderly phenotype: hereditary dementia, cancer, and common

monogenic diseases as defined by the American College of

Medical Genetics secondary findings (Green et al., 2013). No

difference in the rate of rare pathogenic variants in the Wellderly

versus ITMI cohorts was observed for any gene set (chi-square

p values 1.0, 0.39, and 0.80, respectively) (Figure 4A) or at the
Cell 165, 1002–1011, May 5, 2016 1005



Table 3. Genetic Risk for Leading Causes of Death with a Genetic Component

Wellderly Genetic Risk ITMI Genetic Risk Wellderly Odds Ratio p Value

Alzheimer’s disease 0.0075 (±0.0418) 0.1060 (±0.0409) 0.906 (±0.051) 0.009

Breast cancer 0.596 (±0.045) 0.600 (±0.045) 0.996 (±0.064) 1.0

Colorectal cancer 1.11 (±0.030) 1.12 (±0.03) 0.992 (±0.032) 1.0

Coronary artery disease 8.27 (±0.035) 8.35 (±0.040) 0.922 (±0.047) 0.023

Lung cancer 0.130 (±0.027) 0.142 (±0.022) 0.988 (±0.034) 1.0

Pancreatic cancer 0.364 (±0.033) 0.387 (±0.026) 0.977 (±0.040) 1.0

Prostate cancer 4.80 (±0.100) 4.75 (±0.090) 1.050 (±0.131) 1.0

Stroke 2.04 (±0.030) 2.09 (±0.030) 0.958 (±0.043) 0.66

Type 2 diabetes 6.40 (±0.050) 6.39 (±0.04) 1.004 (±0.0580) 1.0

Themean genetic risk score is presentedwith the 95%confidence interval in parentheses. TheWellderly odds ratio is the overall odds ratio ofWellderly

individuals for the development of each disease relative to the general population, and the 95% confidence interval is also in parentheses. p values

corrected for multiple testing are reported.

See also Table S3.
individual gene level (Table S5). The full list of genes per dis-

ease category is presented in the Supplemental Experimental

Procedures.

Rare Variant Genome-wide Association Study
Finally, we considered whether rare coding variants in any gene

(minor allele frequency <1%) were associated with the Wellderly

phenotype using the SKAT-O method (see the Experimental

Procedures). The QQ plot of gene-level association results dem-

onstrates no genomic inflation (genomic inflation factor = 0.99)

(Figure 4B). No genome-wide significant associations (p value <

4.8 3 10�6 for Bonferroni correction of 10,447 individual gene

tests) were observed. However, the top hit, COL25A1 (p value =

1.56 3 10�5), is of major interest. The full list of top hits is pro-

vided in Table S6.

COL25A1 contained nine ultra-rare coding variants carried

by ten distinct Wellderly individuals, where eight variants were

observed as singletons and one variant was observed in two

distinct individuals (Figure 4C). No COL25A1 variants were

observed in any ITMI individual (variants provided in Table S7;

Sanger validation traces displayed in Figure S2). Five of these

nine variants have been previously observed in the Exome

Aggregation ConsortiumDatabase. COL25A1 is a brain-specific,

secreted collagenous protein that associates with amyloid pla-

ques (Söderberg et al., 2005). The distribution of the observed

coding mutations relative to the various functional domains

and elements of COL25A1 is displayed in Figure 4C. No clus-

tering in any particular region of COL25A1 was observed, though

many of the mutations result in highly non-conservative amino-

acid substitutions (p.S48F, p.G225C, p.R402C, and p.P520L),

or are nearby critical regions for plaque association (p.S116L

being nearby the cleavage site at amino acid 113 and p.N171S

being in the NC2 domain which interacts with Ab).

DISCUSSION

We identified no major singular contributor to healthy aging.

Instead, healthy aging appears to demonstrate characteristics

similar to other complex polygenic phenotypes. Further, our

results suggest that healthy aging is a genetically overlapping
1006 Cell 165, 1002–1011, May 5, 2016
but divergent phenotype from exceptional longevity and that

the healthy aging phenotype is potentially enriched for heritable

components of both reduced risk of age-associated disease and

resistance to age-associated disease.

First, we observe minimal and non-significant enrichment of

the previously identified FOXO3A longevity allele in the Wellderly

(Willcox et al., 2008). In contrast, we observe a significant deple-

tion of APOE-ε4 alleles, which is associated with longevity but

considered to be a ‘‘frailty’’ allele for late-onset disease rather

than a true longevity allele (Christensen et al., 2006; Gerdes

et al., 2000).

Second, and again in contrast to exceptional longevity co-

horts, where no overall reduction in common disease genetic

risk is generally observed (Beekman et al., 2010; Fortney et al.,

2015; Sebastiani et al., 2012), we observe a significant decrease

in genetic risk for Alzheimer disease and coronary artery disease

genetic risk in the Wellderly. Importantly, these results reflect an

overall decrease in genetic risk scores, a result not observed in

exceptional longevity cohorts (Beekman et al., 2010; Sebastiani

et al., 2012), possibly due to the indirect and/or a mixed relation-

ship between individual genetic disease risk loci and exceptional

longevity (as discussed by Fortney et al., 2015) versus the poten-

tially more direct relationship between aging in the absence of

disease and overall genetic disease risk.

On the other hand, no difference in genetic risk is observed for

type 2 diabetes genetic risk and cancer. Some of these findings

(type 2 diabetes, colon, and lung cancer) can be explained by the

fact that the risk for these diseases is strongly modulated by

behavioral and environmental risk factors. However, we also

observed no difference in genetic risk for more heritable cancer

types (breast and prostate especially), neither via common

variant risk nor rare pathogenic variant burden. The lack of a dif-

ference in rare pathogenic variant burden, for cancer as well as

hereditary dementia and other common monogenic disorders,

could be indicative of disease resistance via behavioral or other

genetic characteristics.

In fact, while no individually genome-wide significant associa-

tions were observed, both our rare and common variant genetic

associations implicate protection against cognitive decline as a

potential molecular mechanism governing healthy aging and



Figure 2. Common Variant Association Results

(A) Principal component plot of theWellderly (red) and ITMI (blue) cohort based

on filtered and LD pruned (R2 > 0.5) common variants (allele frequency >5%).

(B) QQ plot of expected –log10(p values) (x axis) versus observed –log10(p

values) (y axis) (one black point per variant). Expected versus expected

–log10(p values) (red line) is along the diagonal. The l value for this QQ plot

is 0.98; no genomic inflation is observed.

(C) Manhattan plot of the unbiased GWAS results. Each point represents a

single SNP p value determined by a logistic model adjusted for the first ten

principal components. Points are organized by chromosome and chromo-

somal coordinate (x axis) and –log10(p values) (y axis). The blue line indicates

p values <10�5. Green highlighted SNPs correspond to the top most signifi-

cant regions, plotted in Figure 3.

See also Table S4.
longevity. This is an area in which genetic associations have

been notoriously difficult to identify, despite reasonably high

heritability estimates. Perhaps most interestingly, mutation of

COL25A1 may disrupt Alzheimer disease pathogenesis due to

the critical role soluble COL25A1 plays in regulating the buildup

of Ab fibrils (Kakuyama et al., 2005; Osada et al., 2005). This

finding provides potential genetic support for the targeting of

COL25A1 for the prevention or treatment of Alzheimer disease.

This work represents one of the first combined rare and

common variant genome-wide association studies utilizing

whole-genome sequencing data and highlights some of the op-

portunities and challenges associated with WGS-based case-

control analysis. For complex polygenic phenotypes, achieving

genome-wide significance is improbable without much larger

sample sizes, which take years to accrue for rare phenotypes,

such as healthy aging. It should be re-emphasized that the

Wellderly phenotype is a narrowly defined phenotype with likely

fewer eligible individuals than those who would be eligible for an

exceptional longevity cohort. Thus, we acknowledge that, due to

the relatively small size of our cohort, independent replication is

needed to confirm our preliminary findings. In the meantime, it is

important to discern patterns that hint at the underlying mo-
lecular and physiological pathways that may inform follow-up

studies. While the patterns in our unbiased analysis highlight

the role of genetic resistance to cognitive decline in healthy ag-

ing, due to the global absence of disease in the cohort, we

suggest that theWellderly are likely to be enriched with other ge-

netic factors for disease resistance. These factors will likely be

gleaned only via more detailed analyses of the Wellderly dataset

via interaction with individual genetic risk factors or as a result of

more detailed analyses of genes of interest. Moreover, the

Wellderly dataset can act as independent replication and valida-

tion of candidate disease protective genetic factors identified in

other cohorts. The identification of genetic factors protective

against disease is of paramount importance to understanding

disease biology and a proven means for drug target identifica-

tion. Thus, we make the Wellderly genomic data broadly avail-

able for further mining by the research community.

EXPERIMENTAL PROCEDURES

The Healthy Elderly Active Longevity Cohort Study (IRB-13-6142) was

approved by the Scripps Institutional Review Board in July 2007.

Data Availability

Aggregate unfiltered annotated Wellderly variants and their allele and geno-

type frequencies are available via Scripps Translational Science Institute

Variant Browser (https://genomics.scripps.edu/browser). Variant presence is

also queryable via a Global Alliance for Genomics and Health Beacon

(https://genomics.scripps.edu/browser/ga4gh). Individual-level variant data

are available from Complete Genomics under terms determined by Complete

Genomics, from Scripps Genomic Medicine for scientific collaboration with

not-for profit entities, and will be deposited in dbGAP under similar data use

restrictions.

Wellderly Cohort Recruitment

The Wellderly cohort (1,354 individuals) was collected over the course of eight

years. Individuals with no chronic diseases and not taking chronicmedications

were screened for enrollment. Specific inclusion/exclusion criteria are pro-

vided in the Supplemental Experimental Procedures. The study and inclusion

criteria were advertised to the public, for example, via the Scripps newsletters,

radio announcements, newspaper articles in various cities around the country,

and in senior community newsletters. Participants volunteered and were

self-referred. Research staff did not recruit individuals who had not already

contacted the study staff expressing interest in participating. Potential study

participants were then interviewed in order to assess health history according

to the inclusion criteria.

ITMI Cohort

Individuals were enrolled in the ITMI research study titled ‘‘Molecular Study of

Pre-term Birth,’’ as described in (Bodian et al., 2014). The sub-cohort for this

study consisted of adults who consented to research use of their genomic

and clinical data. Demographic data were obtained from self-reported ques-

tionnaires. Of the individuals with European ancestry, 68.1% (467) were par-

ents of a neonate born full-term, and 31.9% (219) had a pre-term infant.

They range in age from 20–44 years. Collection of peripheral blood and sample

processing for WGS were previously described (Bodian et al., 2014).

Survival Analysis

The number of living and deceased (with age of death) Wellderly siblings was

determined by self-report. The number of at-risk for death Wellderly siblings,

starting at age 10 (3,024 individuals total), and the number of deaths per

five-year interval was calculated based on these self-report data. Survival

analysis was conducted by determining the expected number of deaths in a

cohort of 3,024 individuals born in the 1920s, under the assumption of equal

male and female individuals at 10 years of age, and calculating the expected
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Figure 3. Regional Association Plots

(A–D) Regional plots for the top three most significant regions for GWAS comparing the Wellderly and ITMI cohorts. For all plots, each point represents a SNP,

where the x axis represents the position of the SNP and the y axis (right) the –log10 p value of the genome-wide association results. Each point is color-codedwith

the D’ value as calculated within theWellderly and ITMI cohorts. The D’ value within the 1000 Genomes European individuals is indicated by connecting lines. The

recombination rate is also plotted at each genomic position with the rate indicated on the y axis (left). (A) Lead SNP rs13217620 (chr6:27,653,120) (p value = 6.13

10�7) is highlighted along with SNPs previously associated with schizophrenia (rs13194053 and rs17693963). (B) Lead SNP rs41266839 (chr6:26,409,890)

(p value = 4.1 3 10�6) is highlighted along with rs1056667, which as previously associated with cognitive performance. (C) Lead SNP rs156033 (p value = 1.7 3

10�6) is highlighted along with rs11950562, which was previously associated with isovalerylcarnitine levels. (D) Lead SNP rs10209741 (p value = 7.0 3 10�6) is

highlighted along with rs895767, which was previously marginally associated with cognitive decline.
number of deaths per five-year interval based on the conditional probability of

death (qx) as supplied in the Social Security Actuarial Study No. 120 (Bell and

Miller, 2005) for the 1920s birth cohort. The significance of the difference in sur-

vival between Wellderly siblings and an equal-sized population born in the

1920s was then calculated via the log-rank test for survival analysis.

Genome Sequencing and Cohort Filtration

WGSof both theWellderly cohort and ITMI cohort was performed byComplete

Genomics via their standard WGS service. Variant calling was performed via

cgatools (v.2.0.1–v.2.0.4). A mean whole-genome coverage of 563 per Welld-

erly individual and 553 per ITMI individual was achieved (Figures S1A and

S1B). An average of 98.8% and 98.9% of the protein coding portion of the

genome was covered by >10 reads in the Wellderly and ITMI cohorts, respec-

tively (Figures S1C and S1D).

Genetic ancestry estimation was defined via the ADMIXTURE algorithm

(Alexander and Lange, 2011) using �16,000 ancestry informative markers

and a reference panel of 83 populations around the world (Libiger and Schork,

2013). Individuals ofR95% European ancestry were retained for downstream

association analyses. Related individuals were identified via pairwise identity

by descent estimation in PLINK (Purcell et al., 2007).

Variant Filtrations

Variants were combined across the Wellderly and ITMI cohorts via Genome-

Comb and filtered using metrics based on optimized features selected based
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on concordance between monozygotic twins (Reumers et al., 2011) and

refined based on observed GWAS genomic inflation. These filters excluded

variants that were (1) labeled as VQLOW in all individuals, (2) clustered in

>10% of individuals from either cohort, (3) variants missing in >10% of either

cohort, 4) with median coverage <10 or >100 in either cohort, 5) in simple re-

peats, homopolymer repeats R6 bp, segmental duplications, microsatellite

repeats, or low-complexity repeats, (5) out of the Hardy-Weinberg Equilibrium

(p value < 1 3 10�5), and (6) in non-unique 36-mers (Derrien et al., 2012).

VQLOW genotypes were set to missing. For common variant analyses, an

additional filter for variants <5% minor allele frequency in either cohort was

applied. For rare variant analyses, an additional filter for variants >1% minor

allele frequency in either cohort was applied, as well as aminimum allele depth

filter, where if 20% of individuals with a rare variant alternate allele call had a

minimum alternate allele depth of <25% of total reads or fewer than three sup-

porting reads, the variant was considered a false positive and removed.

Genetic Risk Scores

Weighted genetic risk scores based on known susceptibility markers for the

top five causes of death with a genetic component were calculated in both co-

horts. Markers and corresponding weights used to construct the genetic risk

scores included (when possible) markers identified in the latest large-scale

meta-analyses of Alzheimer disease (replicated markers in Table 2 of Lambert

et al. [2013] and APOE risk markers [Seshadri et al., 2010]), breast cancer

(markers in Tables 1 and S3a of Michailidou et al. [2015]), colorectal cancer



Figure 4. Rare Variant Burden

(A) The rate of rare pathogenic cancer, hereditary

dementia, and common monogenic disease (sec-

ondary finding) variants is displayed for the Welld-

erly (red) and ITMI (blue) cohorts with SE bars. No

difference is observed between the cohorts. See

also Table S5.

(B) QQ plot of expected –log10(p values) (x axis)

versus observed –log10(p values) (y axis) (one

black point per gene). Expected versus expected

–log10(p values) (red line) is along the diagonal. The

l value for this QQ plot is 0.99; no genomic inflation

is observed. The point corresponding to the top

gene, COL25A1, is labeled. See also Table S6.

(C) The location, impact, and count of COL25A1

coding variants are indicated along the COL25A1

protein. The COL25A1 protein and domains are

displayed horizontally from the N-terminal to

C-terminal amino acid (x axis). The blue region

indicates the cytoplasmic region of COL25A1;

the maroon region indicates the transmembrane

domain; green regions are collagen domains;

and gray regions are intervening non-collagen

stretches. The cleavage site for secretion of COL25A1 is indicated by the vertical dashed line. COL25A1 interacts with the amyloid beta protein at NC2. Each

observed mutation position is indicated by a black pin with a red head. The height of each pin corresponds to the number of alleles observed in the Wellderly

cohort (all variants are observed in a single individual, except for p.R402C). The coding impact of each variant is indicated next to each pin. Superscript daggers

indicate variants that have been previously observed in the Exome Aggregation Consortium database.

See also Figure S2 and Tables S5, S6, and S7.
(markers in Table S3 of Al-Tassan et al. [2015]), coronary artery disease

(markers in Table S9 of Deloukas et al. [2013]), lung cancer (markers in Table

S2 of Timofeeva et al. [2012] that were presented in Figures 2A–2G, using

the fixed effect model for weights), pancreatic cancer (markers in Table S4

of Wolpin et al. [2014], using stage 1 odds ratios for weights), prostate cancer

(markers in Table 3 of Zheng et al. [2008]), stroke (markers in Table e-2 of Ki-

larski et al. [2014], with the All_IS phenotype), and type 2 diabetes (markers in

Table S3 and Table S6 of Mahajan et al. [2014], using the European weight es-

timates). Markers were coded additively, and the logarithms of the reported

odds ratios were used as weights. All markers were pruned by pairwise linkage

disequilibrium (R2 > 0.8) prior to constructing the genetic risk score. The full list

of these markers, corresponding weights, allele frequencies in each of our co-

horts, and our single-marker association statistics are available in Table S3.

Variant Annotations and Pathogenicity

Variant annotation was performed by Cypher Genomics as described by the

SG-ADVISER annotation tool (Pham et al., 2015). High confidence known

pathogenic variants are defined as any variant whose allele frequency is no

greater than 0.5% in all 1000 Genomes (Sudmant et al., 2015), NHLBI Exome

Sequencing Project (Fu et al., 2013), and Exome Aggregation Consortium

(http://exac.broadinstitute.org) populations and cataloged as pathogenic or

likely pathogenic in ClinVar (Landrum et al., 2014) without any benign or likely

benign assertions. Secondary finding variants were determined as defined by

Green et al. (2013). Analyses of rare pathogenic variants considered variant

counts on the cohort level only; individual pathogenic variants and actionability

at the individual level were not examined.

Genome-wide Association Studies

Common variants, filtered as described above, were subject to a standard

GWAS analysis via PLINK (Purcell et al., 2007) using a logistic model and cor-

rected for the first ten principal components. The QQ plot was generated by

pruning association results at a linkage disequilibrium threshold of 0.50. Chro-

mosome positions are provided in GrCh37/hg19 coordinates. Regional

plots were generated with LocusZoom with modifications (Pruim et al.,

2010). Pairwise linkage disequilibrium from 1000 Genomes (Sudmant et al.,

2015) European individuals was calculated with SNAP (Johnson et al., 2008).

For rare variants, burden testingwas performedwith SKAT-O on all rare coding
exonic variants (Lee et al., 2012), adjusted for the first two principal compo-

nents. A gene must have had five or more rare variants (as recommended by

the SKAT authors) to be included in testing; 9,343 genes satisfied this require-

ment. The QQ plot was generated as one point per gene.

SUPPLEMENTAL INFORMATION

Supplemental Information includes Supplemental Experimental Procedures,

two figures, and seven tables and can be found with this article online at

http://dx.doi.org/10.1016/j.cell.2016.03.022.

A video abstract is available at http://dx.doi.org/10.1016/j.cell.2016.03.

022#mmc6.
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and Ribeca, P. (2012). Fast computation and applications of genome mapp-

ability. PLoS ONE 7, e30377.

Fortney, K., Dobriban, E., Garagnani, P., Pirazzini, C., Monti, D., Mari, D.,

Atzmon, G., Barzilai, N., Franceschi, C., Owen, A.B., and Kim, S.K. (2015).

Genome-wide scan informed by age-related disease identifies loci for excep-

tional human longevity. PLoS Genet. 11, e1005728.

Fu, W., O’Connor, T.D., Jun, G., Kang, H.M., Abecasis, G., Leal, S.M., Gabriel,

S., Rieder, M.J., Altshuler, D., Shendure, J., et al.; NHLBI Exome Sequencing

Project (2013). Analysis of 6,515 exomes reveals the recent origin of most hu-

man protein-coding variants. Nature 493, 216–220.

Gerdes, L.U., Jeune, B., Ranberg, K.A., Nybo, H., and Vaupel, J.W. (2000).

Estimation of apolipoprotein E genotype-specific relative mortality risks from

the distribution of genotypes in centenarians and middle-aged men: apolipo-

protein E gene is a ‘‘frailty gene,’’ not a ‘‘longevity gene’’. Genet. Epidemiol.

19, 202–210.
1010 Cell 165, 1002–1011, May 5, 2016
Goldman, D.P., Cutler, D., Rowe, J.W., Michaud, P.C., Sullivan, J., Peneva, D.,

and Olshansky, S.J. (2013). Substantial health and economic returns from

delayed aging may warrant a new focus for medical research. Health Aff.

(Millwood) 32, 1698–1705.

Green, R.C., et al. (2013). ACMG recommendations for reporting of incidental

findings in clinical exome and genome sequencing. Genet. Med. 15, 565–574.
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and Näslund, J. (2005). Characterization of the Alzheimer’s disease-associ-

ated CLAC protein and identification of an amyloid beta-peptide-binding

site. J. Biol. Chem. 280, 1007–1015.

Sudmant, P.H., Rausch, T., Gardner, E.J., Handsaker, R.E., Abyzov, A., Hud-

dleston, J., Zhang, Y., Ye, K., Jun, G., Hsi-Yang Fritz, M., et al.; 1000 Genomes

Project Consortium (2015). An integrated map of structural variation in 2,504

human genomes. Nature 526, 75–81.

Suh, Y., Atzmon, G., Cho, M.O., Hwang, D., Liu, B., Leahy, D.J., Barzilai, N.,

and Cohen, P. (2008). Functionally significant insulin-like growth factor I recep-

tor mutations in centenarians. Proc. Natl. Acad. Sci. USA 105, 3438–3442.

Timofeeva, M.N., Hung, R.J., Rafnar, T., Christiani, D.C., Field, J.K., Bickeböl-

ler, H., Risch, A., McKay, J.D., Wang, Y., Dai, J., et al.; Transdisciplinary

Research in Cancer of the Lung (TRICL) Research Team (2012). Influence of

common genetic variation on lung cancer risk: meta-analysis of 14 900 cases

and 29 485 controls. Hum. Mol. Genet. 21, 4980–4995.

Wellcome Trust Case Control, C.; Wellcome Trust Case Control Consortium

(2007). Genome-wide association study of 14,000 cases of seven common

diseases and 3,000 shared controls. Nature 447, 661–678.

Willcox, B.J., Donlon, T.A., He, Q., Chen, R., Grove, J.S., Yano, K., Masaki,

K.H., Willcox, D.C., Rodriguez, B., and Curb, J.D. (2008). FOXO3A genotype

is strongly associated with human longevity. Proc. Natl. Acad. Sci. USA 105,

13987–13992.

Wokolorczyk, D., Gliniewicz, B., Sikorski, A., Zlowocka, E., Masojc, B., Deb-

niak, T., Matyjasik, J., Mierzejewski, M., Medrek, K., Oszutowska, D., et al.

(2008). A range of cancers is associated with the rs6983267 marker on chro-

mosome 8. Cancer Res. 68, 9982–9986.

Wolpin, B.M., Rizzato, C., Kraft, P., Kooperberg, C., Petersen, G.M., Wang, Z.,

Arslan, A.A., Beane-Freeman, L., Bracci, P.M., Buring, J., et al. (2014).

Genome-wide association study identifies multiple susceptibility loci for

pancreatic cancer. Nat. Genet. 46, 994–1000.

Zhang, C., and Pierce, B.L. (2014). Genetic susceptibility to accelerated cogni-

tive decline in the US Health and Retirement Study. Neurobiol. Aging 35,

1512.e11-8.

Zheng, S.L., Sun, J.,Wiklund, F., Smith, S., Stattin, P., Li, G., Adami, H.O., Hsu,

F.C., Zhu, Y., Bälter, K., et al. (2008). Cumulative association of five genetic

variants with prostate cancer. N. Engl. J. Med. 358, 910–919.
Cell 165, 1002–1011, May 5, 2016 1011

http://refhub.elsevier.com/S0092-8674(16)30278-1/sref30
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref30
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref31
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref31
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref31
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref31
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref31
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref32
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref32
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref32
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref33
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref33
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref33
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref33
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref34
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref34
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref34
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref34
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref35
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref35
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref35
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref36
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref36
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref36
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref36
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref37
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref37
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref37
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref37
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref38
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref38
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref38
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref38
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref39
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref39
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref39
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref40
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref40
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref40
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref40
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref41
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref41
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref41
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref41
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref42
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref42
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref42
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref42
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref43
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref43
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref43
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref43
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref44
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref44
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref44
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref45
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref45
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref45
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref45
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref45
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref46
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref46
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref46
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref46
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref47
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref47
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref47
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref47
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref48
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref48
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref48
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref48
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref49
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref49
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref49
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref49
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref50
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref50
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref50
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref51
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref51
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref51
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref51
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref51
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref52
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref52
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref52
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref53
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref53
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref53
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref53
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref54
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref54
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref54
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref54
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref55
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref55
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref55
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref55
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref56
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref56
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref56
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref57
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref57
http://refhub.elsevier.com/S0092-8674(16)30278-1/sref57


Supplemental Figures

Figure S1. Genome Sequencing Coverage, Related to Experimental Procedures – Genome Sequencing and Cohort Filtration

(A–D) Whole genome and exome sequencing coverage metrics for theWellderly and ITMI cohorts. (A and B) Histogram of the average whole genome sequencing

coverage achieved per individual (x axis) by proportion of individuals (y axis) in the Wellderly (A) and ITMI (B) cohorts. (C and D) Histogram of the percent of the

exome covered by at least 10 reads per individual (x axis) by the number of of individuals (y axis) in the Wellderly (C) and ITMI (D) cohorts.
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Figure S2. COL25A1 Variant Validation, Related to Figure 4

Sanger validation traces of the COL25A1 rare variants observed in the Wellderly cohort.
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Wellderly Definition 
 
Exclusion Criteria: 

 
ICD-9:  149.*172.*, 174.*-198.*, 200.*-239.*, 289.0, 410.*-414.*, 429.2, 453.40, 415.1, 325, 
344.5, 362.34, 368.12, 433.00, 433.10, 433.20, 433.80, 433.8, 433.9, 434.00,434.10, 434.90, 
434.91, 435.0, 435.1, 435.3, 435.8, 435.9 436, 437.1, 437.6, 437.7, 437.8, 437.9, 438.20, 
438.50, 438.50, 438.81, 438.89, 438.9, 784.3, 784.69, V12.51, V12.54,434.91, 250.*, 585.*, 
V45.11, V56, 39.95, 714.0, 710.0, 710.1, 710.2, 710.3, 710.4, 710.5, 555.*, 556.*, 340, 331.0, 
332, 441.*, 437.3 
 
OR 
 
CPT: 566, 4110F, 90935, 90937  
 
OR 
 
Labs: HgbA1C > 6.5 or Gluc >200 
 
OR 
 
Medications: clopidogrel, plavix, prasugrel, effient, ticagrelor, brilinta, cilostazol, pletal,  
dipyridamole, aggrenox, persantine, ticlopidine, ticlid, donepezil, aricept, rivastigmine, exelon, 
galantamine, nivalin, razadyne, reminyl, lycoremine, cognex, tacrine 
`````````````````````````````````````````````````````````````````````````````````````````````````````````````````````````````` 
Notes: 

 Any Cancer (including polycythemia (289.0) and Melanoma (172.*, V10.82); excluding 
basal or squamous cell skin cancer). (149.*172.*, 174.*-198.*, 200.*-239.*) 

 Coronary Artery Disease (411.*-414.*, 429.*)/Myocardial Infarction (410.*) (CPT 566 – 
anesthesia for direct CABG w/o pump oxygenator, 4110F – internal mammary artery 
graft performed for primary, isolated CABG) 

 Stroke (325, 344.5, 362.34, 368.12, 433.00, 433.10, 433.20, 433.80, 433.8, 433.9, 
434.00,434.10, 434.90, 434.91, 435.0, 435.1, 435.3, 435.8, 435.9 436, 437.1, 437.6, 
437.7, 437.8, 437.9, 438.20, 438.50, 438.50, 438.81, 438.89, 438.9, 784.3, 784.69, 
V12.51, V12.54,434.91) /TIA (435.9) 

 Deep Vein Thrombosis  (453.40)/Pulmonary Embolus (415.1) 

 Chronic Renal Disease (585.*)/Hemodialysis (V45.11, V56, 39.95, cpt: 90935, 90937) 

 Significant Auto-immune/Inflammatory conditions such as (Rheumatoid Arthritis (714.0, 
Lupus & other diffuse diseases of connective tissue (710.0), Crohn’s (555.*), Ulcerative 
colitis (556.*), MS (340) etc.) 

 Alzheimer (331.0)/Parkinson (332) 

 Diabetes (Hemoglobin A1C > 6.5 % or fasting glucose >126 mg/dL or treated with oral 
diabetic medication or insulin if known) 

 Aortic or Cerebral Aneurysm (441.*, 437.3) 

 Anti-platelet agents, not including aspirin (ex.:clopidogrel/plavix, dipyridamole/aggrenox/ 
persantine, ticlopidine/ticlid) 

 Cholinesterase inhibitor for Alzheimer disease (i.e. donepezil/Aricept) 
 
Allowed Basal/Squamous Skin Cancer Definition: 

Histology: 



80702 - Squamous cell carcinoma in situ, NOS 

80703 - Squamous cell carcinoma, NOS 

80712 - Sq. cell carcinoma, keratinizing, NOS, in situ 

80713 - Squamous cell carcinoma, keratinizing, NOS 

80722 - Sq. cell carcinoma, lg cell non-ker., situ 

80723 - Squamous cell carcinoma, lg cell, nonkeratinizing, NOS 

80733 - Squamous cell carcinoma, sm cell, nonkeratinizing 

80743 - Squamous cell carcinoma, spindle cell 

80753 - Squamous cell carcinoma, adenoid 

80762 - Squamous cell carcinoma in situ, question stromal inv 

80763 - Squamous cell carcinoma, microinvasive 

80772 - Squamous intraepithelial neoplasia, grade III 

80783 - Squamous cell carcinoma with horn formation 

80802 - Queyrat erythroplasia 

80812 - Bowen disease 

80823 - Lymphoepithelial carcinoma 

80833 - Basaloid squamous cell carcinoma 

80843 - Squamous cell carcinoma, clear cell type 

80901 - Basal cell tumor 

80903 - Basal cell carcinoma, NOS 

80913 - Basal cell carcinoma, multifocal superficial 

80923 - Basal cell carcinoma, infiltrating, NOS 

80933 - Basal cell carcinoma, fibroepithelial 

80943 - Basosquamous carcinoma 

80953 - Metatypical carcinoma 

80960 - Intraepidermal epithelioma of Jadassohn 

80973 - Basal cell carcinoma, nodular 

80983 - Adenoid basal carcinoma 

 
AND 
 
Primary Site: 

C440 - Skin of lip 

C441 - Eyelid 

C442 - External ear 

C443 - Skin of other/unspecified parts of face, NOS 

C444 - Skin of scalp and neck 

C445 - Skin of trunk 

C446 - Skin of upper limb and shoulder 

C447 - Skin of lower limb and hip 

C448 - Skin, overlapping lesion 

C449 - Skin, NOS 

 
  



Gene Lists Considered for Pathogenic Variant Burden Analysis 
 
Hereditary Dementia: ALS2, ANG, APP, ATP13A2, ATXN2, C9orf72, CHGB, CHMP2B, DCTN1, 
DNAJC6, EIF4G1, ERBB4, FBXO7, FIG4, FUS, GIGYF2, GRN, HNRNPA1, HTRA2, LRRK2, 
MAPT, MATR3, NEFH, OPTN, PARK2, PARK7, PFN1, PINK1, PLA2G6, PRNP, PRPH2, 
PSEN1, PSEN2, SETX, SIGMAR1, SNCA, SOD1, SORL1, SPG20, SYNJ1, TARDBP, TREM2, 
UBQLN2, VAPB, VCP, VEGFA, VPS35, VPS54 
 
Hereditary Cancer: AIP, APC, ARID1A, ARID1B, ATM, AXIN2, BAP1, BARD1, BHD, BLM, 
BMPR1A, BRCA1, BRCA2, BRIP1, BTBD12, BUB1B, C17orf68, CDC73, CDH1, CDKN1A, 
CDKN1B, CDKN1C, CDKN2A, CDKN2B, CDKN2C, CHEK2, CREBBP, CYLD, DDB2, DICER1, 
DKC1, DNMT3A, EP300, EPCAM, ERCC1, ERCC2, ERCC3, ERCC4, ERCC5, ERCC6, 
ERCC8, EXO1, EXT1, EXT2, FANCA, FANCB, FANCC, FANCD2, FANCE, FANCF, FANCG, 
FANCI, FANCL, FANCM, FH, FLCN, GPC3, HNF1A, MAX, MEN1, MINPP1, MITF, MLH1, 
MLH3, MRE11A, MSH2, MSH3, MSH6, MUTYH, NBN, NF1, NF2, NHP2, NOP10, PALB2, 
PAX3, PHOX2B, PMS1, PMS2, POLD1, POLE, POLE1, POLH, PRF1, PRKAR1A, PTCH1, 
PTCH2, PTEN, PTPN11, RAD50, RAD51, RAD51C, RAD51L3, RB1, RECQL4, SBDS, SDHA, 
SDHB, SDHC, SDHD, SETBP1, SMAD4, SMARCA4, SMARCB1, SMARCE1, SOS1, SPRED1, 
STK11, SUFU, TERC, TERT, TET2, TGFBR1, TGFBR2, TINF2, TMEM127, TP53, TRAD, 
TSC1, TSC2, VHL, WRAP53, WRN, WT1, XPA, XPC 
 
Common Monogenic Disorders: ACTA2, ACTC1, APC, APOB, BRCA1, BRCA2, CACNA1S, 
COL3A1, DSC2, DSG2, DSP, FBN1, GLA, KCNH2, KCNQ1, LDLR, LMNA, MEN1, MLH1, 
MSH2, MSH6, MUTYH, MYBPC3, MYH11, MYH7, MYL2, MYL3, MYLK, NF2, NTRK1, PCSK9, 
PKP2, PMS2, PRKAG2, PTEN, RB1, RET, RYR1, RYR2, SCN5A, SDHAF2, SDHB, SDHC, 
SDHD, SMAD3, STK11, TGFBR1, TGFBR2, TMEM43, TNNI3, TNNT2, TP53, TPM1, TSC1, 
TSC2, VHL, WT1 
 
 
  



Supplemental Table S1. Variant Filtration, Related to Experimental Methods 

 
The number of variants removed per applied filter, broken down into rare (<1%), uncommon (1-
5%) and common (>5%) variants. The cumulative total number of remaining variants is provided 
in the last row.  
  

 Total Wellderly Cohort ITMI Cohort 

Allele Frequency  <1% 1-5% >5% <1% 1-5% >5% 

Initial High Quality 
Variants 56,887,341 24,439,069 3,777,909 7,739,481 30,472,344 3,843,365 7,772,707 

General Variant Filters (Removed Variants) 

Clustered Variants 1,305,783 412,513 170,698 403,490 496,871 172,499 406,755 

>10% Missing 
Genotypes 9,526,728 3,514,510 1,244,089 1,822,760 4,412,033 1,271,645 1,848,517 

Median coverage <10X 
or >100X 2,622,779 828,151 337,967 461,672 1,107,028 356,713 471,803 

Simple Repeats 3,425,306 1,363,932 418,611 465,471 1,701,690 430,274 477,092 

Homopolymers 4,085,185 1,714,722 532,059 689,790 2,077,450 556,730 706,350 

Segmental 
Duplications 1,943,622 784,314 178,215 339,714 973,344 177,628 340,475 

Microsatellite Repeats 79,408 26,231 13,758 11,476 34,135 14,429 11,856 

RepeatMasker 2,940,350 1,135,809 365,459 406,269 1,437,468 375,744 416,136 

Hardy-Weinberg 
Equilibrium 277,589 77,243 27,178 146,294 85,218 29,204 147,297 

Non-unique 36mers 16,804,012 7,146,073 1,422,546 2,227,868 8,896,445 1,450,058 2,248,024 

Total (Remaining Variants) 

Total Variants 
Remaining 33,457,609 14,584,108 1,783,087 4,346,334 18,200,688 1,812,835 4,350,062 

Uncommon (AF<5%) Variant Filters (Removed Variants) 

Allele Depth 9,252,058 3,787,460 1,637,989 0 4,932,158 1,671,807 0 

Total (Remaining Variants) 

Total Variants 
Remaining 24,205,551 10,796,648 145,098 4,346,334 13,268,530 141,028 4,350,062 



Supplemental Table S2. Variant Characteristics, Related to Experimental Methods 
 
  Wellderly Cohort ITMI Cohort 
# Samples 511 686 
AF <1% 1-5% >5% <1% 1-5% >5% 
Total # of SNPs 10,256,574 134,656 4,075,203 13,105,508 130,673 4,078,917 
     # Nonsense 2,181 21 161 2,827 23 161 
     # Splice-Site 1,403 7 175 1,780 9 175 
     # Missense 92,219 754 14,751 119,210 723 14,764 
     # Synonymous 53,061 540 16,513 67,989 553 16,487 
     # Intronic 4,602,856 57,242 1,732,378 5,876,739 55,588 1,733,611 
     # Intergenic 5,504,854 76,092 2,311,225 7,036,963 73,777 2,313,719 
Total # of INDELS 540,074 10,442 271,131 163,022 10,355 271,145 
     # Frameshift 2,587 27 252 881 21 252 
     # In-frame 1,135 13 204 353 17 200 
     # Splice-Site 54 1 4 34 2 3 
     # Intronic 247,887 4,629 121,615 70,177 4,600 121,626 
     # Intergenic 288,411 5,772 149,056 91,577 5,715 149,064 

 
The number of variants identified in each cohort, broken down by coding impact, and allele 
frequency class - rare (<1%), uncommon (1-5%) and common (>5%) variants.  
  



 
Supplemental Table S7. COL25A1 Variants, Related to Figure 4 
 

Position cDNA 
Change Coding Change Wellderly 

Alleles 
ITMI 

Alleles 
Frequency in 

ExAC 

chr4:109745309 A>C COL25A1 
c.1866T>G 

COL25A1 
p.H622Q 1 0 N/A 

chr4:109766364 G>A COL25A1 
c.1559C>T 

COL25A1 
p.P520L 1 0 0.01242% 

chr4:109782121 G>A COL25A1 
c.1204C>T 

COL25A1 
p.R402C 2 0 0.01328% 

chr4:109783680 T>C COL25A1 
c.1174A>G 

COL25A1 
p.T392A 1 0 N/A 

chr4:109858999 C>A COL25A1 
c.673G>T 

COL25A1 
p.G225C 1 0 N/A 

chr4:109862574 T>C COL25A1 
c.512A>G 

COL25A1 
p.N171S 1 0 0.00166% 

chr4:110221759 G>A COL25A1 
c.347C>T 

COL25A1 
p.S116L 1 0 N/A 

chr4:110222997 T>C COL25A1 
c.179A>G 

COL25A1 
p.Q60R 1 0 0.00994% 

chr4:110223033 G>A COL25A1 
c.143C>T 

COL25A1 
p.S48F 1 0 0.00249% 

 
The COL25A1 variants observed in this study is displayed with the cDNA and protein impact, counts per 
cohort, and allele frequency in the Exome Aggregation Consortium cohort. 
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