Genetics of Obesity and Type 2 Diabetes
Tracking Pathogenic Traits During the Predisease Period
Pierre Bougnères

The modern generalization of sedentary life and caloric
abundance has created new physiological conditions
capable of changing the level of expression of a number
of genes involved in fuel metabolism and body weight
regulation. It is likely that the genetic variants or
alleles of these genes have in the past participated in
the adaptation of human physiology to its evolutionary
constraints. The nature and prevalence of polymorphisms responsible for the quantitative variation of
complex metabolic traits may have been different
among human populations, depending on their environment and ancestral genetic background. These polymorphisms could likely explain differences in disease
susceptibility and prevalence among groups of humans.
From complex traits to potentially complex alleles,
understanding the molecular genetic basis underlying
quantitative variation will continue to be a growing
concern among geneticists dealing with obesity and type
2 diabetes, the main fuel disorders of the modern era.
Genomics and genetic epidemiology now allow highlevel linkage and association studies to be designed. But
the pooling of large trans-geographic cohorts may in
fact increase the genetic heterogeneity of studied traits
and dilute genotype–phenotype associations. In this
article, we underscore the importance of selecting the
traits to be subjected to quantitative genetic analysis.
Although this is not possible for most other multifactorial diseases, obesity and type 2 diabetes can be subjected to a pregenetic dissection of complexity into
simpler quantitative traits (QTs). This dissection is
based on the pathogenic mechanisms, and the time
course of the traits, and the individuals’ age, within the
predisease period rather than on descriptive parameters after disease diagnosis. We defend that this approach of phenotypes may ease future associations to be
established between QTs of intermediate complexity
and genetic polymorphisms. Diabetes 51 (Suppl. 3):
S295–S303, 2002
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ecause they depend on multiple genetic factors
as well as environment, obesity and type 2
diabetes are called “multifactorial” or “complex”
diseases. In the past two decades, the explosion
of knowledge and tools in both molecular and computational technology has enabled the identification of genes
for a number of inherited human disorders. These successes, however, have been almost exclusively restricted
to simple Mendelian diseases, which are rare and of
limited significance in terms of public health. The genetic
approach of frequent multifactorial disorders has largely
remained unsuccessful. This is particularly true for common obesity and common type 2 diabetes, which are
rapidly spreading under the new sedentary conditions and
feeding habits of our societies (1,2).
On the one hand, we now have almost the entire human
DNA sequence available, at least in silico, and millions of
genomic variations between humans are identified and
available in databases. On the other hand, definition of the
phenotype is a key issue in designing any genetic study for
which the goal is to detect genes. To increase our chance
of finding relevant susceptibility genes, we may have to
look more closely at human phenotypes and start dissecting them according to their pathophysiology. All multifactorial diseases can be considered as “cases,” a binary
definition versus “controls.” Some of these diseases can
also be decomposed into descriptive quantitative traits
(QTs), often called “partial phenotypes.” Only a few diseases, including obesity and type 2 diabetes, can be
approached through the quantification of “pathogenic”
QTs. This article focuses on juvenile obesity and the
subtype of type 2 diabetes that is associated with the
long-term evolution of obesity (obesity-dependent diabetes mellitus [ODDM]).
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Human evolution has shaped the genome of modern
humans. The genomic differences between individuals are
mostly made up of numerous changes in single nucleotides, called mutations or single-nucleotide polymorphisms (SNPs) (3,4). For example, at a given position of
the genome, a human has a T allele, whereas others have
an A allele. Groups of humans have an A allele if they have
the same ancestor; other groups with a different ancestor
have a T allele. Proportions of A and T alleles at this
position vary from one human group to another, depending on the ancestral genetic history of each group. Mutations are the source of variation, but the process of
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mutation per se cannot account for the rapid evolution of
the human population. The rate of change in allele frequency resulting from the mutation process alone is very
low, because the spontaneous mutation rate is low. The
creation of genetic variation by recombination is a much
faster process because each meiotic recombination has an
opportunity to change the relationships between the
neighboring alleles aligned on a particular DNA segment,
creating a variety of new haplotypes (5,6). Because of the
recombination, linkage disequilibrium between neighboring alleles decays over time. Another important genomic
evolutionary force is migration into a population from
other populations with different gene frequencies. The
survival and reproductive success of humans bearing
different mutations have been key to the destiny of these
mutations. Random genetic drift and the selection or
adaptation to environment have or have not allowed those
mutations to be transmitted to the successive generations
of hominids. The history of human genes has determined
the nature and frequency of genetic variations in a given
human population (7).
As a result, not one human is genetically similar to
another, although their genome does contain the same set
of genes at the same locations. Each human is characterized by his or her own genotype (the unique combination
of genetic variations within each gene and genomic region). Within, nearby or far from genes, the human genome contains more than 10 million nucleotide positions
that are polymorphic. SNPs occur with a frequency of
1/200 to 1/1,000 bp, with various densities from a genomic
region to another. They have been transmitted throughout
evolution as separate single entities or as a cluster of
alleles (“islands of disequilibrium”) (8). There is a whole
variety of SNPs (9). Some are located within proteincoding regions and can be synonymous or nonsynonymous, depending on whether they change the encoded
amino acid sequence. Out of coding regions, other SNPs
do not usually affect gene expression unless they occur in
a promoter or regulatory region or they alternatively
impair mRNA splicing efficiently.
In numerous genomic regions, a fraction of SNPs shows
high frequency of a variant allele (the variant is the allele
that has a frequency inferior to 0.50, although it does not
mean that it occurred more recently in evolution than the
wild-type allele). Allele frequency at these locations varies
more or less between human populations. A variant is
common in modern humans if it appeared long ago in the
human genome, or in prehominids, and has then been
passed by descent to numerous individuals who reproduced at sufficient rates. The vast majority of mutations
that occur are either neutral with respect to fitness (defined as the individual’s ability to survive and reproduce)
or are disadvantageous. If they are disadvantageous, they
will tend to be removed from the population because their
bearers will be less likely to survive and/or reproduce
(negative selection). Occasionally, a new mutation confers
a selective advantage and increases the fitness of individuals bearing it, so that it will eventually reach fixation
(positive selection). Sadly, even favorable mutations were
often lost during evolution (the Darwinian definition of
“favorable” is highly dependent on the environment where
individuals lived). Selection is thus nothing more than the
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differential and nonrandom reproduction of genotypes
resulting from the superior or inferior fitness of their
associated phenotypes. Gene evolution does not, however,
invariably require selection because changes in allele
frequency can also occur by chance, owing to random
sampling of gametes (genetic drift). Genetic drift can
cause rapid changes only in small populations, according
to the neutral theory of molecular evolution (10).
COMMON DISEASES: MENDELIAN OR QUANTITATIVE
GENETICS?

In 1918, Fisher (11) resolved the controversies between
the Mendelians and biometricians by pointing out that the
variation of continuous traits could be explained by the
combined action of a set of individual genes (12).
SNPs are called mutations when they mutilate the
protein encoded by a gene enough to significantly impair
its function. If this protein is of pathogenic importance, the
mutation leads to a monogenic disease, relatively independent from the environment. People bearing these mutations often have health problems, limited survival, or low
reproductive ability, explaining the persisting low frequency of such mutations, unless there was some advantage to being a heterozygote.
To be considered common, a disease would involve
either a large collection of different monogenic diseases,
each of them characterized by a unique mutation (one
mutated gene, one altered protein, one disease). A common disease can more likely be a combination of common
SNP variants (3,13,14) responsible for quantitative variations of a common phenotypic trait. In natural populations, variations in most characters takes the form of a
continuous phenotypic range rather than discrete phenotypic categories. Variations are quantitative, not qualitative. Most phenotypic characteristics, such as weight,
height, shape, metabolic activity, reproductive rate, and
color, vary continuously. This does not mean, however,
that their variation is the result of some genetic mechanisms different from the Mendelian genes with which we
are familiar. The continuity of phenotypes is the result of
two phenomena. First, each genotype does not have a
single phenotypic expression, but a “norm of reaction”
(15) that covers a wide genotypic range. As a result, the
phenotypic differences between genotypic classes become
blurred, so that one cannot assign a particular phenotype
unambiguously to a particular genotype. Second, many
segregating loci may have alleles that make a difference in
the phenotype under observation. Thus, many different
genotypes may have the same average phenotype. At the
same time, because of environmental conditions, two
humans of the same genotype may not have the same
phenotype. This lack of one-on-one correspondence between genotype and phenotype obscures the underlying
genetic mechanism.
The study of the genetics of continuously various characters in a population is called “quantitative genetics.” In
experimental organisms (plants, flies, cattle), it is relatively simple to determine whether there is genetic influence on a continuous trait, but extremely laborious
approaches are required to localize the genes (16). In
humans, it is already difficult to be sure of a genetic
influence on continuous traits because it is almost imposDIABETES, VOL. 51, SUPPLEMENT 3, DECEMBER 2002
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sible to separate environmental (mostly within a single
family or sib-ship) from genetic effects (16). As a consequence, although the genetics of bristle number in Drosophila were already well advanced 40 years ago (17), and
despite significant progress (18), the quantitative genetics
of complex human traits have remained largely obscure.
GENES THAT INFLUENCE QUANTITATIVE CHARACTERS

The critical difference between Mendelian and quantitative
traits is the size of phenotypic differences between genotypes compared with the variation between individuals
within genotypic classes. A quantitative character is one
for which the average phenotypic differences between
genotypes are small compared with the variation between
individuals within genotypes.
The difference between Mendelian and quantitative
traits is not the number of responsible loci. Continuous
variation in a character can be caused by a large number of
segregating genes. It may as well be caused by one gene
with two alleles if the difference between genotypic means
is small compared with the environmental variance.
If many segregating loci influence a character, this
character is expected to show continuous variation because each allelic difference must account for only a small
difference in the trait. This “multiple-factor hypothesis” (a
large number of genes, each with a small effect, produce
quantitative variation) is a classic model in quantitative
genetics. Any variable character that depends on the
additive action of a large number of individually small
independent causes will be distributed in a Gaussian or
near-Gaussian distribution in the population. Such “polygenes,” or “oligogenes,” are in apparent contrast with the
genes of simple Mendelian analysis because of their smallbut-equal effect on phenotypes. It takes only a few genetically various loci to produce variation that is
indistinguishable from the effect of many loci of small
effect. There is no real dividing line between polygenic
traits and other traits. No phenotypic trait above the level
of the amino acid sequence in a protein is influenced by
only one gene allele. Traits influenced by several genes are
not equally influenced by all of them. Some gene alleles
have major effects on a trait; others have minor effects.
Some medical investigators and investors in biotech companies have popularized the belief that common diseases
are caused by “major” genes. No one gene has yet met their
expectations. It is much more likely that common diseases
are caused by common SNPs (19,20). Such SNPs can be
both common and “minor.” Despite the landmark article
by Fisher (11) and the considerable work since, including
the availability of fancy genetic epidemiology methods
(18,21–23), there remains a large gap between the theory
of QTs (24) and the identification of classic Mendelian
genes. Table 1 shows an example of the formidable task of
demonstrating gene effects in oligogenic conditions.
THE SEARCH FOR OBESITY AND TYPE 2 DIABETES
GENES

The molecular basis of a few single-gene human disorders
resulting from loss of function has been clarified for rare
causes of obesity (leptin, leptin receptor, melanocortin-3
receptor, proopiomelanocortin) (25) or hyperglycemia
(maturity-onset diabetes of the young [MODY]) (26). But
DIABETES, VOL. 51, SUPPLEMENT 3, DECEMBER 2002

TABLE 1
Simulation results for oligogenic models
10% prevalence
Heritability (%)
Number of loci
4
6
10

1% prevalence

25

50

25

50

4,112
9,048
63,078

1,815
6,264
20,075

870
2,072
7,118

466
834
2,624

From Rice et al. (24). The table shows number of affected sib-pairs
required to detect linkage at a significance level of ␣ ⫽ 0.0001 and
80% power for a phenotype with heritability of 25 or 50% and
prevalence of 1 or 10% of the general population. These values
illustrate values usually contemplated for obesity and type 2 diabetes.

the likelihood that common obesity or type 2 ODDM is due
to a disparate collection of monogenic diseases appears
very low with respect to the rapid spreading of these two
conditions in modern human societies.
In mice models, gene knockout experiments have targeted a large amount of molecules involved in the physiology of weight regulation or glucose homeostasis (27).
Modified mice allowed investigators to observe a whole
set of artificial obesity or diabetes phenotypes based on
single-gene defects. Gene invalidation either replicates
more or less the human alteration of the phenotype, or
fails to do so, for many potential reasons that go from
species–specific physiology or developmental patterns to
the genetic background of species as distant as humans
and mice. Sometimes the different genetic backgrounds of
different mice lines are sufficient to allow or prevent the
phenotypic expression of the invalidated gene. Conditional knockout experiments are developing, with the
creation of “hypomorph” animals characterized by the
partial expression, at a given time point, of a given gene.
Often, at the end of articles reporting experiments in
genetically manipulated mice, the authors suggest that
their observations could provide a useful basis to understanding human pathology. Common human diseases,
however, still escape this optimistic view. For obesity and
type 2 ODDM, the genetic manipulation of gene expression
in murine models is still far from recreating the complexity
of genetic factors resulting from human evolution (28).
In recent years, the genetic approach of complex traits
has been more frustrating than previously thought by
medical investigators. Possibly, quantitative geneticists
working on plants or flies would have predicted these
difficulties. The schizophrenia debacle has led to some
reevaluation of the way linkage analysis should be used in
complex diseases (29). General causes for making the
genetic approach of these traits so difficult have been the
subject of many reviews (29 –32). Remedies have been
searched in several directions: refinement of phenotype
definition (33), optimization of study designs (34), increased number of subjects and pooling of cohorts (35),
development of sophisticated genetic epidemiology statistics (36), high throughput genotyping facilities, up-to-date
linkage, and association approaches with random genomic
markers or polymorphic candidate gene regions. For example, the first empirical applications of variance component analysis to QTs in human families appeared in 1996.
Since then, a large number of applied quantitative trait
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locus (QTL) mapping studies using variance component
analysis has appeared (37).
THE CASE-CONTROL APPROACH OF OBESITY AND
TYPE 2 DIABETES

Overweight, obesity, and impaired glucose tolerance (IGT)
or diabetes are defined by thresholds on the distribution of
continuous traits in well-defined human populations. This
definitions are usually given by a consensus conference
held under the auspices of a professional group of medical
and public health experts.
In young subjects, overweight is defined by a BMI (ratio
of body weight to the square of body height) exceeding the
85th percentile for age and sex. Obesity is defined by a BMI
exceeding the 90th percentile for age and sex (38). Using
this definition, ⬎20% of the Western adult population is
overweight, and 10% is obese. Excess fat has become a
population phenomenon.
IGT is defined according to the American Diabetes
Association guidelines as a fasting plasma glucose level of
⬍126 mg/dl and a 2-h plasma glucose level of 140 –200
mg/dl. Type 2 diabetes is defined as a fasting glucose level
of ⱖ126 mg/dl or a 2-h plasma glucose level of ⬎200 mg/dl
(39). It now affects ⬎5% of the U.S. population, and type 2
ODDM represents a large fraction of it (40).
These definitions, familiar to all investigators in the
obesity-diabetes field, define individuals as “cases” or
“controls” according to a binary classification (those who
are below or above the selected threshold). This definition
of “disease” is entirely based on public health data. The
threshold defining the dividing line between cases and
controls reflects the value of the continuous trait (BMI,
plasma glucose) above which people are expected to
develop increased morbidity. This view of diseases,
whereas useful to the medical approach of risk factors,
has no direct link with pathogenesis. In this respect, why
not define, for example, the diabetic condition using free
fatty acid (FFA) levels in plasma instead of glucose (41)?
And if so, what would then be the relevant threshold?
Another problem when performing genetic studies with
a case-control approach is the stratification of human
populations. There may be significant differences in genetic backgrounds between the case group and the control
groups that have nothing to do with the considered
phenotype (42). Despite the humorous caveat of Lander
and Schork (29), many disease marker association studies
in the diabetes-obesity field are not yet guarded against the
risk of false positivity due to stratification (42).
DISSECTION OF OBESITY AND TYPE 2 DIABETES INTO
DESCRIPTIVE TRAITS

It is not easy to dissect asthma, Crohn’s disease, or type 1
autoimmune diabetes into QTs. It is simpler to dissect
obesity or type 2 diabetes into several partial phenotypes,
which we call “descriptive traits,” that could then be used
as QTs for genetic analysis. This approach has been widely
used in genome scan research for new loci. Traits can be
anthropometric or body composition parameters. For example, instead of being defined as obese, a young individual can be characterized as having a BMI of 39 kg/m2, a fat
mass of 49 kg, a subcutaneous depot of 41 kg, a waist-tohip ratio of 1.21, etc. This approach refines the description
S298

FIG. 1. Schematic diagram of the relationships of genes and their
products to intermediate phenotypes concurring with weight regulation and body adiposity. Specific environmental factors are not figured
because of lack of knowledge and complexity. The strength of the
contribution of a lower-level factor to a higher-level factor, although
depicted by arrows of similar thickness, is likely to be variable. AR,
adrenergic receptor; HL, high-level phenotypes; IL, intermediate phenotypes; LL, low-level phenotypes (see text).

of the obesity status. The status of obesity can also be
characterized biologically in such patients with fasting
serum levels of leptin at 45 pmol/l, insulin at 33 U/ml,
FFAs at 0.73 mmol/l, etc., with the hope that these QTs
could partially reflect disease pathogenesis. The difficulty
is that high leptin, insulin, or FFA levels can be implicated
in both the causal mechanisms and the consequences of
the obese status.
STUDYING LOW-LEVEL PHYSIOLOGICAL TRAITS

To overcome problems plaguing genome-wide searches or
associations for complex diseases, it is necessary to
reduce the effects of other factors surrounding the effect
of individual genes. Most physiological systems have a
hierarchical component to them, leading from the gene to
its product, to intermediate phenotypes of greater complexity, to the ultimate phenotypes used to diagnose
disease (Fig. 1). Genetic analysis of a low-level phenotype
is eased by the greater proximity to the genetic factor. It is
important that the chosen intermediate phenotype relate
to the ultimate phenotype of interest—in our case, excess
body fat and increased blood glucose. Candidate genes
can more accurately be tested against physiological traits
that are close to them.
This approach also reduces the confusing effects of
genetic heterogeneity at the level of disease (43– 45). It is
likely that obesity or diabetes is not associated with the
same genetic factors among individuals or populations.
The study of low-level or intermediate pathogenic traits
remains meaningful in these conditions, even if these traits
do not concur at a similar degree to the ultimate level of
complex diseases.
Studying low-level phenotypes can also bridge the gap
between the two strategies of contemporary complex
disease research: the “top-down” approach, linking complex phenotypes with genotypes, and the “bottom-up”
approach, which takes genes as a starting point and then
works up to the phenotype (46). Genome screens are
basically a top-down approach, whereas most candidate
gene studies are characteristic of the bottom-up approach.
Trying to relate candidate genes bearing common variants
to proximal phenotypes is an attempt to make sense of
DIABETES, VOL. 51, SUPPLEMENT 3, DECEMBER 2002
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what is going on between the top and the bottom. We used
this approach for association studies between insulin
levels and insulin gene polymorphisms (47), leptin levels
and leptin gene (48), insulin sensitivity, and IRS1 and IRS2
polymorphisms (49). The research work then proceeds by
involving genes in low-level phenotypes (50), then attempts to relate the phenotypes studied with higher-level
phenotypes. To match the term “genomics,” associated
with purely genetic research, Schork calls “phenomics”
the delineation of connections among genes, gene products, intermediate traits, physiological networks, and ultimately diseases (51). This concepts supports the recent
advances obtained in the establishment of genomic system
biology maps (52), in which 239 phenotypic traits can be
analyzed in each animal and compared between different
genotypic groups of rats.
The study of low-level physiological traits, proximal to
the function of candidate gene products, may also help to
cope with both epistatic interaction between genes (53)
and pleiotropy (one locus is associated with several physiological functions) (42).
MEASURING “THRIFTY” PATHOGENIC TRAITS DURING
YOUTH

The study of young subjects is generally recommended for
the genetic study of complex diseases (29). There are
several reasons to consider that this could be particularly
important in the obesity-diabetes field.
The first reason is that evolutionary forces may have
shaped the human genome according to mechanisms (fat
storage and mobilization, insulin secretion and sensitivity,
leptin signaling, weight and body composition regulation,
availability of glucose to the brain, etc.) that are now
directly involved in the pathophysiology of juvenile obesity and associated changes in insulin–fuel homeostasis.
These physiological functions and traits were of major
importance during the infancy, childhood, and puberty of
ancestors for metabolism, development, and growth. It is
likely that prehistoric metabolic genes welcomed new
mutations, provided that they favored the storage of
calories. The notion of the thrifty genotype (54 –56) covers
all kinds of genes that could help early humans adapt to
their hostile environment, when food was scarce and
rather unpredictable, but nevertheless crucial for fitness
and reproduction. It is likely that gene alleles favoring fat
accumulation have been selected by humans and are now
turning their bad effects to modern subjects because of an
unexpected caloric richness and sedentary environment.
Similarly, it is possible that insulin sensitivity underwent
evolutionary changes toward increased channeling of glucose to the large human brain rather than to the insulinsensitive muscle mass. Measuring these phenomena early
in life rather than in adulthood may more closely reflect
their evolutionary tendencies. In addition, the life span of
early humans was limited, and evolution has therefore
mostly worked on the physiology of young people.
The study of young individuals meets the goals of
predictive genetic epidemiology because it allows the
follow-up of genotyped patients through later phenotype
evolution as well as clinical trials. We have also observed
that the motivation and sampling of siblings and parents
for genetic analysis are facilitated when medical traits,
DIABETES, VOL. 51, SUPPLEMENT 3, DECEMBER 2002

FIG. 2. Simplified scheme of the evolution of juvenile obesity toward
type 2 diabetes. Dotted lines indicates the decrease of insulin secretion
with evolution and aging.

such as obesity, are detected in children and adolescents.
The study of nuclear families with young sib-ships favors
the analysis of sib-pairs in a comparable environment, as
well as transmission disequilibrium tests (57).
MEASURING PATHOGENIC TRAITS BEFORE DISEASE
STARTS

When patients have been exposed to a disease status for a
prolonged period, their physiology follows new rules,
aimed at the homeostatic compensations of various dysfunctions. At the frontline of type 2 diabetes and obesity,
insulin secretion and insulin sensitivity are two pillars of
pathophysiology (Fig. 2). Insulin resistance and failure of
insulin secretion vary largely from one patient to another,
in lean as well as in obese people (58). In a large fraction
of patients, they combine their effects to result in IGT, type
2 diabetes, insulin resistance syndrome, etc.
Figure 3 depicts an artificial example of the simultaneous evolution of insulin sensitivity and insulin secretion
in an obese woman, who became obese at adolescence
and remained so during later life. Time- and age-dependent
variations of insulin sensitivity are observed depending on
many factors: physical activity at different periods, reproduction cycle (from childhood to puberty, pregnancy,
menopause), aging, weight changes, adjustment to decades of hypercortisolemia, hyperinsulinemia, hyperlipidemia, etc. In the meantime, insulin secretion also follows
various changes. Depending on the time of observation,
the investigator will get a very different view of the traits.
After diabetes is diagnosed, both traits follow a course
that is influenced by both disease complications and
therapeutics.
An investigator quantifying insulin sensitivity or action
in a cohort of women with obesity and diabetes could use
statistical tools to normalize the studied trait for age,
sexual parameters, physical activity, accumulated fat at
the time, insulin or fatty acid, etc. However, he or she will
not be able to catch bona fide parameters reflecting the
real natural history of the trait.
The apparent phenotypic concordance between individuals, to be used in a linkage or an association approach,
can also be misleading if defined in terms of disease. The
S299
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FIG. 3. Evolution of insulin resistance and secretion with age in a
putative case (Patient 1) of juvenile obesity leading to type 2 ODDM in
mid-adulthood (A) and in a sibling who also developed type 2 diabetes
(Patient 2) (B).

two individuals in Fig. 3, although both were diagnosed
during adulthood, are in fact highly discordant for both
insulin secretion and sensitivity, the studied QTs.
An appealing approach is to measure the traits before
they become seriously altered by pathological processes.
Obviously, this requires the study of subjects while they
are still in a predisease state. In a Westernized population
where juvenile obesity is known to be frequent, the early
accumulation of weight in the first years of life (as
kilogram fat mass per year) may be a suitable QT to
approach the genetic predisposition to obesity on a large
population scale.
Another example is the study of traits in a population at
high risk for future type 2 ODDM. Adolescents with recent
and severe obesity suit this purpose. Their metabolic
features have been characterized (48,59,60). According to
epidemiology, their risk of future IGT and type 2 ODDM is
important (61). Indexes of insulin secretion and insulin
resistance can be measured at a population level in these
obese adolescents with simple oral glucose tests (62), and
an association can be searched for between these QTs and
genetic factors.
QUANTITATIVE TRAITS AS DYNAMIC DEVELOPMENTAL
TRAITS

Many traits, such as weight, exhibit marked developmental
or time-dependent trends. The time course and developS300

mental pattern exhibited by these traits is typically influenced by a number of genetic and environmental factors.
Identifying the effects of these factors on the development
of such traits will be difficult unless relevant time course
or longitudinal data have been collected. Even if such data
have been collected at multiple time points, however, one
must appropriately model or accommodate the developmental patterns exhibited by the trait in an analysis to
draw compelling inferences (63). Time is important to the
evolution of most physiological traits and possibly modifies their association with genetic factors (64,65).
In an age-variable study, statistics can control for the
effect of covariates, such as age or puberty, thereby
improving the power to detect genotype–phenotype associations (66). However, the statistical normalization to age
over a wide range of ages does not allow us to reconstitute
the real age-dependent values of a developmental trait,
unless this trait has followed uniform evolution in various
individuals. For example, one cannot know what would
have been the fat mass or insulin sensitivity at age 12 years
in two subjects who would undergo measurements of this
parameter at 15 and 21 years of age, respectively.
There are solutions opened to clinical research that can
reduce age-dependent variability. One solution is simply to
measure the QT of interest at a given age, in all subjects,
using a cross-sectional design. This could be of major
interest in traits that are developmentally regulated, such
as those pertaining to growth and physiological maturation. For the phenotypic analysis of sib-pairs, the quantification of differences between sibs’ traits could allow a
more precise evaluation than the definition of concordance (67) or discordance (68) used in many genome scan
attempts or in association studies. Another solution is to
measure the trait throughout life at multiple time points. It
is only possible currently for such traits as weight and
height. For example, one can quantify the early increase of
weight versus time (as kilogram per year) in countries
where young children are frequently weighed by pediatricians for general public health purposes.
Another remark is that obesity and type 2 diabetes are
considered polygenic clinical conditions that result from
the cumulative effect of a large number of genes, each with
individual small effects. Because they affect phenotypes
progressively over decades, the effects of these genes may
prove to be quite small and therefore difficult to demonstrate. What is small, in fact, after integration during 10 – 40
years of trait evolution?
JUVENILE OBESITY ALLOWS TO AMPLIFY METABOLIC
PHENOTYPES

A QTL is a gene for which variant alleles contribute to
quantitative variation for some character. A QT or character is one for which the average phenotypic differences
between genotypes are small compared with the variation
between individuals within genotypes. Therefore, the general population may not offer a sufficiently wide range of
values to allow the characterization of genotypic effects on
quantitative traits, unless huge numbers of participants are
contemplated. For example, in normal 12-year-old male
adolescents, BMI ranges from 14.5 to 20 kg/m2 (mean ⫾ 2
SD), fat mass from 2 to 10 kg, and plasma insulin from 4 to
14 U/ml (P.B., personal observation). This result leaves
DIABETES, VOL. 51, SUPPLEMENT 3, DECEMBER 2002
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TABLE 2.
Main clinical and body composition characteristics of the current
Saint Vincent cohort
n
M/F
Age (years)
BMI (kg/m2)
BMI (% n)
Fat mass (kg)
Number of sib-pairs available*
Prevalence of obesity in sib-ship†

1,006
407/599
11.8 ⫾ 0.1
29.8 ⫾ 0.2
167 ⫾ 1
31 ⫾ 0.5
423
0.29

Data are means ⫾ SE unless otherwise stated. *Concordant or not
for adiposity; †s of 9.7, which is higher than that in other obese
cohorts (71).

little space for detecting genotypic effects on these traits,
unless thousands of children are enrolled in each genotypic group. Two additional problems would arise for
insulin measurements in the general population. First,
these measurements would be of little value in the uncontrolled dietary and physiological environment of real life
where many genetic studies of metabolic traits take place.
Second, the expectable genotypic variation of insulin
levels would possibly fall within the limits of precision of
the radioimmunoassay measurement.
If one postulates that the studied trait depends on the
same genotypic effects in lean and obese children, which
may not always be the case, then obesity would offer a
range of phenotypic variation favorable to the detection of
these effects. One could also say that obesity offers an
opportunity to study the unrestrained phenotypic expression of fat storage alleles, of which the modern environment favors the penetrance. In a recently studied cohort of
obese children, BMI ranged from 21 to 58 kg/m2, fat mass
from 14 to 55 kg, and fasting insulin concentration from 4
to 82 U/ml (47). Such variations allow study of each
individual QT over a wide distribution of values, as well as
a more precise definition of regression equations between
various QTs (47), and pave the way for a more sophisticated phenotypic analysis such as phenotypic correlation
matrixes (42,52). In addition, the control of experimental
condition is often easier in a patient population that can be
studied in clinical research centers.
THE SAINT VINCENT COHORT OF YOUNG OBESE
PATIENTS AND THE VNTR CASE

Our studies took place in a cohort of hundreds of young
obese patients, whose recruitment has been continuous
since 1999 (Table 2). This cohort fulfills many of the recommendations for the genetic approach of complex diseases
(44), i.e., obesity. Probands are young, phenotypic traits
are marked, prevalence of obesity in siblings is high, and
geographical origin and ethnicity is known for the grandparents. In addition, epidemiological prediction allows us
to consider the obese adolescents as being in a pre–type 2
situation, with nearly 20 –30% expected to develop type 2
ODDM in adulthood (61,69). This cohort thus offers an
opportunity to study some traits that will potentially lead
to impairments of glucose homeostasis and insulin resistance (Fig. 4) long before these traits themselves become
altered by the diabetic status. Only obese children whose
body weight curve had remained monotonic since birth to
time of study, i.e., who had never been subjected to
DIABETES, VOL. 51, SUPPLEMENT 3, DECEMBER 2002

FIG. 4. Two quantitative traits reflecting insulin secretion and sensitivity in the Saint Vincent cohort of obese children. Distribution of
values for an index of insulin secretion (A) (insulinogenic index; see
Wareham et al. [72] for calculation and validation) and an index of
insulin sensitivity (B) (composite insulin sensitivity index; see Matsuda and DeFronzo [73] for calculation and validation).

significant weight loss, are included. This period reflects as
closely as possible the dynamics of early fat accumulation
and of the natural, partially genetic, metabolic and hormonal adaptations to increasing adiposity.
Our focus was initially to understand how genetic
factors could allow insulin secretion to cope with fat
accumulation and mounting insulin resistance. Findings
from early investigators supported that insulin secretion is
an heritable trait (70). As candidate genetic factors, we
selected polymorphisms of the insulin gene region called
the insulin VNTR (variable number of tandem repeats).
These SNPs were genotyped, and the VNTR alleles were
studied as the main genomic markers reflecting the polymorphism of the promoter region of the insulin gene. A
strong linkage disequilibrium exists in Caucasians between VNTR alleles and neighboring ⫺23 HphI and ⫹123
MspI SNPs, as well as with other nearby SNPs. Insulin
VNTR alleles were classified as short (class I) or long
(class III) depending on their number of tandem repeats.
Through the binding of specific transcription factors, the
G-rich VNTR alleles are known to modulate the transcription of the insulin gene according to studies in human
pancreata as well as in ␤-cell lines.
We measured insulin in carefully codified nutritional
and experimental conditions to make sure it truly reflects
each individual’s characteristics. We found that the polymorphisms in the insulin promoter region were strongly
associated with insulin levels (47). Only obese patients with
short VNTR alleles proved capable of a strong insulin compensatory secretion to obesity and insulin resistance (47).
We also observed that class I homozygous genotypes
aggravate fat gain during adolescence (Fig. 5), which we
interpreted as a consequence of more insulin being synthesized and secreted.
We also found that paternal VNTR class I alleles (those
that are expressed in human fetuses due to parental
imprinting) were associated with a predisposition to early
fat accumulation in humans (57). These alleles gave a
relative risk of 1.7 for childhood obesity. Because nearly
75% of Caucasian neonates have a class I VNTR paternal
allele, this polymorphism can be considered a common
S301
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as with statistical efforts to link or associate complex traits
directly with candidate genes or loci. We are almost
certain that we would not have seen any relevant result
had we searched for a direct association of VNTR polymorphism with common obesity or type 2 diabetes in a
large heterogeneous cohort of adult patients.
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