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Abstract

Fixed-effect meta-analysis has been used to summarize genetic effects on a phenotype across multiple Genome-Wide Asso-
ciation Studies (GWAS) assuming a common underlying genetic effect. Genetic effects may vary with age (or other charac-
teristics), and not allowing for this in a GWAS might lead to bias. Meta-regression models between study heterogeneity and
allows effect modification of the genetic effects to be explored. The aim of this study was to explore the use of meta-analysis
and meta-regression for estimating age-varying genetic effects on phenotypes. With simulations we compared the perfor-
mance of meta-regression to fixed-effect and random -effects meta-analyses in estimating (i) main genetic effects and (ii)
age-varying genetic effects (SNP by age interactions) from multiple GWAS studies under a range of scenarios. We applied
meta-regression on publicly available summary data to estimate the main and age-varying genetic effects of the FTO SNP
1$9939609 on Body Mass Index (BMI). Fixed-effect and random-effects meta-analyses accurately estimated genetic effects
when these did not change with age. Meta-regression accurately estimated both main genetic effects and age-varying genetic
effects. When the number of studies or the age-diversity between studies was low, meta-regression had limited power. In
the applied example, each additional minor allele (A) of rs9939609 was inversely associated with BMI at ages O to 3, and
positively associated at ages 5.5 to 13. Our findings challenge the assumption that genetic effects are consistent across all
ages and provide a method for exploring this. GWAS consortia should be encouraged to use meta-regression to explore
age-varying genetic effects.
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Introduction
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Genome—wide association studies (GWAS) test associa-
tions of millions of single nucleotide polymorphisms (SNPs)
across the genome with a phenotype. As SNP effects are
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effects vary with age, as they have been demonstrated to
do for some phenotypes [4-8]. As meta-analysis estimates
an average genetic effect over all studies, meta-analysing
GWAS studies of age-diverse samples, without considering
potential heterogeneity of genetic effects due to age, could
fail to identify clinically important changes of genetic risk
with age. Moreover, ignoring age-varying genetic effects in
GWAS may lead to spurious results in other methods that
use GWAS summary data as input to estimate: genetic cor-
relation between traits (LD score regression) [9], genetic
predisposition to a trait (Polygenic Risk Scores) [10] and
the causal effect of an exposure on an outcome (Two-sample
Mendelian randomization) [11].

An approach recommended in meta-analysis of Rand-
omized Controlled Trials (RCTs) to estimate treatment-
covariate interactions (e.g., treatment-age interactions) is
a two-stage approach, where the interactions are estimated
within each study, and these interactions are then meta-ana-
lysed [12]. This approach would have limited application in
GWAS as most studies do not perform or report an interac-
tion analysis (e.g., SNP-age interaction effects).

An alternative method that could be used to overcome this
issue is meta-regression. In contrast to meta-analysis that
uses summary GWAS data to estimate an average genetic
effect over all studies, meta-regression models observed
heterogeneity and allows investigation of the impact of
moderator variables on estimated genetic effect sizes [13,
14]. For example, considering age as the moderator vari-
able meta-regression could be used to estimate not only
the average genetic effect at the weighted mean age over
all studies or at any age of interest, but also the age-varying
genetic effect (i.e., SNP by age interaction). A search of the
literature and GWAS data bases in July 2022, suggests that
meta-regression has been applied in only two GWASS to
explore age related differences between included studies. In
both cases, genetic variants with age-varying genetic effects
were identified [8, 15]. We have not identified published
research exploring the conditions under which meta-regres-
sion outperforms meta-analysis when age-varying genetic
effects exist.

The aim of this study was to explore the use of meta-
analysis and meta-regression to examine age-varying genetic
effects on phenotypes, using summary GWAS data. We
compared the performance of meta-regression and fixed-
effect and random-effects meta-analysis in estimating (i)
main genetic effects (i.e., the SNP effect at the youngest
age available across all studies, age 10) and (ii) age- vary-
ing genetic effects (SNP by age interactions) using multi-
ple simulated cross-sectional GWAS studies. We simulated
phenotype-genotype associations under a range of data gen-
erating processes, varying the number of studies and their
sample sizes, the overlap in the age range of study partici-
pants between studies (i.e., age-diversity), and the sampling
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variability within and between studies. We also present an
empirical example in which we applied meta-analysis and
meta-regression to estimate the age-varying genetic associa-
tions between the r$9939609 SNP at the FTO locus and body
mass index (BMI) across early life-course, using publicly
available summary data, and compare these to estimates
from previous individual-participant analyses.

Methods
Data generating mechanisms for simulations

Participant age (age;; for participant i in study j), drawn from
a uniform distribution, was set between 10 and 59 years.
A single SNP with a large effect size, SNP,-j, was simu-
lated with a minor allele frequency (MAF) of 0.2 and the
number of risk alleles (0,1,2) was drawn from a binomial
distribution. We generated the outcome phenotype (Y;) to
be dependent on: Scenario 1. age and genotype; Scenario
2. age and genotype, with an interaction between age and
genotype (linear interaction term); Scenario 3. age, genotype
and a quadratic term of age; Scenario 4. genotype, age and a
quadratic term of age, with an interaction between age and
genotype (linear interaction term); Scenario 5. genotype,
age and a quadratic term of age, where genotype interacts
with age and quadratic age (non-linear interaction term).
Equations for the phenotype generating scenarios and the
parameter values are presented in Table 1. We assumed that
the effect of age on phenotype (f,,,) was identical for each
study but that the effect of genotype varied randomly across
studies (Bgyp + u;), corresponding to a random-effects meta-
analysis model for the genotype—phenotype association. As
a “base case” scenario, we used 1 SD within and between
study variability (e; ~ N(0, 1) and u; ~ N(0, 1)) in the data
generating mechanisms, with 40 cross-sectional studies each
with sample size N; = 1000.

Estimating study-specific genotype—phenotype
associations

Within each cross-sectional study, we used linear regression
to estimate the genotype—phenotype association. As is usual
in GWAS studies, models were adjusted only for age, and no
further adjustments were made to account for non-linearity
or SNP-age interactions. Equation (1) describes the regres-
sion models:

Y = Boj + B X SNP; + By; X age; + € (1)
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Table 1 Equations underlying the phenotype generating mechanism for each simulated scenario and parameter values for ‘Base case scenario’

Simulated scenarios

Scenario 1 Yy = PBo + Buge X agey + (Bsyp + 1)) X SNPU, +e;

Scenario 2 Yy = PBo + Buge X agey + (Bsyp + 1)) X SNPU + Bsnpxage X age; X SNPl,j + £

Scenario 3 Yy = fo + Buge X agej + Puge> X age + (Bsyp + 1) X SNP, +&;

Scenario 4 Yy = PBo + Buge X agey; + Puger X age + (Bswp + ;) X SNP + BonpxageXage;; X SNPU + £

Scenario 5 Y= By + Buge X agej; + Py X age + (Bonp + up) X SNP + Bsnpxage X age; X SNPI_J_ + Bsnpxage? X agel.szSNPlj + £

Parameter Value Interpretation

bo 25 Baseline mean value of phenotype when age;; = 0 and SNP; = 0

Bage 0.010 Effect of age on phenotype

age;; ~U (min age, max age) Age of participant 7 in study j

Bonp 1.5 Effect of genetic variant on phenotype (main genetic effect)

SNP;; 0,1,2 Number of alleles of a genetic variant for participant i in study j

Bsnpxage 0.020 Age varying-genetic effect on phenotype (linear interaction term)

Bsnpxage? 0.001 Non-linear age-varying genetic effect on phenotype (non-linear
interaction term)

Buger 0.001 Non-linear effect of age on phenotype

€ ~N(©,1) Within study sampling error

u; ~ N(,1) Between study sampling error

jthstudy j=(1, 2, ...,40), ith participanti=(1, 2, ..., 1000)

We collected the estimated genotype—phenotype effect
estimate (ﬁlj) and its standard error (SE();)) from each
study, in addition to the mean age (age;) and standard devia-
tion of age (SD(age;)) for each study.

Description of compared methods
Meta-analysis

Fixed-effect meta-analysis assumes that all studies draw
a (random) sample from the same underlying population
and hence share a common true effect size for each SNP.
The pooled meta-analysis estimates the population average
genetic effect at the weighted mean age over all studies [16].
The observed effect for a given SNP in each study is:

N(0.5?) 2)

where, §,; the genotype—phenotype effect in the jth study,
Psnp 1s the common genetic effect at the weighted mean age
over all studies, and n; is random error describing the sam-
pling variability within each study (with variance sj2 in study

Pij = Bswp + mjm; ~

Jj, 1.e., the variance of ﬂlj).

Random-effects meta-analysis allows the true genetic
effect size to differ across studies. The observed effect for a
given SNP in each study is:

By = Bswp + & + 15 1y ~ N<0, Sf) 3)

& ~N(0,7%)
where figyp is the mean genetic effect at the weighted mean
age, &; represents heterogeneity, i.e. the study-specific devia-
tion from the mean genetic effect (with variance 72 across
studies, i.e. the between study variability), and n; is random
error describing the sampling variability within each study
(with variance SJ? in study j, i.e. the variance of §,;). Further
information about the estimation of combined genetic effects
in fixed-effect and random-effects meta-analysis can be
found in Online Resource 2. To estimate the between-study
variance 72, we used restricted maximum likelihood

(REML) method [17].

Meta-regression

Random-effects meta-regression extends the random-
effects meta-analysis model as follows:

ﬂlj = ﬂSNP + ﬂSNangergej + gj + ”j’ nj ~ N<O SZ)

4
gonoz) @

and could also be further extended to include non-linear
terms such as:
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Bij = Bsnp t Bonpxage8€; t Bsnpxage: agejz +&+n, n~N (0, s]2>
&~N(0.72)
®)
where, Boypyqq. 18 the difference in the mean effect of a given
SNP for each one year increase in age, foypyqqe2 1S the differ-
ence in the mean effect of a given SNP for each one year
difference in the square of age and 12 _is the residual hetero-
geneity after accounting for the age effect(s) Meta -regres-
sion estimates these two parameters (ﬁSNange, ﬂSNPXugez) and
an intercept term (ﬂSNP) representing the effect of genotype
on phenotype for age=0. In Eq. (5), age; is the mean age,
agej? is the mean of quadratic age of each study. Mean of
quadratic age is often not available in GWAS, but it can be
derived from within-study standard deviation of age, which
is_often avallable in GWAS using the formula
(age ~ SD(age; ) + (agej) ). Further information about the
derlvatlon of the meta-regression models including quadratic
or cubic terms of age can be found in Online Resource 2. To
estimate the between-study variance rrzm we used REML
[17].

As the effect of genotype on phenotype when age is zero
may not be of interest for many phenotypes, meta-regression
models can be modified to estimate the effect of genotype
on phenotype at a given age of interest (e.g., an age that
is within the age range of all studies). Similarly to regres-
sion models, including age centred at the age of interest in
the meta-regression models will change the estimate of the
intercept term (ﬁASNP), which will be the effect of genotype on
phenotype at the age of interest, while interaction terms will
remain unchanged. For example, in our simulations we were
interested in estimating the effect of genotype on phenotype
at age 10 (the lowest age across studies) and therefore, mod-
els (4) and (5) were modified as follows:

Byj = Bsnp + Psnpxage X (Tgej -10) + &+ 1y N<0 S2>

similar results to meta-analysis only in cases where the phe-
notype-genotype association does not change, or changes
linearly, with age. In that case the (weighted) mean genetic
effect across all studies (meta-analysis) will be equivalent to
the genetic effect at the (weighted) mean age (centred meta-
regression). Additionally, it is expected that standard errors
for the main genetic effect will be the lowest when centering
age at the mean of all studies in meta-regression, and equiva-
lent to standard errors as estimated in random-effects meta-
analysis. However, in our simulations we chose to centre age
at the lowest age of all studies rather than at the mean age
across all studies, as centring at mean age would have been
data-driven and not an age of interest for many phenotypes.

Implementation

For each scenario, we ran 1000 iterations. We varied (i)
study sample sizes from 1000 to 10,000, (ii) the number of
studies from 10 to 80, (iii) the within and between study var-
iability from 1 (g; ~ N(0, 1) and u; ~ N(0,1)) to 3 (¢; ~ N
(0,3%) and u; ~ N(0,3%)), and (iv) the overlap of age distribu-
tions across studies (i.e., a reflection of the spread of study
age means and age-diversity) from no overlap (0%) (i.e.,
high age-diversity and spread of study age means) to com-
plete overlap (100%) (i.e., minimal age-diversity and spread
of study age means) in 25% increments. Figure 1 depicts
the overlap of age distributions between studies. We also
varied, (v) the age ranges of studies to allow for standard
deviations of age to differ between studies. Further infor-
mation about the age ranges of each study can be found in
Online Resource 1 (Table S1 and S27). Lastly, (vi) we run
simulations where the simulated value for the main genetic
effect is the effect of genotype on phenotype at the weighted
mean age across all studies. In this simulated scenario, meta-
regression models included age centred at the weighted
mean age across all studies, instead of centring age at age

& ~ N(0,72) 10 as in the previous simulations.
(©6)
and
__ 2
ﬂlj = ﬁSNP + ﬁSNange X (agEj - 10) + ﬁSNangez X (agej - 10) + 5] + Vlj, r]] ~ N(O S2) (7)

5 N(O T}"&S‘)

where, (ﬂASNP) is now the effect of genotype on phenotype at
age=10 (referred to as main genetic effect), fgypyqg 15 the
difference in the mean effect of a given SNP for each one
year increase in age and fgypy,,2 is the difference in the
mean effect of a given SNP for each one year difference in
the square of age.

It is important to note that centering age at the weighted
mean of all studies in meta-regression is expected to yield

@ Springer

Estimands and performance measures

The estimands of interest were the main genetic effect (Bgyp)
(the effect of the SNP if the population had mean age = 10),
the linear age-varying genetic effect (Bgnpyage)> the non-
linear age-varying effect (Bgnpyag.2), and the standard errors
(SE) of these parameters across simulations.
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Fig. 1 Scatter plot of age of each participant within each study to show age overlap

We present five performance measures: the mean estimate,
the bias (the deviation of the estimated parameter from the
simulated value), the coverage of the 95% confidence inter-
val (CI) (the proportion of simulated datasets for which the
95% confidence interval included the simulated value), the
empirical standard error (Emp SE), and the mean standard
error (Mean SE).

Estimating the age-varying genetic association
between the rs9939609 SNP at the FTO locus
and body mass index (BMI)

We used a real data example to illustrate the application of
meta-analysis and meta-regression in estimating age-varying
genetic effects using summary level association statistics. An
age-varying association between the rs9939609 SNP at the
FTO locus and body mass index (BMI) has been previously
demonstrated [4, 5, 18, 19]. We extracted summary level data
for the association between rs9939609 and BMI from a study
investigating the effect of this genetic variant on BMI from
infancy to late childhood [5]. The effect of 1$9939609 on BMI
was estimated in 8 cohorts (N =569 to 7482) at up to 10 ages
within each cohort from 0 to 13 years. Detailed information

about effect sizes within each cohort at each time point can be
found in Online Resource 1 (Table S2).

We estimated the association between rs9939609 SNP and
BMI using fixed-effect meta-analysis and meta-regression
adjusting for a cubic term of age, which can be written as
follows:

Top. 2 3 2
B = Bsp + Psnpxage @82 + Psnpxage» 48€; + Psnpxager @8€; + &+ 1y 1 ~ N(O, s; )

&~ N(0.22)

res

)

We chose not to centre age in this example as we
were interested in the effect of the SNP at age zero.
The choice to adjust for a cubic term of age was made
based on evidence suggesting that each additional minor
allele (A) of this variant is inversely associated with
BMI from ages O to 3 and positively associated from
ages 5.5 to 13 [5]. Effect sizes were estimated at multi-
ple time points within the same cohorts, so we used gen-
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Fig.2 Heat maps displaying the mean difference (Monte Carlo standard error) between estimated main genetic and simulated main genetic effect
(i.e., the genetic effect in a population of mean age =10) (fyp) for each method, scenario, and age overlap ( N=1000). MA: Meta-analysis

eralized weights to adjust standard errors for the sample
overlap [20].

Results

Scenarios 1 and 3: data generated
with no age-varying genetic effect

Estimation of main genetic effect (Bsy;) (i.e., the effect
in a population with mean age=10)

As expected, as there was no age-varying genetic effect,
both the fixed-effect and the random effects meta-anal-
yses yielded estimates of the main genetic effect (Pgyp)
similar to the simulated values across all proportions of
overlapping ages between simulated studies (Fig. 2a, b),
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although CI coverage was below the nominal 95% level
for the fixed-effect meta-analysis. Similarly, meta-regres-
sion models including either a linear or a quadratic term
of age demonstrated negligible bias for the main genetic
effect (Fig. 2¢c, d). CI coverage was consistent with the
nominal 95% level for random-effects meta-analysis
and both meta-regression models (Online Resource 1,
Table S3).

Estimation of age-varying genetic effects
(ﬁSNPxAge' ﬁSNPxAgez)

Both meta-regression models (including a linear or quadratic
term of age) yielded unbiased (i.e., mean of zero) estimates
of the linear age-varying genetic effect (Bgnpxage) (Fig. 3a,
b) and the non-linear age-varying genetic effect (Bgnpyage?)
(Fig. 3¢). However, for both estimands (BsnpxagesBsnpxage?)s
the values estimated by the meta-regression models (erro-
neously including a linear or a quadratic term of age) were
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Fig.3 A, B Heat maps displaying the absolute bias (Monte Carlo
standard error) of each meta-regression model, for each scenario
and age overlap for the linear age-varying genetic effect (Bgypyage
JIN=1000). Squares represent scenarios where PBoypysq = 0.02
(scenario 2&3) and ﬂSprAge=O.04 (scenario 5). In other sce-

variable as seen by the large Monte Carlo SEs of bias in
(Fig. 3a—c). As the proportion of overlapping ages between
simulated studies was increased, the variability of estimated
values increased.

CI coverage for the linear age-varying genetic effect
(Bsnpxage = 0) was consistent with the nominal 95% level
for meta-regression models including a linear term of
age, CI coverage was below the nominal 95% level for the

nariosfgypyag = 0. C Heat maps displaying the absolute bias
(Monte Carlo standard error) of meta-regression including a non-
linear term of age, for each scenario and age overlap for the non-
linear age-varying genetic effect (Bgypyaq2) (N=1000). In scenario
5Bsnpsager = 0.001. In all other scenariosfgypy e = 0

linear and non-linear age-varying genetic effect
(Bsnpxage: Psnpy Agez) in meta-regression models including a

quadratic term of age (Online Resource 1, Table S4 and S5).
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Scenarios 2 and 4: data generated with a linear
age-varying genetic effect

Estimation of main genetic effect (Bsy;) (i.e., the effect
in a population with mean age=10)

When there were linear age-varying genetic effects, the dif-
ference between the estimated main genetic effects and the
simulated value was not zero for both fixed and random-
effects meta-analyses, across all proportions of overlapping
ages between simulated studies (Fig. 2a, b). Meta-regression
models including a linear or quadratic term of age produced
unbiased estimates of the main genetic effect (Fig. 2c, d).
As the age overlap between studies increased, the meta-
regression estimates were more variable, as seen by the large
Monte Carlo SEs.

In both scenarios, CI coverage for the main genetic
effect (i.e., the effect if the population had a mean age
of 10) was consistently below the nominal 95% level for
fixed-effect and random-effects meta-analyses, across all
proportions of overlapping ages between simulated stud-
ies. Both meta-regression models (including a linear or a
non-linear term of age) yielded coverage of CIs consistent
with the nominal 95% level (Online Resource 1, Table S3).

Estimation of age-varying genetic effect (Bgyp.ages Bsnpxage?)

Meta-regression estimates of the linear age-varying
genetic effect (Bgnpxage) Were unbiased in both meta-
regression models (Fig. 3a, b). Similarly, estimates of the
non-linear age-varying genetic effect (Bgypxager = 0) was
unbiased in the meta-regression model including a quad-
ratic term of age (Fig. 3¢). The variance of the estimated
values increased as the proportion of overlapping ages
between simulated studies increased.

In both scenarios, CI coverage for the linear and non-
linear age-varying genetic effects (Psnpxages Psnpxage?)
were consistent with the nominal 95% level for meta-
regression models including a linear term of age but not
for meta-regression including a quadratic term of age
(Online Resource 1, Table S4 and S5).

Scenario 5: data generated with a quadratic
age-varying genetic effect

Estimation of main genetic effect (Bsy;) (i.e., the effect
in a population with mean age=10)

The difference between the estimated main genetic effect
and the simulated value was not zero for both fixed and
random meta-analyses (Fig. 2a, b). Meta-regression with
only a linear age term gave biased estimates of the main
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genetic effect (Fig. 2c), due to wrongly specifying a lin-
ear meta-regression model. Meta-regression including a
quadratic term of age yielded unbiased estimates, but vari-
ability of bias increased as age overlaps between studies
increased (Fig. 2d).

CI coverage for the main genetic effect (i.e., the effect in
a population of mean age=10) was consistently below the
nominal 95% level for all compared methods, except meta-
regression models including a quadratic term of age, across
all proportions of overlapping ages between simulated stud-
ies. (Online Resource 1, Table S3).

Estimation of age-varying genetic effect (Bgyp.ager Bsnpxage?)

Meta-regression models including only a linear term of
age gave biased estimates of the linear age-varying genetic
effect (Bsnpxage)s across all proportions of overlapping ages
between simulated studies, due to wrongly specifying a lin-
ear meta-regression model. In contrast, the meta-regression
model also including a quadratic term of age yielded unbi-
ased estimates of both the linear and non-linear age-varying
genetic effects (Bgypyage)s (Bsnpxage?)s but variance of esti-
mates increased as proportions of overlapping ages between
studies increased (Fig. 3a—c).

CI coverage for the linear and non-linear age-varying
genetic effect (Bgnpxages Psnpxage?) Was consistently slightly
below the nominal 95% level in both meta-regression models
(Online Resource 1, Table S4 and S5).

Comparison of empirical SE and mean SE

Across all scenarios and proportions of overlapping ages
between studies and for all estimands of interest, the ran-
dom-effects meta-analysis and meta-regression includ-
ing both a linear term and quadratic term of age yielded
comparable empirical and mean SEs (Online Resource 1,
Table S3-S5). In contrast, the fixed-effect meta-analysis pro-
duced mean SEs that were smaller than the empirical SEs,
highlighting the incompatibility of fixed-effect meta-analysis
to our data-generating mechanisms.

The random-effects meta-analysis and meta-regression
(both including a linear and quadratic term of age) produced
large mean SEs of the main genetic effect (fgyp). However,
when there was no age-varying genetic effect, meta-regres-
sion produced larger mean SEs compared to random-effects
meta-analysis (Fig. 4a, Scenario 1 and 3). Including highly
age-diverse studies (no (0%) age overlaps in age ranges
between studies) in the meta-regression models produced
more precise estimates of the main genetic effect compared
to inclusion of less age-diverse studies (100% overlap in age
ranges) (Fig. 4).
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The meta-regression models including a linear term of
age produced smaller mean SEs for both the linear and non-
linear age-varying effects (Bsnpxages Bsnpxage?) compared
with meta-regression models including a quadratic term of
age, as expected due to having fewer number of parameters
estimated (Fig. 4). Moreover, including highly age-diverse
studies (no (0%) overlap in age ranges between studies) in
the meta-regression models produced more precise estimates
of the linear and non-linear age-varying effects compared to
inclusion of less age-diverse (100% overlap in age ranges)
studies.

Influence of study characteristics

The Online Resource 1 (Table S6-S33) shows results
from simulations varying the number of studies included
in the analysis (from 10 to 80), sample sizes of each cohort
(from 1,000 to 10,000), study level error (uj), individual
level error (¢;), standard deviations of age and center-
ing age to weighted mean age across all studies. A small
number of studies included in the meta-regression mod-
els (including a linear or quadratic term of age) resulted
in CI coverage below the nominal 95% level for all esti-
mands of interest (fgyp,Bsnpxages Psnpxage?)> €ven when
the meta-regression models correctly reflected the data
generating mechanisms. Increasing the number of partici-
pants within each cohort resulted in decreased mean SEs
in fixed effect meta-analysis, while the results remained

similar in random-effects methods. As expected, increas-
ing study-level variability resulted in increased mean SEs
in all random-effects methods, while mean SEs in fixed-
effect meta-analysis remained unchanged. Conversely,
increasing individual-level variability resulted in increased
mean SEs in fixed effect meta-analysis and SEs remained
unaffected in random-effects methods. When standard
deviations of age were simulated to differ across studies
all methods produced results similar to these observed
in the “Base case scenario”. Lastly, we set the simulated
value for the main genetic effect as the effect of genotype
on phenotype at the weighted mean age across all studies.
Meta-analysis and meta-regression models yield unbiased
estimates of the main genetic effect (fgyp) in scenarios 1
to 4 (as expected), where there was either no age-varying
genetic effect or a linear age-varying genetic effect in the
data generating mechanism. Moreover, meta-analysis and
meta-regression models including a linear term of cen-
tred age yield similar mean SEs. However, in scenario 5,
where there was a non-linear age-varying genetic effect in
the data generating mechanisms, meta-analysis and meta-
regression including only a linear term of centred age pro-
duced biased estimates of the main genetic effect (fgyp)-
Meta-regression results for the linear and non-linear age-
varying genetic effects (Bsnpwages Psnpxage?) remained
unchanged as expected.
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Estimated genetic association between rs9939609 SNP at the FTO locus and BMI

Fixed — effect meta - analysis

Genetic effect

Random — effects meta - regression
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Fig.5 Estimated genetic association between rs9939609 SNP at the FTO locus and BMI, as estimated using fixed-effect meta-analysis and meta-
regression adjusting for cubic term of age. Number of studies=8, N=19,725

Estimating the age-varying genetic association
between the rs9939609 SNP at the FTO locus
and body mass index (BMI)

Detailed information about the effect sizes used in the
meta-analysis and meta-regression can be found in Online
Resource 1 (Table S2). When we applied fixed-effect meta-
analysis, a constant negative association (f=-0.05, 95% CI
—0.06 to —0.03) between each additional minor allele (A)
of rs9939609 and BMI was estimated. As fixed-effect meta-
analysis is a weighted average of all studies, the estimated
genetic effect is highly influenced by the fact that most of
the largest studies are in early ages, therefore if a different
selection of studies was used a different effect may have been
estimated. In contrast, when we applied meta-regression, we
observed an age-varying association: each additional minor
allele (A) of 1s9939609 was inversely associated with BMI
at ages 0 to 3, and positively associated with BMI at ages 5.5
to 13 (Fig. 5). The percentage of variation between studies
that can be attributed to heterogeneity rather than chance in
fixed-effect meta-analysis was substantial (>=76.9%), while
adjusting for cubic age using meta-regression reduced the
between study heterogeneity (I*=28.09%) (Online Resource
1, Table S34). Lastly, the association estimated using meta-
regression was similar to the association described in the
study we extracted summary data from [5]. In that study,
individual participant data were utilised to model the median
BMI curves of each genotype using the LMS method, and it
was observed that carriers of minor alleles (A) showed lower
BMI in infancy and higher in childhood.
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Discussion

In this study, we compared the performance of meta-
regression and meta-analysis in accurately estimating main
genetic effects (at age 10) and age-varying genetic effects
(i.e., SNP-age interactions) from simulated cross-sectional
GWAS studies and provided an empirical demonstration of
this. Our results demonstrated that fixed-effect and random-
effects meta-analyses accurately estimate genetic effects
when these are not moderated by age, but not when age-
varying genetic effects exist. This is because when there
is age-moderation of genetic effects, the fixed or random-
effects meta-analyses estimate the average effect across the
(weighted) age distribution of the studies included. This will
coincide with the genetic effect at the mean age if the genetic
effect varies linearly with age, but not otherwise. In con-
trast, meta-regression produces unbiased estimates of both
the main genetic effects and the age-varying genetic effects,
regardless of whether age is a moderator or not. For exam-
ple, in our empirical analysis, meta-analysis suggested an
inverse association in children aged O to 13 years, whereas
meta-regression correctly revealed an inverse association in
early childhood (0 to 3 years) with this changing to a posi-
tive association between age 5.5 and 13 years. This empiri-
cal analysis demonstrates that the assumption that genetic
effects are consistent across life will not always be the case,
and we suggest that meta-regression should be used more
widely to explore this possibility. It is important to note how-
ever that applying meta-regression when there are no age-
varying genetic effects will produce less precise estimates,
as more parameters will be estimated.
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Exploring age-varying genetic effects in GWAS is
important for various reasons. Firstly, it could help to bet-
ter characterise the extent to which genetic variants which
have already been associated with traits in a cross-sectional
GWAS also influence change in that phenotype over time.
For example, the FTO gene has been consistently reported
to be associated with BMI and adiposity related traits, and
there is evidence to suggest that this association may be time
dependent [18, 19]. More specifically, a longitudinal cohort
study reports association of the FTO gene with BMI during
childhood and up to 20 years of age, when this association
starts to get weaker with increasing age [4]. Secondly, it
could contribute to identifying novel genetic variants, which
may be associated with traits only in specific time periods
during the life course. For instance, the LEPR locus has been
associated with BMI in infancy and it is not linked with adult
BMLI, suggesting that its effect is no longer present in adult-
hood [21, 22]. Other traits with age-varying genetic effects
are: diastolic blood pressure (DBP), systolic blood pressure
(SBP), mean arterial pressure (MAP) and pulse pressure
(PP), where genetic variants located in the EHBPIL1 (DBP
and MAP), CASZ! (SBP and MAP), and GOSR2 (PP) loci
had effects with opposite directions in the young versus old
participants [8]; prostate-specific antigens (PSA) where 15
novel genetic variants were identified after accounting for
age-varying genetic effects [6]; age-related macular degen-
eration where 4 loci, 2 of which were novel, identified after
accounting for age-varying genetic effects [7]. Exploring
age-varying genetic effects could therefore contribute to
identifying novel genetic variants associated with age of
onset, development of traits over time, and disease progres-
sion. Thirdly, the increasing number of GWAS and the pub-
lic availability of their results has increased the popularity
of two-sample MR studies, where the effect estimates of
the genetic variants of exposure and outcome are extracted
from different GWAS [11]. These allow the estimation of
causal effects without requiring the exposure and outcome
to be measured in the same participants. The causal effects
estimated by MR are often interpreted as “lifetime causal
effects of exposures on outcomes”. This interpretation has
recently been challenged [23]. More specifically, when the
association between genetic variants and exposure is time-
varying, then the estimated causal effects that do not take
account of this are likely to be biased, particularly if this is
interpreted as a lifetime causal effect [23]. Therefore, explor-
ing and accurately estimating age-varying genetic effects
could help in better characterising causal relationships when
the exposure of interest is time-varying.

Age-varying genetic effects could be explored in a GWAS
in two different ways. The first approach would be to esti-
mate SNP by age interactions within each GWAS. This
would be possible if either the study was longitudinal, or it
included participants with a wide range of ages. However,

interaction analysis within GWAS might not always be fea-
sible due to the large sample sizes required to have suffi-
cient statistical power to identify interaction effects and the
large computational time required to run the analyses. The
study-specific SNP by age interactions would then be meta-
analysed to obtain combined estimates [12]. This approach
is feasible only in consortia where a pre-specified analysis
plan requires estimation of interaction effects. Outside the
scope of a consortium this approach would not be feasible,
as GWAS rarely perform interaction analysis or report the
full summary results of this analysis so they can be used in
a meta-analysis. In this study we propose a second approach,
meta-regression. Compared to meta-analysis of interaction
effects, meta-regression will have smaller statistical power
to identify interaction effects when median/mean ages across
studies do not differ substantially [24]. Furthermore, as
demonstrated in our simulations, meta-regression produces
larger mean SEs compared to meta-analysis for the main
genetic effect, when no age-varying genetic effect exist,
therefore statistical power to identify main genetic effects
is also smaller. Therefore, meta-regression still offers the
opportunity of exploring age-varying genetic effects without
the need of additional data collection, as it requires only
summary level data for the effect of each SNP on the out-
come, the mean and standard deviation of age of each study.
Given the large number of already published GWAS that
include large sample sizes and the public availability of their
summary data, meta-regression could be considered as a step
towards investigation of age-varying genetic effects without
the need for additional data collection.

Even though GWAS commonly include age-diverse sam-
ples, meta-regression is rarely used to explore the differences
in SNP-phenotype associations due to age. We have identi-
fied only two studies that applied meta-regression to account
for heterogeneity introduced due to age. A GWAS of bone
mineral density (N =30 studies with a total 66,628 partici-
pants) applied meta-regression by stratifying the participants
in each study into subgroups based on age and adjusting for
the median age of each subgroup [15]. Two loci (in ESR]
and RANKL) demonstrated age-varying genetic effects,
with stronger associations in older age groups. A GWAS of
blood pressure traits (N =9 studies and 55,796 participants)
applied meta-regression and adjusted for median age of each
contributing study; it identified 9 genetic variants with age-
varying effects. SNPs located in CASZI, EHBPILI, and
GOSR?2, demonstrated the largest age-dependent effects,
with the effect alleles increasing blood pressure traits in the
younger ages and decreasing them in the older [8].

It is important to note that the use of meta-regression
is not limited to exploration of age-varying genetic effects.
Meta-regression is beginning to be used to explore sources
of heterogeneity in large scale genetic studies, such as to
account for variation in phenotype assessment [25].GWAS
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that include samples from diverse ancestry backgrounds
are becoming more prevalent and meta-regression has also
been used as an approach to explore differences in SNP-
phenotype association due to ethnicity/ancestry [25-27].
Therefore, meta-regression could be useful in estimating
interactions between genetic variants and various risk fac-
tors such as ancestry and sex [25-28].

Meta-regression offers a feasible analytic tool to estimate
age-varying genetic effects in the framework of GWAS. Sim-
ilar to many statistical methods, a clear research question
and justification for applying meta-regression is necessary a
priori. We suggest two uses of meta-regression in a GWAS;
(i) to complement GWAS meta-analysis to explore age-vary-
ing genetic effects and/or to (ii) estimate age-varying genetic
effects when these are hypothesised and part of the main
aim of the GWAS. We suggest that application of meta-
regression should be considered in cases where moderate
or high between-study heterogeneity (1> > 25) is observed.
Additionally, careful consideration must be given regarding
the data needed. Meta-regression requires only summary
level data for the effect of each SNP on the outcome within
each study, in addition to the mean and standard deviation
of age of participants in each study. As many GWAS on
various traits and diseases have already been published and
their summary level data are often publicly available, meta-
regression maximizes the value of already existing stud-
ies to explore age-varying genetic effects. However, often
GWAS consortia provide summary level data of each SNP
across studies, but not separately by study. For example, in
our applied example we originally planned to use publicly
available summary data from GWAS consortia but were
unable to find any that provided summary data by study.

Fig.6 Recommendations for
the application of meta-regres-
sion in estimating age-varying
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» Meta-regression offers limited power

to identify age-varying genetic effects.

* Meta-regression offers limited power to

identify age-varying genetic effects.

each study and meta-analyse

Future GWAS should therefore aim to publish study specific
summary results (including the mean and standard deviation
of age) to enable meta-regression. Our simulation study sug-
gests that consideration should be given to the number of
studies and the age-diversity between the studies included
in the meta-regression. This is in line with simulation stud-
ies reporting that the statistical power to identify moderator
effects in meta-regression depends on the number of trials,
the spread of study means, sample sizes and residual hetero-
geneity [24, 29]. In Fig. 6, we provide guidance regarding
the number of trials and age-diversity. When the number of
studies included in the meta-regression is low (< 60 in our
simulations) and the age-diversity between samples is low
(study mean ages are similar), meta-regression has limited
power to estimate age-varying genetic effects. Therefore,
researchers will need to either include more studies of age-
diverse samples or estimate age-varying genetic effects
within studies and meta-analyse these. The additional num-
ber of studies that needs to be included to reach adequate
statistical power to identify main and age-varying genetic
effects, can be calculated by performing sample size calcula-
tions. However, when the number of studies included in the
meta-regression is high and the between-study age-diversity
moderate to high, then meta-regression should be considered
as the main analytical approach in GWAS. Lastly, our simu-
lations suggest the importance of carefully selecting whether
the application of a linear or non-linear meta-regression is
appropriate, as over-misspecification of the model could lead
to below nominal CI coverage and under-specification could
lead to biased estimates. Information about the effect of a
SNP on a phenotype, in relation to age, can be obtained by

* Meta-regression offers high power
to identify age-varying genetic
effects.
* Meta-regression could be used as

main analytical approach

* Meta-regression offers limited
power to identify age-varying
genetic effects.
* Meta-regression could be used as

a sensitivity analysis.

moderate high

Age-diversity between studies
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smaller longitudinal studies, where this relationship can be
investigated.

Our study has limitations that should be considered. Even
though we explored a wide range of plausible scenarios in
our simulations, we have inevitably not explored all possible
real-world scenarios. For example, further work would be
needed to investigate the applicability of our results in cases
where the trait of interest is binary/categorical or in cases
where the sample size of studies differs and this differen-
tiation is age related (e.g., smaller sample sizes in studies
with older participants compared to studies with younger
participants). Simulating larger number of studies and sam-
ple sizes would have been computationally intensive and
would not provide any further insights, as we were already
able to observe that power of meta-regression is influenced
by the number of studies included. Additionally, we have
only investigated the applicability of meta-regression in
estimating the association between the genetic effects and
quadratic function of age (non-linear age-varying genetic
effects). Meta-regression could be easily extended to accom-
modate higher degree polynomials and splines. Moreover,
we have not explored the impact of overlapping samples
on our results. Overlapping participants between GWAS
results in higher false positive rates and similarly will have
an impact on meta-regression. Methods have been proposed
to adjust for sample overlaps in a meta-analytic framework.
For instance, in our empirical example each GWAS contrib-
uted summary level data in multiple time points, thus sample
overlaps could not be avoided and to account for this overlap
we used generalized weights to adjust standard errors [20].
Lastly, the impact of population stratification on our results
has not been explored. Inadequate adjustment for population
stratification will result in biased estimates of GWAS, which
in turn will produce biased estimates in both meta-analysis
and meta-regression. However, as it is common practice to
adjust for population stratification in each study included in
GWAS, we consider bias due to population stratification to
be minimal.

Conclusions

A correctly specified meta-regression analysis can provide
unbiased estimates of the main and age-varying genetic
effects using summary level data, particularly when sum-
mary level data are available for a large number of studies
covering a range of ages.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10654-023-01086-1.

Acknowledgements We are grateful to Dr. Apostolos Gkatzionis for
helpful comments on an earlier draft of the manuscript. We would

like to thank the reviewers for taking the time and effort to review this
manuscript. We sincerely appreciate all of their valuable comments and
suggestions, which helped us to improve our manuscript. No funders
or people acknowledged influenced the study design or interpretation
of results. The reviews expressed in this paper are those of the authors
and not necessarily any funders or people acknowledged.

Author contributions PP, JPTH, TTM and KT contributed to the con-
cept and design of the study. PP carried out all analyses and wrote the
manuscript. All authors contributed to interpretation of the results and
made critical revisions of the manuscript.

Funding PP, DAL, ES & KT receive funding from the University
of Bristol and the UK Medical Research Council (grant reference:
MC_UU_00032/01, MC_UU_00032/02 MC_UU_00032/05). JPTH
(NF-SI-0617-10145) and DAL (NF-0616-10102) are NIHR Senior
Investigators. JPTH is also supported by the NIHR Applied Research
Collaboration West (ARC West) at University Hospitals Bristol and
Weston NHS Foundation Trust. DAL’s contribution to this paper is
further supported by the British Heart Foundation (CH/F/20/90003
and AA/18/7/34219). NMW is supported by an Australian National
Health and Medical Research Council (NHMRC) Investigator Grant
(grant reference: 2008723). TTM is funded by ESRC (ES/W013142/1).
This work was carried out using the computational facilities of the
Advanced Computing Research Centre, University of Bristol—http://
www.bristol.ac.uk/acrc/.

Data availability The code used in this simulation study is available at
https://github.com/Pagoni-P/GWAS-metareg.git. Summary data used
in the applied example can be found in the original publication (https://
doi.org/10.1371/journal.pgen.1001307).

Declarations

Conflict of interest DAL has received support in the last 10-years from
Medtronic Ltd and Roche Diagnostics for research unrelated to that
presented here. The other authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Evangelou E, loannidis JP. Meta-analysis methods for
genome-wide association studies and beyond. Nat Rev Genet.
2013;14(6):379-89. https://doi.org/10.1038/nrg3472.

2. Pereira TV, Patsopoulos NA, Salanti G, Ioannidis JP. Discovery
properties of genome-wide association signals from cumula-
tively combined data sets. Am J Epidemiol. 2009;170(10):1197—
206. https://doi.org/10.1093/aje/kwp262.

3. Pei YF, Zhang L, Papasian CJ, Wang YP, Deng HW. On indi-
vidual genome-wide association studies and their meta-analysis.

@ Springer


https://doi.org/10.1007/s10654-023-01086-1
http://www.bristol.ac.uk/acrc/
http://www.bristol.ac.uk/acrc/
https://doi.org/10.1371/journal.pgen.1001307
https://doi.org/10.1371/journal.pgen.1001307
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/nrg3472
https://doi.org/10.1093/aje/kwp262

270

P. Pagoni et al.

10.

11.

12.

13.

15.

16.

17.

Hum Genet. 2014;133(3):265-79. https://doi.org/10.1007/
s00439-013-1366-4.

Hardy R, Wills AK, Wong A, et al. Life course variations in the
associations between FTO and MC4R gene variants and body
size. Hum Mol Genet. 2010;19(3):545-52. https://doi.org/10.
1093/hmg/ddp504.

Sovio U, Mook-Kanamori DO, Warrington NM, et al. Associa-
tion between common variation at the FTO locus and changes
in body mass index from infancy to late childhood: the complex
nature of genetic association through growth and development.
PLoS Genet. 2011;7(2): e1001307. https://doi.org/10.1371/
journal.pgen.1001307.

Li W, Bicak M, Sjoberg DD, et al. Genome-wide association
study identifies novel single nucleotide polymorphisms having
age-specific effect on prostate-specific antigen levels. Prostate.
2020;80(16):1405-12. https://doi.org/10.1002/pros.24070.
Winkler TW, Brandl C, Grassmann F, et al. Investigating the
modulation of genetic effects on late AMD by age and sex: les-
sons learned and two additional loci. PLoS ONE. 2018;13(3):
e0194321. https://doi.org/10.1371/journal.pone.0194321.
Simino J, Shi G, Bis JC, et al. Gene-age interactions in blood
pressure regulation: a large-scale investigation with the
CHARGE, Global BPgen, and ICBP Consortia. Am J Hum
Genet. 2014;95(1):24-38. https://doi.org/10.1016/j.ajhg.2014.
05.010.

Bulik-Sullivan B, Finucane HK, Anttila V, et al. An atlas of
genetic correlations across human diseases and traits. Nat
Genet. 2015;47(11):1236-41. https://doi.org/10.1038/ng.3406.
Choi SW, Mak TS, O’Reilly PF. Tutorial: a guide to performing
polygenic risk score analyses. Nat Protoc. 2020;15(9):2759-72.
https://doi.org/10.1038/s41596-020-0353-1.

Lawlor DA. Commentary: two-sample Mendelian rand-
omization: opportunities and challenges. Int J Epidemiol.
2016;45(3):908-15. https://doi.org/10.1093/ije/dyw127.

Riley RD, Debray TPA, Fisher D, et al. Individual participant
data meta-analysis to examine interactions between treatment
effect and participant-level covariates: statistical recommenda-
tions for conduct and planning. Stat Med. 2020;39(15):2115-37.
https://doi.org/10.1002/sim.8516.

van Houwelingen HC, Arends LR, Stijnen T. Advanced methods
in meta-analysis: multivariate approach and meta-regression. Stat
Med. 2002;21(4):589-624. https://doi.org/10.1002/sim.1040.

. Thompson SG, Higgins JP. How should meta-regression analyses

be undertaken and interpreted? Stat Med. 2002;21(11):1559-73.
https://doi.org/10.1002/sim.1187.

Medina-Gomez C, Kemp JP, Trajanoska K, et al. Life-course
genome-wide association study meta-analysis of total body
BMD and assessment of age-specific effects. Am J Hum Genet.
2018;102(1):88-102. https://doi.org/10.1016/j.ajhg.2017.12.005.
Borenstein M, Hedges LV, Higgins JP, Rothstein HR. A basic
introduction to fixed-effect and random-effects models for meta-
analysis. Res Synth Methods. 2010;1(2):97-111. https://doi.org/
10.1002/jrsm.12.

Veroniki AA, Jackson D, Viechtbauer W, et al. Methods to
estimate the between-study variance and its uncertainty in

@ Springer

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

meta-analysis. Res Synth Methods. 2016;7(1):55-79. https://doi.
org/10.1002/jrsm.1164.

Qi L, Kang K, Zhang C, et al. Fat mass-and obesity-associated
(FTO) gene variant is associated with obesity: longitudinal
analyses in two cohort studies and functional test. Diabetes.
2008;57(11):3145-51. https://doi.org/10.2337/db08-0006.
Rosenquist JN, Lehrer SF, O’Malley AJ, Zaslavsky AM, Smoller
JW, Christakis NA. Cohort of birth modifies the association
between FTO genotype and BMI. Proc Natl Acad Sci USA.
2015;112(2):354-9. https://doi.org/10.1073/pnas.1411893111.
Bom PRD, Rachinger H. A generalized-weights solution to sample
overlap in meta-analysis. Res Synth Methods. 2020;11(6):812-32.
https://doi.org/10.1002/jrsm.1441.

Couto Alves A, De Silva NMG, Karhunen V, et al. GWAS on lon-
gitudinal growth traits reveals different genetic factors influenc-
ing infant, child, and adult BMI. Sci Adv. 2019;5(9):eaaw3095.
https://doi.org/10.1126/sciadv.aaw3095.

Helgeland O, Vaudel M, Juliusson PB, et al. Genome-wide associ-
ation study reveals dynamic role of genetic variation in infant and
early childhood growth. Nat Commun. 2019;10(1):4448. https://
doi.org/10.1038/s41467-019-12308-0.

Labrecque JA, Swanson SA. Interpretation and potential biases of
mendelian randomization estimates with time-varying exposures.
Am J Epidemiol. 2019;188(1):231-8. https://doi.org/10.1093/aje/
kwy204.

Simmonds MC, Higgins JP. Covariate heterogeneity in meta-anal-
ysis: criteria for deciding between meta-regression and individual
patient data. Stat Med. 2007;26(15):2982-99. https://doi.org/10.
1002/3im.2768.

Pervjakova N, Moen G-H, Borges M-C, et al. Multi-ancestry
genome-wide association study of gestational diabetes mellitus
highlights genetic links with type 2 diabetes. Hum Mol Genet.
2022. https://doi.org/10.1093/hmg/ddac050.

Daya M, Cox C, Acevedo N, et al. Multiethnic genome-wide and
HLA association study of total serum IgE level. J Allergy Clin
Immunol. 2021;148(6):1589-95. https://doi.org/10.1016/j.jaci.
2021.09.011.

Laisk T, Soares ALG, Ferreira T, et al. The genetic architecture
of sporadic and multiple consecutive miscarriage. Nat Commun.
2020;11(1):5980. https://doi.org/10.1038/s41467-020-19742-5.
Blokland GAM, Grove J, Chen CY, et al. Sex-dependent shared
and nonshared genetic architecture across mood and psychotic
disorders. Biol Psychiatry. 2022;91(1):102-17. https://doi.org/10.
1016/j.biopsych.2021.02.972.

Hempel S, Miles JNV, Booth MJ, Wang Z, Morton SC, Shekelle
PG. Risk of bias: a simulation study of power to detect study-
level moderator effects in meta-analysis. Syst Rev. 2013;2(1):107.
https://doi.org/10.1186/2046-4053-2-107.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1007/s00439-013-1366-4
https://doi.org/10.1007/s00439-013-1366-4
https://doi.org/10.1093/hmg/ddp504
https://doi.org/10.1093/hmg/ddp504
https://doi.org/10.1371/journal.pgen.1001307
https://doi.org/10.1371/journal.pgen.1001307
https://doi.org/10.1002/pros.24070
https://doi.org/10.1371/journal.pone.0194321
https://doi.org/10.1016/j.ajhg.2014.05.010
https://doi.org/10.1016/j.ajhg.2014.05.010
https://doi.org/10.1038/ng.3406
https://doi.org/10.1038/s41596-020-0353-1
https://doi.org/10.1093/ije/dyw127
https://doi.org/10.1002/sim.8516
https://doi.org/10.1002/sim.1040
https://doi.org/10.1002/sim.1187
https://doi.org/10.1016/j.ajhg.2017.12.005
https://doi.org/10.1002/jrsm.12
https://doi.org/10.1002/jrsm.12
https://doi.org/10.1002/jrsm.1164
https://doi.org/10.1002/jrsm.1164
https://doi.org/10.2337/db08-0006
https://doi.org/10.1073/pnas.1411893111
https://doi.org/10.1002/jrsm.1441
https://doi.org/10.1126/sciadv.aaw3095
https://doi.org/10.1038/s41467-019-12308-0
https://doi.org/10.1038/s41467-019-12308-0
https://doi.org/10.1093/aje/kwy204
https://doi.org/10.1093/aje/kwy204
https://doi.org/10.1002/sim.2768
https://doi.org/10.1002/sim.2768
https://doi.org/10.1093/hmg/ddac050
https://doi.org/10.1016/j.jaci.2021.09.011
https://doi.org/10.1016/j.jaci.2021.09.011
https://doi.org/10.1038/s41467-020-19742-5
https://doi.org/10.1016/j.biopsych.2021.02.972
https://doi.org/10.1016/j.biopsych.2021.02.972
https://doi.org/10.1186/2046-4053-2-107

	Meta-regression of genome-wide association studies to estimate age-varying genetic effects
	Abstract
	Introduction
	Methods
	Data generating mechanisms for simulations
	Estimating study-specific genotype–phenotype associations

	Description of compared methods
	Meta-analysis
	Meta-regression
	Implementation
	Estimands and performance measures
	Estimating the age-varying genetic association between the rs9939609 SNP at the FTO locus and body mass index (BMI)

	Results
	Scenarios 1 and 3: data generated with no age-varying genetic effect
	Estimation of main genetic effect (  ) (i.e., the effect in a population with mean age = 10)
	Estimation of age-varying genetic effects ( )

	Scenarios 2 and 4: data generated with a linear age-varying genetic effect
	Estimation of main genetic effect (  ) (i.e., the effect in a population with mean age = 10)
	Estimation of age-varying genetic effect ( )

	Scenario 5: data generated with a quadratic age-varying genetic effect
	Estimation of main genetic effect (  ) (i.e., the effect in a population with mean age = 10)
	Estimation of age-varying genetic effect ( )

	Comparison of empirical SE and mean SE
	Influence of study characteristics
	Estimating the age-varying genetic association between the rs9939609 SNP at the FTO locus and body mass index (BMI)

	Discussion
	Conclusions
	Acknowledgements 
	References




