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Abstract

Background: Ninety-seven independent single nucleotide polymorphisms (SNPs) are robustly associated with adult
body mass index (BMI kg/m?) in Caucasian populations. The relevance of such variants in African populations at
different stages of the life course (such as childhood) is unclear. We tested whether a genetic risk score composed
of the aforementioned SNPs was associated with BMI from infancy to early adulthood. We further tested whether
this genetic effect was mediated by conditional weight gain at different growth periods. We used data from the
Birth to Twenty Plus Cohort (Bt20+), for 971 urban South African black children from birth to 18 years. DNA was
collected at 13 years old and was genotyped using the Metabochip (lllumina) array. The weighted genetic risk
score (WGRS) for BMI was constructed based on 71 of the 97 previously reported SNPs.

Results: The cross-sectional association between the wGRS and BMI strengthened with age from 5 to 18 years. The
significant associations were observed from 11 to 18 years, and peak effect sizes were observed at 13 and 14 years of
age. Results from the linear mixed effects models showed significant interactions between the wGRS and age on
longitudinal BMI but no such interactions were observed in sex and the wGRS. A higher wGRS was associated with an
increased relative risk of belonging to the early onset obese longitudinal BMI trajectory (relative risk = 1.88; 95%Cl 1.28
to 2.76) compared to belonging to a normal longitudinal BMI trajectory. Adolescent conditional relative weight gain
had a suggestive mediation effect of 56% on the association between wGRS and obesity risk at 18 years.

Conclusions: The results suggest that genetic susceptibility to higher adult BMI can be tracked from childhood in this
African population. This supports the notion that prevention of adult obesity should begin early in life. The genetic risk
score combined with other non-genetic risk factors, such as BMI trajectory membership in our case, has the potential
to be used to screen for early identification of individuals at increased risk of obesity and other related NCD risk factors
in order to reduce the adverse health risk outcomes later.
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Background

Obesity, defined as having a (BMI) > 30 kg/m” in adults,
is a growing public health concern globally, including in
Africa [1, 2]. Obesity is a complex multifactorial condi-
tion with both environmental and genetic factors playing
a role. The prevalence of obesity varies widely across
Africa ranging from 5.3% in Uganda to 30% in Nigeria and
45.7% in South Africa [2]. Genetic factors contribute
about 40-70% of inter-individual variability in BMI [3, 4],
in addition to differences in environment and nutri-
tional transitional stages playing a role in variability.
Results from the largest and most recent meta-analysis of
genome wide association studies (GWAS) identified 97
independent loci that influence adult BMI. The meta-
analysis involved approximately 339,224 individuals of
predominantly European ancestry from 125 studies [5].
Most of studies of the genetics of BMI focus on effects in
adults and the role of genetics at other stages of the life
course, especially childhood, are not well studied. How-
ever, 15 genetic loci have been reported for BMI in child-
hood and most of these also influence adult BMI [5-8].

Genetic associations seen in European populations are
inconsistently replicated in African and Asian popula-
tions [9-12]. Some studies have been conducted in
African-American populations, but very few have been
performed on the diverse populations within Africa, and
even fewer studies using longitudinal data have been
conducted [9, 13-15]. Exploring genetic variations in
non-European ancestry populations may provide insights
not only into establishing the exact risk variants but also
into novel risk candidates. Repeat measurements and
longitudinal data may enhance our understanding of the
timing of such genetic influences, and in particular, life
course studies of weight gain and adiposity may identify
age-specific determinants [16].

In a recent systematic review of genetic studies for
BMI in Africans, Yako and colleagues [12] showed that
more than 300 SNPs in 42 genes have been investigated
but very few positive findings were replicable. Although
36 of these 300 variants were validated through GWAS
in other non-African populations, only one GWAS has
been done in continental Africans and a handful of SNPs
in or near FTO and MC4R have been verified to play a
role in BMI variability in black South Africans,
Ghanaians, and Nigerians through replication studies
[12, 17]. A recently published GWAS in West Africans
has reported a novel BMI African specific locus,
rs80068415, in SEMA4D gene. The lack of replication
may be due, in part, to the variation in genetic architec-
ture between different ancestry populations. A recent
study in Samoans reported a variant in the CREBRF gene
(rs373863828) associated with an increased BMI of
1.36 kg/m® per risk allele, which explained 1.93% of the
BMI variance in Samoans. Comparatively, the most
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robustly associated variant in Europeans (rs1558902 in
FTO gene) has an effect size of 0.39 kg/m” per risk allele
and explains only 0.34% of the variance of BMI in
Europeans. The CREBRF variant is common in Samoans
but very rare in other populations, and was shown to be
under positive selection in this population——emphasiz-
ing the need for studies in diverse populations [18].

Since most reported GWAS loci individually have
small effect sizes, many follow-up studies have explored
the role of combined risk allele scores [19]. For example,
a study on a rural Gambian population reported that a
combined allele score of 28 SNPs was positively associ-
ated with BMI and adult weight, whereas no association
was observed when testing single SNP [10, 20]. Such
combined allele scores allude to the possibility of
SNP-SNP interaction influencing disease outcome in
such complex diseases. Few studies (both in African and
non-African cohorts) have described the longitudinal
associations between such combined allele scores on
changes in BMI across childhood through to 18 years
old [10, 21-24]. Furthermore, there is paucity of
research to explore whether pathways related to weight
gain at specific stages of early life mediate the associa-
tions between SNPs and adult BMI. The aims of this
study were to determine the combined influence of
known genetic risk loci (combined into a weighted
genetic risk score (WGRS) on BMI across infancy and
late adolescence in a Black South African cohort. We
furthermore explored the possible mediating role of
childhood and adolescent weight gain on this genetic ef-
fect and also examined the association between the
wGRS with previously identified childhood BMI trajec-
tories in this cohort [25].

Methods

Study sample

The Birth to Twenty Plus Cohort (Bt20+) is a pro-
spective cohort study among black urban South
African children born in 1990. The cohort is focused
on the health and development of children born in
an urban township of Soweto in Johannesburg, South
Africa. Since recruitment, the participants have been
contacted regularly and longitudinal data and DNA
samples were collected at several time points. Details
on the cohort have been described elsewhere [26].
Approval for the Bt20+ study was obtained from the
Human Research Ethics Committee of the University
of the Witwatersrand, Johannesburg (certificate num-
ber M0101556). In addition, this committee approved
the use of genetic data for this study under certificate
number M1411115. Participants or their parents/care-
givers where participants were minor gave informed
consent at the beginning of each data collection
session throughout the study.
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Genotyping and compilation of a genetic risk score

DNA was extracted using the standard salting-out
method [27] from blood samples and genotyped using
the Metabochip (Illumina, San Diego, California, USA)
at the DNA Technologies Core of the University of
California Davis (California, USA) [28]. Data were gener-
ated on 196,725 SNPs in 1248 participants before quality
control (QC) using PLINK version 1.9 [29]. Sixty-eight
thousand nine hundred sixty-one SNPs were excluded due
to a missing rate >2%, minor allele frequency < 1%, or
departure from Hardy-Weinberg equilibrium (P < 1 x 10™°).
Subsequently, 272 samples were excluded due to genotype
missing rate >3%, extreme heterozygosity between
genotypes (+3 standard deviations (SD) from the mean),
discordant sex assignment, identity by descent (IBD) score
> 0.1875, duplicate samples, or a population outlier
based on principal component analysis (Additional file 1:
Figure S1). Five individuals did not have data on childhood
BMI trajectory and were also excluded. The final dataset
comprised of 127,764 SNPs in 971 participants.

Of the 97 independent adult BMI-associated SNPs re-
ported by Locke et al. [5], 69 were present in our dataset
and we identified proxies (©* >0.8) for a further two
SNPs, resulting in 71 SNPs for analysis (Additional file 1:
Table S1 and Figure S2). Genotypes at these 71 variant
positions were combined to construct a weighted BMI
genetic risk score (WGRS). Weighting was performed by
multiplying the number of BMI-increasing alleles at each
locus (0, 1, or 2) in each individual by the corresponding
effect size (in kg/m> per allele) as reported by Locke
et al. [5]. In the absence of GWAS meta-analysis data in
African populations, we used the BMI effect estimates
reported in European ancestry populations. The wGRS
was rescaled to standard deviation scores (SDS),
Z-scores (WGRSz), by calculating (individual wGRS value
minus population mean wGRS)/population standard
deviation wGRS. The Z-score transformed wGRS were
utilized to account for the variation in number of risk al-
leles constituting the wGRS [22, 30].

Anthropometric measures and assessment of growth
Trained research assistants measured birth weight, post-
natal weight, and height. Weight was measured using a
digital scale to the nearest 0.1 kg with participants in light
clothes and without shoes. A wall-mounted stadiometer
(Holtain, UK) was used to measure standing height to the
nearest 0.1 cm. Weight and height values were collected
annually from birth up to 23 years and were used to calcu-
late BMI as weight (kg) divided by height (m) squared.
BMI Z-scores were computed using the World Health
Organization (WHO) growth standards [31]. When
dealing with repeated measures, data collected from the
same individual over time, the assumption of homogeneity
of covariance should be met, that is the correlations
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between weight measures for each of the pair of ages (time
points) should be equal. This is not usually true for weight
since weight is also dependent on linear growth and the
weight measures at ages close to each other are highly
correlated compared to those far apart. Repeated weight
measures violate this assumption resulting in overesti-
mation of estimates [32]. To deal with bias from the high
correlation of repeated weight measures, conditional
relative weight gain independent of linear growth was
calculated and used where appropriate. Conditional
relative weight gain was calculated for each growth period
as standardized residuals (SR) from sex-specific linear
regressions of current weight on prior weights, heights,
and current height in infancy (0-2 years), early childhood
(2-5 years), mid-childhood (5-8 years), and adolescence
(8-15 years) [33, 34].

Childhood adiposity trajectories

We previously identified three and four distinct adiposity
trajectories in 877 boys and 947 girls, respectively, in the
same group of Bt20+ black South African children, using
latent class growth mixture modeling (LCGMM) [25].
These trajectories were characterized from participants
with at least two age-point BMI measures between 5
and 18 years of age. On average, seven longitudinal BMI
measures were available per participant.

LCGMM assumes that individuals have different
growth trajectories and groups individuals with similar
growth trajectories together to form a subgroup or a
class [35]. Adiposity trajectory membership was assigned
depending on the high probability of belonging to a
particular trajectory depending on Bayesian posterior
probabilities. The adiposity trajectories depicted BMI
growth patterns indicative of early onset obesity of over-
weight, late onset of obesity or overweight, and those
with normal weight. Girls and boys in early onset obesity
or overweight adiposity trajectory membership had a
higher risk of elevated blood pressure at 18 years old
[25]. Trajectory membership was graded by increasing
risk of childhood obesity and used as an outcome vari-
able in multinomial logistic regression models with
wGRSz as an independent variable. Upon merging data
for girls and boys, trajectories with similar patterns were
combined, with one trajectory (early onset obese to over-
weight) comprising of girls only.

Statistical analyses

Linear, mixed, and multinomial logistic regression
models were used to examine the cross-sectional and
longitudinal associations between wGRSz and BMI from
infancy to early adulthood, adjusting for sex. It was pre-
viously reported that the patterns of missing data on
weight and height are likely to be missing at random
[25]; we still reduced the potential bias by not excluding
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individuals who did not have data at every time point. The
linear mixed-effects models, wGRSz on longitudinal BMI
with random intercepts by the participants’ id, were used
to find associations between wGRSz and longitudinal
BMLI. The effects of age and sex interactions with wGRSz
on longitudinal BMI were also tested. The interaction be-
tween genetic risk score and linear age, (WGRSz*age),
quadratic age (wWGRSz*age?), and the cube of age
(WGRSz*age®) were calculated to capture both linear and
nonlinear growth interactions with age; wGRSz*age inter-
actions can be interpreted as effects of linear change in
BMI Z-score with age. Mediation analyses decomposed
GRS-BMI associations into two parts, direct (unmediated)
and indirect (mediated through weight gain at different
developmental stages) components. A Sobel test [36] was
used to estimate the indirect effect of infancy, childhood,
and adolescent growth (conditional relative weight gain)
on the association between wGRSz and BMI Z-scores in
early adulthood (Additional file 1: Figure S3). When doing
mediation analysis, both the normal Sobel, with assump-
tion of normal distribution, and Sobel test with bootstrap-
ping were used [37, 38]. The bootstrap option computes
the bias-corrected confidence intervals with no distribu-
tion assumptions. To correct the problem of multiple
testing when comparing the indirect effects, we employed
the Holm’s sequential correction, which is less stringent
but more powerful than the Bonferroni correction [39].

Since BMI trajectories represent an individual’s life
course growth, we were also interested to find out if the
genetic risk score could predispose/influence an individ-
ual to belong in a particular BMI trajectory group. We
estimated the association between wGRSz and BMI
trajectory membership using multinomial logistic regres-
sions, and the normal weight adiposity trajectory group
was used as a reference for the analysis. All analyses
were performed using STATA version 13.0 (STATA
Corp, TEXAS). A P value < 0.05 was considered statisti-
cally significant unless otherwise stated.

Results
Results from the study characteristics at 18 years showed
that average height and BMI were statistically different
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between boys and girls while weight (59.4 kg in boys and
59.5 kg in girls) was not. Boys were taller (170.8 cm)
than girls (159.7 cm) while girls had a higher mean BMI
than boys (23.3 vs 20.4 kg/m?), see Table 1. The mean
BMI growth curves from 5 to 18 years are presented in
Additional file 1: Figure S5. Despite having similar mean
BMI at 5 years, girls became heavier than boys over
time. The number of participants with an increasing
number of risk alleles (in the form of wGRSz) followed
an approximately normal distribution as expected
(Additional file 1: Figure S4). Only five of the 71 individ-
ual SNPs were associated with BMI at 18 years of age
(Additional file 1: Table S3).

Evaluation of the cross-sectional association between
wGRSz and BMI Z-score showed that the effect size es-
timates increased in magnitude with age until the age of
14 years. Significant associations were observed from
ages 11 through to 18 years (Fig. 1). For each additional
standard deviation increase, wGRSz was associated with
a 0.15 SD increase in BMI Z-score. This was observed at
years 13 and 14. The wGRSz was not associated with
birth weight.

Results from the linear mixed effects models; signifi-
cant interactions between age and wGRSz on BMI SDS
were observed for linear age “age” ( = 0.01 SDS per SD
per year; 95% CI 0.006 to 0.012), quadratic age “age®”
(P <0.001), and age cubic “ageg” (P <0.001) terms, but
there was no such interaction with “sex.” The multi-
nomial logistic regression results showed that wGRSz
positively predicted membership of the previously
reported “early onset obese BMI trajectory” compared to
those in a “normal BMI trajectory” [25] (relative risk
ratio = 1.88; 95% CI 1.28 to 2.76).

Mediation by childhood and adolescent weight gain

The Sobel test showed a suggestive mediating effect of
conditional relative weight gain during adolescence (56%
of total effect, uncorrected P =0.037<0.05) on the
association between the wGRSz and BMI at 18 years,
the pathway diagram is shown in Fig. 2. This association
disappears after adjusting for the Holm’s sequential
Bonferroni multiple testing correction [39], P =0.037 >

Table 1 Comparing study characteristics between boys and girls study participants

Variable Age (years)

0 2 5 8 15 18

M F M F M F M F M F M F
Height (cm) 677 (73) 665(68) 837(3.1)* 829(3.2) 107.6 (4.4) 107.2(4.6) 125.1 (5.7) 124.3 (5.5) 165.5 (7.7)* 158.7 (6.2) 1708 (6.5)*  159.7 (6.0)
Weight (kg) 3.1 (05)* 3.0(0.5) 11404 11203) 182 (2.2) 180 (2.7) 251 (3.7) 25.1 (5.0) 537 (10.1)* 563 (126) 594 (97) 595 (129)
BMI (kg/mZ) 17.7 23) 174 (2.2) 164 (2.1) 163 (1.8) 158 (1.3) 156 16.0 (1.5) 16.1 (24) 195 (3.1)* 2233 (48) 203 (3.1)* 233 (4.8)
BMI Z-score 04 (1.6)*  05(1.3) 02 (1.6) 04 (1.2) 03 (1.0* 0.1(09) —-0002 (09 -0003(1.0) -050.1)* 03(12) -07(10* 0402
Sample size () 516 453 346 305 413 356 304 257 476 436 493 429

M male, F female
*P < 0.05
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0.0125. Although not significant, it is interesting to note
that mid-childhood conditional relative weight gain
mediated a further 28% of this association (uncorrected
P =0.15). Conditional relative weight gain in infancy
(0.02% of total effect mediated) and early childhood (1.7%
of total effect mediated) did not appear to mediate the
wGRSz association with adult BMI as evidenced in the
significant corrected P values of the direct effect of wGRSz
on BMI at 18 years old (Additional file 1: Table S2). The
confidence intervals from the Sobel with sample and
residual resampling through bootstrapping method con-
firmed these results.

Discussion

In an African population, followed longitudinally from
birth to 18 years, we explored the cumulative effect of
adult BMI-associated risk variants identified in Cauca-
sian samples on the trajectory of childhood BMI. Only
five single SNPs of the 71 previously reported to be asso-
ciated with adult BMI were replicated in the current
study, this is of no surprise, because our sample size
(n =971) was significantly smaller than that used in the

GWAS meta-analysis for the discovery of these SNPs
(n =339, 224) [5]. The small sample size may have also
influenced the suggestive significant and non-significant
indirect effects of the conditional relative weight gain at
different growth periods on the wGRS-BMI at 18 years
association observed in the current study. Our results
also show that the genetic variants that influence adult
BMI become increasingly important during the adoles-
cent years (11 to 18 years, peaking between 13 and
14 years). This suggests that the genetic influence on the
etiology of obesity follows an increasingly adult pattern
starting at age 11 (and possibly earlier in other cohorts).
The wGRSz was not associated with BMI increase in in-
fancy and early childhood, indicating that the current
cumulative risk score is perhaps not relevant during this
period of development. It might also reflect that rapid
weight gain in infancy and early childhood are unlikely
pathways through which genetic risk for obesity mani-
fests, but other pathways during these growth periods
cannot be ruled out [40]. The observation that there was
no significant interaction between the genetic score and
sex suggests that the genetic etiology of obesity is not

Adolescent weight gain
1 hY
,,I \‘\
/, )
Vs Ay
s Ay
s AN b=2.16
a=009 ¢ \ p<0.001
p=004 ¢ \
l' \\
s ¢’=0.15; p=0.30 <
Genetic Risk Score (WGRSz) > BMI at 18 years
¢=0.35; p=0.04
Fig. 2 Impact of weighted genetic risk score (WGRSz) on BMI at 18 years via adolescent conditional relative weight gain. Notes: Path a is the
direct effect of the wGRSz on mediator (adolescent weight gain). Path b is the mediator's effect on the outcome (BMI at 18 years) eliminating the
effect of wGRSz. The total effect of wGRSz on BMI at 18 years is ¢ = ¢’ + a x b, where a x b is the indirect effect of wGRSz on BMI at 18 years via
adolescent weight gain
J
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substantially different between the sexes, despite the ob-
served differences in BMI growth trajectories [25]. In
South Africa, obesity prevalence is much higher in
women (70%) than men (40%) across the life course, and
further investigation in this sex-specific observation is
needed [2, 41].

Only one previous study utilized wGRS on longitu-
dinal BMI in childhood in Africans, which reported that
a genetic risk score was associated with adult weight but
not with birth weight, similar to what was observed in
this current study [10]. Similarly, a non-significant
association between GRS and birth weight has also been
previously reported in a non-African population [42].
The effect of a wGRS on BMI increased linearly with age
in the Gambian population, which is also in line with
our current findings [10]. Similar study designs have
been reported in European populations. Among 3975
Dutch children with a median age of 6 years, the peak
effect of the genetic score on BMI was observed at age
6, [22] which contrasts with the non-significant inverse
trend with BMI at age 5 in our current study. In 9328
British and Australian children, a GRS of 32 adult
BMI-associated SNPs was positively associated with BMI
changes from after birth to 16 years [42]. Another study
in 652 Norwegian children, followed from age 4 years
through age 8 years, reported that a similar 32-SNP GRS
was associated with accelerated childhood weight gain
during this period, although appetite traits did not
appear to mediate these associations [43]. In 5906 Native
Americans of predominantly Pima Indian heritage aged
between 5 and 45 years, 36 SNPs were associated with
childhood BMI and allelic risk score, and a subset from
these 36 SNPs was associated with increased birth
weight and greater rates of BMI change in childhood
[44]. These results might reflect differences in the obeso-
genic environments between children in different parts
of the globe, especially as it is thought that large energy
surpluses in early life could result in earlier puberty and
adult development [45]. We cannot rule out the possibil-
ity that the GRS may mediate earlier effects on weight
gain and BMI changes in more obesogenic settings.
There is consistent evidence that genetic susceptibility
to higher adult BMI promotes faster weight gain in
childhood in different populations, but specific influ-
ences (perhaps related to local environments) may deter-
mine the onset and peak timing of these effects [42].

Other factors might contribute to the apparent differ-
ences in the timing of effects of GRS on weight gain
between Caucasian and African population, in particular
the marked differences in genetic architecture among
these populations [46]. It has also been suggested that
such differences could contribute to the inconsistent
replication of BMlI-associated loci in black African
populations [9, 10, 12, 20]. Furthermore, the role of
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epigenetics during this critical growth period cannot be
ruled out [40, 47, 48]. The possible mechanisms in
which DNA methylation, histone and chromatin modifi-
cation, and post-translational regulation might influence
obesity in childhood and adolescence have been ex-
plored in several studies. It has also been suggested that
exercise and diet during this period could help to coun-
ter some of the epigenetics effects [49-51].

There has been an increasing interest in understanding
factors influencing the variation in BMI growth patterns
from childhood to adulthood. Our current findings have
shown that a higher wGRSz puts an individual at
increased risk of belonging to a growth trajectory char-
acterized by high BMI values across childhood and ado-
lescence. This is consistent with results from a recent
study which reported that individuals in a heavy weight
BMI trajectory were characterized having a higher GRS,
constructed from 97 SNPs based on the same GWAS
study as the 71 SNPs utilized in our current study,
compared to those belonging lean and medium BMI tra-
jectories from 5 to 65 years in 7277 and 4645 American
women and men, respectively [52]. We also observed
significant associations from the cross-sectional associ-
ation between wGRSz and BMI from late childhood to
adolescent period, but there is clearly a role for other
factors——early life growth, socio-demographic, socioeco-
nomic, ethnicity, and gender [53—56]. There may also be
genetic factors that are specific to this age range: a
recent study in 1229 Mexican American adolescents re-
ported that genetic polymorphisms in genes related to
risk-taking behaviors such as those in COMT, HTR2A,
and SLC6A3A were associated with BMI trajectory
membership [57]. As our study considered variants pre-
viously associated with adult BMI, discovery of these
types of effects was beyond the scope of the current
study, but genome-wide studies of adiposity at these ages
may reveal different SNPs that are associated with adi-
posity biology. In particular, using defined growth trajec-
tories as the outcome of interest has the specific benefit
of reducing modeling complexity in longitudinal genetic
data analysis. This method has a potential clinical signifi-
cance, as it would be able to pinpoint the most at risk
subgroups (based on their GRS), and could be utilized to
predict early disease onset and progression based on the
trajectory membership [58, 59].

The main strength of our study is the use of longitu-
dinal data and different longitudinal methods to under-
stand the influence of the genetic risk score on BML
Our study demonstrates the likely utility of modeling
BMI trajectories in future genetic studies in large sample
sizes. This approach would also allow harmonization be-
tween studies that collected data at different time points.

The study has a few weaknesses. Firstly, only a single
African population was studied here meaning that the
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generalizability of our findings to other African popula-
tions will need to be determined.

Secondly, the BMI genetic risk score was generated from
predominantly Caucasian studies; the wGRSz constructed
may not be a true reflection of BMI genetic risk in African
populations. There is a need for large scale GWAS data in
African populations as well as meta-analyses of GWAS of
obesity in Africa. This would help to establish variants from
an African perspective for constructing a GRS. Recently,
deliberate efforts have been made to help understand
genetic variation within African populations and across
other ancestries and also to understand the genetic and en-
vironmental factors to complex disease susceptibility
through initiatives such as the Southern African Human
Genome Project [60], the African Genome Variation
Project [61], and the National Institutes of Health (NIH)
and Wellcome Trust funded Human Heredity and Health
in Africa (H3Africa) Consortium [62]. Data from these pro-
jects and others will be vital in genetic studies in continen-
tal African populations. Since BMI is influenced by both
genetic and environmental factors, our predictions might
have been overestimated or underestimated since some
potential confounders such as maternal pre-pregnancy BMI
and other maternal factors were unavailable and were not
considered in the current study. Finally, the genetic risk
score approach gives us an insight into the overall genetic
susceptibility but much larger studies will be required to
examine effects of specific individual genes.

Conclusions

In conclusion, we observed a significant combined effect
of adult BMI-associated genetic variants on childhood and
adolescent BMI and childhood adiposity trajectories in a
black South African population. Therefore, the adult
BMI-associated SNPs in Caucasian population collectively
have relevance effect on BMI or obesity throughout the
life course in an African population. There seems to be
some transferability of these “Caucasian” adult obesity risk
SNPs to an African cohort, even in lieu of direct associ-
ation testing. These findings also suggest that a genetic
risk score combined with BMI trajectory membership has
the potential to help improve the screening process of
individuals to be targeted in coming up with targeted edu-
cational and behavior intervention programs for obesity.
These programs should target individuals at risk at early
stage in order to reduce the adverse health risk outcomes
later.

Additional file

Additional file 1: Table S1. Details of the 71 SNPs used to construct
the weighted BMI genetic risk score. Table S2. Path coefficients, direct
and total effect estimates: The role of conditional relative weight gain as
a mediator of the association between the weighted genetic risk score
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(WGRS) and BMI at 18 years of age. Table S3. Association between the 71
SNPs and BMI at 18 years. Figure S1. Principal component analysis plot
comparing the Birth to Twenty Plus participants’ genetic variation to various
African populations following quality control. A total of 83% of genetic
variation is captured by PC 1 (60.5%) and PC 2 (22.5%). Figure S2. Flowchart
displaying the selection of BMI related SNPs for inclusion in the weighted BMI
genetic risk score. Figure S3. Schematic diagram for the mediation analysis to
assess whether the association between wGRS and obesity risk at 18 years
was mediated by growth. Figure S4. Distribution of the weighted genetic risk
score for adult BMI in the Birth to Twenty Plus cohort. Figure S5. The average
BMI (standard deviation bars) values from 5 to 18 years in the Birth to Twenty
Plus cohort. (DOCX 288 kb)

Abbreviations

BMI: Body mass index; COMT: Catechol-O-methyltransferase; CREBRF: CAMP
responsive element binding protein 3 regulatory factor; FTO: Fat mass and obesity-
associated protein; HTR2A: 5-hydroxytryptamine receptor 2A; LCGMM: Latent class
growth mixture modeling; MC4R: Melanocortin 4 receptor; SLC6A3A: Solute carrier
family 6 (neurotransmitter transporter, dopamine), member 3; SNP: Single
nucleotide polymorphism; wGRS: Weighted genetic risk score

Acknowledgements
We wish to thank the Bt20+ participants for taking part in the study and the
Bt20+ team for their relentless support throughout the study.

Availability of data and materials

The data sets used and analyzed during the current study are available on
reasonable request from the MRC Developmental Pathways for Health Research
Unit data management department by contacting Prof. Shane A Norris
(Shane.Norris@wits.ac.za).

Sources of Support

The Wellcome Trust (UK) [grant number 092097/2/10/Z], the South African
Medical Research Council, the University of Witwatersrand, Johannesburg,
South Africa, and DST-NRF Centre of Excellence in Human Development,
University of the Witwatersrand, Johannesburg, South Africa, have supported
the Birth to Twenty Plus Cohort. This work is based on the research supported
in part by the National Research Foundation of South Africa for the grant,
unique grant nos. 94007 and 80702, as well as the AWI-Gen Collaborative
Centre, funded by the National Institutes of Health (1U54HG006938) as part of
the H3Africa Consortium. Any opinion, finding, and conclusion or recommenda-
tion expressed in this material is that of the author(s) and the NRF does not
accept any liability in this regard. SAN is supported by the UK MRC/DFID African
Research Leader Scheme. KKO and FRD are supported by the Medical Research
Council (unit program no. MC_UU_12015/2). RIM was supported on the
University of Cambridge and University of the Witwatersrand PhD partnering
exchange scheme, hence funding from the Research Councils UK Newton Fund
to the University of Cambridge (ES/N013891/1) and from the National Research
Foundation to the University of Witwatersrand (UID 98561) is gratefully
acknowledged.

Authors’ contributions

RJM conceived and designed the study, analyzed and interpreted the data,
wrote the first draft of the MS, and approved the final version to be
published. VP helped in the acquisition of genetic data, performed the
experiments, assessed the quality control of the data, critically assessed MS
for intellectual content, and approved the final version to be published. JK
assisted with quality control assessment of data, critically assessed MS for
intellectual content, and approved the final version to be published. LMH
helped with quality control assessment of genotype data, critically assessed
MS for intellectual content, and approved the final version to be published.
SAN conceived and designed the study, critically assessed MS for intellectual
content, and approved the final version to be published. KKO assisted with
study analysis, critically assessed data analysis, critically assessed MS for
intellectual content, and approved final version to be published. FRD assisted
with study analysis, critically assessed data analysis, critically assessed MS for
intellectual content, and approved the final version to be published. ZL
conceived and designed the study, critically assessed MS for intellectual
content, and approved the final version to be published.


https://doi.org/10.1186/s12263-018-0613-7

Munthali et al. Genes & Nutrition (2018) 13:24

Ethics approval and consent to participate

Ethical approval for the study was obtained from the Human Research Ethics
Committee of the University of the Witwatersrand, Johannesburg (reference
number M0101556), and participants or their parents/caregivers when the
participants were minor gave informed consent at the beginning of each
data collection session throughout the study.

Consent for publication
Not applicable

Competing interests
The authors declare that they have no competing interests.

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

Author details

'Faculty of Science, School of Molecular and Cell Biology, University of the
Witwatersrand, Johannesburg, South Africa. 2Sydney Brenner Institute for
Molecular Bioscience (SBIMB), University of the Witwatersrand, The Mount, 9
Jubilee Road, Parktown, Johannesburg, Gauteng 2193, South Africa. 3MRC/
Wits Developmental Pathways for Health Research Unit (DPHRU), University
of the Witwatersrand, Johannesburg, South Africa. 4Faculty of Health
Sciences, Division of Human Genetics, School of Pathology, University of the
Witwatersrand and National Health Laboratory Service, Johannesburg, South
Africa. °MRC Epidemiology Unit, Institute of Metabolic Science, University of
Cambridge, Cambridge, UK.

Received: 18 December 2017 Accepted: 13 July 2018
Published online: 01 August 2018

References

1. Kelly T, Yang W, Chen CS, et al. Global burden of obesity in 2005 and
projections to 2030. Int J Obes. 2008;32(9):1431-7. https://doi.org/10.1038/
/j0.2008.102. [published Online First: Epub Date]

2. Ng M, Fleming T, Robinson M, et al. Global, regional, and national
prevalence of overweight and obesity in children and adults during 1980—
2013: a systematic analysis for the Global Burden of Disease Study 2013.
Lancet. 2014;384(9945):766-81. https://doi.org/10.1016/S0140-
6736(14)60460-8. [published Online First: Epub Date]|

3. Visscher PM, Brown MA, McCarthy M|, et al. Five years of GWAS discovery.
Am J Hum Genet. 2012,90(1):7-24.

4. Zaitlen N, Kraft P, Patterson N, et al. Using extended genealogy to estimate
components of heritability for 23 quantitative and dichotomous traits. PLoS
Genet. 2013,9(5):1003520.

5. Locke AE, Kahali B, Berndt Sl, et al. Genetic studies of body mass index yield
new insights for obesity biology. Nature. 2015;518(7538):197-206.

6. MeiH, Chen W, Jiang F, et al. Longitudinal replication studies of GWAS risk
SNPs influencing body mass index over the course of childhood and
adulthood. PloS one. 2012;7(2) https://doi.org/10.1371/journal.pone.0031470.
[published Online First: Epub Date]

7. Stergiakouli E, Gaillard R, Tavaré JM, et al. Genome-wide association study of
height-adjusted BMI in childhood identifies functional variant in ADCY3.
Obesity. 2014;22(10):2252-9.

8. Warrington NM, Howe LD, Paternoster L, et al. A genome-wide association
study of body mass index across early life and childhood. Int J Epidemiol.
2015;44(2):700-12.

9. Adeyemo A, Chen G, Zhou J, et al. FTO genetic variation and association with
obesity in West Africans and African Americans. Diabetes. 2010;59(6):1549-54.
https//doi.org/10.2337/db09-1252. [published Online First: Epub Date]|

10.  Fulford AJ, Ong KK, Elks CE, et al. Progressive influence of body mass index-
associated genetic markers in rural Gambians. J med genetics. 2015;52:375-80.

11. Wen W, Cho Y-S, Zheng W, et al. Meta-analysis identifies common variants
associated with body mass index in east Asians. Nat Genet. 2012;44(3):307-11.

12. Yako Y, Echouffo-Tcheugui J, Balti E, et al. Genetic association studies of
obesity in Africa: a systematic review. Obes Rev. 2015;16(3):259-72.

13. Bollepalli S, Dolan LM, Deka R, et al. Association of FTO gene variants with
adiposity in African-American adolescents. Obesity. 2010;18(10):1959-63.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.
39.

40.

Page 8 of 9

Grant SF, Li M, Bradfield JP, et al. Association analysis of the FTO gene with
obesity in children of Caucasian and African ancestry reveals a common
tagging SNP. PLoS One. 2008;3(3):e1746.

Ng MC, Hester JM, Wing MR, et al. Genome-wide association of BMI in
African Americans. Obesity. 2012;20(3):622-7.

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.

Chen G, Doumatey AP, Zhou J, et al. Genome-wide analysis identifies an
African-specific variant in SEMA4D associated with body mass index.
Obesity. 2017;25(4):794-800.

Minster RL, Hawley NL, Su CT, et al. A thrifty variant in CREBRF strongly
influences body mass index in Samoans. Nat Genet. 2016;48(9):1049.

Belsky DW, Moffitt TE, Sugden K; et al. Development and evaluation of a genetic
risk score for obesity. Biodemography and social biology. 2013;59(1):85-100.
Hennig BJ, Fulford AJ, Sirugo G, et al. FTO gene variation and measures of
body mass in an African population. BMC Med Genet. 2009;10 https://doi.
0rg/10.1186/1471-2350-10-21. [published Online First: Epub Date]|

Hung C-F, Breen G, Czamara D, et al. A genetic risk score combining 32
SNPs is associated with body mass index and improves obesity prediction
in people with major depressive disorder. BMC Med. 2015;13(1):1.
Monnereau C, Vogelezang S, Kruithof CJ, et al. Associations of genetic risk
scores based on adult adiposity pathways with childhood growth and
adiposity measures. BMC Genet. 2016;17(1):120.

Smith JA, Ware EB, Middha P, et al. Current applications of genetic risk
scores to cardiovascular outcomes and subclinical phenotypes. Current
epidemiology reports. 2015;2(3):180-90.

Zhu J, Loos RJ, Lu L, et al. Associations of genetic risk score with obesity
and related traits and the modifying effect of physical activity in a Chinese
Han population. PLoS One. 2014;9(3):91442.

Munthali RJ, Kagura J, Lombard Z, et al. Childhood adiposity trajectories are
associated with late adolescent blood pressure: birth to twenty cohort. BMC
Public Health. 2016;16(1):1-10. https.//doi.org/10.1186/512889-016-3337-x.
[published Online First: Epub Date]|

Richter L, Norris S, Pettifor J, et al. Cohort profile: Mandela’s children: the 1990
Birth to Twenty study in South Africa. Int J Epidemiol. 2007,36(3):504-11.
Miller S, Dykes D, Polesky H. A simple salting out procedure for extracting
DNA from human nucleated cells. Nucleic Acids Res. 1988;16(3):1215.
Voight BF, Kang HM, Ding J, et al. The metabochip, a custom genotyping
array for genetic studies of metabolic, cardiovascular, and anthropometric
traits. PLoS Genet. 2012:8(8):21002793.

Purcell S, Neale B, Todd-Brown K, et al. PLINK: a tool set for whole-genome
association and population-based linkage analyses. Am J Hum Genet. 2007;
81(3):559-75.

Malik R, Bevan S, Nalls MA, et al. Multilocus genetic risk score associates
with ischemic stroke in case—control and prospective cohort studies. Stroke.
2014;45(2):394-402.

De Onis M. WHO child growth standards: length/height-for-age, weight-for-
age, weight-for-length, weight-for-height and body mass index-for-age.
Geneva: WHO; 2006.

McCall RB, Appelbaum MI. Bias in the analysis of repeated-measures
designs: some alternative approaches. Child Dev. 1973:401-15.

Adair LS, Fall CH, Osmond C, et al. Associations of linear growth and relative
weight gain during early life with adult health and human capital in
countries of low and middle income: findings from five birth cohort studies.
Lancet. 2013;382(9891):525-34.

Keijzer-Veen MG, Euser AM, van Montfoort N, et al. A regression model with
unexplained residuals was preferred in the analysis of the fetal origins of
adult diseases hypothesis. J Clin Epidemiol. 2005;58(12):1320-4.

Muthén B, Muthén LK. Integrating person-centered and variable-centered
analyses: growth mixture modeling with latent trajectory classes. Alcohol
Clin Exp Res. 2000;24(6):882-91.

Sobel ME. Asymptotic confidence intervals for indirect effects in structural
equation models. Sociol Methodol. 1982;13(1982):290-312.

Hayes AF. Beyond Baron and Kenny: statistical mediation analysis in the
new millennium. Commun Monogr. 2009;76(4):408-20.

Kenny DA. Reflections on mediation. Organ Res Methods. 2008;11(2):353-8.
Holm S. A simple sequentially rejective multiple test procedure. Scand J
Stat. 1979:65-70.

Li'Y, Zhou Y, Zhu L, et al. Genome-wide analysis reveals that altered methylation
in specific CpG loci is associated with childhood obesity. J cell biochem. 2018;


https://doi.org/10.1038/ijo.2008.102
https://doi.org/10.1038/ijo.2008.102
https://doi.org/10.1016/S0140-6736(14)60460-8
https://doi.org/10.1016/S0140-6736(14)60460-8
https://doi.org/10.1371/journal.pone.0031470
https://doi.org/10.2337/db09-1252
https://doi.org/10.1186/1471-2350-10-21
https://doi.org/10.1186/1471-2350-10-21
https://doi.org/10.1186/s12889-016-3337-x

Munthali et al. Genes & Nutrition (2018) 13:24 Page 9 of 9

41. Lundeen E, Norris S, Adair LS, et al. Sex differences in obesity incidence: 20-
year prospective cohort in South Africa. Pediatric obesity. 2016;11(1):75-80.

42. Warrington NM, Howe LD, Wu YY, et al. Association of a body mass index
genetic risk score with growth throughout childhood and adolescence.
PLoS One. 2013;8(11):279547.

43, Steinsbekk S, Belsky D, Guzey IC, et al. Polygenic risk, appetite traits, and
weight gain in middle childhood: a longitudinal study. JAMA Pediatr. 2016;
170(2):e154472-€72.

44, Hohenadel M, Baier L, Piaggi P, et al. The impact of genetic variants on BMI
increase during childhood versus adulthood. Int J Obes. 2016;40:1301-1309.
https://doi.org/10.1038/ij0.2016.53.

45, Lundeen EA, Norris SA, Martorell R, et al. Early life growth predicts pubertal
development in South African adolescents. J Nutr. 2016;146(3):622-9.

46.  Teo Y-Y, Small KS, Kwiatkowski DP. Methodological challenges of genome-
wide association analysis in Africa. Nat Rev Genet. 2010;11(2):149-60.

47.  An epigenome-wide association study (ewas) of obesity-related traits.
ANNALS OF NUTRITION AND METABOLISM. ALLSCHWILERSTRASSE 10, CH-
4009 BASEL: KARGER; 2017.

48. Wegermann K, Moylan CA. Epigenetics of childhood obesity. Current
Pediatrics Reports. 2017,5(3):111-7.

49.  Goodarzi MO. Genetics of obesity: what genetic association studies have
taught us about the biology of obesity and its complications. Lancet
Diabetes Endocrinology:2017.

50. Rutters F, Nieuwenhuizen AG, Bouwman F, et al. Associations between a
single nucleotide polymorphism of the FTO gene (rs9939609) and obesity-
related characteristics over time during puberty in a Dutch children cohort.
Journal Clin Endocrinol Metabol. 2011;96(6):E939-E42.

51. Wang J, Mei H, Chen W, et al. Study of eight GWAS-identified common
variants for association with obesity-related indices in Chinese children at
puberty. Int J Obes. 2012;36(4):542-7.

52. Song M, Zheng Y, Qi L, et al. Associations between genetic variants
associated with body mass index and trajectories of body fatness across the
life course: a longitudinal analysis. Int J Epidemiol. 2017;47(2):506-15

53. Magee CA, Caputi P, Iverson DC. Identification of distinct body mass index
trajectories in Australian children. Pediatric obes. 2013;8(3):189-98.

54.  Rossi IA, Rousson V, Viswanathan B, et al. Gender and socioeconomic
disparities in BMI trajectories in the Seychelles: a cohort analysis based on
serial population-based surveys. BMC Public Health. 2011;11(1):912.

55. Roy SM, Chesi A, Mentch F, et al. Body mass index (BMI) trajectories in
infancy differ by population ancestry and may presage disparities in early
childhood obesity. J Clin Endocrinol Metabol. 2015;100(4):1551-60.

56. Ziyab AH, Karmaus W, Kurukulaaratchy RJ, et al. Developmental trajectories of
body mass index from infancy to 18 years of age: prenatal determinants and
health consequences. J Epidemiol Community Health. 2014,68(10):934-41.

57.  Zhao H, Wilkinson A, Shen J, et al. Genetic polymorphisms in genes related
to risk-taking behaviours predicting body mass index trajectory among
Mexican American adolescents. Pediatric obes. 2017;12(5):356-62.

58.  Musolf A, Nato AQ, Londono D, Zhou L, Matise TC, & Gordon D. Mapping
genes with longitudinal phenotypes via Bayesian posterior probabilities. In
BMC proceedings. BioMed Central. 2014;8(1):581.

59. Sakai JT, Boardman JD, Gelhorn HL, et al. Utilizing trajectory analyses to
refine phenotype for genetic association: conduct problems and the
serotonin transporter (SHTTLPR). Psychiatr Genet. 2010;20(5):199.

60. Pepper MS. Launch of the Southern African Human Genome Programme. S
Afr Med J. 2011;101(5):287-8.

61. Gurdasani D, Carstensen T, Tekola-Ayele F, et al. The African genome
variation project shapes medical genetics in Africa. Nature. 2015,517(7534):
327-32.

62. H3Africa HAC. Enabling the genomic revolution in Africa. Science. 2014;
344(6190):1346-8. Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

 rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.1038/ijo.2016.53

	Abstract
	Background
	Results
	Conclusions

	Background
	Methods
	Study sample
	Genotyping and compilation of a genetic risk score
	Anthropometric measures and assessment of growth
	Childhood adiposity trajectories
	Statistical analyses

	Results
	Mediation by childhood and adolescent weight gain

	Discussion
	Conclusions
	Additional file
	Abbreviations
	Acknowledgements
	Availability of data and materials
	Sources of Support
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References

