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Abstract

Aims/hypothesis There is increasing evidence for the existence of shared genetic predictors of metabolic traits and neuro-
degenerative disease. We previously observed a U-shaped association between fasting insulin in middle-aged women and
dementia up to 34 years later. In the present study, we performed genome-wide association (GWA) analyses for fasting serum
insulin in European children with a focus on variants associated with the tails of the insulin distribution.

Methods Genotyping was successful in 2825 children aged 2—-14 years at the time of insulin measurement. Because insulin
levels vary during childhood, GWA analyses were based on age- and sex-specific z scores. Five percentile ranks of z-insulin
were selected and modelled using logistic regression, i.e. the 15th, 25th, 50th, 75th and 85th percentile ranks (P15-P85).
Additive genetic models were adjusted for age, sex, BMI, survey year, survey country and principal components derived
from genetic data to account for ethnic heterogeneity. Quantile regression was used to determine whether associations with
variants identified by GWA analyses differed across quantiles of log-insulin.

Results A variant in the SLC28A1 gene (rs2122859) was associated with the 85th percentile rank of the insulin z score (P85,
p value=3x107%). Two variants associated with low z-insulin (P15, p value <5x10~®) were located on the RBFOXI and
SH3RF3 genes. These genes have previously been associated with both metabolic traits and dementia phenotypes. While
variants associated with P50 showed stable associations across the insulin spectrum, we found that associations with variants
identified through GWA analyses of P15 and P85 varied across quantiles of log-insulin.

Conclusions/interpretation The above results support the notion of a shared genetic architecture for dementia and metabolic
traits. Our approach identified genetic variants that were associated with the tails of the insulin spectrum only. Because tradi-
tional heritability estimates assume that genetic effects are constant throughout the phenotype distribution, the new findings
may have implications for understanding the discrepancy in heritability estimates from GWA and family studies and for the
study of U-shaped biomarker—disease associations.

Keywords Biomarkers - BMI - Dementia - Genetics - Genome-wide association analysis - Insulin - Metabolic traits -
Obesity - Quantile regression - SNP - Type 2 diabetes

Abbreviations Introduction

GWA Genome-wide association

IDEFICS Identification and prevention of Dietary- and Fasting serum insulin is an important marker for metabolic
lifestyle-induced health EFfects In Children disorders, including obesity, type 2 diabetes and the meta-
and infantS bolic syndrome. Because these conditions run in families

[1], genome-wide association (GWA) studies have been

performed to assess fasting insulin, hyperinsulinaemia or

diabetes [2—8]. These analyses are usually performed in

adults, even though type 2 diabetes may be observed in

54 Kirsten Mehlig childhood [9]. Gene/biomarker data for children are par-
kirsten.mehlig@gu.se ticularly valuable because it may be assumed that chil-
dren’s biomarker values are less influenced by acquired

Extended author information available on the last page of the article

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00125-023-05957-w&domain=pdf
http://orcid.org/0000-0002-2653-0734
http://orcid.org/0000-0003-2216-6653
http://orcid.org/0000-0002-1708-2319
http://orcid.org/0000-0002-8542-6291
http://orcid.org/0000-0003-4141-5432
http://orcid.org/0000-0002-3675-7019
http://orcid.org/0000-0003-0454-653X
http://orcid.org/0000-0002-3603-0143
http://orcid.org/0000-0001-7659-8924
http://orcid.org/0000-0002-8296-2849
http://orcid.org/0000-0002-3716-2455
http://orcid.org/0000-0001-7483-0726

Diabetologia (2023) 66:1914-1924

1915

What is already known about this subject?

e Alarge number of variants have been identified by linear models of fasting insulin based on the assumption that
genetic associations are constant across the biomarker spectrum

e There s evidence for a U-shaped association between fasting insulin in middle age and later-life dementia

e There are strong indications for the existence of shared genetic risk factors for dementia and metabolic disorders

such as diabetes

What is the key question?

e  Are there genetic variants that are associated with the tails of the insulin distribution only, and have these been
previously shown to be associated with dementia phenotypes?

What are the new findings?

e Eleven variants were associated with the tails of the insulin distribution only, one of which had genome-wide

significance

e  Several variants were located on genes that have previously been shown to be related to insulin secretion and

metabolism as well as dementia phenotypes

How might this impact on clinical practice in the foreseeable future?

e Quantile-specific heritability is demonstrated at the gene level, which may help to explain why heritability
estimates from GWA studies are smaller than expected from family studies. Quantile-specific genetic associations
may also be important for modelling non-linear biomarker-disease associations using Mendelian randomisation

e OQurfindings may stimulate research on whether low insulin is a risk factor for neurodegenerative disease in
addition to and independent of hyperinsulinemia and diabetes

lifestyle than those in adults. While GWA studies on chil-
dren are still rare, this project aimed to identify genetic
determinants of fasting insulin in a population-based
sample of children in Europe below the age of 15 years.
Specifically, we performed GWA analyses for selected
percentiles of the insulin distribution to test whether the
association pattern differed towards the low and high ends
of the insulin spectrum. This was motivated by observa-
tions of a U-shaped relationship between fasting insulin in
middle age and dementia up to 34 years later [10]. Women
in the lowest tertile of fasting insulin showed a higher
prevalence of the APOE-4 allele compared to women with
higher insulin, which is remarkable as the APOE-4 allele is
the strongest genetic risk factor for dementia, particularly
Alzheimer’s disease [11]. Other variants are expected to
be associated with hyperinsulinaemia, many of which have
already been identified because of their association with
type 2 diabetes. Type 2 diabetes per se has often been
found to be associated with dementia, in particular among
non-carriers of the APOE-4 allele [10, 12, 13]. Taken
together, these findings support the idea that genetic vari-
ants differentially associated with the two extremes of the
insulin spectrum imply the existence of different disease
mechanisms for cognitive impairment and dementia. The
demonstration that genetic associations vary across the

insulin spectrum may have implications for the analysis of
U-shaped biomarker—disease associations using Mendelian
randomisation in general.

Methods

Study participants The European IDEFICS (Identifica-
tion and prevention of Dietary- and lifestyle-induced health
EFfects In Children and infantS)/I.Family cohort is a multi-
centre population-based children’s study that aimed to iden-
tify risk factors for diet- and lifestyle-related diseases, with a
focus on childhood overweight and metabolic disorders [14,
15]. Children were recruited through kindergarten or school
settings in Belgium, Cyprus, Estonia, Germany, Hungary,
Italy, Spain and Sweden. In each country, two or more com-
munities with similar sociodemographic profile and infra-
structure were selected, which were typical for their region
but not for the survey country as a whole. In 2007/2008,
16,229 children aged between 2 and 9.9 years participated
in the baseline survey. Follow-up surveys were conducted
after 2 years (n=11,043, plus 2543 newcomers [recruited
from different families within the same community]) and 6
years (n=7117, plus 2512 newly recruited siblings). Children
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were asked to provide fasting venous samples, morning urine
samples and saliva samples. If consent for venous blood with-
drawal was not given, capillary blood was taken with the
consent of the children and parents. The study was conducted
in agreement with the Declaration of Helsinki; all procedures
were approved by the local ethics committees, and written
and oral informed consents were obtained. The IDEFICS/I.
Family cohort study is registered in the ISRCTN clinical trial
registry (https://doi.org/10.1186/ISRCTN62310987).

Genotyping and biomarker assessment Children were selected
for a whole-genome scan based on their participation in the
individual study modules (children who had participated in
more examinations within the study were prioritised) [16].
Children from Cyprus were not included in the initial geno-
typing. DNA was extracted from saliva or blood samples of
3515 children. Genotyping was performed on the UK Biobank
Axiom 196-Array (Affymetrix, USA), which, after quality
control and imputation, resulted in 3,424,677 variants for 3099
children [16]. Association results are given for the minor allele
at each locus (effect allele). Haplotypes of apolipoprotein E
(APOE) were determined by direct genotyping of rs429358
and rs7412, and the number of APOE-4 alleles was calculated.
Genetically determined sex was used as a confounder in regres-
sion analyses. Fasting serum insulin was measured using an
electrochemiluminescence immunoassay (Roche, Germany).
Further details on laboratory and genetic analyses have been
published previously [14—18]. Insulin levels vary considerably
during childhood and adolescence, with a pronounced rise
before and during puberty [19]. Using data from the IDEFICS
cohort, this rise was confirmed by Peplies et al, who computed
age- and sex-specific percentiles and z scores for children up to
11 years old [17]. Insulin percentiles and z scores for children
up to the age of 14 years were added later using data from the
second follow-up survey [20]. To account for developmental
differences in insulin values, we selected five values for age-
and sex-specific insulin percentile ranks as outcome variables
for our GWA analyses. Specifically, we chose the 15th and 85th
percentile ranks to describe ‘low and high for age and sex’ insu-
lin values, respectively. These were the most extreme percentile
ranks that allowed for well-defined logistic models given the
number of cases in relation to the total number of predictors.
For comparison, we also performed GWA analyses for the quar-
tiles of z-insulin, i.e. the 25th, 50th (median) and 75th percen-
tile ranks. Measured weight and height were used to calculate
BMI, as well as age- and sex-specific z scores derived from the
subsample of children with normal weight status according to
international references [21].

Definition of the analytical sample Among the 3099 chil-
dren for whom genetic data was available, 2825 had at least
one value for fasting serum insulin at baseline, first or sec-
ond follow-up (5416 observations). Restriction to the earliest

@ Springer

measurement resulted in 2825 unique observations from the
same number of children aged 2.2—-14.8 years (50% female).
All children had been fasting for at least 8 h before blood
withdrawal, and none had a diagnosis of diabetes or took
glucose-lowering medication [17].

Statistical methods Values for basic characteristics of the
analytical sample were calculated as means (SD) for con-
tinuous variables and frequencies (%) for discrete variables.
The distribution for fasting insulin was positively skewed,
and the logarithm of insulin was calculated to achieve an
approximately normal distribution. Five age- and sex-
specific percentile ranks (P15, P25, P50, P75, P85) were
selected as outcomes for logistic GWA analyses. For P15
and P25, we compared cases with z-insulin values at the
respective percentile rank or below with all observations of
higher values of z-insulin. For the median percentile rank
(P50), as well as P75 and P85, cases with z-insulin values
higher than or equal to the respective percentile rank were
compared to all observations with lower values of z-insulin.
We used additive genetic models adjusting for age, age?, sex,
survey, country and 32 principal components, using the lat-
ter to account for population stratification in this heterogene-
ous sample of children from seven European countries. We
further adjusted for BMI as insulin levels are strongly influ-
enced by weight status. BMI was used instead of the BMI
z score because the respective regression models showed
higher values for the coefficient of determination (R?).

To examine how associations with individual SNPs iden-
tified through GWA analyses differed across the spectrum
of log-insulin, we performed quantile regression for quan-
tile levels between 0.05 and 0.95, with a step size of 0.05,
and tested whether effect estimates for individual variants
differed across quantile levels (Wald test for heteroscedas-
ticity). Regression parameters were estimated using the
simplex algorithm, and the sparsity method was used to cal-
culate confidence intervals. Quantile process plots illustrated
the variation of regression parameters across the spectrum of
log-insulin. For each quantile level, the adjusted coefficient
of determination (Rzadj) was calculated using the SAS macro
quant_gof [22]. We also present effect estimates for variants
identified in the logistic GWA analyses using linear regres-
sion for log-insulin. Sensitivity analyses addressed the influ-
ence of between-sibling correlations in linear mixed models
including family as random effect. Although GWA analyses
identified SNPs associated with age- and sex-specific per-
centile ranks, further evaluation was based on log-insulin to
facilitate comparison with effect size measures reported in
previous publications. The sequence of analyses is illustrated
in electronic supplementary material [ESM] Fig. 1.

For GWA analyses, we used a genome-wide statistical sig-
nificance level of 5x1078, and 107> for suggestive significant
associations [23]. Because the quantile and linear regression
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Table 1 Basic characteristics of the insulin sample used for GWA
analyses (n=2825)

Variable Value Range
Age (years) 7.2 (2.3) 2.2,14.8
BMI (kg/m?) 16.9 3.1) 10.2,35.8
BMI z score 0.6 (2.9) -5.0,5.0
Insulin (pmol/l) 35.0 (29.7) 0.2,451.5
Insulin z score [17] 0.14 (1.09) -3.1,4.1
Percentile rank (%) 53.7 (30.2) 0.11,99.9
Female, n (%) 1411 (50)

Survey country, n (%)

Belgium 194 (7)

Estonia 277 (10)

Germany 573 (20)

Hungary 426 (15)

Ttaly 598 (21)

Spain 359 (13)

Sweden 398 (14)

Survey, n (%)

Baseline examination (2007/2008) 1958 (69)

1st follow-up (2009/2010) 611 (22)

2nd follow-up (2013/2014) 256 (9)

Values for continuous variables are presented as means (SD) as well
as range (min, max); values for categorical variables are presented
as n (%)

analyses of log-insulin and individual SNPs consisted of
25 independent tests, we adopted a Bonferroni-corrected
significance level of 0.05/25=0.002 when reporting these
results. GWA analyses were performed using PLINK ver-
sion 1.90b3.42 [24] (https://www.cog-genomics.org/plink2)
and R software version 3.4.3 (https://cran.r-project.org/bin/
windows/base/old/). All other analyses were performed using
SAS version 9.4 (https://support.sas.com/software/94/).

Results

Table 1 provides the basic characteristics of the analytical sam-
ple. The mean age of the children was 7 years, with an age
range from 2.2 to 14.8 years, and 50% were girls. The propor-
tions of girls did not vary across the age range. A mean BMI z
score larger than zero shows that the genetic sample included
children with overweight and obesity, who had not been part of
the reference population of normal weight children [25]. This
is also the reason why the mean values for percentile rank and
z-insulin exceed 50% and 0.0, respectively. The distribution
of fasting insulin was skewed to the right, with skewness =
4.3 and a maximum insulin value of 451 pmol/l (65 mIU/).
The 33 children with fasting insulin >138 pmol/l (20 mIU/T)
had higher mean values for age, plasma glucose and BMI than

those with lower insulin values, and 26 of them had extreme
obesity (BMI z score=5), but there were no differences by sex.
Because none of these children were diagnosed with diabetes
at the time of blood sampling, and their insulin values were not
outliers on logarithmic scale, their observations were included
in the analytical sample. Fasting serum insulin was positively
correlated with age and BMI (r values=0.38 and 0.54, respec-
tively). For children participating in more than one examina-
tion, the first valid insulin measurement was selected, i.e. at the
youngest age. Overall, most of the measurements included in
this study were taken at baseline, and 31% were obtained at
follow-up examinations.

GWA analysis results for selected percentiles of the insulin
distribution Table 2 shows the results for SNPs identified in
logistic GWA analyses of the selected insulin percentile ranks
(p<1073). Genetic associations were determined with all five
percentile ranks, with a comparable effect size but higher
statistical significance at the high end of the insulin spec-
trum. For instance, the association between a variant on the
SLC28A1 gene and the 85™ percentile rank reached genome-
wide significance. A variant on the RAPGEF4 gene was
associated with the 75th percentile rank at p=5.1x107%, The
majority of SNPs were located on genes with known func-
tion in insulin secretion, metabolism or clearance. The effect
allele frequencies agreed well with frequencies reported for
participants of European descent (using dbSNP, www.ncbi.
nlm.nih.gov/snp/). Manhattan plots illustrate GWA analysis
results for the 85th percentile rank (Fig. 1) and the 15th—75th
percentile ranks (ESM Fig. 2). A posteriori logistic regres-
sion models showed that the associations between specific
SNPs and percentiles of the insulin distribution shown in
Table 2 did not differ by sex (data not shown).

Quantile regression to test the variability of associations with
selected SNPs across the insulin spectrum Table 2 also shows
the p value for tests of heteroscedasticity, which indicates to
what extent the association with a certain variant varies across
quantiles of log-insulin. After adjustment for multiple testing,
only SNPs associated with low percentile ranks (P15 and P25)
showed significant variation across quantiles. The variation
of allele-specific associations across the insulin spectrum is
further illustrated by quantile process plots, which are shown
in Fig. 2 for selected SNPs associated with the five percen-
tile ranks of z-insulin. Quantile process plots for all SNPs are
given in the ESM Fig. 3. Variants associated with P15 and P25
showed non-zero effect sizes below the median quantile, and
reduced or zero effect sizes at the high end of the spectrum,
while those associated with the 85th percentile showed larger
absolute effect sizes for higher quantile levels. In contrast, vari-
ants associated with P50 and P75 showed stable associations
across insulin quantiles (i.e. these were not significant at the
Bonferroni-adjusted significance level of 0.002). The furthest
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Fig. 1 Manhattan plot illustrating GWA analysis results for the 85th percentile rank of the age- and sex-specific insulin distribution, indicating
rs-numbers for SNPs with associations with p<10‘5 (blue line) or p<5><10‘8 (red line)

right column of Table 2 shows that several variants identified
in GWA analyses for insulin percentiles were also significantly
associated with log-insulin in linear regression analyses.

To compare the prediction of log-insulin by the five sets
of genetic variants, we computed the adjusted coefficient of
determination (R*) generalised to quantile regression [22].

a b

0.05

0.00

Figure 3 shows the model improvement compared to regres-
sion models without genetic predictors (AR?) for quantile
levels between 0.05 and 0.95. The largest improvement was
obtained by adding variants that predicted the lowest per-
centile rank of fasting serum insulin (P15). Those variants
explained up to 10% of the variation at the 0.05 quantile
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Fig.2 Quantile regression plots for selected SNPs identified by GWA
analyses of insulin percentile ranks P15 (a), P25 (b), P50 (¢), P75 (d)
and P85 (e) (Table 2) as well as for the APOE-4 genotype (f), includ-
ing a test for heteroscedasticity across quantile levels (p,, value).

Quantile regression of log-insulin was performed for selected SNPs
and adjusted for age, age?, sex, BMI, survey, country and principal
components (regression parameters with 95% confidence bands).
Regression models for APOE-4 were not further adjusted for BMI
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Fig.3 Improvement in coefficient of determination for quantile mod-
els of log-insulin adjusted for SNPs identified in GWA analyses for
insulin percentiles P15, P25, P50, P75 and P85 relative to a model
without genetic predictors. Quantile regression of log-insulin was
performed for groups of SNPs and adjusted for age, sex, BMI, survey,
country and principal components. Adjusted R (Rzadj) calculated as
described by Koenker and Machado [22]

level of log-insulin and 8.5% at the 0.95 quantile level. AR?
increased with higher quantile levels when variants associ-
ated with P75 and P85 were included in the model, while
AR?* was approximately constant for variants associated with
P50. The approximately U-shaped variation of R? across
quintiles of log-insulin was also displayed by regression
models without genetic predictors, and the improvement in
R? by adding all genetic predictors decreased from 28.8%
at quantile 0.05 to 27.3% at quantile 0.95 (ESM Table 1).
Furthermore, quantile regression of APOE-4 showed a
positive per-allele effect on log-insulin in quantile models
not adjusted for BMI (Fig. 2), but this association was no
longer observed upon adjustment for BMI (ESM Fig. 3).
We also attempted to replicate previously published genetic
associations with log-insulin (ESM Table 2). Five variants
showed linear associations with log-insulin, but hardly any
variation across quantile levels (ESM Fig. 4). Only 9% of
the children in this study were siblings. Linear mixed mod-
els including family as a random effect did not reduce the
associations reported in Table 2 (data not shown).

Discussion

We performed GWA analyses for fasting serum insulin in
children from seven European countries, with a special focus
on the identification of variants associated with the tails of
the fasting serum insulin distribution. Separate regression
models for insulin values that were low or high for age and

@ Springer

sex (insulin z scores) yielded different sets of SNPs that
showed characteristic variation of effect size across quantile
levels of log-insulin. Variants associated with the highest
values of age- and sex-specific insulin showed associations
with above-median values of log-insulin but not with values
below the median, and were often located in genes that had
been found to be related to type 2 diabetes in previous studies.
For instance, a variant associated with the 85th percentile of
z-insulin was located on the SLC28A1 (or CNTI) gene that has
been linked to type 2 diabetes [26]. Two variants associated
with the 15th percentile of z-insulin were located on genes
previously linked with insulin secretion and beta cell function
(RBFOX1) [27] and measures of insulin resistance (SH3RF3)
[28]. While most associations with individual variants were
quantile-specific, we found that the total genetically explained
variance of fasting insulin varied between 28.8% at the 0.05
quantile and 27.3% at the 0.95 quantile level of log-insulin.

The use of a population-based sample of children up to
the age of 14 years is a strength of the study that allows
investigation of genetic associations with insulin at a time
when lifestyle factors such as smoking do not yet play a
major role. The limited sample size is the main limitation of
this study. While the aim of this work was mainly as proof
of concept, it may stimulate replication studies in larger
cohorts, not least genotyping of the entire IDEFICS/I.Fam-
ily cohort comprising stored blood samples for up to 20,000
children. The large ethnic variety of participants may be
both a strength and a limitation. On the one hand, it offers a
wide range of potential risk variants; on the other hand, the
heterogeneity reduces the statistical power. In view of the
pulsative nature of insulin secretion, the lack of a second
insulin measurement is also a major limitation. A second
measurement would also have been preferable for children
with high insulin values, although hyperinsulinaemia is
common among children with obesity [29, 30]. Furthermore,
childhood and adolescence are characterised by large hor-
monal changes, including rising insulin values and insulin
resistance during puberty. Due to incomplete information,
it was not possible to adjust for pubertal status; however,
research showing that age is a better predictor of juvenile
insulin resistance than direct measures of pubertal status
[19] suggests that the age-adjustment used here may have
been sufficient. The inclusion of insulin measurements from
various survey examinations may cause bias due to meth-
odological differences that are not accounted for by adjust-
ment for year of examination. However, methods were care-
fully harmonised across survey examinations and countries,
and no effect modification by survey was observed (data not
shown). Finally, it is known that physical activity reduces
insulin levels and risk of insulin resistance independently
of weight status. Due to the lack of consistent measures of
physical activity across surveys, we did not adjust for physi-
cal activity other than indirectly via BMI.
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In 2012, Williams coined the term ‘quantile-specific expres-
sivity’ to describe the dependence of genetic effects on the
level of a phenotype, and proposed that this may be due to
genes affecting concentration-dependent enzymatic reactions
[31]. He used family data to show that heritability varied
across quantiles for a number of biomarkers, including meta-
bolic traits and insulin [32]. To our knowledge, this is the first
study assessing quantile-specific gene—biomarker associations
based on genetic variants themselves. However, there is an
important difference in results between the two approaches,
as Williams reports an increasing heritability across the spec-
trum of fasting insulin, which is not replicated in this study.
One explanation may be that we focused on single variants
associated with selected percentiles of the insulin distribution,
while the family-based heritability estimates include the entire
set of genetic determinants. Second, we observed that vari-
ants associated with the 15th percentile rank explained a larger
proportion of variability of log-insulin than those associated
with higher percentiles, but the latter showed higher statistical
significance and less variation across the spectrum, suggesting
that their combined effect on insulin may be larger. It is also
possible that environmental factors such as cigarette smoking
and the low body weight associated with it confound the herit-
ability results at low insulin levels obtained in the Framingham
Heart study [32], which includes individuals of age 16 or older,
but the question requires further investigation. A family-based
study of Finnish twins showed that additive genetic effects
on BMI decreased across trait values [33]. These results give
some support to the results presented here, given the positive
correlation between BMI and fasting serum insulin.

Our study is one of the first and largest GWA studies
of fasting insulin in children, with the youngest partici-
pants. A previous study on 679 Chilean adolescents aged
16—17 years [34] identified a novel variant in the CSMD1
gene (rs77465890, chromosome 8) with genome-wide sig-
nificance, and several suggestive associations. The variant
rs77465890 was not available in the IDEFICS/I.Family
cohort; however, it has been shown to be in linkage disequi-
librium with a variant associated with the median percentile
(P50, rs62511932;, =0.07, D'=0.999, using dbSNP). More
than 70 loci have been identified by previous GWA studies of
fasting insulin in adults [2-5]. The associations for five loci
were reproduced in the present children’s study. These SNPs
showed hardly any variation across quantiles, as expected for
variants identified in GWA studies using linear regression.

The main motivation for this study came from the observa-
tion of a U-shaped risk curve for fasting serum insulin and
incident dementia in adults, which suggested that different
genetic variants may be associated with the tails of the insulin
spectrum and the various phenotypes of dementia [10]. Con-
sistent findings of an association between diabetes and demen-
tia prompted researchers to investigate the shared genetic
architecture between metabolic traits and Alzheimer’s disease

[35] and other neuropsychiatric disorders [36]. The present
study showed that a variant associated with the high end of the
z-insulin spectrum (rs2122859) was located on the SLC28A1
gene, which has been shown to be associated with both diabe-
tes [26] and late-onset Alzheimer’s disease [37]. Interestingly,
two variants associated with low z-insulin in the present study
were located on RBFOX1 and SH3RF3, genes that have previ-
ously been shown to be related to brain amyloidosis in preclini-
cal Alzheimer’s disease [38] and to late-onset Alzheimer’s dis-
ease [39], respectively. The lack of sex-specific genetic effects
is of interest in this connection. Because most of the children in
this sample were pre-pubertal, it may be suggested that the sex
differences in risk for dementia in adults are strongly related
to female sex hormones, particularly oestrogen. Regarding the
previous observation of higher APOE-4 allele prevalence in
non-diabetic women with low insulin levels compared to those
with medium or high insulin levels [10], we confirmed that the
e4 allele was exclusively associated with the low end of the
insulin spectrum in the children’s study; however, the effect
size was small and was further reduced upon adjustment for
BMLI. Future studies may wish to test associations between
dementia and genetic variants associated with the low end of
the insulin spectrum to establish whether the extremes of the
insulin spectrum are indeed related to different pathways and
phenotypes of dementia as suggested by the U-shaped risk
curve reported previously [10].

In summary, this study presents evidence for the notion
of quantile-specific heritability based on individual genetic
variants. The use of children’s data reduces the impact of
environmental factors that may suggest an alternative expla-
nation on the basis of gene—environment interaction. Our
findings may help to explain the fact that heritability esti-
mates from GWA studies are smaller than expected from
family studies. Quantile-specific genetic associations may
also prove important for Mendelian randomisation stud-
ies that aim to model non-linear phenotype-disease asso-
ciations [40]. Inclusion of variants with quantile-specific
associations may allow modelling of different parts of the
biomarker spectrum independently, something that is harder
to achieve using variants with a constant association across
the biomarker spectrum in question.
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