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Abstract
Genetic variation plays an important role in natural selection and population evolution. However, it also
presents geneticists interested in aging research with problems in data analysis because of the large number
of alleles and their various modes of action. Recently, a new statistical method based on survival analysis
(the relative risk model or the RR model) has been introduced to assess gene–longevity associations [Yashin
et al. (1999) Am J Hum Genet 65: 1178–1193] which outperforms the traditional gene frequency method.
Here we extend the model to deal with polymorphic genes or gene markers. Assuming the Hardy–Weinberg
equilibrium at birth, we ﬁrst introduce an allele-based parameterization on gene frequency which helps to
cut down the number of frequency parameters to be estimated. We then propose both the genotype and
allele-based parameterizations on risk parameters to estimate genotype and allelic relative risks (the GRR
and ARR models). While the GRR model allows us to investigate whether the alleles are recessive,
dominant or codominant, the ARR model further minimizes the number of parameters to be estimated. As
an example, we apply the methods to empirical data on Renin gene polymorphism and longevity. We show
that our models can serve as useful tools in searching for important genetic variations implicated in human
aging and longevity.
Introduction
Maintenance of genetic variation and genetic
polymorphism is one of the key issues in evolutionary biology. This is because, apart from the
contribution of newly arisen mutations, genetic
variation per se conveys heterozygous advantages
and makes natural selection possible. It has been
shown that the genetically polymorphic population is advantageous for survival in a changing
environment (Lee et al. 1998), and that increased
homozygosity may aﬀect individual and population negatively in stressful and ﬂuctuating environments by disturbing gene expression

(Kristensen et al. 2002), reducing individual ﬁtness
and survival and increasing the probability of
population
extinction
(Charlesworth
and
Charlesworth 1987; Dahlgaard and Hoﬀman 2000;
Bijlsma et al. 2000). Genetic polymorphism thus
plays an important role both in maintaining the
long-term evolutionary potential of populations
and in preserving individual ﬁtness and survival.
Genetic variations at highly polymorphic loci
have been associated with human longevity, for
example the HLA-DRB1 (Ivanova et al. 1998),
HUMTHO1.STR (tyrosine hydroxylase gene) (De
Benedictis et al. 1998a; Tan et al. 2002), CYP2D6
(cytochrome p450 genes) (Bathum et al. 1998),
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3¢APOB-VNTR (De Benedictis et al. 1997, 1998b)
and APOE (Kervinen et al. 1994; Gerdes et al.
2000; Slooter et al. 2001; Wang et al. 2001;
Schwanke et al. 2002) polymorphisms. These
observations, together with the presence of ample
genetic variations for human longevity, underline
the importance of monitoring the polymorphic
genetic inﬂuences in human survival. However,
highly polymorphic genes present statistical problems in association studies due to the large number
of alleles, n, and thus the large number of genotypes, n(n + 1)/2, to be tested within a limited
sample size for which traditional statistical methods run into power problems.
Although the family based linkage analysis
takes advantage of high polymorphism, unfortunately it is not applicable in longevity studies because parental genotypes for the long-lived
individuals are usually missing. The candidate
gene approach in the framework of association
study is more feasible (Daly 2003). The statistical
methods for analyzing gene–longevity association
data have been dominated by the so-called gene
frequency approach (Yashin et al. 1999), which
simply compares allele frequency diﬀerences between cases (centenarians) and controls (young
individuals) (Kervinen et al. 1994; Schachter et al.
1994; Bathum et al. 1998, 2001; De Benedictis
et al. 1998a, b; Ivanova et al. 1998). A new method
that combines individual genetic and population
survival information to estimate the risk for gene
carriers has been proposed (Yashin et al. 1999;
Tan et al. 2001a). Tan et al. (2002) extended the
method to estimate genotype relative risk (GRR),
which can help to infer if the allele is recessive,
dominant or codominant. However, all the survival models deal with genetic polymorphism in
such a manner that they test either each allele or
genotype separately against the rest (Toupance
et al. 1998; Yashin et al. 1998, 1999, 2000; Gerdes
et al. 2000; Tan et al. 2001a; Varcasia et al. 2001).
Such a practice has the following problems. First,
for diﬀerent alleles or genotypes tested, the reference or baseline eﬀect (the sum of the rest) diﬀers.
These eﬀects also overlap each other. This means
that the multiple tests carried out are not independent. In this case, correcting the signiﬁcance
level for multiple testing using the Bonferroni
adjustment is problematic. Second, because the
baseline eﬀect is a mixture of all the others, it

could happen that the signiﬁcant result for the
allele tested is simply because there is a risky allele
included in the reference group. Third, because the
tests are done on each allele or genotype separately, there is no statistic to show an overall signiﬁcance level on survival for the gene. This,
together with the ﬁrst problem, renders the model
impossible to summarize the association at the
locus as a whole. To counteract all the problems,
we propose a generic but parsimonious model that
estimates genotype or allelic relative risks (GRR or
ARR) similar to that in gene-disease association
studies (Risch and Merikangas 1996; Risch 2000).
The strategic ways of parameterization allow us (a)
to estimate allele frequency at birth based on the
Hardy–Weinberg assumption; (b) to investigate
the mode of the gene action (recessive, dominant
or codominant) by estimating GRR and (c) to
minimize the number of parameters in the model
by estimating ARR based on a multiplicative
assumption of the allelic eﬀects.
We start with a short description of the RR
model for gene–longevity association. Then, we
introduce our parsimonious models for polymorphic genes. A simulation follows with the aim of
investigating whether the model can retrieve the
parameters used in generating the data and comparing the performances of diﬀerent models. As an
example, we apply the methods to evaluate the
inﬂuence on human longevity by Renin gene to
show how our model can handle gene polymorphism while capturing important information that
can be used to make inferences. We end the presentation with a brief discussion on the signiﬁcance and implication of our approach in
longevity studies.
The RR model
In the RR model (Yashin et al. 1999; Tan et al.
2001a), we deﬁne the RR r, for carrying one observed gene allele or genotype as the ratio of
hazard of death for carriers, lðxÞ, to that for the
non-carriers or the baseline hazard, l0 ðxÞ. Then, in
a proportional hazard model, lðxÞ ¼ rl0 ðxÞ. The
corresponding survival function for the carriers is
Rx
Rx
Rx

lðtÞ dt

rl ðtÞ dt
r
l ðtÞ dt
sðxÞ ¼ e 0
¼e 0 0
¼e 0 0
¼ erH0 ðxÞ ¼ s0 ðxÞr :

ð1Þ
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Here, s0 ðxÞ is the survival distribution corresponding to the baseline hazard function, H0 ðxÞ is
the cumulative baseline hazard at age x. Although
r can take any value greater than zero, an allele
with r larger than 1 increases the hazard of death,
while a gene allele with r smaller than 1 reduces it.
Since all individuals can be grouped into carriers
and non-carriers of an allele or genotype, one can
introduce the simple two-point distribution for the
frequency of allele or genotype carriers (Vaupel
and Yashin 1985). The average survival at age x
for a mixed population consisting of both carriers
and non-carriers is
r

sðxÞ ¼ ps0 ðxÞ þ ð1  pÞs0 ðxÞ:

ð2Þ

Here, p is the proportion of carriers at birth, sðxÞ is
the survival rate at age x obtainable from population statistics. From
(2), frequency for carriers at
ðxÞr
age x is pðxÞ ¼ pss0ðxÞ
. Based on the frequency distribution, a likelihood function can be constructed
as
L/

Y

pðxÞnðxÞ ð1  pðxÞÞNðxÞnðxÞ ;

ð3Þ

x

where nðxÞ is the number of carriers at age x, NðxÞ
is the total number of participants at age x. The
model estimates both RR r and frequency at birth
p for allele carriers. Tan et al. (2001a) used a robust EM algorithm to estimate a non-parametric
baseline hazard function so that proportional
hazard becomes the only assumption in the model.

Parsimonious models for polymorphic genes
In the case of diallelic loci or SNPs data, the model
described above circumvents problems mentioned
in the introduction because of the symmetric nature of the tests. However, in the case of a polymorphic gene, all the problems come up. A generic
but parsimonious model for dealing with the
polymorphic situation is appealing.
Suppose there is one locus hosting n alleles (alleles A1 ; A2 ; . . . ; An ). Then, one can expect to observe nðn þ 1Þ=2 distinct genotypes at the locus.
For each genotype Ai Aj , assume its frequency at
birth is Pi;j and risk on the baseline hazard is Ri;j .
Then, similar to (2), mean survival in the popula-

tion is a weighted average survival for individuals
carrying the nðn þ 1Þ=2 genotypes.
X
sðxÞ ¼
Pi;j si;j ðxÞ
i;j

¼

X

Pi;j s0 ðxÞRi;j ;

i; j ¼ 1; 2; . . . ; n; j  i;

i;j

X

Pi;j ¼ 1:

ð4Þ

i;j

Similar to the RR model, genotype frequency at
age x for genotype Ai Aj can be calculated as
Pi;j ðxÞ ¼ Pi;j si;j ðxÞ=
sðxÞ ¼ Pi;j s0 ðxÞRi;j =
sðxÞ:

ð5Þ

But instead of using the binomial function as in
(3), we build up the likelihood function on a
multinomial distribution
YY
X
L/
Pi;j ðxÞni;j ðxÞ ; j  i;
Pi;j ðxÞ ¼ 1;
x

i;j

i;j

ð6Þ
where ni;j ðxÞ is the number of individuals with
genotype Ai Aj at age x. In order to make the
parameters identiﬁable, we assign homozygous
genotype of the most frequent allele (or the wildtype allele) as the reference genotype by setting its
risk to 1. Frequency of the baseline genotype can
be calculated as one minus the sum of the frequencies of all the other genotypes. In (4), we use a
numerical procedure to estimate a distribution-free
baseline survival function, s0 ðxÞ. Parameters are
estimated using a two-step procedure proposed by
Tan et al. (2001a). In this model, there are
nðn þ 1Þ  2 parameters, half are frequency and
half are risk parameters. For a highly polymorphic
gene, there will be a large number of genotypes
and thus a large number of parameters to be
estimated. Parameter estimation becomes infeasible when only limited data are available.
We designate frequency at birth for any allele Ai
with pi . Because at birth, gene frequency is not
altered by genotype diﬀerential survival, it is natural to assume that the Hardy–Weinberg law
holds. Then, for genotype Ai Aj formed by alleles
Ai and Aj , its frequency at birth is
Pi;j ¼ 2pi pj ;
Pi;j ¼

p2i ;

j > i;
i ¼ j;

i; j ¼ 1; 2; . . . ; n:

ð7Þ
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Replacing the frequency parameters in (4) by (7)
largely cuts down the number of frequency
parameters. As long as the Hardy–Weinberg
equilibrium holds at birth, such a way of parameterization should not aﬀect the performance of
our model at all. As a constraint on the allele
frequencies, frequency for the wild-type allele is
calculated as one minus the sum of the frequencies
of the other alleles. In this way, we only have n  1
frequency parameters in our model instead of
nðn þ 1Þ=2  1. Since we have no assumption on
the mode of gene action, inspecting the GRR
parameters can help us to ﬁgure out whether the
alleles are recessive, dominant or codominant.
While it is advantageous to estimate GRR, one
big drawback is it still has too many risk parameters. When analyzing a highly polymorphic gene
on a limited sample, one immediately encounters
the power problem. In this situation, an alternative
is to apply an even more parsimonious approach
using allele-based parameterization on the risk
parameters. Assuming eﬀects of the alleles are
multiplicative, we can estimate ARR instead of
GRR. If risks for alleles Ai and Aj are ri and rj ,
then the risk for genotype Ai Aj is
Ri;j ¼ ri rj ;

j  i; i; j ¼ 1; 2; . . . ; n:

ð8Þ

To be consistent, we assign the wild-type allele as
the reference allele with risk 1 such that the risk for
the homozygous genotype of the wild-type allele
also becomes 1. By estimating ARR, the number
of parameters is drastically cut down to 2ðn  1Þ
with half for the frequencies and half for the risks.
Similar to the other association studies on
highly polymorphic loci (Sham and Curtis 1995), it
is necessary to have an overall statistic to summarize the signiﬁcance of the association with
survival for the gene or locus under investigation.
In our models, this can be done easily by the
standard likelihood ratio test. Since our interest is
in testing whether the risk parameters are neutral,
we can calculate v2ðlÞ ¼ 2½Lð1Þ  LðRÞ, a v2 statistic with l degrees of freedom to measure the
overall association at the locus. Here LðRÞ is the
log maximum likelihood for the risk parameter
estimates R, and Lð1Þ is the log of the maximum
likelihood when setting R to 1. R can either be
GRR or ARR depending on the model one has
ﬁtted. However, the degree of freedom l, which is

the number of risk parameters, diﬀers largely between GRR and ARR models. This shows that
while we gain power by ﬁtting the ARR model, we
have to rely on the multiplicative assumption,
which may not always hold.
For a well deﬁned candidate gene, the above
method oﬀers a nice way to evaluate the association with survival at the given polymorphic locus
and avoids multiple testing. When data on multiple loci are collected, the Boneferroni adjustment
can be applied if the genes are independent.
Otherwise, empirical locus-wise P-value can be
obtained by a simulation study but assuming no
association.

Simulation
The aims of conducting a simulation study are (a)
to check whether our models can capture the
parameters used in generating the genetic association with survival, (b) to compare performances
of the diﬀerent models. In the simulation, we assume multiplicity of the allelic eﬀects (Risch and
Merikangas 1996; Wright et al. 1999) at a polymorphic locus with ﬁve alleles. Allele frequencies
for the ﬁve alleles are {0.1, 0.1, 0.1, 0.1, 0.6} and
RRs are {1, 0.75, 1, 1, 1}. Among all the ﬁve alleles, the second allele has a beneﬁcial eﬀect that
reduces the hazard of death by 0.75. Population
survival function is borrowed from the 1994 Italian life table (Annuario Statistico Italiano 1997).
With the given parameters and the population
survival function, we solve (4) to obtain a nonparametric baseline survival function (Tan et al.
2001a). With the above ARR and assuming multiplicative eﬀect of the alleles, the baseline survival
is used to calculate genotype speciﬁc survival
functions. The so-obtained genotype speciﬁc survival functions are then used to generate life spans
for individuals with corresponding genotypes.
Individual genotypes are randomly assigned using
the above allele frequency parameters and
assuming the Hardy–Weinberg equilibrium at
birth. We simulated 1000 samples containing
subjects aged from 51 to 100 with 20 individuals
for each age. In diﬀerent empirical studies, age
structure of the collected sample may diﬀer due
to diﬀerent reasons. Eﬀect of the sample age
structure on parameter estimation has been
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investigated by Tan (2000) which showed no
strong inﬂuence except when extreme age structure
is deployed.
After simulating the data, we applied the GRR
and ARR models to retrieve the frequency and
risk parameters. In Table 1, we show the estimated
GRRs for the homozygous and heterozygous
genotypes of allele 2 together with their 95% ranges from the 1000 replicates. In the estimation, we
choose the homozygous genotype of the most
frequent allele, allele 5 as the reference by setting
its risk to 1. All the medians of the estimated
GRRs for allele 2 heterozygous genotypes are
close to 0.75 but with diﬀerent 95% ranges. The
95% range for 2/5 genotype is the narrowest due to
its higher genotype frequency. We also see that the
median of GRR for 2/2 genotype is exactly
0.752 ¼ 0.563 because of the multiplicative
assumption. As expected, GRRs for non-carriers
of allele 2 are all close to 1 (not shown in Table 1).
Medians for allele frequency estimates by the
GRR model are 0.099 for allele 1 (95% range
0.087–0.114), 0.100 for allele 2 (95% range 0.087–
0.113), 0.100 for allele 3 (95% range 0.088–0.115),
0.100 for allele 4 (95% range 0.087–0.114) and
0.601 for allele 5 (95% range 0.544–0.651), which
means that all are well captured.
We next apply the ARR model to estimate frequency and risk parameters for each allele. Since
we assume multiplicity in generating the data, the
ARR model should be the best choice to conduct
the data analysis. This is true as can be seen in
Table 2; the medians for both the estimated frequency and risk parameters are close to their true
values. The 95% range for ARR of allele 2 is
narrower than that for the GRR of 2/5 genotype in
Table 1.

Table 2. Medians of the estimated allele frequencies and ARRs
(1000 replicates).
Allele

1
2
3
4
5a
a

Frequency

ARR

Median

95% range

Median

95% range

0.099
0.100
0.100
0.100
0.601

0.087–0.114
0.087–0.113
0.087–0.115
0.087–0.113
0.545–0.652

0.997
0.751
1.001
1.001
–

0.898–1.127
0.673–0.825
0.904–1.114
0.899–1.121
–

Allele 5 is baseline allele.

Application
Renin gene polymorphism and life span
Started in 1995, the Italian multi-centric longevity
study has collected genotype data on both young
individuals as controls and cases of advanced ages.
Among the genes tested, several have been reported as being associated with human survival
(De Benedictis et al. 1997, 1998a, b, 2001; Yashin
et al. 1998, 1999; Tan et al. 2001a). One important
gene typed in the study was the Renin gene which
codes for renin, a rate limiting factor in angiotensin II synthesis. By comparing genotype frequencies in controls and in cases, no association
with survival was found in an early analysis (De
Benedictis et al. 1998a). Here we apply our new
approach to see if variations of the gene can
inﬂuence individual survival. The sample for this
gene consists of 375 subjects (Table 3), 157 centenarians (38 males and 119 females) and 218 young
controls (88 males and 130 females). The mean age
in the control group is 37 years with a range of 13–
Table 3. Observed genotype frequency in cases and controls for
Renin gene.
Genotype Young control

Table 1. Medians of the estimated GRRs for allele 2 genotypes
(1000 replicates).
a

Genotype

GRR

95% range

2/1
2/2
2/3
2/4
2/5

0.757
0.563
0.756
0.755
0.750

0.587–1.009
0.404–0.820
0.587–0.962
0.590–1.003
0.661–0.849

a

Genotype 5/5 is baseline genotype.

Centenarian
Count

Sum

Count

Prop.

Prop.

7/8
8/8
8/10
8/11
8/12
10/11
10/12
11/11

1
111
39
56
1
2
2
6

0.005
0.509
0.179
0.257
0.005
0.009
0.009
0.027

0
99
26
23
2
2
1
4

0.000
0.631
0.166
0.146
0.013
0.013
0.006
0.025

1
210
65
79
3
4
3
10

Total

218

1.000

157

1.000

375
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71 years. The large age range in the control group
could have helped to reduce the genotype frequency diﬀerence in the two groups. This is no
longer a problem for our models because, by ﬁtting the survival model to the data, we make use of
each individual’s exact age at the time when the
blood sample was drawn.
Five polymorphic alleles of the Renin gene (alleles 7, 8, 10, 11, 12) were detected at the locus
designated by the number of short tandem repeats
(STR). A total of eight genotypes were observed
from the data. After categorizing the individuals
by their genotypes, Table 3 becomes a sparse table
with many cell counts less than 5. In this case,
traditional v2 test based on the asymptotic sampling distribution of the test statistics is no longer
reliable. However, our survival model makes use
of such data because as in (6) our model makes
inferences on the likelihood of the data. Since
there is only one allele 7 carrier found in the data,
we combined the allele with its adjacent allele,
which is also the most frequent allele, allele 8, to
form the combined allele 8¢. To analyze the data,
we use population survival function from the
Italian life table for 1994 (Annuario Statistico
Italiano 1997). We ﬁrst apply the GRR model to
the data with the hope to see whether some
important genotype can be detected even though
our sample has only 375 individuals. Table 4 is the
estimated GRRs by assigning the homozygous
genotype of allele 8¢ as the reference genotype.
Frequency estimates for the four alleles are 0.723
for allele 8¢ (95% CI: 0.636–0.809), 0.109 for allele
10 (95% CI: 0.073–0.146), 0.160 for allele 11 (95%
CI: 0.119–0.201), 0.008 for allele 12 (95% CI:
0.000–0.018). Among all the seven genotypes, only
8¢/11 showed a P-value of 0.016 with a GRR of
1.140 indicating that it could be harmful in terms
Table 4. Estimated genotype relative risk on survival for Renin
gene.
Genotypea

GRR

Std

P-value

8¢/10
8¢/11
8¢/12
10/11
10/12
11/11

1.030
1.140
1.024
1.261
0.763
1.041

0.061
0.058
0.213
0.146
0.259
0.127

0.620
0.016
0.909
0.112
0.360
0.744

a

8¢/8¢is baseline genotype.

Table 5. Frequency and relative risk estimates for Renin gene
alleles.
Allele

a

8¢
10
11
12
a

Frequency

ARR

Est.

95% CI

Est.

Std

P-value

0.734
0.099
0.160
0.007

0.652–0.814
0.067–0.131
0.119–0.202
0.000–0.015

1.000
1.033
1.103
0.948

–
0.056
0.047
0.175

–
0.547
0.029
0.765

8¢ is baseline allele.

of survival. We use the log likelihood ratio test to
measure the overall signiﬁcance level on all the
GRRs with v2ð6Þ ¼ 2ð447:853 þ 443:133Þ ¼
9:440. Unfortunately, the overall P-value is 0.150.
However, it is interesting to see that, in Table 4, all
the other genotypes with allele 11, 10/11 and 11/
11, have GRR above 1 although not signiﬁcant.
This together with the risk estimate for genotype
8¢/11, could indicate that allele 11 might be the
only risky allele. In another estimation, we apply
the ARR model by assigning 8¢ as the reference
allele. We specify for each of the other alleles, 10,
11 and 12, one risk and one frequency parameter.
In Table 5, we show the parameter estimates together with the signiﬁcance levels for the RRs. One
can see that the ARR and GRR models give very
similar estimates on the allele frequencies although
with completely diﬀerent ways of parameterization
on the risk parameters. It is also interesting to see
that, among all the alleles, only allele 11 exhibits a
harmful eﬀect that increases the carrier’s hazard of
death (P ¼ 0.029). The estimated risk for allele 11
(ARR ¼ 1.103) is very close to the estimated risk
for genotype 8¢/11 (GRR ¼ 1.140) in Table 4. We
again deploy the log likelihood ratio test to summarize the overall signiﬁcance of the mutant alleles
on survival. We have v2ð3Þ ¼ 2ð452:595þ
450:052Þ ¼ 5:085 with a P-value of 0.166. Our
analysis indicates that, although both GRR and
ARR models point to allele 11 as a potentially
risky allele, eﬀect on survival from the gene as a
whole does not reach the signiﬁcance level. More
data are needed in order to clarify the association.
Discussion
We have presented survival analysis models to
assess genetic association with human survival at
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multi-allelic loci using genotype data from crosssectional studies. While the GRR model oﬀers the
opportunity for researchers to investigate the different modes of the allelic eﬀects, the ARR model
minimizes the number of parameters in the model
such that it can easily handle highly polymorphic
genes. Application to Renin gene data has shown
that both models can help to pinpoint important
genetic variations that inﬂuence human survival.
In our model, all parameters are estimated simultaneously in one likelihood function by choosing
one single genotype or allele as reference which
avoids the dependency problem in the previous
approaches (Yashin et al. 1999; Tan et al. 2001a).
In addition, the likelihood ratio test oﬀers a nice
way to measure the signiﬁcance of an overall
association with survival which the previous approaches failed to do. However, as in the previous
approaches, both the GRR and ARR models are
proportional hazard models in nature which assume genetic eﬀects on the hazard of death are
constant over ages. Proportionality enables us to
parameterize on genotypes or alleles to infer the
modes of gene function or to ﬁt ARR models for
highly polymorphic genes. On the other hand, the
proportional hazard model is incapable of capturing genes that show age-dependent eﬀects
(Schachter et al. 1994; De Benedictis et al. 1998b)
such as antagonistic pleiotropy. Yashin et al.
(1999) introduced non-parametric and semi-parametric models to model the age-speciﬁc eﬀects.
However, a large sample size is required to ensure
reliable estimations. In the case of small scale
studies, we think the proportional hazard model
should be recommended to be on the safe side.
Although multiplicity of allelic eﬀects in the
ARR model may sound a bit heavy, we think, as a
trade-oﬀ, it is useful when sample size is small and
the gene of interest is highly polymorphic, a situation that renders other models helpless. The multiplicative assumption is popular in summarizing
epistatic risks in mapping genes for complex diseases (Risch 1990; Clayton and Jones 1999; Koeleman et al. 2000). As a biological support, Dubois
et al. (2002) reported multiplicative genetic eﬀects
by the prion protein gene polymorphism in scrapie
disease susceptibility. Nevertheless, we think the
genotype-based analysis should be done whenever
it is feasible because such analysis can help to
investigate whether the gene is recessive, codomi-

nant, or dominant (Sasieni 1997). It would also be a
good idea to apply both models so that results can
be compared as done in the example application.
In both the GRR and ARR models, we introduce the Hardy–Weinberg equilibrium to largely
cut down the number of frequency parameters. We
assume the Hardy–Weinberg equilibrium at birth
is sensible because there has been no selection yet
imposed at birth as long as the locus we are
interested does not inﬂuence in utero survival and
there is no preferential transmission of a particular
genetic variant at the locus. In addition, sex-speciﬁc allele frequency can easily be introduced into
our model to account for possible situations that
bring up sex-speciﬁc gene frequency at birth.
Moreover, as in any gene-disease association
study, violation of the Hardy–Weinberg law and
linkage disequilibrium can result from population
stratiﬁcations. In order to avoid spurious results, it
is necessary to make sure that the sampling population is ethnically homogeneous.
As longevity is a rare event, studies on this
phenotype has always been confronted with problems in obtaining suﬃcient samples especially when
the gene or gene marker under investigation is
highly polymorphic. However, accompanied by its
high eﬃciency in ﬁne mapping (Cardon and Bell
2001) and together with the help of new statistical
approaches, we think that association study will be
a powerful tool in searching for genetic variations
that contribute to human aging and survival.
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