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Obesity has dramatically increased during the last decades and is currently one of the most serious global health
problems. We present a hypothesis that obesity is a neuro-behavioral disease having a strong genetic background
mediated largely by eating behavior and is sensitive to the macro-environment; we study this hypothesis from
the perspective of genetic research. Genetic family and genome-wide-association studies have shown well that
body mass index (BMI, kg/m2) is a highly heritable and polygenic trait. New genetic variation of BMI emerges
after early childhood. Candidate genes of BMI notably express in brain tissue, supporting that this new variation
is related to behavior. Obesogenic environments at both childhood family and societal levels reinforce the genetic susceptibility to obesity. Genetic factors have a clear influence on macro-nutrient intake and appetiterelated eating behavior traits. Results on the gene-by-diet interactions in obesity are mixed, but emerging evidence suggests that eating behavior traits partly mediate the effect of genes on BMI. However, more rigorous
prospective study designs controlling for measurement bias are still needed.

1. Introduction
Obesity is one of the most serious current health problems. Health
risks related to excess body weight were mentioned as far back as the
Hippocratic texts (Haslam, 2007), but the association between obesity
and increased mortality was shown for the first time in the early 20th
century based on US insurance statistics (Joint Committee on the
Medico-Acturial Mortality Investigation, 1995, orig. 1912), a result
which has been well confirmed in further studies (Flegal et al., 2013).
Epidemiological studies have convincingly demonstrated that obesity is
associated not only with multiple diseases such as type 2 diabetes
(Vazquez et al., 2007), coronary heart disease (Marinou et al., 2010),
musculoskeletal diseases (Paulis et al., 2014) and several cancers
(Vucenik and Stains, 2012) but also an increased risk of disability retirement (Neovius et al., 2008) and low self-esteem (Griffiths et al.,
2010). Obesity was estimated to globally be among the 5 most important risk factors of disability-adjusted life years in 2015; the increase
has been rapid, since in 1990 it was not even among the 30 most important risk factors (GBD 2015 Risk Factors Collaborators, 2016). In
addition to severe and in many cases life threatening health consequences to individuals, both direct and indirect costs to society are
very high (Withrow and Alter, 2011). Since losing weight is extremely
difficult because of several physiological and psychological mechanisms
⁎

preventing weight loss (Langeveld and DeVries, 2015), preventing
obesity is important.
The oldest and still most commonly used indicator of obesity is body
mass index (BMI), which is calculated as weight in kilograms divided by
the square of height in meters (kg/m2). This index was first proposed by
Adolphe Quetelet in 1835 and was known previously as the Quetelet
Index (Quetelet, 1994, orig. 1842). For newborns, the ponderal index
using height cubed as the denominator (kg/m3) is usually recommended since it takes into account the body shape of the newborn
better. The limitations of BMI at the individual level are, however,
obvious since it does not discriminate between muscle and fat mass and
tells nothing about fat distribution. Since visceral fat is metabolically
more active and more strongly associated with metabolic diseases than
subcutaneous fat (Wajchenberg, 2000), it has been suggested that other
anthropometric indicators, especially waist circumference as it is considered a measure of visceral fat located in the abdominal cavity, should
be used (Janssen et al., 2004). This is especially the case in epidemiological studies, which do not allow for use of direct measures of body
composition such as computer tomography, dual-energy X-ray absorptiometry or even a much less expensive bioelectrical impedance method
(Hu, 2008). In light of this evidence, it may be surprising that at the
population level BMI correlates very highly with other obesity indicators and also does well at predicting the cardiometabolic traits (Bell
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et al., 2018) and the incidence of metabolic diseases such as diabetes
(Vazquez et al., 2007). It is also noteworthy that even with the wellknown tendency to underreport BMI (Connor Gorber et al., 2007), the
correlation between self-reported and measured BMI is very high, allowing for the correct rank order of participants (Korkeila et al., 1995).
There are differences in the average body-fat levels in persons from
different ethnic groups having the same BMI (Deurenberg et al., 2002),
but the problems are less severe if different ethnicities are not pooled
together or if this effect is taken into account statistically. Thus, in
epidemiological studies estimating the health risks of obesity, BMI offers a cost-effective way to measure obesity at the population level and
is still used in most current epidemiological studies as the obesity indicator.
During the last decades, the global mean BMI level has dramatically
increased in both children and adults, and there are large differences
between geographic regions even in high income countries, with the
highest BMI level in North America and lowest in East Asia (NCD Risk
Factor Collaboration, 2017). This suggests that obesity is sensitive to
changes in the macro-environment. There has been a lot of discussion
on which specific factors could be behind of obesogenic environments,
but they are still poorly understood (Kirk et al., 2009). However, in
particular, increased availability of highly processed fast food (Zobel
et al., 2016) and increased consumption of high-energy soft drinks are
suggested to have importantly contributed to the obesity epidemic
(Basu et al., 2013). There are convincing epidemiological data showing
that soft drink consumption is associated with higher BMI (GarduñoAlanís et al., 2019) and increased weight gain in both children and
adults (Luger et al., 2017; Malik et al., 2013). Physiologically, the association between soft-drink consumption and increased energy intake
is expected, since high-energy drinks have only a weak satiety response
(Maersk et al., 2012).
In the context of this review focusing on the genetics of BMI, it is
noteworthy that even when genetic factors importantly explain individual differences in BMI and other obesity indicators, environmental
factors are probably the key factors behind the time trends and geographic differences in obesity. Thus, the interaction between genetic
and environmental factors is important in understanding the reasons
behind individual differences in obesity as well as the time trends and
between-country differences in obesity. A classic example on the importance of the interplay between genes and the environment in the
obesity epidemic is the Pima Indians living in Arizona. The obesity level
and prevalence of metabolic diseases were very low within the tribe in
the early 20th century, but after the Second World War dramatic
changes in their environment ruined their traditional way of life,
leading to a Westernized diet and consequently a dramatic obesity
epidemic within the tribe (Pratley, 1998). This suggests that the Pima
Indians have a strong genetic predisposition to weight gain, but it is
expressed only in the context of a Westernized diet and more generally
the Westernized lifestyle. BMI also shares genetic variation with arterial
stiffness (Tarnoki et al., 2013) and metabolic disorders (Silventoinen
et al., 2017a), which can indicate pleiotropy but also causal associations between BMI and other metabolic traits. It is likely that environmental factors can modify this genetic covariance, as suggested by
the current very high level of metabolic diseases in Pima Indians as
compared to other ethnic groups in North America (Fagot-Campagna
et al., 2000).
Physiologically, obesity is caused by a long-term imbalance between
energy intake (eating) and energy consumption (physical activity).
Physical activity can be important in weight control (Fogelholm and
Kukkonen-Harjula, 2000), and different opportunities for organized
sports in boys and girls can also contribute to sex differences in childhood obesity (Nogueira et al., 2019). Additionally, other factors than
eating and physical activity have been suggested to contribute to the
obesity epidemic (McAllister et al., 2009). For example, cigarette
smoking can lead to reduced weight through increased energy expenditure or decreased appetite (Audrain-McGovern and Benowitz,

2011). Further, there is strong evidence that the gut microbiome is
associated with BMI (Falony et al., 2016), but the background of this
association is poorly understood and probably reflects complex and
reciprocal pathways between the host and microbiota (Mörkl et al.,
2017). However, studies on twins (Goodrich et al., 2014) and individuals with different degrees of genetic relatedness (Rothschild
et al., 2018) have suggested that genetic factors have only a small effect
on gut microbiota, and thus it probably does not importantly contribute
to the genetic variation of BMI. Even when not the only factor affecting
obesity, eating should be considered as the main cause behind the
obesity epidemic because obesity is fundamentally caused by not
modifying energy intake according to energy consumption. We present
a hypothesis that obesity should be regarded as a neuro-behavioral
disease having a strong genetic background mediated largely by eating
behavior and being sensitive to the macro-environment and analyze
how previous twin and molecular genetic research has supported this
hypothesis.
2. Principles and designs of genetic family studies
Back when the human genome was not yet decoded, the family
design offered the only possibility to estimate the role of genetic and
environmental factors behind inter-individual variation. If only ordinary siblings are available, the role of genetic and shared environmental factors cannot be distinguished, but they are combined as familial factors. By using extended pedigrees, twins or adopted children,
it is, however, possible to utilize the different genetic relatedness of
relatives to decompose the genetic and environmental variations. The
principles of genetic family studies were already presented by Ronald
Fisher (1918), and after that especially the twin design has been extensively used to study a large number of traits (Polderman et al.,
2015).
The adoption design offers the most straightforward way to separate
genetic and environmental components since the correlation between
adoptive children and biological parents can be taken as evidence on
the role of genetic factors and the correlation of adoptive children with
adoptive parents and adoptive siblings as evidence on the role of the
family environment. However, the adoption design is problematic since
it ignores a possible genetic correlation between adoptive children and
parents (many adoptions are done within relatives) and an environmental correlation between biological parents (e.g., intrauterine conditions, early childhood environment and later contacts with biological
parents). These issues have probably become more important nowadays
when adoptions have increasingly been done at later ages and also since
contact with biological parents is encouraged in many countries.
However, a more fundamental issue related to the adoption design is
that both adoptees and adopting parents are selected. An adoption is
usually a consequence of severe social, economic or health problems in
the biological family. On the other hand, adoptive parents are highly
motivated and carefully selected, thus decreasing environmental variation between adoptive families.
The most commonly used approach to estimate genetic and environmental variation is to utilize the information of monozygotic and
dizygotic twins. Monozygotic twins are virtuously identical at the genesequence level, whereas dizygotic twins share half of their genetic
variation, as with ordinary siblings. If raised together, both type of
twins are assumed to share the same amount of environmental variation, which can include the influence of the childhood home as well as,
for example, common friends. This allows decomposing the trait variation into genetic variation, environmental variation shared by cotwins and environmental variation unique to each twin; in the simple
twin models, the unique environmental variation also includes measurement error (Posthuma et al., 2003). When studying BMI or other
traits changing over lifetime, a special advantage in studying twins is
that they are always at the same age. Because of these major advantages, most of the information on the influence of genetic factors on
151
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Fig. 1. The change of the proportions of BMI variation explained by additive genetic, shared environmental and unique environmental factors from infancy to old age
in pooled twin data.

human characteristics before the genome-wide-association (GWA) studies became available were based on twin studies, and the twin design
still offers a cost-effective shortcut to estimate the total genetic variation. Further, genetic twin studies allow for estimating environmental
variation shared and unshared by co-twins and thus provides an understanding of the role of environmental factors, which is not possible
in GWA studies.

individual (see chapter 3.2). Thus, the underestimation of heritability is
expected. However, there may also be other sources of variation leading
to the lower heritability estimates in family studies as compared to twin
studies. In a rare example of a family study having measured BMI at the
same age (7 years of age) in parents and their offspring, the correlations
were 0.36 or less (Ajslev et al., 2014). This is considerably lower than
found for dizygotic twins at that age (Silventoinen et al., 2016b). This
probably reflects the influence of environmental factors, but these environmental influences may be reinforced because of gene–environment interactions.
Although already used for nearly a century, the extended pedigree
design is still utilized to estimate the effect of genetic factors on BMI.
This approach is useful when studying populations where twin data or
large GWA studies are not available, such as the Spanish Roma people
(Poveda et al., 2012) or the Omani Arabs (Bayoumi et al., 2007). Additionally, increasing the possibilities to link pedigree information with
medical records allows for collecting very large datasets with modest
costs, allowing not only the estimation of the heritability of BMI and
other obesity indicators but also how much they share a genetic background with other traits (Polubriaginof et al., 2018).

3. Family studies on obesity
3.1. Extended pedigree studies
The logic of extended pedigree studies is to collect information on
relatives having different genetic and environmental relatedness, thus
allowing for estimation of genetic and environmental variation.
However, in some cases even just collecting information on nuclear
families is enough if the interest is only to take into account the total
familial effect combining genetic factors and shared environment (Bogl
et al., 2019). The history of family studies on BMI goes back to the early
20th century when it was first shown that obesity clusters in families,
indicating the importance of genetic factors (Davenport, 1923). After
this initial study, family studies on BMI accumulated and in 1966 a
review on family studies on obesity indicators was able to conclude that
genetic factors importantly explain individual differences in obesity
(Seltzer and Mayer, 1966). A review published in 2012 identified 27
heritability estimates of BMI based on family studies, excluding twin
studies (Elks et al., 2012).
Although family studies show the importance of genetic factors
well, it is noteworthy that heritability estimates based on the extended
pedigree design are systematically lower than when based on the twin
design (Elks et al., 2012). A likely explanation is that it is very difficult
to measure non-twin siblings and other relatives at exactly the same
age. Since different sets of genes affect body size and composition at
different ages, the genetic correlation is less than 1 even for the same

3.2. Genetic twin studies
Even though Francis Galton (1874) was already aware that there are
two types of twins and speculated that they could be utilized to obtain
information on the influence of genetic factors, the first twin study on
the heritability of an obesity indicator (skinfold thickness) was done
relatively late as compared to the long history of extended pedigree
studies (Brook et al., 1975). Some years later, a relatively large twin
study estimated the heritability of 0.77 for adult BMI (Stunkard et al.,
1986a), which corresponds well to the later estimates in twin studies
(Silventoinen et al., 2017b). After these first studies, a large number of
twin studies estimating the heritability of BMI have been published. A
meta-analysis published in 2012 identified 88 independent heritability
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estimates based on twin studies (Elks et al., 2012). Another meta-analysis published in 2010 and focusing only on the heritability of BMI in
childhood in narrow age groups identified 9 twin studies (Silventoinen
et al., 2010b).
Together these two meta-analyses found clear evidence that the
heritability of BMI changes over the life course. More evidence on the
changing heritability of BMI from infancy to adulthood was found in an
individual-level pooled analyses of 24,000 twin children representing 4
countries (Dubois et al., 2012).
Fig. 1 summarizes the change of the genetic architecture of BMI
from infancy to old age in a large pooled twin dataset of around 500
000 twins (Silventoinen et al., 2016b, 2017b). The genetic factors explained a slightly more than 60 % of individual differences in BMI at
1–2 years of age, but this proportion decreased to 40 % at 4 years of
age. The decline of the proportion of genetic factors is because environmental factors shared by co-twins become more important. After 4
years of age, the role of shared environmental factors started to decline
and it largely disappeared at 13 years of age; at the same time, the
importance of genetic factors increased, and their influence was
strongest in early adulthood when they explained around 80 % of BMI
variation. From early adulthood to old age, the importance of genetic
factors started to decline again, but this decline was because of the
increasing importance of environmental factors unique to each twin. At
70–79 years of age, genetic factors explained around 60 % of individual
differences in BMI.
This pattern of heritability can be interpreted to reflect the different
opportunities to make individual choices at different life phases. In
infancy, the caregiver mainly reacts to the crying of the baby and thus
the baby can regulate energy intake well. In early childhood, parents
can control the eating of their offspring more, seen as the increasing
effect of shared environmental factors. However, during late childhood
and adolescence, children become more independent from their parents. This is seen as the decreasing influence of shared environmental
factors and the increasing influence of genetic factors when children
can more freely select food based on their own preferences, having a
partly genetic background. The influence of genetic factors is highest in
early adulthood. After that, the proportion of genetic factors starts to
decline again until old age when unique environmental factors become
more important. This may reflect the long lasting influence of new
environmental factors, such as the spouse, on BMI.
As seen in Fig. 1, the proportions of genetic and environmental
variation are very similar in males and females. The twin design,
however, also allows for analyzing whether there are sex-specific genetic factors affecting BMI. Fig. 2 summarizes the results of the change

of genetic correlation within opposite-sex twins from infancy to old age
(Silventoinen et al., 2016b, 2017b). Since the genetic correlation of
same-sex dizygotic twins is always 0.5, the lower correlations indicate
that there are different genetic factors affecting BMI in males and females. The role of sex-specific genetic factors was already seen in early
childhood. This result is interesting since the pre-puberty body composition is very similar in boys and girls (Malina et al., 2004). The influence of sex-specific genetic factors increased during puberty and
then continuously increased over adulthood, as seen in decreasing genetic correlations for opposite-sex dizygotic twins. Since it is known
that somewhat different genetic factors affect fat and muscle mass
(Hasselbalch et al., 2008a), it is very likely that this result indicates the
differences in body composition between males and females emerging
during puberty. The increasing influence of these sex-specific genetic
factors during adulthood is expected when differences in the hormonal
levels between men and premenopausal women increasingly modify the
expression of genes affecting BMI.
Longitudinal twin studies can also provide information on how genetic and environmental factors explain the continuity of BMI over the
human life course. It is well known that childhood overweight is the
most important risk factor for adult obesity (Baird et al., 2005). The
only twin study having a full series of measures of BMI from 1 to 18
years of age is based on Swedish boys (Silventoinen et al., 2007b). This
study shows that a moderate genetic correlation was already found with
BMI at 1 and 18 years of age, but the correlation increased after 4 years
of age and was 0.61 with BMI at 5 and 18 years of age. Since genetic
variance also increases after that age (Silventoinen et al., 2016b), the
result suggests that after early childhood new genetic variation in BMI
emerges. There are also twin studies based on datasets from Australia
(Cornes et al., 2007), Finland (Ortega-Alonso et al., 2012), Japan
(Silventoinen et al., 2010a), the Netherlands (Silventoinen et al.,
2007a) and the UK (Haworth et al., 2008) having incomplete series of
BMI measures over childhood. Together, these studies confirm that
there is strong genetic continuity of BMI over childhood. Thus, overweight in childhood should be regarded as a clear indicator of genetic
susceptibility for obesity in adulthood.
Longitudinal twin studies have also been conducted on weight gain
over adulthood. Heritability estimates from 0.57 to 0.70 for weight
change in adulthood have been reported in US (Austin et al., 1997;
Fabsitz et al., 1994) and Finnish studies (Hjelmborg et al., 2008;
Ortaga-Alomso et al., 2009), but lower heritability estimates have also
been reported (Hunt et al., 2002; Rice et al., 1999). Interestingly, a
Finnish study reported only a weak genetic correlation between baseline BMI and weight change trajectory (Hjelmborg et al., 2008), but

Fig. 2. Additive genetic correlations for BMI within opposite-sex DZ pairs from infancy to old age in pooled twin data.
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there are also studies reporting moderate genetic correlations (Franz
et al., 2007; Ortaga-Alomso et al., 2009). These studies suggesting that
the genetic correlations are from weak to moderate may indicate that
different genes affect BMI in early adulthood and weight gain after that.
Since it is known that weight gain over adulthood is mainly caused by
the accumulation of fat mass (Tchernof and Després, 2013), this conclusion may not be surprising. Thus, the same candidate genes affecting
BMI in early adulthood may not necessarily predict further weight gain.

environmental variances in height were not found, even though mean
height also increased during the 20th century (Jelenkovic et al., 2016b).
This shows that there is no link between mean and variance in the
anthropometric traits in general, and this result is specific to BMI.
Another possibility to analyze how the macro-environment modifies
the heritability of BMI is to compare countries with different obesity
prevalence, indicating differences in obesogenic environments. The first
international effort using twins included data on adult BMI from eight
countries all representing Caucasian populations. This study found
differences in the genetic and environmental variances but did not find
any systematic pattern (Schousboe et al., 2003). Another international
study pooling eight cohorts of adolescent twins found higher genetic
variation in Western countries as compared to East Asian countries;
however, since environmental variation was also higher in Western
populations, only minor differences were found in the heritability estimates of BMI (Hur et al., 2008). These initial results were confirmed in
two large international studies where countries were classified into
three cultural–geographic regions according to the population-level
BMI. According to these studies, both genetic and environmental variation in BMI in children and adults were highest in North America and
Australia representing a high level of obesogenic environments, followed by Europe, representing an intermediate level of obesogenic
environments, and were lowest in East Asia, representing a low level of
obesogenic environments (Silventoinen et al., 2016b, 2017b). According to the results of secular trends, in height no similar geographic
differences were found in the genetic or environmental variances despite differences in mean stature, showing that this is a specific result
for BMI (Jelenkovic et al., 2016a, 2016b).
In addition to the macro-environment, the social micro-environment is also important to obesity. There is a lot of evidence showing
that both childhood socio-economic environment (Gustafson and
Rhodes, 2006) and one’s own social position in adulthood (McLaren,
2007; Sobal and Stunkard, 1989) are inversely associated with BMI. A
study based on two Danish cohorts of adoptees found that socio-economic status of both biological and adoptive parents were equally associated with the BMI of adopted children, suggesting that both genetic
factors and the rearing environment affect this association (Fontaine
et al., 2011). Intriguingly, the association between social position and
body fatness is not limited to humans. For example, subordinate female
rhesus monkeys had higher caloric consumption than dominant monkeys (Wilson et al., 2008), and starlings with a disadvantageous early
life environment were fatter in adulthood and spent more effort for food
gathering than those with more advantaged early life environments
(Andrews et al., 2015). Even when it would be attractive to consider
that these parallel results in different species would suggest deep neurophysiological pathways, it is noteworthy that the inverse association
between social position and BMI may not be universal, even in industrialized societies. Most of the previous studies have been conducted
in Caucasian populations following a Westernized diet, but there is
evidence that in Japan a similar social gradient in mean BMI as found in
Western countries does not exist (Silventoinen et al., 2013). Thus, this
association could be specific only to societies following a Westernized
lifestyle.
A Dutch twin study found that low parental education increases the
genetic variation of BMI in children (Silventoinen et al., 2016a), and
Danish (Johnson et al., 2011) and US twin studies (Dinescu et al., 2016)
found that one’s own low education is associated with increased genetic
variance of adult BMI. The modification effect of parental education on
the genetic and environmental variation of BMI from infancy to old age
in three cultural–geographic regions was analyzed in a large database of
twins (Silventoinen et al., 2019). This study confirmed that low parental education is associated with increased genetic and environmental
variation at all ages. The parental modification effect on BMI variances
started to increase after 4 years of age. Interestingly, parental education
had the strongest effect on the mean and variance of BMI in North
America and Australia. These effects were smaller in Europe and

3.3. Adoption studies
In addition to the extended pedigree and twin designs, the adoption
design offers the third possibility to analyze how genetic and environmental factors affect obesity. The first study analyzing BMI using this
design found modest correlations (0.24 or less) with both adoptive and
biological parents in a UK dataset (Withers, 1964). After this initial
study, adoption studies have been conducted in Denmark (Sørensen
et al., 1992; Stunkard et al., 1986b), the US (Cardon et al., 1995; Hartz
et al., 1977) and Canada (Biron et al., 1977). Most of the participants in
these studies include children, and none of them has been conducted
recently. This is understandable since it is difficult to collect information on adopted children when they are already adults and currently
domestic adoptions have become increasingly rare and selective.
The main conclusion of these adoption studies is that the BMI of
children is correlated with the BMI of adoptive and biological parents
and siblings; the correlations in these adoption studies have been previously summarized (Silventoinen et al., 2010b). However, the correlations with both adoptive and biological parents are low probably
partly reflecting different sets of genes affecting BMI in childhood and
adulthood. Thus, adoption studies can tell us little on the heritability of
BMI. However, the value of adoption studies is that they give more
direct evidence that also the rearing environment, measured as part of
the shared environment in twin studies, also has an effect on BMI in
childhood.
Even as domestic adoptions have become rare, international adoptions still offer an interesting opportunity to analyze the role of genetic
factors behind the obesity levels in different ethnicities. A Swedish
study of male native-born Swedish and international adoptees found
that in young adulthood BMI was higher in adoptees from Latin
America and lower in adoptees from the Indian subcontinent, East Asia,
Ethiopia and Iran than in native-born Swedish (Johansson-Kark et al.,
2002). Interestingly, these ethnic differences parallel current global
differences in BMI (NCD Risk Factor Collaboration, 2017). Thus, it is
possible that the global pattern of BMI is not totally caused by cultural
factors but may also reflect genetic differences.
3.4. Factors modifying heritability estimates
According to the basic principle of twin and family studies, heritability estimates are not constant but may vary between different environments. The modification effects of environmental factors on the
genetic variation of BMI are interesting because they can indicate
gene–environment interactions, i.e., that specific environmental factors
can suppress or reinforce the effect of genes predisposing to obesity
(Boomsma and Martin, 2002).
There is good evidence that the genetic variance of BMI increases
along with increasing mean BMI. Studies including Swedish male twins
and full brothers measured in early adulthood (Rokholm et al., 2011b)
and Danish middle-age male and female twins (Rokholm et al., 2011a)
found increasing genetic variance in these countries during the obesity
epidemic. These results were confirmed in a large international study
where the genetic variance of adult BMI increased from the 1960s to
2010s along with increasing mean BMI (Silventoinen et al., 2017b).
Since unique environmental variation also increased, only minor and
unsystematic differences were found in the heritability of BMI. It is
noteworthy that similar secular change in the genetic and
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weakest, if existing at all, in East Asia. This suggests that obesogenic
environments not only affect mean BMI at the population level but can
also modify socio-economic differences in BMI by reinforcing or suppressing the effect of genetic factors affecting BMI.

discordant twin pair design. Comparison of epigenetic changes of
monozygotic twins discordant for a trait is very informative because of
the same gene sequence. Additionally, since gene-expression, affected
by methylations and other factors, changes over aging, it is convenient
that co-twins have always the same age. Epigenetic research is outside
the scope of this review, but this approach has been successfully used to
analyze, for example, the gene expression of fat tissue in twins discordant for BMI (Muniandy et al., 2017).

3.5. Experimental and discordant pair twin studies
Twin design is useful not only since it allows for the estimation of
genetic and environmental variation but also because the comparison of
monozygotic co-twins allows for optimally taking into account the effect of genetic factors. Comparing monozygotic twins is so strong a
design that sometimes only one pair is enough for a study, such as when
analyzing the effect of weightlessness on human physiology by using
measures of an astronaut during a space flight and simultaneous measures of his retired astronaut monozygotic twin brother (GarrettBakelman et al., 2019). These studies not focusing on the genetics of
BMI are, however, outside of the scope of this review. On the other
hand, we present a few examples to demonstrate the experimental and
discordant pair twin designs when studying obesity. Early studies using
this approach analyzed how overfeeding 6 monozygotic twin pairs for
22 days (Poehlman et al., 1986), 10 pairs for 100 days (Mauriège et al.,
1992) and 12 pairs for 84 days (Bouchard et al., 1990) affected body
weight and metabolism. These studies concluded that body weight, fat
mass and the lipolysis of abdominal fat tissue reacted more similarly
within than between pairs suggesting that there are genetic differences
in the reaction to excess energy intake. A similar approach has later
been used, for example, to analyze how an eight-week exposure to a
low- or high-fat diet affects fat taste sensitivity (Costanzo et al., 2018).
The study showed that increased fat intake decreased fat taste sensitivity, but the change was not more similar within than between twin
pairs. This suggests that the association between nutrient fat content
and fat taste sensitivity is not affected by genetic factors.
Comparing discordant twin pairs can provide evidence on causality
that is difficult to show when studying unrelated individuals. For example, it has been well demonstrated in large epidemiological studies
that low birthweight is associated with lower BMI later in life
(Rasmussen and Johansson, 1998; Seidman et al., 1991). However, this
association can also be because of genetic factors affecting body size
during fetal life or through the maternal body size because of the genetic correlation between mother and offspring. In a large international
twin study, it was found that within monozygotic pairs discordant for
birthweight, a lighter co-twin at birth had lower BMI from infancy until
adulthood as compared to a heavier co-twin (Jelenkovic et al., 2017).
This shows that the intrauterine conditions can have a long-lasting effect on later BMI even when the role of genetic factors has been taken
into account.
The same design has been used to analyze the associations of
smoking and the gut microbiome with BMI. Epidemiological studies
have suggested that smoking is associated with lower BMI (AudrainMcGovern and Benowitz, 2011). A large international twin study found
that a similar association can also been found in smoking discordant
pairs when a smoking co-twin has, on average, lower BMI than a never
smoking co-twin (Piirtola et al., 2018). This provides further evidence
that smoking is causally associated with reduced BMI. In a similar way,
BMI discordant monozygotic twins were used to test a hypothesis that
higher gut microbiome diversity is associated with lower BMI
(Finnicum et al., 2018). The study was able to demonstrate this association when using twins as individuals, but in a within-pair analysis,
the association was not statistically significant, possibly because of the
small number of pairs and relatively small BMI within-pair difference.
This reflects the general challenge of using BMI discordant monozygotic
pairs: even though the design is powerful, BMI is so highly heritable
that monozygotic pairs having sufficiently large BMI differences are
rare. Thus, large datasets are needed to be able to identify a sufficient
number of BMI discordant twin pairs.
Recently, epigenetic studies have created new uses for the

4. Molecular genetic studies on obesity
4.1. Candidate genes and genetic linkage studies
The first molecular genetic studies on obesity were based on the
identification of candidate genes associated with clinically defined
obesity (Dai et al., 2013). There is a number of monogenic syndromes of
obesity following Mendelian inheritance (Kaur et al., 2017). These gene
findings provided, however, only minimal information on the genetic
background of common obesity.
When analyzing the normal variation of BMI and other obesity indicators, genetic linkage studies offered the earliest possibility to
identify chromosomal regions related to common obesity. The genetic
linkage analysis is based on the principle that close chromosomal regions are commonly inherited together, known as linkage disequilibrium. Based on this principle, it is possible, by using genetic
markers, to calculate the association between genetic and phenotypic
similarity over the human genome within siblings and other relatives,
providing evidence on the importance of certain chromosomal regions
on the phenotype (Pulst, 2012). For BMI, a number of genetic linkage
studies were conducted, but they largely failed to produce replicable
results in further studies (Wu et al., 2012).
To summarize, the early candidate gene and genetic linkage studies
provided only minimally useful information on the genetic basis of
common obesity. This is understandable since these methods are most
feasible when finding rare genetic variants having large effect sizes,
whereas the genetic variation of common obesity, as proved later, is
caused by a large number of genetic variants having only small effect
sizes.
4.2. Genome-wide-association studies
The breakthrough in the study of the genetics of common obesity, as
well as other polygenetic traits, happened when the HapMap consortium made it possible to sufficiently capture the variation of haplotypes over the human genome (International HapMap Constortium,
2007). As compared to candidate gene and genetic linkage studies,
GWA studies made it possible to observe the effect of common genetic
variants having only small effect sizes on the trait. As proposed earlier
by Ronald Fisher (1918), this is the basic genetic mechanism of human
anthropometric traits, including obesity traits: thus GWA studies have
been very productive for understanding the genetic background of
human obesity.
The first GWA studies on BMI in 2007 were able to find the locus in
the FTO gene (Frayling et al., 2007; Scuteri et al., 2007), which has
later proved to be the most important candidate gene of obesity;
however, even this gene explains only 0.34 % of BMI variation (Loos
and Bouchard, 2008). After these first findings, the information based
on GWA studies increased rapidly. A recent meta-analysis combining
the results of GWA studies of European ancestry found 941 near-independent single nucleotide polymorphisms (SNPs) for BMI which,
however, explained only 6.0 % of BMI variation in an independent
sample (Yengo et al., 2018). Since the heritability of adult BMI calculated by using the twin design varies between 60 % and 80 % depending on age (Silventoinen et al., 2017b), these candidate genes explain only a fraction of the total genetic variation confirming the highly
polygenic nature of BMI. When considering all genetic variation over
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the genome, the explained BMI variation is expectedly much larger. In a
recent unpublished study using whole genome sequence data on participants of European ancestry, 40 % of BMI variation was explained by
genetic variation (Wainschtein et al., 2019). Even though this is a much
larger proportion than in earlier GWA studies, it is still much lower
compared to the heritability estimates of adult BMI (Silventoinen et al.,
2017b). Interestingly, this same study was able to explain 79 % of
height variation by genetic variation, which is very close to the heritability estimates based on twin data (Jelenkovic et al., 2016b). This
suggests that when compared to height, the genetics of BMI are more
complex, for example, because of the presence of gene–environment
interactions.
In addition to GWA studies on BMI in populations of European
ancestry, GWA studies in other populations have also been conducted.
Studies in several East Asian populations (Wen et al., 2014) and Japanese (Akiyama et al., 2017) as well as indigenous populations such as
Samoans (Naka et al., 2017) and Greenland Inuits (Grarup et al., 2018),
have revealed some differences in the genetic architecture of BMI as
compared to the populations of European ancestry. However, it is still
too early to argue how much genetic differences can explain between
population differences in BMI. In a study of European populations, the
population mean of the genetic risk score (GRS) of BMI did not correlate
with the population mean BMI whereas a correlation was found when
studying the GRS of height and mean stature (Robinson et al., 2015).
This suggests that environmental factors can mask the effect of genetic
factors on BMI when studying differences between populations.
Most of the present GWA studies on BMI have been conducted in
adults, but there is also information on loci associated with BMI in
children. The largest meta-analysis thus far on childhood BMI found
that largely the same loci associated with adult BMI affected BMI in
childhood (Felix et al., 2016). This result is in accordance with previous
twin studies showing a considerable genetic correlation of BMI in
childhood and adulthood (chapter 3.2). However, the role of genetic
variants may not be similar over childhood. There is evidence based on
earlier genetic studies that the FTO gene and other obesity-related
candidate genes have a stronger effect on BMI after 6 years of age (Elks
et al., 2010; Rzehak et al., 2010; Sovio et al., 2011; Warrington et al.,
2015). These results parallel with the evidence based on twin data
finding that the genetic variation starts to increase after 4 years of age
(Silventoinen et al., 2016b). Thus after early childhood, new genetic
variation affecting BMI seems to emerge, which can explain well also
the increasing genetic correlation with adult BMI after 4 years of age
found in twin studies (chapter 3.2).
GWA studies have also been conducted on other obesity-related
phenotypes. A GWA study of body fat percentage found overlap between SNPs previously found to be associated with BMI; however, four
novel SNPs having genome-wide significance were also identified and
the effect sizes of overlapping SNPs were different on body fat percentage and BMI (Lu et al., 2016). Additionally, a large GWA study on
waist-to-hip ratio (WHR) adjusted for BMI identified several novel SNPs
(Justice et al., 2019). These results suggest that even when there are a
set of genes affecting general body fatness, there are separate genes
regulating fat distribution.

Previous large-scale GWA studies of BMI have found that the expression of SNPs associated with higher BMI are enriched in the brain –
especially in the hypothalamus, pituitary gland, hippocampus and
limbic system (Locke et al., 2015; Turcot et al., 2018). These brain areas
have an important role in appetite regulation, learning, cognition,
emotion and memory (Lenard and Berthoud, 2008). These results are
supported by findings that the orbitofrontal cortex gray matter volume
mediated the association between the GRS of obesity and BMI (Opel
et al., 2017). However, a similar negative association between the gray
matter volume and BMI has also been found between monozygotic cotwins discordant for BMI (Weise et al., 2019). Thus, there is strong
evidence for the role of behavioral factors – especially eating behavior –
behind the mechanisms between genes and BMI, but the reverse causality from BMI to behavior through the brain anatomy can also contribute to this association, possibly even reinforcing the effect of genes.
On the other hand, SNPs associated with WHR adjusted for BMI seem to
be especially related to lipid metabolism and adipose tissue regulation,
also showing considerable differences in the effect sizes between males
and females (Justice et al., 2019). This suggests that when the genetic
factors of general adiposity affect through behavioral factors, genes
regulating fat distribution influence through other mechanisms. These
sex-specific differences in the genetic influences on fat distribution can
also explain well the sex-specific genetic effect on BMI increasing
during puberty and over adulthood, when the sexual dimorphism of fat
distribution increases (see chapter 3.2).
5. Genetics of eating behavior
When considering the maintenance of energy balance, it seems
obvious that the intake of macro-nutrients play the key role. This association is well demonstrated in anorexia nervosa in which severe
restriction of eating leads to potentially life-threatening underweight.
Other clinically defined eating disorders include bulimia nervosa,
which does not necessarily lead to under- or overweight, and binge
eating disorder, leading to severe overweight in many cases. All eating
disorders are much more common in females than in males, but in binge
eating disorder, the sex difference is smaller than in anorexia nervosa
and bulimia nervosa (Raevuori et al., 2014). Previous twin and family
studies have shown that genetic factors contribute to the liability of all
eating disorders, with estimates from moderate to high heritability in
different studies. Part of the genetic variation is also shared by anorexia
nervosa and bulimia nervosa, suggesting that they partly share the same
neurobiological background (Thornton et al., 2011). Previous twin
studies have been underpowered to detect sex differences in the heritability of eating disorders, but there is some suggestive evidence that
somewhat different sets of genes affect eating disorders in males and
females (Culbert et al., 2011). GWA studies have been conducted for
anorexia nervosa, whereas little is known on the candidate genes of
bulimia nervosa and binge eating disorder (Himmerich et al., 2019).
The latest GWA study on anorexia nervosa identified 8 significant loci,
but they increased the risk of anorexia nervosa only slightly having
odds ratios of 1.17 or less, thus demonstrating the highly polygenetic
nature of eating disorders (Watson et al., 2019). Even though at the
individual level eating disorders cause a lot of suffering and anorexia
nervosa especially can be life-threatening, they are relatively rare disorders, having a prevalence of 1–4 % in females and much lower prevalence (less than 1 %) in males based on European studies (KeskiRahkonen and Mustelin, 2016). Thus, they affect mean BMI and obesity
prevalence only a small amount at the population level.
Given the evidence on the strong effect of anorexia nervosa on
underweight and binge eating disorder on overweight, it may be surprising that the evidence of the importance of energy intake behind the
global increase in mean BMI is largely indirect. A strong correlation has
been detected between the changes of macronutrient consumption and
BMI over time between countries, supporting the importance of increased food consumption behind the obesity epidemic (Silventoinen

4.3. Mechanisms of genes associated with obesity
GWA studies have produced evidence on the mechanisms of how
genes are associated with obesity. This area is, however, complex and
still poorly understood. The slowness in the understanding of these
biological mechanisms is expected since the neurological and other
physiological systems behind the maintenance of energy balance in
humans are very complex (Lenard and Berthoud, 2008). However, this
complexity can go down to the molecular genetic level. There is evidence that part of the association between the FTO gene and obesity
goes through other genes (Claussnitzer et al., 2015). This underlines
how difficult it is to confirm pathways from genes to phenotypes.
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Table 1
Twin studies examining the genetic and environmental influences on macro-nutrient intake and eating patterns.
Study

Participants

Measurement instrument

Summary

Pimpin et al.
(2013)

1216 UK twin pairs measured at the mean age
of 21 months (range 17.3–34.2 months)

Food diaries recorded by parents or caretakers over
3 days (2 weekdays and 1 weekend day)

Li et al. (2016)1

622 Chinese (Jiaxing, Zhejiang province)
measured at 7–15 years of age

A 145-item self-administered food frequency
questionnaire on food intake during the previous 12
months

Dubois et al.
(2013)1

369 Canadian (Greater Montreal Area,
Province of Quebec) twin pairs at the mean
age of 9.0 years (range 8–10 years)

A detailed recall of children and their parents on all
food and drinks consumed during the past two days

Hasselbalch et al.
(2008b)1

600 Danish twin pairs at mean age of 38 years
(range 18–67 years)

Food frequency questionnaire of 247 food items and
recipes asking the frequency of intakes per day,
week or month

Beaver et al.
(2012)

US adolescents at mean age of 16 years
(standard deviation of 1.75 years): 632 twins,
981 full siblings, 318 half siblings, 119 cousins
and 267 unrelated individuals.
1648 US twin pairs 50 years of age or older.

In-depth questions and interviews on different areas
of food consumption

Total energy intake: a2 = 0.11 (0.08, 0.15); c2 =
0.80 (0.77, 0.83); e2 = 0.09 (0.07, 0.10); % of
energy from protein a2 = 0.08 (0.06, 0.10); c2 =
0.87 (0.85, 0.89); e2 = 0.05 (0.04, 0.06); % of
energy from carbohydrate a2 = 0.09 (0.07, 0.12); c2
= 0.86 (0.84, 0.88); e2 = 0.05 (0.04, 0.06); % of
energy from fat a2 = 0.10 (0.07, 0.12); c2 = 0.85
(0.83, 0.88); e2 = 0.05 (0.04, 0.06)
Total energy intake: a2 = 0.17 (0.00, 0.47); c2 =
0.37 (0.10, 0.56); e2 = 0.46 (0.39, 0.55); % of
energy from protein a2 = 0.00 (0.00, 0.13); c2 =
0.40 (0.26, 0.47); e2 = 0.60 (0.53, 0.68); % of
energy from carbohydrate a2 = 0.29 (0.00, 0.57); c2
= 0.21 (0.00, 0.47); e2 = 0.50 (0.42, 0.58); % of
energy from fat a2 = 0.52 (0.23, 0.63); c2 = 0.04
(0.00, 0.31); e2 = 0.44 (0.37, 0.52)
Total energy intake: a2 = 0.35 (0.01, 0.47); c2 =
0.00 (0.00, 0.24); e2 = 0.65 (0.53, 0.80); % of
energy from protein a2 = 0.00 (0.00, 0.33); c2 =
0.20 (0.00, 0.29); e2 = 0.80 (0.66, 0.91); % of
energy from carbohydrate a2 = 0.19 (0.00, 0.42); c2
= 0.09 (0.00, 0.30); e2 = 0.72 (0.58, 0.87); % of
energy from fat a2 = 0.23 (0.00, 0.43); c2 = 0.07
(0.00, 0.30); e2 = 0.70 (0.57, 0.86)
Total energy intake: a2 = 0.32 (0.17, 0.42); c2 =
0.00 (0.00, 0.00); e2 = 0.68 (0.59, 0.79); % of
energy from protein a2 = 0.35 (0.19, 0.44); c2 =
0.00 (0.00, 0.10); e2 = 0.65 (0.56, 0.76); % of
energy from carbohydrate a2 = 0.42 (0.25, 0.51); c2
= 0.00 (0.00, 0.12); e2 = 0.58 (0.49, 0.68); % of
energy from fat a2 = 0.41 (0.28, 0.50); c2 = 0.00
(0.00, 0.09); e2 = 0.59 (0.50, 0.69)
Unhealthy eating habit scale: a2 = 0.42, c2 = 0.00,
e2 = 0.58; healthy eating habit scale: a2 = 0.51, c2
= 0.00, e2 = 0.49; fast food each week: a2 = 0.33,
c2 = 0.09, e2 = 0.58
Healthy eating pattern: food use: a2 = 0.23 (0.02,
0.43), c2 = 0.16 (0.03, 0.29), e2 = 0.61 (0.53,
0.71); serving size: a2 = 0.28 (0.05, 0.41), c2 =
0.05 (0.00, 0.19), e2 = 0.67 (0.59, 0.77);
consuming frequency: a2 = 0.25 (0.03, 0.44), c2 =
0.13 (0.00, 0.26), e2 = 0.62 (0.54, 0.72)
Unhealthy eating pattern: food use a2 = 0.53 (0.35,
0.59), c2 = 0.00 (0.00, 0.12), e2 = 0.47 (0.41,
0.55); serving size: a2 = 0.44 (0.23, 0.53), c2 =
0.02 (0.00, 0.15), e2 = 0.54 (0.47, 0.63);
consuming frequency: a2 = 0.41 (0.27, 0.48), c2 =
0.00 (0.00, 0.09), e2 = 0.59 (0.52, 0.66)
Healthy foods: a2 = 0.51 (0.43, 0.56), c2 = 0.00
(0.00, 0.05), e2 = 0.49 (0.44, 0.54); high-fat foods:
a2 = 0.42 (0.27, 0.47), c2 = 0.00 (0.00, 0.12), e2 =
0.58 (0.53, 0.64); sweet foods: a2 = 0.38 (0.25,
0.44), c2 = 0.00 (0.00, 0.10), e2 = 0.62 (0.56,
0.68); meat: a2 = 0.31 (0.15, 0.45), c2 = 0.08
(0.00, 0.20), e2 = 0.61 (0.55, 0.67)
Fruit and vegetables: a2 = 0.48 (0.04, 0.66), c2 =
0.08 (0.00, 0.47), e2 = 0.44 (0.34, 0.56); high
alcohol: a2 = 0.42 (0.00, 0.57), c2 = 0.04 (0.00,
0.45), e2 = 0.54 (0.43, 0.68); traditional English
diet: a2 = 0.42 (0.00, 0.53), c2 = 0.00 (0.00, 0.39),
e2 = 0.58 (0.47, 0.72); dieting: a2 = 0.34 (0.00,
0.51), c2 = 0.05 (0.00, 0.43), e2 = 0.61 (0.49,
0.76); low meat: a2 = 0.32 (0.00, 0.52), c2 = 0.08
(0.00, 0.44), e2 = 0.60 (0.48, 0.75)

van den Bree et al.
(1999)1

Food frequency questionnaire asking consumption
frequency and usual serving size. Factor analyses
were used to form two factors indicating a healthy
eating pattern and unhealthy eating pattern.

Keskitalo et al.
(2008a)1

2009 Finnish twin pairs at mean age of 24
years (range 22–27 years).

Food frequency questionnaire including 24 food
items and asking how often they are consumed.
Four factors were created by factor analyses.

Teucher et al.
(2007)1

1631 UK female twins at mean age of 48 years
(range 18–79 years)

Food frequency questionnaire including 131 food
items. Five factors were created based on factor
analyses.

1

Relative variance component estimates and their 95 % confidence intervals are re-calculated based on intra-class correlations. Abbreviations: a2=the proportion
of trait variation explained by additive genetic variation; c2=the proportion of trait variation explained by environmental variation shared by co-twins; e2=the
proportion of trait variation explained by environmental variation unique to each twin individual.

et al., 2004). On the other hand, when using self-reported data, demonstrating the association between energy intake and BMI has been
problematic (Lissner, 2002). One important contributing factor to this
difficulty can be the underreporting of energy intake in obese persons,
which was shown, for example, in a study of obesity discordant twins

using self-reported data, data reported by the co-twin and double-labeled water (Pietiläinen et al., 2010). This underreporting is also
probably nutrient specific, and more underreporting in obese persons
has been found in fat and carbohydrate, rather than in protein, consumption (Lissner, 2002).
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about starting and stopping eating (French et al., 2012). Many studies
have shown that these traits, such as eating in response to negative
emotions (i.e., emotional eating) and other difficulties in the regulation
of eating, predict weight gain, suggesting that they play a causal role in
the development of obesity (Chaput et al., 2009; Koenders and van
Strien, 2011; Konttinen et al., 2019; Savage et al., 2009). Twin and
other genetic studies conducted in adults have often utilized different
versions of the Three-Factor Eating Questionnaire (TFEQ) to assess
these appetite traits. The original 51-item TFEQ contains separate scales
for restrained eating, disinhibition and susceptibility to subjective
feelings of hunger (Stunkard and Messick, 1985). Disinhibition refers to
a tendency to overeat in response to a variety of food and eating stimuli
(e.g., scent and sight of food, negative emotions, perceived stress, social
events), while restrained eating reflects deliberate efforts to restrict
food intake to control weight. The revised 18-item TFEQ-R18 assesses
these traits with a slightly different configuration and contains scales
for restrained eating, uncontrolled eating, and emotional eating
(Karlsson et al., 2000).
In studies on adult Swedish male twins (Tholin et al., 2005) and
adult Finnish and UK male and female twins (Keskitalo et al., 2008b),
moderate heritability estimates were found for restrained eating (26–63
%), uncontrolled eating (45–69 %) and emotional eating (9–60 %). No
evidence on the effect of shared environmental factors was found. The
latter study also found that phenotypic correlations between uncontrolled eating, emotional eating and BMI are largely due to common
underlying genetic influences (Keskitalo et al., 2008b). In a family study
of Amish adults, the heritability estimates of 28 %, 40 % and 23 %,
respectively, were found (Steinle et al., 2002). These estimates are close
to the estimates of twin studies, especially when considering that family
studies can somewhat underestimate heritability (see chapter 3.1). This
suggests that the genetics of eating behavior can be quite similar in
different social contexts.
Molecular genetic studies have examined the associations between
GRS for BMI and eating behavior traits. These studies are summarized
in detail in chapter 6.2, and they provide evidence that SNPs associated
with higher BMI affect these traits. More specifically, adults at higher
genetic risk of obesity tend to be more prone to emotional eating, uncontrolled eating, subjective feelings of hunger, and disinhibition than
those at lower genetic risk (Cornelis et al., 2014; de Lauzon-Guillain
et al., 2017; Jacob et al., 2018; Konttinen et al., 2015).

Previous twin studies conducted in various populations have produced evidence on the role of genetic factors behind total energy and
macro-nutrient (protein, carbohydrate and fat) intake. A summary of
these studies is presented in Table 1. Since in many studies only the
results of best fitting models were presented, we re-calculated the estimates of additive genetic, shared environmental and unique environmental variance components using the intra-class correlations for
monozygotic and dizygotic pairs by using the OpenMx package of R
statistical software if they were reported in the study (Neale et al.,
2016). Since the number of twins was low in many studies, only pooled
results for males and females are presented because otherwise the
confidence intervals would have been too wide to obtain meaningful
results. Studies including young UK children at the average age of 21
months (Pimpin et al., 2013) and 7–15-years-old Chinese children (Li
et al., 2016) found clear evidence that in addition to genetic factors,
shared environmental factors also had an influence on total energy
intake. On the other hand, a study of Canadian 9-year-old children
(Dubois et al., 2013) and Danish adults (Hasselbalch et al., 2008b)
found only evidence on the role of genetic but not shared environmental factors. The same applies to the proportions of energy from
macro-nutrients. There is thus some suggestive evidence that the role of
shared environmental factors on individual differences in macro-nutrient intake may diminish from childhood to adulthood, thus paralleling the results on genetic and environmental influences on BMI
(chapter 3.2). However, more detailed studies on children and adults in
the same populations are needed to shed more light on this hypothesis
and preferably longitudinal studies would be conducted.
There are a number of twin studies which have identified different
food consumption patterns, usually by explorative factor analyses,
based on the consumption of different food items summarized in
Table 1. In one study the participants were adolescents (Beaver et al.,
2012) and in others adults (Keskitalo et al., 2008a; Teucher et al., 2007;
van den Bree et al., 1999). The number of factors and their interpretation varied between the studies. However, the results were systematic, showing moderate heritability and only little evidence on the
role of shared environmental factors. Thus, these results are consistent
with the studies on the heritability of macro-nutrient intake, showing
that shared environment has only a small effect on eating patterns after
childhood.
Molecular genetic studies on macro-nutrient intake have also been
conducted. A large GWA study found 12 suggestively significant loci
affecting fat, protein or carbohydrate consumption; the expression of
gene variants in both brain and adipose tissues was found (Merino
et al., 2018). Previous studies of the role of well-known candidate genes
of BMI, FTO and a genetic variant near MC4R, have produced mixed
results: some studies have supported the higher food consumption in
the carriers of risk alleles (Cecil et al., 2008; Qi et al., 2008; Wardle
et al., 2009), other studies have found no association or have reported
mixed results (Hasselbalch et al., 2010; Stutzmann et al., 2009;
Tanofsky-Kraff et al., 2009). It is, however, noteworthy that various
methods to measure macro-nutrient intake were used in these studies,
which may partly explain the differences in results. A large meta-analysis of the effect of the FTO gene found that the risk allele was associated with higher dietary protein intake but, surprisingly, slightly
lower carbohydrate intake and total energy consumption (Qi et al.,
2015). The role of reporting bias explaining these conflicting results
cannot be ruled out. Thus, the evidence of the effect of these wellknown candidate genes of BMI on macro-nutrient intake is still conflicted.

6. Interplay between eating behavior and the genetics of obesity
There are two related lines of literature examining the interplay
between eating behavior and the genetics of obesity. One line has
concentrated on the gene-by-diet interactions in obesity, while another
line has focused on eating behavior traits as a potential mediating
mechanism through which genes influence body weight. It can be argued that both of these literatures tackle with the same wider question,
whether eating behavior contributes to the genetic susceptibility to
obesity.
6.1. Gene-by-diet interactions in obesity
It has been suggested that dietary intake can either reinforce or
suppress the genetic predisposition to obesity depending on the quality
of the diet, with unhealthy or excess intake having the former effect and
healthy intake having the latter effect. In this literature, obesity-related
individual SNPs as well as GRS have been used to measure genetic
variation between individuals. Since simulations indicated that GRS has
greater power than individual SNPs for detecting interactions with
environmental factors (Marigorta and Gibson, 2014), emphasis will be
given to studies using GRS for obesity (BMI or WHR) in this chapter.
The research on the gene-by-diet interactions in obesity has generally produced mixed evidence. Studies based on three US adult cohorts found that a higher intake of fried foods and sugar-sweetened

5.2. Heritability of eating behavior traits
Eating behavior traits influence energy intake through choices
about when, where, what and how much to eat, including decisions
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Cross-sectional study of adults. Two
US cohorts (n = 1471 and n = 2381)

Cornelis et al.
(2014)

Cross-sectional study of adults.
French cohort (n = 2154) and UK
cohort (n = 3515)

5-year prospective study of children.
French cohort (n = 1142 children
followed from birth to age 5 years).

de Lauzon-Guillain
et al. (2019)

de Lauzon-Guillain
et al. (2017)

4-year prospective study of children.
Norwegian cohort (n = 995 at age 4
years, n = 795 at age 6 years, n = 699
at age 8 years).

Steinsbekk et al.
(2016)

Cross-sectional study of adults. Two
Finnish cohorts (n = 4632 and n =
1231)

Cross-sectional study of children. UK
cohort (n = 2258, mean age 10 years).

Llewellyn et al.
(2014)

Konttinen et al.
(2015)

Design and participants

Study

27 BMI- related SNPs
for French cohort and
96 BMI-related SNPs for
UK cohort

90 BMI- related SNPs

32 BMI- related SNPs

16 BMI- related SNPs

32 BMI- related SNPs

28 BMI- related SNPs

Genetic risk score

TFEQ-R21 in French and TFEQ-R18 in
UK sample

TFEQ-R18

TFEQ-R18

Mother-reported. A single item on
appetite (from 4 months to 3 years) and
Children's Eating Difficulties
Questionnaire (5 years).

Parent-reported.
Children’s Eating Behavior Questionnaire
(age 6 years)

Parent-reported. Child Eating Behavior
Questionnaire (satiety responsiveness
scale)

Eating behavior

BMI

BMI and WC

BMI

BMI-for-age z
score

BMI and body
fatness

BMI and WC SD
scores

Outcome

Table 2
Studies examining the associations between genetic risk score for obesity, eating behavior traits and anthropometric indicators.

Age and sex

Age and sex

Age, sex, physical activity,
smoking status and various
nutrition related measures

Recruitment center, infant's
sex and child's age

Covariates

(continued on next page)

GRS was negatively related to satiety responsiveness
and positively related to BMI and waist SD scores.
Associations between GRS and adiposity indicators
were significantly mediated by satiety
responsiveness (P = .006 for BMI SD scores and P =
.005 for waist SD scores).
Children at higher genetic risk for obesity had higher
baseline BMI and fat mass. They also gained weight
and fat mass more rapidly during follow-up. GRS
was negatively correlated with slowness in eating.
Correlations between GRS and other appetitive traits
(food responsiveness, emotional overeating,
enjoyment of food, satiety responsiveness) were nonsignificant. Appetitive traits did not mediate the
association between GRS and weight gain.
Children with high GRS were more likely to have
high energy intake at age 1 year and high appetite at
age 2 and 5 years. High energy intake in infancy and
high appetite from age 1 year were related to higher
subsequent BMI. High 2-year appetite partly
mediated the associations between GRS and BMI
from 2 to 5 years (all P ≤ 0.05).
GRS was positively associated with emotional eating
(EE), uncontrolled eating (UE), and BMI. However,
these associations were not significant if BMI was
controlled for. The association between GRS and
BMI weakened slightly after adjusting for EBs (from
β 0.025 to β 0.020). Mediation was not tested. Study
also included findings from particular subsets of
these loci.
In the combined sample, the highest GRS quartile
had OR of 2.51 for obesity, 1.93 for abdominal
obesity, 1.43 for high uncontrolled eating (UE), and
1.41 for high emotional eating (EE). The effects of
GRS on adiposity indicators were partially mediated
through UE and EE (std. β for indirect effect ranged
from 0.019 to 0.026). The effect of GRS was not
modified by sex.
Emotional eating (EE) and uncontrolled eating (UE)
were positively associated with BMI and GRS in both
cohorts. However, cognitive restraint (CR) showed
mixed results depending on sex, BMI and cohort. The
effect of GRS on BMI was partially mediated by UE
and EE (mediation ratio ranged from 6 to 12 %).
Interaction between GRS and CR was found in all
except one Cohort X Sex combination: GRS had a
stronger association with BMI if CR scores were low
and weaker association if CR scores were high.
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Abbreviations: TFEQ = Three-Factor Eating Questionnaire, BMI = body mass index, WC = waist circumference, EB = eating behavior, GRS = genetic risk score, CR = cognitive restraint, UE = uncontrolled eating, EE
= emotional eating.

7-year prospective study of adults.
Finnish cohort (baseline: n = 5024,
follow-up: n = 3735).
Konttinen et al.
(2018)

97 BMI- related SNPs

TFEQ-R18 (cognitive restraint scale)

BMI and WC

Age, sex, education, physical
activity and smoking status

GRS, BMI and WC were all positively associated with
disinhibition, habitual and situational susceptibility
to disinhibition, susceptibility to hunger, and
internal and external locus of hunger subscales.
None of the cognitive restraint subscales were
associated with GRS and either BMI or WC.
Disinhibition, susceptibility to hunger and habitual
and situational susceptibility to disinhibition
partially mediated the associations of GRS with BMI
and WC (indirect effects std. β ranged from 0.04 to
0.20). Sex did not modify any of the mediations.
GRS was positively related to BMI and WC at
baseline and at follow-up, but it did not predict 7year change in BMI or WC. When predicting selfreported weight change from age 20 to baseline a
nominally significant interaction between GRS and
CR was found: the positive association between GRS
and weight gain was more pronounced in
participants with a low level of CR compared to
those with a high level of CR.
Age and sex
Cross-sectional study of adults.
Canadian cohort (n = 768)
Jacob et al. (2018)

97 BMI- related SNPs

51-item TFEQ

BMI and WC

Summary
Design and participants
Study

Table 2 (continued)

Genetic risk score

Eating behavior

Outcome

Covariates
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beverages enhanced the positive association between 32-loci GRS and
BMI (Qi et al., 2012, 2014). These observations were not, however,
supported by a large UK Biobank study in which the percentage of
protein or fat in the diet, intake of fried foods or fizzy drinks, or consumption of a calorie-dense Western diet did not modify the genetic
susceptibility to obesity (Tyrrell et al., 2017). Moreover, a study based
on data from 18 cohorts of European ancestry investigated whether a
composite score representing a healthy diet modified the effects of 32loci BMI-GRS and 14-loci WHR-GRS (Nettleton et al., 2015). This study
surprisingly found that the effect of WHR-GRS on WHR adjusted for
BMI was stronger in those with a healthier diet; no interactions were
detected between the diet score and BMI-GRS.
As summarized previously, there are several methodological challenges associated with the gene-by-environment interaction studies,
which are likely to play a role in explaining these inconsistent findings
(Reddon et al., 2016). For instance, measuring dietary intake without
biases is difficult (Lissner, 2002), and measurement error also generally
attenuates the estimates of true effect sizes. Thus, more rigorous study
designs better controlling for, for example, reporting bias would be
necessary to analyze this issue further.
6.2. Eating behavior traits as mediators in the genetics of obesity
The literature testing the hypothesis that appetite-related eating
behavior traits mediate the effect of genes on obesity has emerged rather recently. Mediation analysis provides one way to test this hypothesis in observational studies. In this particular mediation model,
higher genetic predisposition to obesity (exposure) is expected to lead
to increased appetite (mediator), which is expected to lead to higher
body weight (outcome) over time. Thus, eating behavior traits are hypothesized to explain a part of the association between genes and
obesity. Most studies in this area have used GRS for BMI to measure
genetic variation between individuals. Table 2 summarizes findings
from 7 studies conducted in adults or children.
Results from four cross-sectional studies analyzing various adult
cohorts offer support for this mediation hypothesis (Cornelis et al.,
2014; de Lauzon-Guillain et al., 2017; Jacob et al., 2018; Konttinen
et al., 2015). More specifically, higher uncontrolled and emotional
eating partly mediated the positive associations of GRS with BMI and
waist circumference in two Finnish cohorts (Konttinen et al., 2015) and
in French and UK cohorts (de Lauzon-Guillain et al., 2017). In a Canadian study, susceptibility to hunger as well as habitual and situational susceptibility to disinhibition acted as mediators (Jacob et al.,
2018). Mediation was not formally tested in two US cohorts of older
adults, but the effect of GRS on BMI weakened slightly after adjusting
for restrained, uncontrolled and emotional eating (Cornelis et al.,
2014).
Moreover, in a cross-sectional study of British 10-year-old twins,
lower satiety responsiveness partly mediated the effects of GRS on
higher BMI and waist circumference (Llewellyn et al., 2014). Results
from a prospective French birth cohort showed that the positive associations between GRS and BMI from age 2 to 5 years were mediated by
high appetite at age 2 years (de Lauzon-Guillain et al., 2019). However,
there was no evidence for such a mediation effect in a Norwegian population-based prospective study utilizing weight gain between ages 4
and 8 years as an outcome (Steinsbekk et al., 2016). It is noteworthy,
however, that measuring eating behavior traits and their mediation
effect is more complicated in children than in adults due to several
reasons. For example, younger children have limited control over their
daily food choices and dependence on parent-reported (instead of selfreported) information may introduce extra bias.
Interestingly, recent findings from two adult studies could be interpreted to imply that restrained eating can be helpful in suppressing
the genetic predisposition to obesity: the positive relationship of GRS
with BMI (de Lauzon-Guillain et al., 2017) and weight gain from age 20
years to middle age (Konttinen et al., 2018) was somewhat stronger in
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participants with a low level of restrained eating than in those with a
high level of restrained eating. It is possible that individuals recognize
that they possess this predisposition (via its impact on increased appetite and body weight) and consequently engage in restrained eating
as an attempt to counteract weight gain.
To summarize, an emerging body of literature suggests that the
common risk variants for obesity can partly exert their effects through
appetite-related eating behavior traits. However, limitations include
that these findings are mainly based on cross-sectional data and especially results related to restrained eating need to be replicated. It should
also be noted that the magnitude of both indirect (i.e. mediated) and
direct associations have been small: for instance, in the Finnish study
(Konttinen et al., 2015), the effect of BMI-GRS on emotional and uncontrolled eating was only around half of the size of the effect of this
GRS on BMI. However, since these eating behavior traits depend on selfreport scales, they are inherently measured less reliably than anthropometric indicators, which may limit the size of the associations with
genotype.

environment affects BMI by reinforcing the effect of genes affecting
BMI. There is direct evidence on this based mainly on twin studies since
both the micro-level environment (e.g., parental education) and the
macro-level environment (measured as the level of obesity between
countries and measurement years) affect the genetic variation of BMI.
Thus, those children having a genetic susceptibility to obesity gain
more weight in family environments or societies predisposing to obesity. These results underline the importance of community food environments, since they can suppress or reinforce the effects of genetic
variants associated with obesity. There has been a lot of discussion on
which specific community-level factors are behind the obesogenic environments, but there is no clear consensus (Kirk et al., 2009). The
associations are also likely to be very complex, as found in a previous
study demonstrating that the community food environment can modify
how health counseling affects eating behavior (Lorts et al., 2019). There
is a lack on studies whether the micro- and macro-environment can
modify the genetic variation of macro-nutrient intake in a similar way
as they affect the genetic variation of BMI. Thus, more research is
needed to specify which community-level factors reinforce the genetic
variation of BMI and analyze the role of eating behavior behind these
associations.
GWA studies have clearly shown that BMI is a highly polygenic trait
and thus confirms the basic principle of genetic family studies. The
mechanisms of how genes affect BMI are still poorly understood, but the
expression of the candidate genes of BMI in the brain tissue suggests
that they affect BMI through behavioral factors. There is also evidence
based on both twin and GWA studies that genetic factors affect macronutrient intake and appetite-related eating behavior traits. However, to
date, there is only limited direct evidence on the overlap of genes affecting BMI and eating behavior which would suggest that the genes
affect BMI through eating behavior. Some studies have shown this
mediation effect, but they can explain only a fraction of the association
between genetic factors and BMI. This area is, however, very challenging because of the well-known difficulties to measure dietary intake
and reliance on self-report scales to assess eating behavior traits.
Some sex differences in the genetic architecture of obesity indicators
were identified. In BMI the proportion of genetic variation was roughly
similar in males and females from infancy to old age, but especially
after puberty, somewhat different sets of genes started to affect BMI in
males and females and this difference increased during adulthood. It is
likely that this reflects differences in body composition since somewhat
different sets of genes affect muscle and fat body tissues. Accordingly,
the SNPs associated with WHR adjusted for BMI showed different effect
sizes in males and females. Very little is still known on sex differences in
the genetic architecture of eating behavior. Thus, it is too early to argue
whether genetic factors affect obesity traits in males and females differently through eating behavior or whether the found differences reflect only endocrinological differences between the sexes.
At the beginning of this review we presented the hypothesis: Obesity
is a neuro-behavioral disease having a strong genetic background
mediated largely by eating behavior and being sensitive to the macroenvironment. There is strong evidence for this hypothesis based on
previous genetic research, but the evidence that the genes affect especially through eating behavior is still emerging and mainly indirect at
the moment. More rigorous prospective study designs controlling the
well-known biases of measuring food intake would be necessary to
prove this part of the hypothesis or to show that other behavioral mechanisms are also important when explaining the effect of genes on
BMI.

7. Conclusions
A century of genetic family studies and a decade of GWA studies
have dramatically increased our understanding on the genetic architecture of common obesity, eating behavior and their mutual associations. However, this increasing knowledge has also clearly demonstrated the challenges, especially when trying to understand the
mechanisms of how genes affect BMI and other obesity indicators.
BMI has been shown to be a highly heritable trait, but the heritability changes over the life course. The heritability estimates of BMI
are lower in childhood and in old age as compared to early adulthood
and middle-age. In childhood, the lower heritability is because of the
influence of environmental factors shared by co-twins and in old-age
because of environmental factors unique to each twin. The similar
pattern of increasing influence of genetic factors and diminishing effect
of the shared environment during late childhood and adolescence has
been reported for many psychological traits, such as intelligence
(Plomin and Deary, 2015), and probably reflects the changing dynamics
of the interplay between genes and the environment. During adolescence, dependence on parents decreases, social networks widen, influence from peers become stronger and sensation-seeking increases
(Ahmed et al., 2015; Kilford et al., 2016). This probably leads to the
possibility to more freely create one’s own environment, including the
environment influencing BMI, which is partly affected by genetically
influenced preferences. There is a lot of evidence for this so-called active gene–environment correlation for psychiatric traits (Jaffee and
Price, 2007), and genetic factors have been found to influence life
events, also demonstrating the dependence of genes and environment
(Kendler and Baker, 2007). However, for BMI the direct evidence on
gene–environment correlations is still suggestive. Studies on the heritability of macro-nutrient intake and eating patterns suggest that shared
environmental factors have effect on eating behavior in childhood and
adolescence, and this influence disappears until adulthood. Twin and
molecular genetic studies have shown that after early childhood new
genetic variance emerges. It is very possible that this genetic variance is
related to eating behavior when children can more independently
regulate their own eating, but direct evidence is still lacking. There is
some evidence that eating behaviors can modify the genetic effects of
obesity, but most of these studies are based on cross-sectional data and
the results are somewhat mixed. Thus, more studies on how the interplay between genes and the environment modifies the genetic architecture of BMI during the formative years of childhood and adolescence
are still needed.
The strong effect of genetic factors on BMI does not mean, however,
that the family environment does not have effect on BMI. Adoption
studies have clearly shown that the adoptive family also has an effect on
BMI. A likely explanation for these results is that the family
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