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This study focuses on the participants of the Long Life Family Study to elucidate whether biogenetic mechanisms underlying relationships among heritable complex phenotypes in parents function in the same way for the same phenotypes in
their children. Our results reveal 3 characteristic groups of relationships among phenotypes in parents and children. One
group composed of 3 pairs of phenotypes confirms that associations among some phenotypes can be explained by the
same biogenetic mechanisms working in parents and children. Two other groups including 9 phenotype pairs show that
this is not a common rule. Our findings suggest that biogenetic mechanisms underlying relationships among different
phenotypes, even if they are causally related, can function differently in successive generations or in different age groups
of biologically related individuals. The results suggest that the role of aging-related processes in changing environment
may be conceptually underestimated in current genetic association studies using genome wide resources.
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P

opulation aging raises serious concerns about
potential expansion of morbidity and disability especially in developed societies (1–3). Analyses of various
geriatric traits and longevity show that these phenotypes
tend to cluster in families (4,5) implying that they are heritable (6–9) and, thus, that they can be genetically regulated
(10–12). If so, discovering genetic variants, which can be
involved in regulation of health in late life and life span,
could be a major breakthrough in addressing the problem
of extending healthspan. Following this logic, genomewide association studies have been thought to substantially
advance discovering genes predisposing to complex phenotypes in late life, that is, phenotypes with pronounced
expression in the postreproductive period. Heritability of
such phenotypes drives genome-wide association studies
strategies on discovering new genes and their replication in
different population settings. The lack of replication is often
considered as a false-positive finding.
The problem is that connections of genes with phenotypes in late life can be very complex and highly sensitive to the aging-related processes in a given environment
(13). This complexity is largely due to the lack of a global
genetic program similar to, for example, the program
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of development, which can directly drive selection of
genes involved in regulation of health effects in late life
(11,14). Most familiar among complex modalities of gene
action is probably antagonistic pleiotropy (postulated by
G. Williams [15,16]), wherein the same gene can be advantageous in early life (ie, during reproduction) but become
detrimental in late life (13,16–19). Another example
involves genes that can predispose to some diseases and
protect against the others (20–23), exhibiting the so-called
genetic trade-offs (20,24). These complexities may well
explain the lack of replication of associations at the same
variant with the same allele in different settings (25–28)
that strengthen the role of aging-related processes in changing environment.
One way to deal with the complexity of gene action
on heterogeneous phenotypes in late life is to focus on
less heterogeneous intermediate phenotypes (called
endophenotypes), which can be in a causative pathway
to a phenotype in question (29,30). The idea is that if
an endophenotype and a phenotype are causally related
(eg, obesity and diabetes), then genes predisposing to
an endophenotype (eg, obesity) can also predispose to a
downstream phenotype (eg, diabetes) through a common
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network of molecular and biological processes at subcellular,
cellular, tissue, and organismal levels; the network (called
biogenetic mechanism) that links genes with phenotypic
expression.
This idea implicitly assumes that if the traits in late
life are heritable, a common biogenetic mechanism for
them should work in the same way in successive generations. The problem is that the concept of heritability has
been originally developed for a very narrow range of circumstances having nothing to do with human diseases and
related traits in late life. This is the reason for criticizing
this concept because differences between so-called genetic
and environmental components in predisposition to agingrelated diseases are elusive (31). For example, environment
directly causes human health phenotype in very specific circumstances (eg, a car accident). Mostly, environment works
through some sort of biogenetic mechanisms and, thus,
this process eventually involves genes. Further, given that
the original genome-wide association studies hypothesis
of common disease—common variant becomes discouraging, an alternative hypothesis assumes that genes rather
confer risks of complex common diseases in late life than
cause them (32,33). This hypothesis is based on a principle of allelic equivalence, that is, that different alleles can
cause the same disease. Accordingly, because heritability
is evaluated using phenotypic markers, these estimates say
little about whether the same genes can cause a phenotype
in question in different family members.
Given the earlier posed concerns, in this study, we focus
on the participants of the Long Life Family Study (LLFS)
to address the question whether biogenetic mechanisms
underlying relationships among different aging-related
traits in parents function in the same way for the same traits
in their children.
Methods
Long Life Family Study
The LLFS consists of families selected for exceptional
familial longevity in four field centers (three in the United
States, ie, Boston, New York, and Pittsburg and one in
Denmark). The study eligibility criteria were described
elsewhere (5,34,35). Briefly, in the United States, the family eligible for the LLFS must have two living siblings aged
80 years and older, two living offspring of one or more of
the siblings, and a living spouse of one of the offspring,
who were considered as controls. In addition, the family
must demonstrate exceptional longevity based on a Family
Longevity Selection Score, which is a summary measure based on the survival experience of the oldest living
generation of siblings relative to what would be expected
based on birth cohort life tables (5). Families with members of this generation who are still alive and larger sibships are given higher priorities. Finally, an eligible family
is enrolled in the LLFS if at least three family members
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(the proband, at least one sibling of the proband, and one
offspring of the proband or the sibling) indicate their willingness to participate.
In Denmark, the identification of potentially eligible
probands and their families is as follows. First, individuals who would be aged 90 years and older during the study
recruitment period are identified in the Danish National
Register of Persons (34). Second, using information on
the place of birth and the names, parish registers available
in regional archives are searched to locate the parents of
the elderly individuals in order to identify sibships. Based
on the aforementioned information, potentially eligible
families are identified and contact is made with potential
probands to further assess the family’s eligibility for and
willingness to participate in the LLFS using criteria parallel
to that used in the United States.
Once enrolled in the LLFS, information from the U.S. and
Danish participants was collected using similar questionnaires and in-home physical examinations, covering such
topics as sociodemographic characteristics, physical activity and functioning, health and medical history, cognitive
functioning, mood and personality, anthropometry, blood
pressure, and spirometry. In this study, we use data on 4,954
participants who had completed the first examination by
April 9, 2010.
Analyses
To address the goal of this work, we adopt the logic that
if the biogenetic mechanisms connecting heritable agingrelated traits are the same in parents and offspring, then we
should observe significant cross-associations among traits
measured in different family groups. Following this logic,
we should assess (i) associations among parental trait in
question and the same trait measured in their children, (ii)
association of a given trait with alternative trait(s) in each
family group, and (iii) association of a given trait measured
in parents with alternative trait(s) measured in their children. Given elusive nature of difference between “genetic”
and “environmental” contributions to human diseases in
late life (see the introductory section), we evaluate heritability in terms of regression of a parental phenotype on
a phenotype in their children (36) without specification of
“genetic” and “environmental” contributions.
Because we evaluate associations among multiple traits
measured in different family members, different models
were used to ensure correct interpretation of the results.
Specifically, because we want to know whether a trait in
parents is associated with the same trait in their children,
only the trait in question has being used in the analyses
at Stage 1. At Stage 2, we evaluate associations among
different traits in each family group separately. These
analyses included multiple traits in question to correctly
compare the effects of different trait predictors on a trait
outcome. At Stage 3, we analyze the association of a
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trait outcome measured in children with traits of interest
measured in the same children and their parents.
To perform these analyses, we stratified our sample
according to family relatedness. The LLFS cohorts includes
590 extended families, which are made up of any related
nuclear families, comprising a sample of N = 4,934 participants with currently known pedigree. This sample includes
1,500 long-living participants (probands and siblings), 191
spouses of probands and siblings, 2,433 offspring (composed of children, nieces, and nephews of probands), and
810 spouses of children. Due to limited number of spouses
of probands and siblings making the analyses of both parents unfeasible, all spouses have been pooled in a single
group of biologically unrelated individuals because there
was no information to associate them with nuclear families.
We selected systolic (SBP) and diastolic (DBP) blood
pressures (mm Hg), blood glucose (BG; mg/dL), body
mass index (BMI; kg/m2), high-density lipoprotein cholesterol (HDL-C; mg/dL; directly measured), low-density
lipoprotein cholesterol (LDL-C; mg/dL; calculated by the
Friedewald equation), and triglycerides (TG; mg/dL) as
quantitative phenotypes of health as well as type 2 diabetes
and hypertension. Measurements of BG, HDL-C, TG, and
SBP were log transformed in the regression models to correct for deviation from normality of their frequency distributions. Measurements of LDL-C and DBP were normally
distributed, but they were divided by a factor of 10 for better
visibility of the effect size in regression models. Although
currently the LLFS data have no explicit information on
medication use, diabetes and hypertension were defined
conditional on such information at in-home examinations.
Specifically, diabetes was defined as self-reported history
of diabetes and taking hypoglycemic medication or glucose greater than or equal to 126 mg/dL. Hypertension was
defined as self-reported history of high blood pressure and
taking antihypertensive medication or SBP greater than or
equal to 140 mm Hg or DBP greater than or equal to 90 mm
Hg. The majority of the sample (89.6%) was fasting before
blood chemistry for more than 8 hours. The results of our
analyses did not show any qualitative difference for the
entire sample and the sample with participants fasting less
than 8 hours excluded. Accordingly, all participants were
retained, but the analyses were adjusted for fasting status.
For all analyses, we used a mixed effect regression model
(SAS; release 9.3, Cary, NC) with the most general unstructured correlation matrix to account for correlation within
extended families. This model was used for both quantitative and dichotomous traits to keep all estimates in consistent units because differences between logistic and linear
models make no qualitative differences. The interpretation
of the associations in the case of dichotomous traits is similar to that in the case of quantitative ones with coefficient
beta considered as a probability of a dichotomous trait. All
statistical tests were adjusted for age, sex, field center (ie,
Boston, New York, Pittsburg, or Denmark), fasting status

(<8 hours or not), and smoking (defined in the LLFS as
ever smoked more than 100 cigarettes through the entire
life or not).
Demographic and health information related to this study
for the overall sample and for each family group is shown
in Table 1.
Results
When parental phenotype is regressed on the same phenotype in their children (Stage 1, see Methods), Table 2 shows
that the association for each selected phenotype is significant, implying that these phenotypes predominantly cluster
in families, that is, that they are heritable (see the introductory section). These estimates qualitatively agree with the
traditional estimates of the narrow-sense heritability (9). The
most significant associations are seen for BMI and HDL-C.
For example, the analyses show that the expected change in
BMI in children for a one-unit change in BMI in parents is
β = 0.259 with significance p = 3.3 × 10–13 (provided that all
other covariates are fixed). Of note, Supplementary Table 1
ensures that excluding participants fasting less than 8 hours
makes no difference.
To characterize connections among different phenotypes in the same family groups, we selected phenotypes
with associations among them documented in prior studies. Specifically, we evaluated associations of (i) BMI with
quantitative components of metabolic syndrome (37), that
is, BG, HDL-C, TG, and SBP; (ii) hypertension with four
quantitative components of metabolic syndrome, that is,
BMI, BG, HDL-C, and TG; and (iii) diabetes with cardiovascular physiological markers (38–40) including BMI,
LDL-C, TG, SBP, and DBP. Multivariate analyses at Stage
2 with all selected phenotypes included in each model (see
Methods) were performed for the entire sample, as well as
for each family group (Table 3 and Supplementary Table 2).
BMI is highly significantly associated with physiological markers (ie, BG, HDL-C, TG, and SBP) in multivariate analyses in the entire sample as well as in the samples
of parents, offspring, children (see Table 3), and spouses
(Table 3 and Supplementary Table 2; Model 1). These
results show that individuals having higher levels of BG,
TG, and SBP and lower levels of HDL-C are more likely to
have higher BMI. The strength (ie, beta) of the associations
of SBP, BG, and HDL-C with BMI is higher (in absolute
units) in offspring than in parental generation. The effect
sizes for the associations in offspring resemble those in
children despite about 1/3 smaller sample size of children.
In the entire sample, hypertension is highly significantly
associated with BMI and TG, whereas its associations with
BG and HDL-C are much less significant (Supplementary
Table 2; Model 2). In parents, the only significant association is seen for hypertension and BMI (Table 3; Model 2).
The BMI, BG, and TG show significant additive contributions to hypertension in offspring and children (Table 3;
Model 2). The effect sizes for these associations are virtually
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Table 1. Baseline Demographic and Health-Related Characteristics of the Long Life Family Study (LLFS) Participants
Phenotypes
Adjustments
Age, y; mean (SD)
Sex, men; N (%)
BU center, N (%)
NY center, N (%)
PT center, N (%)
DK center, N (%)
Fasting <8 hr, N (%)
Smoking >100 cigarettes/life (%)

All (N* = 4,934)

Parents (N* = 1,500)

Offspring N* = 2,433)

Spouses (N* = 1,001)

70.6 (15.9)
2,211 (44.8)
1,272 (25.8)
1,083 (21.9)
1,310 (26.6)
1,269 (25.7)
523 (10.8)
2,110 (42.9)

90.4 (6.4)
710 (47.3)
364 (24.3)
466 (31.1)
438 (29.2)
232 (15.5)
184 (12.5)
560 (37.4)

60.5 (8.3)
1,033 (42.5)
643 (26.4)
462 (19.0)
701 (28.8)
627 (25.3)
266 (11.2)
1,104 (45.6)

65.3 (12.2)
468 (46.8)
265 (26.5)
155 (15.5)
171 (17.1)
410 (41.0)
73 (7.4)
446 (44.6)

346 (7.0)
2519 (51.1)
27.1 (4.9)
95.3 (20.7)
58.8 (17.3)
118.5 (35.7)
113.3 (72.7)
131.9 (22.3)
77.2 (11.5)

137 (9.1)
988 (65.9)
26.0 (4.2)
96.0 (21.8)
55.9 (16.1)
109.3 (35.8)
110.0 (59.0)
138.3 (25.6)
73.3 (12.0)

134 (5.5)
1030 (42.3)
27.7 (5.3)
94.4 (20.0)
60.5 (17.9)
122.4 (34.6)
115.0 (78.6)
128.0 (19.5)
79.0 (10.8)

75 (7.5)
501 (50.0)
27.4 (4.6)
96.7 (20.4)
59.1 (16.8)
122.5 (35.9)
114.2 (72.7)
131.4 (21.3)
78.5 (11.1)

Phenotypes used as predictors and outcomes
Diabetes type 2, yes (%)
Hypertension, yes (%)
BMI, kg/m2; mean (SD)
BG, mg/dL; mean (SD)
HDL-C, mg/dL; mean (SD)
LDL-C†, mg/dL; mean (SD)
TG, mg/dL; mean (SD)
SBP, mm Hg; mean (SD)
DBP, mm Hg; mean (SD)

Notes: Field centers were coded as BU = Boston, NY = New York, PT = Pittsburg, and DK = Denmark.
BMI = body mass index; BG = blood glucose; HDL-C = high-density lipoprotein cholesterol; LDL-C = low-density lipoprotein cholesterol; TG = triglycerides;
SBP = systolic blood pressure; DBP = diastolic blood pressure; SD = standard deviation.
Percentage is within the entire sample (all) and family groups.
*Maximal sample size; actual size can be up to 6% smaller for certain factors due to missing values.
†LDL-C has been calculated by the Friedewald equation. For all participants, LDL-C was less than 300 mg/dL.

Table 2. Associations of Each Phenotype Measured in Parents
With the Same Phenotype Measured in Their Children
Phenotypes
T2D
Htn
BMI
BG
HDL-C
LDL-C
TG
SBP
DBP

N

β

SE

p Value

1709
1709
1531
1569
1578
1556
1579
1627
1625

0.054
0.095
0.259
0.127
0.199
0.097
0.162
0.081
0.062

0.025
0.024
0.035
0.027
0.027
0.026
0.030
0.020
0.024

3.6E-02
8.8E-05
3.3E-13
2.3E-06
2.6E-13
2.6E-04
1.4E-07
4.9E-05
8.9E-03

Notes: T2D = type 2 diabetes; Htn = Hypertension; BMI = body mass
index; BG = blood glucose; HDL-C = high-density lipoprotein cholesterol;
LDL-C = low-density lipoprotein cholesterol; TG = triglycerides; SBP =
systolic blood pressure; DBP = diastolic blood pressure; SE = standard error.
All analyses were adjusted for age, sex, field center, fasting status (less than
8 h or not), and smoking (ever smoked more than 100 cigarettes through the
entire life or not).

the same in offspring and children, and they are larger than
in parents. In spouses, we can see significant association for
BMI and TG (Supplementary Table 2; Model 2).
Diabetes is significantly associated with all physiological
markers in the entire sample (Supplementary Table 2; Model
3). In parents (Table 3; Model 3), diabetes is significantly
associated with BMI, TG, and LDL-C; no effect is seen for
SBP and DBP. All physiological markers, including SBP and
DBP, are associated with diabetes in offspring and children
(Table 3; Model 3). The strengths of the associations of
diabetes with BMI, LDL-C, and TG in parents resemble

those in offspring and children. The analyses support
associations of diabetes with BMI, LDL-C, TG, and DBP
in spouses (Supplementary Table 2; Model 3).
Because each phenotype measured in parents is predictive of the same phenotype measured in their children
(Table 2) and because different phenotypes can correlate
in parents and children (Table 3), it can be expected that
parental phenotypes can predict cross phenotypes in children (see Stage 3 in Methods). If so, this would suggest that
biogenetic mechanisms underlying relationships among
different traits in parents can function in the same way for
the same traits in their children.
First, we consider the associations of the same phenotypes as in the model for BMI (Table 3; Model 1) but
measured in parents, that is, BGP, HDL-CP, TGP, and
SBPP (subscript “P” denotes phenotype measured in parents), with BMIC measured in their children (subscript “C”
denotes phenotype measured in children). Table 4 (Models
1 and A, abbreviated as Model 1A) shows that HDL-CP and
SBPP are associated with BMIC, whereas BGP and TGP do
not. Including BMIP (Table 4; Model 1B) attenuates associations for the HDL-CP and SBPP because BMI is associated
with HDL-C and SBP in parents (Table 3; Model 1, Parents).
Nevertheless, BMIP does not absorb entirely the associations
of HDL-CP and SBPP with BMIC implying contribution of
another (not related to BMIP) mechanism(s). When we add
phenotypes measured in children (ie, BGC, HDL-CC, TGC,
and SBPC; Supplementary Table 3; Model C), they absorb
association signals from the same parental phenotypes, as
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Table 3. Multivariate Associations of a Phenotype in Question (outcome) With Physiological Indices (predictors) in Parents, Their Children,
and All Offspring
Phenotypes
Model
Model 1

Outcome

Parents
β

Predictors

BMI
BG
HDL-C
TG
SBP

Model 2

Model 3

7.40
−6.39
3.35
3.90

Htn
BMI
BG
HDL-C
TG

9.2E-3
1.8E-1
1.5E-1
8.8E-2

BMI
LDL-C
TG
SBP
DBP

5.6E-3
−1.1E-2
1.3E-1
5.4E-3
1.3E-3

T2D

SE
N = 1,277
1.41
1.07
0.62
1.42
N = 1,281
3.4E-3
1.7E-1
1.3E-1
7.5E-2
N = 1,274
2.0E-3
2.4E-3
4.4E-2
1.3E-1
8.6E-3

Offspring*
p Value

β

2.0E-7
4.8E-9
2.1E-7
7.6E-3

12.24
−10.12
3.76
10.69

6.1E-3
3.0E-1
2.5E-1
2.4E-1

1.6E-2
4.6E-1
1.0E-1
2.0E-1

6.5E-3
6.2E-6
2.8E-3
9.7E-1
8.8E-1

6.9E-3
−1.0E-2
8.9E-2
4.3E-1
−3.2E-2

SE
N = 2,159
1.384
0.959
0.502
1.609
N = 2,164
2.2E-3
1.4E-1
1.0E-1
5.2E-2
N = 2,142
1.0E-3
1.4E-3
2.3E-2
1.2E-1
6.9E-3

Children†
p Value
1.3E-17
5.1E-23
9.0E-13
2.8E-10

β

SE
N = 1,400
1.74
1.19
0.63
2.04
N = 1,410
2.7E-3
1.8E-1
1.2E-1
6.3E-2
N = 1,389
1.2E-3
1.8E-3
2.7E-2
1.5E-1
8.6E-3

11.88
−9.98
3.69
11.86

4.5E-13
1.7E-03
3.1E-01
1.3E-04

1.7E-2
5.0E-1
1.4E-1
2.4E-1

5.4E-11
1.1E-11
1.6E-04
3.4E-04
7.3E-06

7.4E-3
−8.7E-3
9.7E-2
4.1E-1
−3.2E-2

p Value
2.6E-11
2.0E-15
2.0E-8
5.0E-8
4.6E-10
5.5E-3
2.6E-1
2.3E-4
4.0E-9
1.5E-6
5.0E-4
7.7E-3
4.1E-4

Notes: See notations and the models adjustments in Table 2.
*“Offspring” denotes children, nieces, and nephews of long-living individuals shown as “Parents.”
†
“Children” denotes children of long-living individuals shown as “Parents.” Children with phenotypes presented for each model were excluded from the analyses
if these phenotypes were not measured in their parents.

Table 4. Multivariate Associations of a Phenotype in Question Measured in Children (outcome) With Physiological Indices Measured
in Their Parents (predictors)
Phenotypes
Model

Outcome

Model 1

BMIC

Model 2

HtnC

Model 3

T2DC

Predictors
BGP
HDL-CP
TGP
SBPP
BMIP
BMIP
BGP
HDL-CP
TGP
HtnP
BMIP
LDL-CP
TGP
SBPP
DBPP
T2DP

Model A

Model B

β

SE

p Value

β

SE

p Value

−0.72
−4.05
0.75
5.37
N/I
7.7E-3
2.2E-2
3.9E-2
7.6E-2
N/I
2.1E-3
−2.5E-3
3.6E-2
4.9E-2
−2.2E-3
N/I

2.00
1.33
0.77
1.84
N/I
3.0E-3
1.8E-1
1.2E-1
6.8E-2
N/I
1.4E-3
1.8E-3
3.2E-2
9.6E-2
6.3E-3
N/I

7.2E-1
2.6E-3
3.4E-1
7.0E-3
N/I
1.1E-2
9.0E-1
7.4E-1
2.7E-1
N/I
1.3E-1
1.6E-1
2.6E-1
6.1E-1
7.4E-1
N/I

−2.32
−3.06
−0.16
3.66
0.24
7.1E-3
−8.5E-4
3.1E-2
5.9E-2
8.1E-2
1.8E-3
−1.6E-3
3.5E-2
4.0E-2
−3.0E-3
5.8E-2

2.06
1.36
0.79
1.89
0.04
3.0E-3
1.8E-1
1.1E-1
6.7E-2
2.6E-2
1.4E-3
1.8E-3
3.1E-2
9.6E-2
6.3E-3
2.8E-2

2.6E-1
2.5E-2
8.4E-1
6.5E-2
8.8E-5
1.9E-2
1.0E+0
7.9E-1
3.9E-1
7.6E-3
1.8E-1
3.6E-1
2.7E-1
6.8E-1
6.5E-1
1.3E-1

Notes: Subscript “P” means parents and subscript “C” means their children.
N/I = not included in the model; other notations and the models adjustments are in Table 2.
The sample size for all models is about N = 1,539 with the exception of N = 1,459 for Model 1B.

expected, because they are connected (Table 2). They do
not, however, alter the association for BMIP. The estimates
of the associations of BMIC with BGC, HDL-CC, TGC, and
SBPC (Supplementary Table 3; Model C) resemble those in
Table 3 (Model 1) for children. These results confirm presence of concurrent mechanisms for BMIC (ie, BMIP related
and BMIP nonrelated).
Table 4 (Model 2A) shows that parental traits BGP, HDLCP, and TGP do not contribute to hypertension in their children,

whereas the BMIP does. Parental hypertension is a significant
predictor of hypertension in their children but its contribution is BMIP independent (Table 4; Model 2B). The effect of
BMIP is largely attributed to direct inheritance of this phenotype (Supplementary Table 4; Model C and Table 1). The
estimates of the associations of BMIC, BGC, HDL-CC, and
TGC with hypertension in parents (Supplementary Table 4;
Model D) resemble those in Table 3 (Model 2) implying
independent contribution of parental hypertension.
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Despite the association of BMI, LDL-C, and TG with
diabetes in parents (Table 3; Model 3), these parental traits
do not contribute to diabetes in children (Table 4; Model
3A). Neither diabetes in parents is a significant predictor of
diabetes in their children (Table 4; Model 3B). Strength of
the associations of BMIC, LDL-CC, TGC, SBPC, and DBPC
with diabetes in children (Supplementary Table 4; Model
3B) is the same as in Table 3 for children.
Discussion and Conclusions
Numerous studies of heritability demonstrate that agingrelated diseases, health traits, life span, biological age, and
physical functioning can have genetic origin (41,42). For
example, studies show substantial heritability of blood pressure (43), pulmonary function (44), BG levels (45), diabetes
(46), bone degeneration (47), cognitive health (48) including Alzheimer’s disease (49), muscle strength (50), walking
speed (51), and so on. Analysis of the narrow-sense heritability of diseases and related traits in the LLFS (9) shows
that such phenotypes are heritable as well; the results of
our analyses presented in Table 2 are in agreement with the
estimates by Matteini and colleagues (9).
The traditional heritability estimates are particularly
useful in the case when phenotypes are controlled by a
small number of genes. Then, heritability analysis can
suggest existence of genetic mutations causing such a
phenotype (eg, as in the case of autosomal dominant form
of Alzheimer’s disease; [52]). However, in majority of
cases of various common aging-related phenotypes (eg,
the late-onset Alzheimer’s disease), genes rather confer
risks than cause them (32,33). Then, traditional estimates
of heritability can be misleading (53) because different
alleles can cause the same common phenotype in different
environments (eg, in different birth cohorts or human
generations) and/or chronological ages. The results of our
analyses illustrate this logic.
Specifically, our analyses reveal three characteristic
groups of relationships among the same 12 pairs of traits in
the parental and offspring generations of the participants of
the LLFS, which are illustrated in Figure 1.
The first group (Figure 1A) illustrates common expectation that if associations among different traits are observed
in parents and their children and if these traits are heritable,
then it is likely that the biogenetic mechanisms (originated
at specific genes) underlying relationships between such
traits are the same in parents and children, for example,
the same genes confer risks of the same traits in parents
and children. If this is indeed the case, then phenotypes
measured in parents should be predictive of cross phenotypes measured in their children (Figure 1A). Our analyses
show that such cross-associations between traits can indeed
exist and they can be a superposition of complementary
mechanisms. For example, Figure 1A illustrates that associations between HDL-CP and BMIC are explained by the

Figure 1. Summary of associations among selected phenotypes representing three qualitatively different patterns of relationships. (A) Associations
among body mass index (BMI) and high-density lipoprotein cholesterol (HDLC) measured in parents (subscript “P”) and their children (subscript “C”). Other
two phenotype pairs from this group are BMI and systolic blood pressure (SBP)
and hypertension (Htn) and BMI. (B) Associations among BMI and blood glucose (BG) measured in parents and their children. Other four phenotype pairs
from this group are BMI and triglycerides (TG), diabetes and BMI, diabetes
and low-density lipoprotein cholesterol (LDL-C), and diabetes and TG. (C)
Associations among Htn and TG measured in parents and their children. Other
three phenotype pairs from this group are Htn and BG, diabetes and SBP, and
diabetes and diastolic blood pressure (DBP). Arrowheads pinpoint an outcome.
Vertical (horizontal) arrows denote associations from Table 2 (Table 3). Inclined
arrows denote associations from Table 4: dashed (Model A) and solid (Model
B) lines.

HDL-CP–BMIP–BMIC and the HDL-CP–HDL-CC–BMIC
pathways. Importantly, analysis of other two pairs of crossassociations from this group (ie, BMI–SBP and hypertension–BMI) shows that the strength and significance of the
associations among different traits in each generation and
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between the same traits in different generations play at most
a minor role in explaining the strength of cross-associations
and preferred pathways of inheritance.
Figure 1B illustrates the second group (composed of five
pairs of traits listed in Figure 1) with a counter-intuitive
finding that despite associations among different traits (even
causally related) and despite their heritability, there are no
cross-trait associations. This means that genes underlying
biogenetic mechanisms connecting health traits in parents
either can be not transmitted to or do not play the same
role in their children. Accordingly, connections among the
parental traits in children can be regulated by different biogenetic mechanism(s). This is an important finding implying that biogenetic mechanisms underlying relationships
among different traits in parents may not function in the
same way for the same traits in their children.
The third characteristic group composed of four pairs of
traits is illustrated in Figure 1C. These findings show that
even if the associations among health traits are lacking in
parents, this does not necessarily mean the lack of these
associations in their children. Then, it is clear that in this
case, the lack of cross-associations between traits in parents
and their children implies that genetic variants inherited
by children from parents are not the risk variants for given
traits for those children.
Therefore, in general, we may not expect that genetic
effects can be the same even in successive generations or
in different age groups of biologically related individuals.
Indeed, our observations can be explained by two factors
assuming that the parental risk alleles are transmitted to
progeny.
The first is that connections among different health
traits, even if they are causally related, can be under
strong environmental pressure, which can dramatically
change the risk genetic profiles even in the same populations of successive generations. From the evolutionary
point of view, this may be because the human genome
was established to provide better robustness under adverse
environmental conditions, which are markedly distinct
from modern conditions especially in developed populations (54). For example, evolutional strategy worked to
conserve genes (eg, the insulin and insulin-like signaling)
when the periods of high and low food supply were irregular. This means that selective advantage was better for
individuals who could store energy in the period with high
food supply and effectively use it during starvation. In
modern conditions, when food is abundant and sedentary
lifestyle is prevalent, this strategy can lead to increased
incidence of, for example, storage diseases such as diabetes and obesity (55,56) associated with new roles for even
the same allelic variants in new environment (so-called
thrifty genes hypothesis [57]).
The second is that genetic variants can change their
role with age (58–62). This explanation is in line
with the antagonistic pleiotropy hypothesis (15) and

supported by recent findings (16–19). Similarly, it is in
line with the mutation accumulation hypothesis (63) and
the maintenance hypothesis of aging (64). This explanation is, however, less realistic and it is not immediately
obvious.
Specifically, detrimental genetic variants transmitted from parents to children (say alleles of group “Old”)
may not work in children because of their younger ages.
These variants can show, however, detrimental effect late
in life when either strength of mechanisms counterbalancing negative effect of these genes declines (eg, buffering
genes [65]) and/or such genes change their expression with
age (eg, genetic underpinnings of secondary hypertension
can be silent until old age). Although at a first glance, this
explanation looks plausible, it is against the observations
that the strength of the associations (beta) in children is
either more pronounced (in absolute units) or of the same
magnitude than that in their parents for all traits (Table 3).
Note also that this strength is virtually not sensitive to the
sample size of offspring (Table 3). However, according to
the aforementioned hypotheses, the strength of the associations should show opposite trends, that is, it should increase
with advanced age and, therefore, should be larger in parents than in offspring.
Because offspring are younger than individuals from the
parental generation (see Table 1), it might be argued that
the observed phenomena could be due to survival selection
of the most robust parents. In this case, we have to assume
that all offspring carrying detrimental alleles working at
younger ages (say alleles of group “Young”) have to die
before they can become as old as their parents in order to
explain potential decline in the effect sizes for the remaining survivors as they are getting older. This is, however,
unlikely a realistic scenario.
Finally, both mechanisms, that is, selective survival and
change of the role of genes with age, can work together.
In this case, some individuals carrying detrimental alleles
of group “Young” can die, whereas the other alleles from
this group in survivors may lose their detrimental role at
advanced ages. Instead, however, the alleles of group “Old”
(ie, those which are characteristic for the parents) will start
to work at those ages.
Thus, our results indicate that complex, aging-related
traits are unlikely to be genetically modulated in a straightforward fashion (66–68). The role of aging-related processes in changing environment may be underestimated
in currently prevailing genetic association studies. As a
consequence, existing strategies for technical replication
of genetic associations may be a major limiting factor in
accelerating progress in understanding biogenetic mechanisms driving healthspan. Future progress will require the
collaborative multidisciplinary and interdisciplinary input
of specialists from diverse disciplines, including biogenetics, evolutionary biology, epidemiology, biodemography,
and aging.
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