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Abstract

Recently we have shown that the human life span is influenced jointly by many common single-nucleotide
polymorphisms (SNPs), each with a small individual effect. Here we investigate further the polygenic influence
on life span and discuss its possible biological mechanisms. First we identified six sets of prolongevity SNP
alleles in the Framingham Heart Study 550K SNPs data, using six different statistical procedures (normal linear,
Cox, and logistic regressions; generalized estimation equation; mixed model; gene frequency method). We then
estimated joint effects of these SNPs on human survival. We found that alleles in each set show significant
additive influence on life span. Twenty-seven SNPs comprised the overlapping set of SNPs that influenced life
span, regardless of the statistical procedure. The majority of these SNPs (74%) were within genes, compared to
40% of SNPs in the original 550K set. We then performed a review of current literature on functions of genes
closest to these 27 SNPs. The review showed that the respective genes are largely involved in aging, cancer, and
brain disorders. We concluded that polygenic effects can explain a substantial portion of genetic influence on life
span. Composition of the set of prolongevity alleles depends on the statistical procedure used for the allele
selection. At the same time, there is a core set of longevity alleles that are selected with all statistical procedures.
Functional relevance of respective genes to aging and major diseases supports causal relationships between the
identified SNPs and life span. The fact that genes found in our and other genetic association studies of aging/
longevity have similar functions indicates high chances of true positive associations for corresponding genetic
variants.

Introduction

ECENT GENOME-WIDE ASSOCIATION STUDIES (GWAS) of

life span and other complex traits' have shown that
such traits can be affected by the joint influence of large
numbers of common single-nucleotide polymorphisms
(SNPs), each having small individual effects and little pre-
dictive value. The results of these studies indicate an urgent
need for advancing methods of evaluating the joint effects of
SNP alleles on aging and longevity and investigating bio-
logical mechanisms of such joint influence.

Individual small-effect, low-significance SNP alleles have
been observed in many GWAS of complex traits, including life
span*”; however, such variants were typically excluded from
further analyses. This is because respective studies considered
only individual (and not collective) SNP effects on the traits of
interest, which required extremely low p value thresholds to
reach a genome-wide significance level for the individual ef-

fects. The criteria for associating a single genetic variant with a
trait in GWAS are based on comparison of p values resulting
from testing the null hypotheses regarding the absence of the
variant effect on life span, with a threshold that is supposed to
take into account the need for multiple comparisons; this
typically leads to p values below 1077

Addressing the joint influence of alleles, each with a
small/low significant effect, could help both to significantly
improve efficiency of the use of genome-wide SNP data and
to explain a substantial part of so called “missing heritabili-
ty” of complex traits,® including the aging-related ones. Re-
cent GWAS' 10 strongly support this idea demonstrating
that life span and other complex traits, such as height and
body mass index (BMI), are significantly influenced by large
numbers of jointly acting, common SNPs, each with a small
individual effect. However, the SNP alleles in these studies
were typically selected using one or two statistical models,
which might not be sufficient for meaningful interpretation
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of the study results, because different statistical models may
potentially yield different numbers of SNPs influencing the
trait of interest. This stresses the importance of advancing
statistical approaches to analyses of joint genetic effects on
aging and longevity. Indeed, the potential influence of a
genetic variant on life span can be described by not just one
but by many different statistical models. The use of different
models might result in different estimates of the effect size
and in different p values for the same SNP allele, so that the
results of selection (i.e., composition of the set of longevity
alleles), and hence conclusions about genetics of life span,
may depend substantially on the statistical model used in the
allele selection procedure. Controlling for different observed
covariates may add variability to the results of analyses.

To address this problem and enhance the efficiency of
studying joint genetic effects on aging/longevity traits in this
paper, we first used six statistical models for allele selection
procedures: (1) Normal linear (N), (2) Cox (C), and (3) lo-
gistic (L) regressions; (4) generalized estimation equation
(GEE); (5) mixed model (MM); and (6) gene frequency (GF)
method. Then we evaluated the joint influence of SNP alleles
selected with each of the six methods on life span, as well as
the effect on life span of the SNPs from the overlapping set of
alleles selected with all of the six statistical procedures. In all
regression methods, possible effects of observed covariates
on the results of selection were taken into account. These
include gender, birth cohort, and smoking status, taken from
the original cohort data of the Framingham Heart Study
(FHS). Then we used SNP alleles influencing life span in the
FHS Original cohort to predict the relationship between the
number of “longevity” alleles and life span in the FHS Off-
spring cohort.

Finally, we reviewed current literature and online infor-
mation sources to explore functional properties of genes re-
lated to “longevity” SNPs in the overlapping set of SNPs
selected in the six statistical procedures. The findings that
corresponding genes have functional relevance to physio-
logical aging and/or aging-associated health disorders
would support a causal relationship between these SNPs and
life span.

Data and Methods
Framingham Study Data

In this study, we used genetic and nongenetic data for the
FHS Original and Offspring cohorts. The FHS Original co-
hort was launched at Exam 1 in 1948 (9/1948-4/1953) and
has continued with biennial examinations to the present. The
FHS Original cohort consists of 5,209 respondents (55% fe-
males) aged 28-62 years residing in Framingham, Massa-
chusetts, between 1948 and 1951."" Nearly all subjects were
Caucasians. Examination included an interview, physical
examination, and laboratory tests.

The Offspring cohort (FHSO) was launched at Exam 1 in
1971 (8/1971-9/1975) and has on average been examined
every 3—4 years since enrollment. The FHSO dataset consists
of a sample of 3,514 biological descendants of the Original
cohort, 1,576 of their spouses, and 34 adopted Offspring for a
total sample of 5,124 subjects (52% females).'">'> The FHSO
subjects were enrolled in 1971-1975 using research protocols
similar to those of the FHS, so that comparisons of the results
from the FHSO and the FHS could be made.
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About 9,300 individuals from all generations of the FHS
were genotyped for about 550,000 SNPs using Affymetrix
500K (genome-wide) and 50K (enriched with SNPs within
genes) mapping arrays, overall representing a significant
part of human genome variability. On average, 40% of SNPs
were located within genes in the combined 550K set. In this
study, we used information about 1,471 genotyped partici-
pants of the FHS Original cohort who passed quality control
(QQ), including 1,173 individuals for whom life spans were
available. Information about 517 individuals (all deceased)
from the FHSO cohort was used for validating the connec-
tion between life span and genetic variants in this cohort
using “longevity” alleles obtained in the analyses on the
original FHS cohort. Individual information on the SNP
genotyping and phenotypic traits collected in the FHS was
obtained through the dbGaP web site, upon request for con-
trolled access for individual level data (www.ncbinlm.nih
.gov/projects/gap/cgi-bin/study.cgi?study_id = phs000007.v3
.p2/). The histograms of the life span distribution for two
groups of deceased individuals (genotyped +nongenotyped
and genotyped) from the original FHS cohort are shown in
Fig. 1, a and b, respectively.
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FIG.1. The histograms of life span distribution for (a) 4,760

deceased (genotyped and nongenotyped) and (b) 1,173 de-
ceased genotyped individuals from the original Framinghan
Heart Study (FHS) cohort.
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The use of the Shapiro-Wilk test indicates that the normal
approximation of the life span distribution for genotyped
individuals can be used (for more information about other
descriptive statistics relevant to these analyses, see Supple-
mental Material (www liebertpub.com/rej).

QC procedure

Following Lunetta et al.* we applied a GWAS QC proce-
dure (call rate>80%; minor allele frequency [MAF]>1%;
Hardy-Weinberg equilibrium [HWE]>10"7) to the data on
genotyped (550K SNPs) individuals from the original cohort
in the FHS. (See Table S1 and Fig. S3 in Supplemental Data for
additional information concerning call rates and other infor-
mation about selected SNPs; see also Discussion section).

Identifying “longevity” alleles

To identify “longevity” alleles, we applied six different
statistical procedures to selecting individual SNP alleles for
their positive effect on life span, using 550K SNP data and
the FHS original cohort genotyped sample. These procedures
use N regression , the GEE approach, MM, C regression, L
regression, and GF method. Because the use of the different
procedures is likely to result in different sets of “longevity”
alleles, we will distinguish them using the notions of GEE-
alleles, MM-alleles, N-alleles, C-alleles, L-alleles, and GF-
alleles, meaning that the selection procedure used general
estimation equation, mixed model, normal, Cox, logistic re-
gressions, or the gene frequency method, respectively. In
case of the N-, GEE, MM-, and C- models, life span was
considered as a dependent variable. In the L-model, the in-
dicator of the event that life span exceeded the age of 90
years, I(LS>90), was considered as a dependent variable. We
use 90 years as the cutoff age for longevity to have enough
individuals who survived the cutoff age. This also allowed
us to compare the results of our analyses with those of other
studies® in which the same cutoff age has been used. In all
five regression models, selection was performed controlling
for gender, birth year, and smoking status (ever or never
smoked).

Seven sets of “longevity” alleles

The six sets of “longevity” alleles identified using six dif-
ferent statistical procedures may consist of different numbers
of such alleles. To be sure that our results were independent
from the method of alleles selection, we also considered the
set of SNP alleles at the intersection (I) of the six sets. Each
allele in this set was thus selected using all of the six statis-
tical procedures. We call such alleles “I-longevity alleles,”
meaning “I” for “intersection.” Thus, altogether we obtained
seven sets of longevity alleles.

Evaluating additive (polygenic) genetic
effects on life span

For each genotyped individual in the original FHS cohort,
and for each of the seven sets of longevity alleles, we cal-
culated the value of polygenic score index—the number of
genetic variants contained in a person’s genome (genetic
dose). Then we estimated parameters of seven linear re-
gression models, considering life span as a dependent and
the polygenic score as an independent variables.'”
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Validating polygenic influence on lifespan
in the FHSO cohort

To be sure that “longevity” alleles from each of the six sets
had a joint effect on life span, not only in population of the
FHS original cohort but also in population of other individ-
uals (whose genetic information was not used in the allele
selection procedure), we calculated values of respective in-
dices for each of the 517 individuals from the FHSO cohort.
Then we estimated parameters of linear regressions consid-
ering life span as a function of respective indices.

Analyses and Results
Normal regression

The N regression procedure for selecting longevity alleles
(with p value threshold <10~7) was applied to 1,173 mem-
bers of the original FHS cohort who passed the QC proce-
dure and for whom life span data were available. The
implementation of this procedure resulted in 823 N-longevity
alleles.

The GEE method

The GEE procedure for selecting longevity alleles (with
p<10~7) was applied to 1,173 members of the original FHS
cohort, taking into account sib relationships among indi-
viduals. The implementation of this procedure resulted in
1217 GEE-longevity alleles.

Mixed model

The MM regression procedure for selecting longevity al-
leles (with p<10~7) was applied to the data on 1,173 mem-
bers of the original FHS cohort, taking into account sib
relationships among individuals. In this model, the observed
covariates, including SNP genotypes, were considered as
fixed-effects components, and the random effect was mod-
eled as a random variable having the multivariate normal
distribution with zero mean and covariance matrix defined
as Ro, where R is the relationship matrix and ¢ is the additive
genetic variance due to polygenic relationships among re-
lated individuals. The implementation of this procedure re-
sulted in 1,202 MM-longevity alleles.

Cox regression

The C regression procedure for selecting longevity alleles
was applied to 1,441 members of the original FHS cohort
who passed the QC procedure. This number is larger than
that used in normal regression because Cox regression al-
lows for dealing with individuals which life spans are cen-
sored (e.g., some study participants are alive). The procedure
selected SNP variants for which the estimate of the regres-
sion parameter was negative and significant with p<10~7.
This procedure resulted in selection of 3,683 C-longevity
alleles.

Logistic regression

The L regression procedure for selecting longevity alleles
considered survival to the age of 90 years as longevity phe-
notype. The procedure was applied to 1,331 individuals. This
number differs from the two methods above because
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individuals censored before the age 90 were excluded from
the analyses (e.g., alive individuals, whose age did not ex-
ceed 90 years). Similar to other regressions, this procedure
also controlled for the same observed covariates. It is im-
portant to note that the use of the selection threshold p<10~7
(as in four procedures above) did not produce any longev-
ity alleles. An increase of this threshold up to p<10~*
resulted in selection of 97 L-longevity alleles.

Gene frequency method

This method does not allow us to control for observed
covariates. We compared gene frequencies in three age
groups: 60-75, 75-85, and 85+. The SNP allele was assigned
to be a longevity allele if its frequency increased at the in-
terval of aging and if this increase was statistically signifi-
cant. We used p<10~* as the level of significance for
selecting longevity alleles. The use of smaller p values for
selecting longevity alleles failed to select any genetic variant.
As a result of this procedure, 52 GF-longevity alleles were
selected.

I-longevity alleles

The intersection of the four sets of longevity alleles se-
lected by each of four methods resulted in the new set of 27 I-
longevity alleles. All alleles passed the test for the linkage
disequilibrium. The list of respective SNPs and change in
their MAFs over age is shown in Table 1. Note that alto-

TABLE 1. MINOR ALLELE FREQUENCIES FOR 27
“LONGEVITY” SINGLE-NUCLEOTIDE POLYMORPHISMS
AT DIFFERENT AGES

MAF MAF MAF P: 85-105
SNP (60-75) (75-85) (85-105) vs. 60-75
rs3800358 25.90% 28.10% 31.60% 5.41E-03
151974676 35.40% 38.80% 41.60% 4.96E-03
rs1834497 44.70% 47.20% 50.40% 9.79E-03
152590504 37.30% 38.90% 43.20% 8.54E-03
152024714 26.80% 30.00% 35.30% 7.43E-05
rs41383 25.00% 28.10% 31.00% 4.55E-03
1516975963 46.70% 49.60% 53.30% 7.13E-03
rs13008689 23.20% 25.60% 28.50% 6.86E-03
rs3120819 42.10% 43.80% 48.40% 8.06E-03
159876781 34.90% 37.80% 42.40% 8.68E-04
rs9517320 30.80% 33.30% 37.70% 2.04E-03
15139170 34.70% 37.70% 41.40% 3.32E-03
rs4648884 27.70% 30.50% 33.00% 9.92E-03
15739401 32.40% 35.60% 39.50% 1.54E-03
1510256972 36.50% 38.90% 43.60% 2.24E-03
rs10937739 41.90% 44.40% 48.40% 4.04E-03
15771675 30.90% 32.90% 36.50% 9.85E-03
1512623542 36.70% 39.20% 44.00% 1.92E-03
1s9616906 22.70% 25.70% 30.80% 9.36E-05
rs13053175 28.00% 30.40% 33.60% 6.97E-03
rs4148544 24.60% 27.30% 29.70% 9.77E-03
152370413 35.20% 38.70% 42.60% 1.10E-03
rs10819510 26.50% 29.20% 32.00% 7.74E-03
rs1205035 36.20% 38.20% 42.00% 9.83E-03
rs432203 38.00% 40.90% 44.30% 7.79E-03
rs1327533 25.30% 28.90% 33.70% 3.56E-04
152826891 36.50% 40.00% 43.10% 4.02E-03

SNP, Single-nucleotide polymorphism; MAF, minor allele frequency.
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gether we obtained seven sets of longevity SNP alleles: Six
model-specific sets and one intersection set.

The results of evaluating polygenic influence on life span
obtained by applying linear regression without observed
covariates to the life span data in the original FHS cohort are
shown in Table 2 for each of seven sets of selected genetic
variants. One can see that each relationship explains a sub-
stantial portion of the phenotypic variance. In all cases, the
values of the slope (as well as the intercept) associated
with polygenic effects were highly statistically significant
(p<10~"). We repeated these analyses controlling for observed
covariates, including gender, birth cohort, and smoking
status (ever, or never smoking). In all cases, the polygenic
effects were highly statistically significant.

To test whether longevity alleles obtained from the data
on the FHS Original cohort jointly influence life span in the
Offspring cohort, we calculated the values of the seven
polygenic score indices for each of the 517 deceased indi-
viduals from the FHSO cohort. Then we estimated parame-
ters of seven linear regressions considering life span as a
function of each of the polygenic score indices. The per-
centages of life span variance in the FHSO cohort explained
by each of seven sets of genetic variants selected from the
data on the original cohort are shown in Table 2.

In each of seven cases and in both FHS cohorts, the esti-
mates of the slope (as well as the intercept) parameter were
positive and highly statistically significant (p<10~%). We
also observed that individuals in the FHSO cohort having
larger numbers of longevity alleles taken from the I-set with
27 such alleles had better survival than those from the same
cohort who have a smaller number of such alleles in their
genome (see Fig. S1 in Supplemental Data). Note that the
difference in survival functions for carriers of different
numbers of longevity alleles does not prove that the 27 de-
tected genetic variants are true positive longevity alleles. The
fact that individuals from both FHS cohorts were genotyped
on the same chip can lead to apparently robust false-positive
findings.

Additional arguments confirming that detected genetic
variants are linked to life span could come from three
sources of information from: (1) The new GWAS performed
with independent populations; (2) the results obtained in
earlier GWAS on independent populations performed by
other researchers; or (3) the fact that genes linked to detected
variants belong to established metabolic pathways involved
in the regulation of aging and life span. Such pathways have
been identified in a number of earlier studies using inde-
pendent populations. In this paper we investigated the third
source of information mentioned above.

Genes closest to the 27 I-longevity SNPs:
Their roles in aging and health

The fact that the 27 I-longevity alleles jointly significantly
influenced life span, regardless of the statistical method used
for their selection, indicates potential functional significance
of respective genes in physiological aging and/or age-
associated diseases, because both the aging and the diseases
are major contributors to life span. To see if this is the case,
we looked for where these 27 SNPs are located in the genome
and conducted a review of current knowledge on biological
functions (established or suggested) of genes closest to these
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TABLE 2. RESULTS OF ANALYSES OF JOINT EFFECTS OF “LONGEVITY” ALLELES ON LIFE SPAN
GEE Normal Cox Logistic GF MM Intersection
N ina 1,173 1,173 1,471 1,331 1,471 1,173 1471
N snps 1,217 823 3,683 97 52 1,202 27
zorig 16.6% 16.9% 13% 16% 16.1% 18.5% 14.4%
R 10.6% 10.3% 6% 9% 8.3% 10.2% 8.2%

The first six columns show the effect of SNP alleles on life span for each of the six models used in the allele selection procedure. The last
column shows this effect for the intersection set (of I-longevity alleles). The rows in the table denote: Ning, number of individuals frorn the
FHS original cohort, which data were used in the alleles selection procedures; Ngnps, number of SNPs selected with respectlve model; R? origs
percent of life span variance in the FHS original cohort explained by respective model; R%, percent of life span variance in the FHS offspring

cohort explained by the respective model.

GEE, Generalized estimation equation; normal, normal linear regression; Cox, Cox regression; logistic, logistic regression; MM, mixed
model; GF, gene-frequency method; SNP, single-nucleotide polymorphism.

SNPs. For this, we used peer-review publications available
through PubMed, as well as online sources of genetic infor-
mation, such as NCBI Entrez SNP, Entrez Gene, GeneCards,
OMIM, KEGG, PANTHER, Your Favorite Gene (powered by
Ingenuity), and some others. The results are summarized in
Tables 3 and 4.

This review resulted in a number of important findings:

1. The majority (74%) of SNPs from the core set of 27 SNPs
were located within genes, compared to only 40% of
SNPs in the original 550K set. This supports poten-
tial functional relevance of these SNPs for achieving
longevity.

2. A total of 80% (16 of 20) of those longevity SNPs that
were located within genes are intronic. No longevity
SNPs were found in exons. This finding is important
because it suggests that the identified genetic effects on
longevity might be linked to changes in protein con-
centrations rather than to the changes in protein struc-
ture. Indeed, introns may perform various jobs, such as
alternative splicing or regulation of gene transcription
levels with the help of an enhancer located in the intron.
The latter is the reason why intronic polymorphisms
may have functional effects, even when the introns are
not translated. When activated by a transcription factor,
the enhancer may increase the level of gene expression
several-fold, which in turn will increase the yield of a
respective protein. Therefore, polymorphisms in in-
tronic enhancers may potentially significantly affect the
balance of protein concentrations, without any changes
in the protein structures, thus providing the possible
mechanism of their influence on life span. To see if this
is the case, it is necessary to connect the results of SNP
genotyping with the results of the analyses of expres-
sion of respective genes and proteins in a further study.
Currently, there is indirect evidence in support of such
mechanism. One of the authors of this paper (Dr. Wu),
in an earlier work on nematode worms,'* demonstrated
a correlation between levels of gene—protein expression
and survival, not related to the changes in gene—protein
structure (the worms were genetically identical).

3. A review of functions and biological effects (known, as
well as suggested) of genes closest to the 27 I-longevity
SNPs revealed that biological processes most often as-
sociated with these genes are cell growth/proliferation,
apoptosis, cell adhesion, and neural activities (such as
information processing, response to damage, synaptic

plasticity, and memory formation). Other (less com-
mon) processes were inflammation, detoxification, and
replicative senescence. Health outcomes predominantly
associated with these genes were cancer and brain
disorders. Other (less common and mostly suggestive)
associations were with CVDs and asthma.

Discussion
Potential mechanisms connecting genes and life span

A closer look on findings shown in Tables 3 and 4 allows
for clarifying important features of mechanisms connecting
genes and life span. The detected genes are typically multi-
functional, with overlapping functions, so that each gene can
contribute to several cell functions, and each function is
supported by several genes. The latter provides support for
the polygenic influence with potentially interchangeable and
additive effects of the identified SNPs on life span.

A substantial part of the genes closest to the 27 longevity
SNPs (26% of all loci, and 35% of the SNPs located within
genes) are involved in regulating cell growth/proliferation
and apoptosis (Tables 3 and 4). These cell responses and
relevant pathways are thought to be the key players in
physiological aging and linked to the decline in stress resis-
tance. The pathways regulating growth/ proliferation and
apoptosis are known to be deeply interacting,'>'® so that the
collective effects of genes involved in relevant pathways on
life span could be expected.

Also a substantial number of the genes closest to I-lon-
gevity SNPs are involved in cell-cell and focal adhesion
(CDH4, SVEP1, NCAM2, RAC2, PARVG, RUNX3). The
portion of the SNPs related to the adhesion genes was sur-
prisingly large (22% of all I-longevity SNPs, and 30% of the I-
longevity SNPs located within genes). One of the genes
(CDH4) was also identified in an earlier GWAS of brain
aging involving Framingham participants.'” Another one
(NCAM?2) is a close relative of the NCAM1 neural adhesion
gene featured in pathway analysis in the recent GWAS of life
span by Walter et al.'®

To understand mechanisms of the influence of cell adhe-
sion genes on life span, it is important to stress that these
genes may favor longevity through aging as well as cancer-
related processes,lg’21 and this influence may potentially
involve significant tradeoffs; e.g., Hong et al.'® found that cell
adhesion genes in mice were overactivated by the aging
process, whereas calorie restriction (the only proved
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TABLE 4. EXAMPLES OF SIMILARITY IN FUNCTIONS AND PHENOTYPIC EFFECTS OF “LONGEVITY”
OR “AGING” GENES FOUND IN OUR AND OTHER STUDIES

Genes closest to I-longevity
SNPs from our study

Biological processes/disorders
associated with these genes

Examples of “longevity” or “aging” genes
from other studies that have been linked
to similar biological processes or health
disorders as genes in our study

KIAA0649; STK24; PPP2R2C;
TGFA; RAC2

RP11-24C3.2; PPP2R2C; RUNXS3;
CDH4; CARS; PARVG

CDH4; SVEP1; NCAM2; RAC2;
PARVG; RUNX3

CLSTN2; HPCAL1; CDH4; STK24;
TGFA; FAM19A5; PPP2R2C;
NCAM2, CACNA1C

NLRC5; FAM19A5; RAC2;
RUNX3

ABCC4

cancer

Cell adhesion

Central nervous system

of xenobiotics

Cell growth; proliferation;

Growth arrest; senescence;
apoptosis; tumor suppression

information processing; brain
aging; brain disorders; memory
Immunity; inflammation

Detoxification; metabolism

IGF-1%; MINPP1°%; LMO4'8
p537%; p21%; FOXO3A"?!; p16Ink4a®

plé6Ink4a®; set of 478 aging- and 586 CR-related
mouse geneslg; CDH4'7; NCAM1'®

p53°%; Klotho’**°; CDH4'; TOMM 40, APOE,
LMO4, GRIA1, NETO1, NCAM1,
CACNA1C'®

Set of 478 agin%- and 586 CR-related
mouse genes 9; IL-10%°

GSTT177?

Some of the genes shown here are linked to multiple biological processes; therefore, the same gene name may appear in more than one row.

antiaging intervention so far) attenuated them. That is, the
lower level of cell adhesion was associated with the slower
physiological aging. In relation to interpretation of our study
results, this would mean that in cases where the adhesion
genes act together toward the lower level of the adhesion,
this could favor longevity due to the slower aging. On the
other hand, enhanced levels of cell adhesion were shown to
be protective against cancer.”” In this case, longevity SNPs
acting together toward the higher level of the cell adhesion
could favor longevity due to a lower cancer risk. This means
that to truly understand how the SNP alleles related to the
adhesion genes favor survival, one needs at least to know if
they down- or upregulate respective genes/proteins/path-
ways. It again stresses the importance of connecting the re-
sults of GWAS with the results of analyses of the genes/
proteins expression.

As Table 3 shows, the health effects of the genes related to
longevity SNPs focus mostly on cancer and brain disorders.
Roughly, about half of all genes in the table are shown to be
involved in cancer development, or at least in regulation of
highly relevant cell responses (proliferation, senescence, ap-
optosis, and adhesion). Therefore, one reason why the joint
contribution of respective genes is important for surviving
old age could be that certain alleles of these genes, acting
together, reduce cancer risk in individuals. Indeed, a ma-
jority of long-living people (at least nowadays) are those who
have managed to avoid cancer until very old age; e.g.,
Newman et al.® have been reported significantly less cancers
among those who survived age 90 compared to those who
did not.

Finally, about one-third of the genes closest to I-longevity
SNPs are involved in brain activities that are highly relevant
to brain aging (speed of information processing, brain re-
sponse to damage, and memory formation), and also in brain
disorders (Alzheimer disease [AD], Parkinson’s disease [PD],
bipolar disorder, and schizophrenia), most often through
calcium signaling pathways. As Table 3 shows, the possible
mechanisms of prolongevity effects of polymorphisms in
these genes may involve: (1) Slower brain aging and decline

in stress resistance (e.g., through delayed memory loss and
better brain regenerative response to damage), and (2) lower
susceptibility to brain disorders. It is not clear which mech-
anism is prevailing, or if there is a trade-off. Because brain
aging starts early in life,” typically long before the mani-
festation of aging in other organs and onsets of major dis-
eases, including in the brain, the brain aging could be a
causal factor contributing to brain disorders later in life.
Summarizing this part of the Discussion, the fact that
many of the identified genes participate in regulating both
aging and cancer, or both brain aging and brain disorders,
raises a question about distinguishing between the aging and
disease-related functional effects of SNP alleles that under-
line the increases in longevity. Do these alleles favor lon-
gevity mainly because they attenuate physiological aging
changes in body (and respective decline in stress resistance),
or mainly because they help to reduce risks and postpone
onsets of common diseases with high fatality rates, such as
cancer and AD? They may do both, but there may also be
trade-offs. For example, it is well known that risks of many
common diseases, including cancer and AD, typically decline
at older ages, when the overall risk of death continues to
increase.'®?® This indicates that there may be factors, in-
cluding genetic ones, that affect the age-associated increase
in vulnerability to death due to physiological aging (and
related decline in stress resistance), and risks of major dis-
eases, differently or even oppositely. For example, van
Heemst et al.** demonstrated that individuals with Pro/Pro
genotype of p53 corresponding to a reduced apoptosis in
cells had a significant increase in both overall survival (by
41%) and mortality from cancer. In another study, Orsted
et al.” found that the overall 12-year survival was increased
in p53 Pro/Pro versus Arg/Arg homozygotes despite po-
tential cancer-favoring properties of the former genotype.
Boquoi et al.** have recently reported that expression of a
key tumor suppressor protein pl6 (loss of which is associ-
ated with many human cancers) induced premature aging in
mice via blocking cell proliferation in normal tissues. This
consideration emphasizes the importance of taking into
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account the possibility of trade-offs between genetic factors
influencing aging and diseases (as well as between diseases),
when trying to explain mechanisms of the observed genetic
effects on life span.'®

False positives and replication issues

The large numbers of SNP alleles selected using N-, GEE-,
MM-, and C-methods, as well as substantial difference in
these numbers, indicate high chances of having false-positive
alleles in selected sets. The numbers of selected false-positive
alleles depends on the QC procedure. In our study, we used
the call rate>80%, HWE>10"7, and MAF>1%, which is
likely to be not stringent enough. More stringent QC proce-
dures (e.g., Fornage et al.”’ and O’Seaghdha et al.*) may
substantially reduce the number of false positives. Note that
intersection of the six sets of selected SNP alleles may sub-
stantially reduce the chances of having false positives in the
I-set and increase the chances of selecting true positive al-
leles. Table S1 in the Supplemental Data shows that 5 out of
27 SNPs (rs16975963, rs1327533, 1s432203, 1s41383,
rs3120819) have a call rate between 80% and 90%, 2 out of
remaining 22 SNPs (rs2370413, rs9616906) have a call rate
between 90% and 95%, and 3 out of remaining 20 SNPs
(rs12623542, rs13008689, rs1834497) have a call rate between
95% and 97%. The fact that 17 out of 27 selected SNPs passed
through the most stringent QC with the call rate of 97%
indicates high chances for them to be true positive alleles. It
is important to note that the 27 SNPs selected in our paper
passed through additional stringent QC procedure (which
was not used in the studies discussed above). They have
been selected in each of six different procedures based on
different statistical models (see Fig. S6 and Fig. S7 in Sup-
plemental Data concerning additional properties of selected
27 SNPs).

Note that replicating GWAS findings in a new study with
an independent population might be a less reliable and cost-
ineffective method of confirming true positive associations
compared to testing the roles of the detected genes in known
metabolic pathways. Indeed, with heritability in life span
about 25%, the environmental factors contribute up to 75% of
variability in this trait. Because environmental factors influ-
ence life span by activating appropriate genes from meta-
bolic pathways involved in the regulation of aging, health,
and longevity, distinct conditions might activate different
genes from the same or different pathways. Therefore, it is
likely that different sets of SNP alleles will be associated with
life span in the two independent populations, reducing
chances to replicate GWAS findings in independent popu-
lations. This conclusion is illustrated by the results of two
recent GWAS produced by established research groups,
where none of the previously identified longevity genes were
found.*?" Does it mean that earlier genetic studies of lon-
gevity produced false-positive results? Not necessarily. It is
most likely that the idea of replication using independent
population does not fully correspond to the multi-factorial
nature of complex traits.

It is important to point out that the selected 27 longevity
SNPs do not exhaust all SNP variants positively influencing
life span in a given dataset. The complexity of life span as a
phenotypic trait indicates that many other genes with small
effects might be involved in the regulation of life span.

YASHIN ET AL.

Moreover, the same gene may play prolongevity or antil-
ongevity roles dependent on the functioning of other genes,
meaning that its effect may be opposite in the two individ-
uals. They may be opposite in the same individual in dif-
ferent periods of his/her life and in different environments.
Statistical models used in the allele selection procedures es-
timate average effect of genetic variants on life span. That is
why the estimate of such an effect may be modified when the
number of individuals in a sample changes (e.g., as a result of
using different quality control procedure, or by adding a
portion of newly genotyped individuals to the initial sam-
ple). Similarly, the use of different statistical models in the
allele selection procedure provides researchers with different
approximations of the real connection between genes and life
span resulting in different subsets of selected genetic vari-
ants.

Lunetta et al.* performed GWAS using genetic data on
100K SNPs (Affymetrix 100K GeneChip) collected in partic-
ipants of the FHS Original and Offspring cohorts. The Cox
proportional hazards model was used to perform the re-
gression analysis of survival times from age at study entry to
age at death. Models were adjusted for a number of observed
covariates, including birth cohorts and behavioral and
physiological characteristics. The authors concluded that
longevity and aging traits are associated with a number of
SNPs; however, none of the associations achieved genome-
wide significance.

Newman et al.® performed a meta-analysis of GWAS of
longevity (defined as survival to age 90 years or older) in
Caucasians from four prospective cohort studies. The au-
thors found 273 SNPs associations with p<0.0001, but none
reached the prespecified significance level of 5x107°. The
authors concluded that survival studies of larger size or
more extreme or specific phenotypes may support or refine
their findings.

Taking into account the difficulties in detecting individual
longevity alleles with significant effects using traditional
GWAS, as well as the results of earlier studies evaluating
narrow-sense heritability of longevity between 15% and
30%,'%13% we recently tested the presence of the additive
genetic influence on life span, using the FHS data.’® Such
influence was demonstrated for other complex traits, such as
height.® To select respective alleles, Yashin et al.'” used a
linear regression model without observed covariates and
demonstrated that significant additive effects of common
SNPs on life span do exist. The results of our analyses
showed that detected sets of genetic variants depend on the
statistical model used in allele selection procedure, but also
have many genetic variants in common. These analyses also
showed that SNP alleles from each of the six sets have sub-
stantial joint genetic influence on life span, which was also
highly statistically significant. Thus, our study demonstrated
that six different methods used in the allele selection proce-
dure lead to the same conclusion: A substantial portion of
variability in human life span is associated with the additive
genetic component. This conclusion is in concert with the
results of recent studies of genetic contribution to variability
of complex traits.*

In the pregenomic era, the additive genetic contribution to
complex traits was a major focus of genetic studies of such
traits. Respective statistical models described phenotypic
traits as a sum of independent genetic and environmental
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components without interaction. The genetic influence on a
trait was characterized by the narrow-sense heritability, i.e.,
the proportion of phenotypic variance, explained by the
additive genetic component. Although, using today’s
knowledge about phenotypes (e.g., life span) and factors
affecting them, mathematical models used for heritability
calculations look oversimplified, many conclusions derived
from them have important practical meaning. For example,
the estimates of heritability have been used to measure se-
lection rate in breeding.** The presence of additive genetic
effects on phenotypic traits was also one of the key as-
sumptions in evolutionary models of natural selection.®
However, despite recognition of the importance of additive
genetic components in phenotypic variation of complex
traits, and a number of publicationsss'%’38 clearly demon-
strating the possibility of estimating this component from
available genome-wide SNP data, as well as the benefits of
using the estimate in analyses of genetic influence on com-
plex traits (e.g., risks of diseases), the potential of this ap-
proach for studying life span, ages at disease onset, or other
health-related durations remain largely underused.

The set of I-longevity alleles selected in these analyses
differs from that selected in our earlier paper,' although
these sets have nine genetic variants in common. This is
likely to be due to the differences in approaches to selecting
genetic variants associated with life span.

The longevity alleles selected in this study differ from
those selected in the studies of Lunetta et al.* and Newman
et al.® discussed above. As results of our study show, one
possible reason for this could be differences in the allele se-
lection procedures. The control for observed covariates was
also different. In contrast to Newman et al.,’ we did not
control for observed covariates that could be considered as
mediators of genetic influence on life span (e.g., physiological
variables) in our study. Although controlling for such cov-
ariates may reduce effects of nongenetic factors affecting life
span through these covariates, it may also reduce the num-
ber of selected genetic variants affecting this trait (see also
Supplemental Data).

The SNPs identified in our study do not have exact
overlaps with the SNPs found in other recent GWAS of
longevity.>”'® While recognizing all the possible statistical
reasons for such lack of replication (discussed above), it is
important to stress that on the level of gene functions,
pathways, cell responses, and health effects, in which the
identified SNPs or related genes are involved, there are clear
overlaps across respective studies, as well as with many
other (not genome-wide) genetic association studies of aging
and longevity (Table 4). For example, rs2024714 is one of the
27 I-longevity SNPs, which is located in the intronic region of
CDH4, a cell adhesion gene involved in brain information
processing and tumor suppression. In an earlier GWAS
conducted by Framingham researchers using the Affymetrix
100K SNP array, a polymorphism (rs1970546) in the same
CDH4 gene (and also located in the intronic region of this
gene) was found to be significantly (p=3.7x10~% associated
with total cerebral brain volume used in that study as en-
dophenotype of brain aging.'” Another example: Several of
the 27 SNPs from our study are located within or close to
genes involved in regulating cell proliferation (e.g., RAC2,
TGF-«). Similarly, in Newman et al.’ a gene (MINPP1)
linked to one of the identified longevity SNPs with highest
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significance level (rs9664222, 6.77x10~7) is also involved in
regulating cell proliferation (Table 4). In a more recent meta-
analysis of nine GWA studies by Walter et al.,'® the authors
identified 14 SNPs associated with time to death with a
conventional level of significance (p<10~°), and also 862
SNPs with p<10_3, and evaluated biological processes as-
sociated with genes closest to these SNPs. Similar to our
study, cell adhesion and neuronal activities (e.g., involving
NCAM1 and CACNAIC genes) were overrepresented
among the relevant processes (Table 4).

Taking into account that about 75% of phenotypic varia-
tion in life span could be due to nongenetic factors, and that
these factors likely influence traits not directly but through
genes involved in various pathways, one should not expect
to exactly replicate the effect of a specific SNP allele in other
populations. However, the fact that “longevity” or “aging”
genes identified in different studies often represent the same
molecular function, pathway, cell response, or biological
process indicates that it may be reasonable to respectively
address the issue of replication of gene-longevity associa-
tions,* i.e., to do it on the level of gene functions, pathways,
and their outcomes, rather than on the level of individual
SNPs or genes.

Conclusions

The results of this study stress the importance of using
several statistical approaches for identifying alleles in GWAS
of complex traits, as well as the importance of using estab-
lished metabolic pathways involved in regulation of these
traits for confirming research findings. The latter creates an
important link between population-based GWAS and the
results of experimental studies focused on verifying molec-
ular biological mechanisms, metabolic pathways, and pro-
tein interaction networks affecting phenotypic traits.

The fact that the majority of detected SNPs were located in
genes and were intronic indicates a potentially pivotal role of
changes in intronic enhancers and in gene/protein expres-
sion (not related to the changes in protein structure) in
achieving longevity, as compared to the role of the changes
in coding exons. This hypothesis needs further testing.

We also found that longevity genes from the intersecting
set are not random, but are largely involved in regulating
aging and cancer, as well as brain aging and brain disorders.
Discovering the functional relevance of these genes to aging
and major diseases supports a causal relationship underlying
associations between the identified SNPs and life span, and
reduces the chances for these alleles to be false positives.

Although the available information on functional effects of
the detected longevity alleles is currently not comprehensive
enough to draw conclusion about precise mechanisms of
their influence on life span (e.g., it is in most cases unclear if
the effects of these alleles result in up- or downregulating
respective  genes/proteins/pathways), discussing these
mechanisms is necessary for formulating priority questions
that need to be addressed in further studies, e.g., about rel-
ative contribution of genetically slower aging versus lower
disease risks for achieving longevity, possibility of pleiotro-
pic effects (e.g., trade-offs) of the same genetic factor on aging
and diseases, as well as on different diseases.'® It is also
crucial to connect the results of GWAS with the results of
analyses of expression of respective genes and proteins.
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Marked similarities in functions and phenotypic effects of
many genes found in our and other genetic associations
studies of aging/longevity indicate that replication of the
results of genetic association studies can be achieved by us-
ing available information about the involvement of respec-
tive genes in certain pathways, cell responses, physiological
processes, and health disorders.*

The next logical steps in studying the genetic influence on
longevity could deal with analyses of genetic mechanisms
underlying complex relationships among physiological ag-
ing changes, onsets of major diseases, and life span, taking
into account the effects of both individual genes and poly-
genic influence (additive and nonadditive) on these traits, as
well as the impact of nongenetic factors.
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