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FOREWORD

As director of the National Center for Minority Health and Health Disparities
(NCMHD), I am pleased and honored to contribute this forward to Nutrigenomics:
Discovering the Path to Personalized Nutrition. As one of the sponsors of the Bruce
Ames International Symposium on Nutritional Genomics, from which many of the
chapters of this volume were derived, it a reassuring to see innovative and multidis-
ciplinary approaches being applied to address the problems of chronic disease and
cancer. In 2002, NIH director Elias Zerhouni instituted the NIH Roadmap for the
21st Century which consists of the following three broad themes: new pathways to
discover, research teams for the future, and re-engineering the clinical research
enterprise. The Roadmap is designed to identify major opportunities and gaps in
biomedical research by promoting high-risk, interdisciplinary research and public—
private partnerships. I believe the editors and authors of this volume have captured
the true spirit and highest aspirations of the NIH Roadmap. The volume’s focus on
diet—gene interactions is one that boldly crosses disciplinary, institutional, and orga-
nizational boundaries, to tackle complex biomedical problems and transform new
scientific knowledge into tangible benefits for all people.

To a certain extent, this volume reflects the generous increase in the funding of
biomedical and behavioral research at the National Institutes of Health over the past
two decades. This era of “doubling” the NIH budget has resulted in a multitude of
scientific advances and programs contributing to improved health and quality of life
for many Americans. At the same time, this national focus on biomedical research
has heightened our awareness that many individuals, both at home and abroad, still
suffer disproportionately from a number of diseases such as cardiovascular disease,
Type 2 diabetes, hypertension, asthma, and cancers of various kinds. These health
disparity populations are typically characterized by higher incidence, earlier onset,
and greater severity of a particular disease, as well as lower responsiveness to treat-
ment and thus, lower survival rates than the general population. Moreover, health
disparities are often most apparent among ethnic/racial groups, women, the poor,
and the uninsured. As evidenced by the numerous articles in the popular press and
scientific literature, it is clear that the American people, from patients to policy
makers, are deeply concerned about these health inequities. Health disparities by
definition are counter to our shared sense of fairness and our belief in equal access.
But while health disparities may present a formidable challenge to the biomedical
research community, they may also hold the key to the next scientific breakthrough
or blockbuster drug. So whether its the Pima Indians of Arizona, coal miners in West

Xix



XX FOREWORD

Virginia, or the Kosraeans of Micronesia, health disparities are both a challenge and
opportunity that will require not only new technologies but new ways of thinking
about how biological systems interface with lifestyle and culture.

Lastly, although the NIH is charged with the responsibility of addressing national
health needs first and foremost, we cannot forget or ignore our responsibility to
promote human health and wellness around the world. According to 2003 World
Health Report, approximately 80% of all deaths from cardiovascular (CVD) disease
occurred in low to middle-income countries and by 2010, CVD will be the leading
cause of death in developing countries. In 1998, the World Health Organization
(WHO) declared obesity a global epidemic, with more than one billion adults with
BMIs greater than 25 and at least 300 million adults with BMIs greater than 30. At
least 171 million people worldwide suffer from Type 2 diabetes and this figure is
expected to more than double by 2030. Clearly health disparities are a global
problem that must be viewed through the wider lens of “inclusion.” I hope that the
authors and readers alike will bear this in mind as they move forward in the devel-
opment of new conceptual and methodological frameworks for reducing health
disparities. By working locally, partnering nationally, and thinking globally, we can
bring the benefits of cutting-edge biomedical, behavioral, and social science research
and research training to the question of nutrition and genomics as risk factors
for disease.

John Ruffin
Director, NCMHD



PREFACE

The link between food and health is a long and a well documented one. With over
24,000 people worldwide dying from hunger each day and obesity reaching epi-
demic proportions in developed counties, the consequences of too little or too much
food are easily seen. While the tragedy of world hunger is beyond the scope of this
volume, new scientific insights into how nutritional and genetic factors contribute
to obesity, chronic disease, and cancer, will be addressed.

The focus and timing of this volume reflect a paradigm shift in the way
people look to nutrition for its short- and long-term impacts on health and disease.
People no longer view food as merely a source of calories but rather as a complex
mixture of dietary chemicals, some of which are capable of preventing, mitigat-
ing, or treating disease. With the sequencing of the human genome, a new genetic
dimension as been added to the equation linking the foods we eat to the good
health we all hope to enjoy. This new genomic perspective on nutrition and health
can be seen in recent marketing campaigns for drugs that address the “two sources
of cholesterol—food and family history.” Americans are beginning to understand
that we bring two things to the dinner table—our appetite and our genotype. As
we begin to understand the genetic diversity that makes each of us uniquely dif-
ferent, we are also beginning to understand why we respond to our nutritional
environment differently and how these differences can, over time, lead to health
or disease.

Genomic analysis reveals that humans are 99.9% identical at the DNA level.
This implies that the remaining 0.1% of the human genome (or about three million
single nucleotide polymorphisms (SNPs)) is responsible for all the morphological,
physiological, biochemical and molecular differences between any two individuals.
As will be discussed in this volume, common genetic variation in the form of SNPs
in enzyme-encoding genes (or their promoters) can affect reaction rates in metabolic
pathways that in turn, can create individual differences in the way we absorb,
metabolize, store, and utilize nutrients. According to Bruce Ames to whom many of
the chapters are dedicated; “single nucleotide polymorphisms provide a powerful
tool for investigating the role of nutrition in human health and disease and . . . can
contribute to the definition of optimal diets.”

Some of our contributors discuss well-documented evidence that certain
genotypes are more severely affected by specific types of dietary factors than other
genotypes (although no genotype is completely immune to the deleterious effects of
poor diet). However, it is unlikely that a single gene, SNP, mutation, biomarker, or
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XXii PREFACE

risk factor will have the positive predictive value needed to show a predisposition
for chronic disease or cancer. This is because diet—gene interactions are strongly
influenced by epigenetic, environmental, socio-economic, and lifestyle filters that
modify or potentiate genetic effects. For this reason, multidisciplinary approaches
will be needed to develop accurate and reliable nutritional interventions using
genome-based dietary recommendations.

The notion that interactions between dietary factors and genes (or their vari-
ants) can promote health or cause disease is perhaps best captured by the term
“nutrigenomics” (a contraction of nutritional genomics). As one of the latest
“omic” technologies to emerge from the post-genomic era, nutrigenomics adhere
to the following precepts: (1) poor nutrition can be a risk factor for diseases; (2)
common dietary chemicals can act on the human genome, either directly or indi-
rectly, to alter gene expression and/or gene structure; (3) the degree to which diet
influences the balance between health and disease depends on an individual’s
genetic makeup; (4) some diet-regulated genes (and their common variants) play
a role in the onset, incidence, progression, and/or severity of chronic diseases,
and (5) dietary intervention based on knowledge of nutritional requirement,
nutritional status, and genotype can be used to prevent, mitigate, or cure chronic
disease.

For nutrigenomics to grow and mature as a discipline, much research is
needed to answer several important questions. For example, will the cost of omic
technologies come down to a level that will make nutrigenomic testing affordable
to everyone? How will researchers integrate dietary and medical histories with
genotype, gene expression, and metabolomic datasets from large, diverse human
populations? Can we assure human subjects and consumers of nutrigenomic ser-
vices that these data will be secure, safe, and not exploited for legal/political
reasons or financial gain? What are those genetic variants that keep us from deriv-
ing full benefit from our nutrition, versus those that will increase our risk of
disease? What role will genetically modified foods play in dietary interventions
and will the benefits of these genetically enhanced foods outweigh real or per-
ceived risks? Can the health benefits of bioactive compounds in food be confirmed
clinically and what are the safe upper limits for these bioactives? These are just
a few of the challenges facing nutrigenomic researchers today. This volume
should provide the conceptual and technical basis from which to tackle these
difficult questions.

In closing, I would like to remind readers that good nutrition has been, and will
continue to be, the cornerstone of good health and disease prevention—but good
nutrition comes at a price. This is particularly true as new nutrigenomic tests come
to market. Dietary interventions, including those using genetic tests, will play an
important role in disease prevention and treatment, especially as populations around
the world grow increasingly older and more obese. As we learn more about the
health-promoting dietary chemicals we eat and how they interact with nutrient-
regulated and disease-associated genes, we should be able to achieve optimal health
and wellness earlier, maintain it longer, and at a lower cost. Just as pharmacogenom-
ics has led to the development of “personalized drugs,” so will nutrigenomics open
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the way for “personalized nutrition.” This may be the single most important outcome
to emerge from 100 years of nutrition research and the sequencing of the human
genome.

Raymond L. Rodriguez, Ph.D.
Director, Center of Excellence in Nutritional Genomics
University of California, Davis
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Nutritional genomics, or nutrigenomics, is the study of how foods affect the expres-
sion of genetic information in an individual and how an individual’s genetic makeup
metabolizes and responds to nutrients and bioactives. Not all individuals respond
similarly to food, a concept crystallized by Galen about 1800 years ago: “No cause
can be efficient without an aptitude of the body.” In postgenome terminology, individ-
uals inherit unique responses to food and, since food influences health, unique suscep-
tibilities to chronic diseases. Differences in susceptibilities are caused by the same
genetic variations that drive evolution. That food alters expression of genetic infor-
mation and that genotypic differences result in different metabolic profiles are con-
cepts central to nutritional genomics—and, indeed, provide the critical link between
diet and health. The reciprocal interaction between genes and environments has been
obvious for at least 2400 years. Hippocrates’ maxim that *. . . food be your medicine
and medicine be your food” all but foretold the increased incidence in obesity, meta-
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bolic syndrome, Type 2 diabetes mellitus (T2DM), cardiovascular diseases (CVDs),
and, indeed, almost every chronic disease caused by overconsumption of calories
and certain nutrients. Hence, the impact of nutritional genomics on society—from
science to medicine to agricultural and dietary practices to social and public poli-
cies—is likely to exceed that of even the human genome project. Chronic diseases
may be preventable, or at least delayed, by balanced, sensible diets, and knowledge
gained from comparative nutrigenomics studies in different populations may provide
information needed to address the larger problem of global malnutrition and disease.

1.1 INTRODUCTION

Hippocrates provided the directions that modern science has been pursuing on sepa-
rate paths for much of the 20th century. Nutritionists have focused much attention
on population studies that result in statistical associations between foods and disease
incidences on a population level. Individual genetic variation within these popula-
tions could not be studied easily with pregenomic molecular tools. Similarly, gene-
ticists and molecular biologists have tried to reduce biological complexity by
developing model systems that assume the same environment for each subject. Both
approaches have contributed significantly to our knowledge of disease risk factors
but nevertheless fail to identify specific molecular mechanisms affected by diet and
other environmental influences in an individual that contribute to health or produce
chronic disease at a particular stage in life.

The biochemical details of how nutrients influenced individuals and, likewise,
how individuality alters metabolism of nutrients began emerging in the early 1900s
when Garrod suggested diet would influence disease differently in different individu-
als. As early as 1956, only three years after the elucidation of the structure of DNA,
Williams [1] summarized these early studies in a book entitled Biochemical Indi-
viduality, which included a chapter on “Individuality in Nutrition.” Medical research-
ers in various fields had discovered wide ranges in concentrations of insulin,
cholesterol, ions, and other easily measured molecules in healthy individuals and in
individuals with symptoms of disease (reviewed in [1]).

The concept of genetic uniqueness was solidified by sequencing the human
genome [2, 3]. That achievement formed the foundation for one of science’s most
significant contributions to humankind—an evidence-based understanding that while
humans are genetically similar, each individual retains a unique genetic identity that
explains the wide array of biochemical, physiological, and morphological pheno-
types observed in human populations. The diverse genetic variation in the human
population produces a continuum for each human trait, challenging dichotomous
social and metabolic groupings based solely on external phenotypes [4, 5]. The
genome project provided not only the details and design for humans but, perhaps as
importantly, the stimulus for interpreting and applying genomic information in
studies of health and disease processes. Nutritionists and other life scientists pro-
posed the study of nutrigenomics based on this new information. Since dietary rec-
ommendations (e.g., recommended daily allowances or RDAs) are developed
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through epidemiological analyses of populations, RDAs may not be optimal for any
one individual. The need to understand nutritional influence on the genome and the
genome’s influence on metabolism led to the concept of nutritional genomics. We
[6] published a comprehensive framework for the field with specific examples and
suggested five tenets to explain nutrigenomics:

1. Common dietary chemicals act on the human genome, either directly or
indirectly, to alter gene expression or structure.

2. Under certain circumstances and in some individuals, diet can be a serious
risk factor for a number of diseases.

3. Some diet-regulated genes (and their normal, common variants) are likely to
play a role in the onset, incidence, progression, and/or severity of chronic
diseases.

4. The degree to which diet influences the balance between healthy and disease
states may depend on an individual’s genetic makeup.

5. Dietary intervention based on knowledge of nutritional requirement, nutri-
tional status, and genotype (i.e., “personalized nutrition™) can be used to
prevent, mitigate, or cure chronic disease.

These tenets summarize concepts based on data and results from genetic, epi-
demiologic, nutritional, molecular, physiological, and other disciplines involved in
health and disease research. The challenge in discovering the path to nutritional
genomics is, and will be, integrating knowledge and approaches to address the
molecular mechanisms of genotype—diet interactions [7] because biological pro-
cesses are complex and influenced by environmental factors.

About 30 concept and review articles on nutrigenomics, published from 1994
through 2004, summarized various aspects of the field or the new tools available for
nutritional genomics research. This chapter discusses some of the principles and
concepts of nutrigenomics as they apply to Type 2 diabetes mellitus (T2DM). The
focus of this chapter, however, is not on the many individual studies of mechanism,
etiology, epidemiology, and genetics of T2DM since these studies have been exten-
sively reviewed elsewhere [8—17]. Weaving information from the diverse disciplines
of evolutionary history, genetics, molecular biology, epidemiology, nutrition, bio-
chemistry, medicine, social sciences, and ethical implications requires intermittent
excursions from the main topic of T2DM for explaining background information for
interpreting or conducting nutrigenomics research. As a polygenic, multifactorial
disease, T2DM serves as a model for cancer, obesity, cardiovascular disease, and
other chronic diseases influenced by diet and environment.

1.2 UNDERSTANDING T2DM: THE CURRENT VIEW OF
T2DM AND TREATMENT OPTIONS

Fasting glucose levels above 140mg/dL on at least two occasions is one of
the diagnostic indicators of T2DM since normal fasting levels are between 70
and 110mg/dL (see EndocrineWeb.com—http://www.endocrineweb.com/diabetes/
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diagnosis.html or [18, 19]). Individuals with high fasting glucose levels are often
given an oral glucose tolerance test, which is administered in the fasted state (no
food or drink except water for 10-16 hours). Blood is drawn before and 30 minutes,
1 hour, 2 hours, and 3 hours after consuming a high glucose (e.g., 75 grams of
glucose) drink. Blood glucose levels rise quickly and fall quickly in individuals
without T2DM because insulin is produced in response to the glucose. Glucose
levels rise to higher concentrations for a longer time compared to the normal
response in individuals with diabetes. The standard for T2DM diagnosis is a blood
sugar level of >200mg/dL at 2 hours. These two diagnostic measures—high fasting
glucose and delayed metabolic clearing—are used as either/or classifications (e.g.,
normal versus diabetic). Individuals with fasting glucose levels between 110 and
126 mg/dL are diagnosed as having impaired fasting glucose and those who have 2
hour glucose levels between 140 and 200mg/dL in the oral glucose test are diag-
nosed as having impaired glucose tolerance.

The important lesson from a description of diagnostic procedures for glucose
levels and responses is that individuals are typically sorted into three groups: normal,
intermediate, and diabetic. However, T2DM is often caused by, or associated with,
obesity, a proinflammatory condition that will introduce additional variation in
physiology and responsiveness to diet and drugs. Other symptoms associated with
the metabolic syndrome—-dyslipidemia, hypertension, insulin resistance, hyperin-
sulinemia [8, 13, 20, 21]—further complicate simple classification schemes for dia-
betes. These physiological abnormalities may have overlapping molecular and
genetic causes to further muddle diagnosis. If left untreated or managed poorly, many
patients develop retinopathy leading to loss of vision, nephropathy resulting in renal
failure, neuropathies, and cardiovascular disease [18].

Although the varying complications are well known and often acknowledged,
the majority, if not all individuals, with diabetic symptoms are treated similarly [18],
implying a single molecular cause: the first line of treatment recommendations are
to alter diet and increase energy expenditure through exercise. Approximately 15%
of patients control symptoms through these interventions. The patients not helped
by diet and exercise are treated with sulfonylureas or biguanide, which are effective
in 50% or 75% of patients, respectively. Other drugs are then used as second line
treatment for individuals refractory to sulfonylurea or biguanide (Table 1.1). Four
of the five major drug classes for controlling T2DM symptoms target different path-
ways and organs: insulin secretion by the pancreas (sulfonylurea and megtinilides),
glucose absorption by the intestines (o-glucosidase inhibitors), glucose production
in the liver (biguanide = glucophage = metformin), and insulin sensitivity in adipose
and peripheral tissues (e.g., rosiglitazone). Approximately 50% of patients take oral
medications only, and some take combinations of drugs plus (12%) or minus insulin.
The remainder take no medications (15%) or insulin alone (19%) (http://www.
diabetes.org/diabetes-statistics/national-diabetes-fact-sheet.jsp). Since (1) these
drugs affect different metabolic pathways in different organs, (2) the treatments are
found by trial and error for each patient, and (3) different patients control symptoms
by different combinations of treatments, it follows that T2DM is not a single disease
but rather multiple diseases caused by multiple genes affected by multiple environ-
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TABLE 1.1. "Subtypes” of Type 2 Diabetes

Treatment Target Tissue Indications® Effectiveness’
Life style All All 15%
Sulfonylurea Pancreas T2DM < 5 years ~50%
Meglitinides Pancreas TDM < 5 years, TPPG ?

Biguanide (glucophage) Liver Obese, insulin resistant ~75%
o-Glucosidase Intestine T PPG Second line
Rosiglitazone Adipose, muscle Obese, insulin resistant Second line

¢ Based on clinical indications of Type 2 diabetes (T2DM), PPG is postprandial glucose response.
’ Percent of patients responding to treatment; from http://www.aafp.org/PreBuilt/monograph_
diabetestreatment.pdf.

mental factors. More specifically, chronic diseases like T2DM are sets of metabolic
processes and physiologies that present differently in different patients and change
depending on genetic makeup, environmental influences, age, and the cumulative
effects of the disease process itself. Physicians and patients alike tend to create arti-
ficial bins (e.g., responsiveness to diet or drugs) to help reduce this complexity.
However, this simplification can impede development of diagnostics and treatments
for the continuous physiologies within individuals and groups of patients. Nutri-
genomics concepts can explain the complexities of a chronic disease such as T2DM,
and data from well-designed nutritional genomics studies may lead to better diag-
nostics and treatments.

1.3 UNDERSTANDING T2DM: BEGIN BEFORE CONCEPTION

Mom and dad are the immediate donors of the chromosomes each of us receives at
conception and our disease susceptibilities result from the genes we inherit. Disease
susceptibilities are the products of collections of variants—single nucleotide poly-
morphisms (SNPs), deletions, and insertions—in coding and control regions of and
near genes that influence the expression or RNA and activity of proteins and enzymes.
The probability of inheriting that unique genetic makeup is limited because gene
variants in human chromosomes are not uniformly distributed throughout the world.
The specific distribution of gene variants results from the rich evolutionary history
of human chromosomes.

Background: Out of Africa and Genetic Uniqueness

Individual genetic variation results from the inherent error rate of replicating DNA.
No process is 100% accurate, so each time the 6 billion bases in our chromosomes
(two each of each chromosome and therefore 2 X 3 billion base pairs) recombine,
errors occur [22]. Since such processes occur in every living organism, it is not sur-
prising that each human is genetically different.
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Genetic variation among geographically separate populations results from
human migration from east Africa in waves that ultimately led to the peopling of
six continents [23]. These migrations did not happen uniformly—small groups
established population centers, which then became the base for further migrations.
The successive splitting off of a portion of the gene pool decreased genetic diversity
in the migrating group. Food availability and other factors contributed selective
pressures for specific gene variants during migration and dispersal into new environ-
ments. One example of such selection, and a model of gene—environment inter-
actions (see below), is lactose tolerance. Humans, like other mammals, do not drink
milk after weaning. However, mutations in the control sequences of lactase-
phlorizin hydrolase (LPH), the enzyme that metabolizes lactose, allowed the gene
to be expressed in adults. The mutations arose in Northern Europe about 9000 years
ago [24]. Individuals inheriting these polymorphisms, or haplotype, have the selec-
tive advantage of an additional nutrient source: mammalian milk from other species.
The lactose tolerance haplotype spread to individuals migrating to new environ-
ments, but also to previously established populations to the south and east of North-
ern Europe. The result is a geographic gradient from Europe to Southeast Asia, where
only ~5% of the population is lactose tolerant.

Rich nutrient resources in other environments and human ingenuity led to sub-
sequent population expansions to all parts of the world [25] that are continuing to
this day. The combination of small founding groups and recent population growth
produced geographically distinct populations who share 99.9% of genomic sequences.
SNP and simple tandem repeat (STR) analyses have yielded more detailed informa-
tion about human relatedness: on average, there is a 12—-14% difference between
geographically distinct populations—for example, between Asia and Europe
(reviewed in [26]). Most genetic variation (estimated range of 86-88%) occurs
within a geographic population (e.g., Asia) (reviewed in [26]).

Analyses of geographically isolated countries such as Iceland [27] have revealed
significant population substructures. Natural geographical barriers, cultural practices
of forming exclusive groups, and mating with individuals within a nearby area
(e.g., [28] and reviewed in [29]) produce genetically distinct subgroups. Similar
population substructures are predicted for virtually all rural cultures. The increasing
tendency of humans to live in urban societies may result, ultimately, in homogeniza-
tion of genetic substructures, a process that may require millennia and further
changes in group and cultural practices. For the foreseeable future, nutrigenomicists
will analyze the genetic architecture of individuals since many individuals maintain
the preference of mating within like ethnic groups.

Where our parents came from then, and the evolutionary history that is implicit
in that statement, produces each individual’s chances of inheriting a specific gene
variant. Table 1.2 provides an example. Genes 1, 2, and 3 have three variants each
with 27 total possible combinations. Like other genes, variants of each of the genes
are present in each population at different frequencies. The chance that a European
would inherit the G variant of Gene 1, and the G variant of Gene 2, and the G variant
of Gene 3 is smaller than an Asian inheriting that combination of gene variants. If
these genes are involved in T2DM or differently regulated by diet, then the suscep-
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TABLE 1.2. Hypothetical Allele Frequencies

Allele Frequencies”

Gene Allele European Asian African
1 A 50 25 33
C 40 0 34
G 10 75 33
2 T 20 1 70
G 5 35 10
A 75 64 20
3 G 4 55 2
C 25 35 45
T 71 10 33

“ Hypothetical examples of allele distribution in different populations. See text.

tibility for individuals from different geographic areas may differ. An example may
be obesity: Europeans and their descendents with body mass indices (BMIs) of 25
or greater have similar metabolic and diabetic profiles compared to Asians with a
BMI of ~23 [30]. Although the genes underlying these differences have not yet been
identified, it is likely that alleles of genes involved in producing BMI and symptoms
of T2DM differ between Europeans and Asians because T2DM, and other chronic
diseases, are not limited to individuals of a single geographic ancestry. Epidemio-
logical data indicates that Asian and Hispanic populations seem to have insulin
resistance as the predominant mechanism leading to diabetes rather than 3-cell dys-
function. In African-Americans the opposite appears to hold (reviewed in [31]).
Although these are broad generalizations, the results suggest genetic ancestry con-
tributes to the differences in T2DM prevalence and by different mechanisms [31].
Identifying the genes that contribute to T2DM will provide a molecular and genetic
understanding of differences among populations.

1.4 UNDERSTANDING T2DM: GENETIC COMPLEXITY

Understanding diseases caused by mutations in single genes—from inborn errors of
metabolism to sickle cell anemia to the initiation of cancer—has guided much bio-
medical and disease research for the last 50 years. Chronic diseases such as T2DM
were understood to present complex physiologies such as hyperglycemia, hyperin-
sulinemia, and dyslipidemias, but the early genetic research often focused on finding
mutations in genes involved in the pathways. Genetic and molecular studies over
the past 30 years have established that naturally occurring gene variants involved in
many different processes contribute to chronic disease. Identifying the causative
genes involved in polygenic diseases usually relies on genetic association studies in
humans, but confirmatory data of the mechanisms often relies on cell culture and
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experimental animal (including transgenic) models. Genetic association studies are
statistical analyses that link chromosomal regions with disease subphenotypes or
incidence. A variation of association studies is quantitative trait locus analysis.

Background: Quantitative Trait Locus Analysis

Quantitative trait locus (QTL) analysis has been a key method in identifying chro-
mosomal regions involved in complex diseases. A QTL is a polymorphic locus
containing one or more genes that contribute to the phenotypic expression of a con-
tinuously variable trait. QTLs are typically found by statistical analyses of how fre-
quently a region of chromosome is associated with a certain measurable phenotype
such as insulin levels or glucose response. Since multiple genes are involved in those
responses, a QTL and the gene(s) variant(s) encoded within contribute less than
100% to the phenotype. QTLs mapping is done in humans but the process is best
explained with laboratory animals. Briefly, two parental inbred mouse strains,
selected for differences in some observable or measurable phenotype—such as sus-
ceptibility to T2DM—are bred to produce an F1 generation. F1 mice are backcrossed
to each of the parental strains producing an F2 generation differing in disease sus-
ceptibility because of independent assortment of chromosomes and chromosomal
rearrangements that occur during meiosis. The incidence or severity of subpheno-
types of the disease is measured in F2 mice and statistically associated with chro-
mosomal regions from each of the original parental strains. A given pair of inbred
mice may have 10-15 regions that contribute to the complex phenotype in those
strains. Different pairs of strains may reveal new QTLs (e.g., [32]) because inbreed-
ing selects for a subset of genetic variation.

If one or more of the genes within the QTLs regions were mutated, each parental
strain would develop the particular disease. This does not occur. Rather, the sum of
contributions from alleles of causative genes within different QTLs produces the
specific trait or disease (reviewed in [33]). Two hypotheses were proposed to explain
gene variants that contribute to quantitative traits. The first, called the common
disease/common variant hypothesis (i.e., CDCV hypothesis [34, 35]), posits that
combinations of normally occurring gene variants produce disease. These gene vari-
ants occur in greater than 1% of the population. Others dismiss this theory, suggest-
ing that combinations of rare (<1% in the population) allelic variants cause common
diseases. This theory is called the multilocus/multiallele hypothesis [36]. Regardless
of the outcome of the controversy, the consequences of the polygenic nature of
chronic disease complicate the search for genes involved in disease processes.

Jackson Laboratory (http://www.jax.org) currently lists 58 QTLs for insulin
with subclasses for Type 1 diabetes (28 QTLs), insulin levels (13 QTLs), and T2DM
(17 QTLs). Many QTLs found in different studies and with different models of dia-
betes overlap, providing a measure of confidence in their identification. Since QTL
analysis is inherently more straightforward with inbred animals and different inbred
strains are known to express different subphenotypes of disease (e.g., [37]), it is
possible to identify more QTLs with smaller influences on each quantitative trait
compared to analyses in outbred animals such as humans (see Sections 1.3 and 1.5).
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As importantly, a subset of these murine QTLs map to syntenic regions of T2DM
QTLs found in humans (e.g., [38]). Analyses of inbred strains with differing disease
susceptibilities are therefore important components of nutrigenomics research
because the genotypes are known and the diet and other environmental factors can
be controlled.

1.5 UNDERSTANDING T2DM: QTLS IN HUMANS

The approximate locations of seven human T2DM QTLs with LOD (log of the odds,
a measure of significance) of greater than 3.6 [16] are shown in Figure 1.1. A total
of 17 QTLs distributed on chromosomes 1, 2, 4, 5, 7, 8, 9, 10, 11, 12, 20, and X
(not shown) classified as near-suggestive linkage (LOD > 2.0) have also been identi-
fied [16]. Some of these T2DM QTLs may be population specific, which can be
explained by evolutionary history (see above), by differences in defining phenotypes
or subphenotypes in each study, and by methodological differences. Developing
standard data elements is a critical need for the development of nutrigenomic
research (see Chapters 3 and 16 in this volume). Table 1.3 shows examples of the

13 14 15 16 17 18 19 20 21 22 X

Figure 1.1. Type 2 diabetes mellitus (T2DM) quantitative trait loci (QTLs) for humans. See
text.
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TABLE 1.3. Hypothetical Genotypes of Six Individuals at Seven Disease Loci?

QTL A B C D E F
1 + + + - -
2 + o o - + -
3 + + - 0 - -
4 + + + + o -
5 + + - - + -
6 + - + - - -
7 + + - + - -

¢ Each individual inherits one of three alleles of each of the seven genes at QTLs 1 through 7. +, —,
and o indicate protective allele, allele that contributes to disease, or allele that is neutral, respectively.
Genetic susceptibility increases with increasing number of alleles that contribute to disease.

consequences and complexity for the seven QTLs shown in Figure 1.1. If there are
only three alleles at each locus with one contributing to T2DM (designated —), pro-
viding protection (+), or neutral (O), the number of possible combinations for seven
loci is 2187, but the actual number is constrained because of allele frequencies (e.g.,
Table 1.2). For purposes of illustration, individual A inherited all “protective” alleles
and would thus have a low probability of developing T2DM (this speaks nothing of
susceptibility to other diseases). Individual F is the other extreme and is genetically
prone to develop symptoms. Individuals B, C, D, and E have intermediate risks and
are likely to benefit from life-style changes (see below) and/or drug treatments.
Perhaps the most interesting in this example are individuals D and E, who each have
the same number of protective, neutral, and disease contributing alleles. They may
not have the same genetic susceptibility, however, because one cannot predict a
priori whether each QTL contributes the same amount to a given phenotype. Added
to this complexity are epistatic interactions and epigenetic functions of DNA meth-
ylation and chromatin remodeling (see below). At least some of these genes are
likely to be regulated directly or indirectly by diet and other environmental factors
[7, 38, 39], further complicating analyses of their contribution to diseases or sub-
phenotypes of disease.

Genetic analyses and studies in experimental systems have led to the identifica-
tion of candidate genes (Table 1.4) that contribute to subphenotypes of T2DM [11,
16, 40] in at least some populations. Genes that map in or near T2DM QTLs are
IRS, CAPN10, PPARG, APM1, and HNF4. Polymorphisms in these genes are associ-
ated with subphenotypes of T2DM. Given the number of QTLs identified in humans
(with significant or suggestive linkage) and in rodents, it is likely that many other
T2DM genes have yet to be identified. The reason that QTLs are not consistently
found in different populations can be explained by epistasis and epigenetics.

Background: Epistasis Alters Statistical Associations

Epistasis, or gene—gene interactions, provides the explanation for how genetic
ancestry is so important in understanding gene—nutrient (or gene—drug or gene—
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TABLE 1.4. Subset of Likely T2DM Candidate Genes*

11

Gene Function Chromosome Reference
SLC2A1 GLUT!1 glucose transporter 1p35-p31.3 [16]
IRS Insulin receptor substrates 2q36° [11]
(IRS-1 has best evidence)
CAPNIO Calpain 10 2¢q37.3¢ [11]
PPARG Peroxisome proliferators activated 3p25¢ [16]
receptor Y
APM1 Adiponectin 3q27¢ [11]
PGC-1 Peroxisome proliferators activated 4pl15.1 [11]
receptor Y
ADRBR?2 B2-Adrenergic receptor 5q32-q34 [11]
ENPPI Glycoprotein PC-1 6q22-q23 [11]
GCK Glucokinase Tpl5-p13 [16]
ADRBR3 B3-Adrenergic receptor 8pl12-pll.2 [11]
KCNJ11 Potassium inward rectifier channel K;6.2 11p15.1 [16]
ABCCS Sulfonylurea receptor 11p15.1 [16]
VNTR-INS Variable number tandem repeat in 11p15.5 [11]
the insulin gene
FOXc2 Transcription factor 16q24.3 [11]
GCGR Glucagon receptor 17925 [16]
LIPE Hormone sensitive lipase 19q13.1-q13.2 [11]
GYS1 Glycogen synthase 19q13.3 [11]
HNF4A Hepatic nuclear factor 40, 20q12-q13.1° [39, 157]

“ Map position overlaps QTL shown in Figure 1.1.
» Map position overlaps QTL with near-suggestive LOD score [16].
¢ As of April 2005.

disease) interactions and, ultimately, health and disease (see Chapter 6 in this
volume). Gene—gene interactions can occur through protein—protein, protein—gene,
RNA-protein, or RNA silencing [41-44]. The molecular explanation for these
genetic results is that proteins or enzymes produced by a gene or its variant do not
act alone, but are usually part of a pathway, and many pathways are interconnected.
As one example, a G to A polymorphism (IVS6 + G82A) in the tyrosine phospha-
tase 1B gene interacts statistically with a polymorphism (GIn223Arg) in the leptin
receptor (LEPR) gene in a Finnish study of 257 individuals with T2DM and 285
controls [45]. PTBIB and LEPR may not interact directly but may be in the same
signal transduction pathway and variants in one affect the activity of the other. A
decrease in activity of one member of a pathway may be compensated for by
another member of the same pathway, or by variations in a connected pathway.
Compensation in the activity of parts to maintain the overall balance within the
system is called “buffering” (discussed in [46, 47] and see Chapter 5 in this volume).
Understanding and studying the impact of epistasis at the genetic and biochemical
levels will be a key component of nutrigenomics research of health and chronic
diseases.
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Background: Epigenesis and Chromosome Structure—Another
Level of Nutrient Control

Another layer of gene regulation is epigenesis. Epigenetics is the study of heritable
changes in gene function that occur without a change in the sequence of nuclear
DNA. X chromosome inactivation and gene silencing (imprinting) are examples of
epigenesis [48]. Epigenetic mechanisms of altering gene regulation are DNA meth-
ylation and chromatin remodeling. Both mechanisms change the accessibility of
DNA to regulatory proteins and complexes altering transcriptional regulation.

Methylated DNA 1is considered transcriptionally inactive although there are
exceptions to this rule [49]. DNA can be methylated at specific sites, usually at CpG
dinucleotides with islands rich in cytosine and guanosine. Methylated CpG within
these islands [49] binds methyl-CpG binding proteins (MBDs) [50]. Other chromo-
somal proteins, some of which belong to the Polycomb group [48], bind to the MBDs
forming a multicomponent complex. MBDs subsequently “recruit” histone deacety-
lases whose activities alter histone proteins, inducing further changes to chromatin
structure [51, 52].

Nutrient intake affects DNA methylation status because DNA methyltransfer-
ases catalyze the transfer of a methyl group from S-adenosylmethionine (S-AM)
to specific sites in DNA [53]. The products of the reaction are DNA methylated at
(usually) CpG residues and S-adenosylhomocysteine (S-hcy). S-AM is generated
by the one-carbon metabolic pathway, a network of interconnected biochemical
reactions that transfer one-carbon groups from one metabolite to another [54].
Dietary deficiencies of choline, methionine, folate, vitamin B,,, vitamin B, and
riboflavin affect one-carbon metabolism and DNA methylation and increase
the risk of neural tube defects, cancer, and cardiovascular diseases [55]. Chapter
10 in this volume reviews how nutrients affecting one-carbon methyl pools alter
epigenetic mechanisms in adults and in utero, which have long-term health
implications.

Chromatin remodeling is regulated in part by the energy balance in a cell. Spe-
cifically, changing calorie intake has been shown to alter chromatin remodeling,
changing the NADH/NAD" ratio (reviewed in [56]) and the activity of SIR2, an
NAD*-dependent histone deacetylase. Evidence from Guarente’s laboratory indi-
cates that the mammalian homologue of Sir2, SIRT1 (sirtuin 1), binds to the nuclear
receptor corepressor (NCoR) and silencing mediator of retinoid and thyroid hormone
receptors (SMRT) of the transcription factor PPAR-y (peroxisome proliferators acti-
vated receptor gamma), a key regulator of fat mobilization in white adipocytes [57].
Since obesity is linked to T2DM, CVDs, cancer, and other chronic diseases [58], a
reduction in fat via SIRT1 and PPAR-y is likely to slow the aging process. Chapter
9 in this volume presents a review of caloric restriction and chromatin remodeling.
Chromatin remodeling may also be affected by changing the expression of genes
involved in chromosome structure or its regulation. Chapter 11 in this volume
describes microarray data, showing that expression of genes involved in chromatin
remodeling is altered by a lunasin, a peptide isolated from soybean. Altering the
level of the proteins, enzymes, and RNAi (interfering RNA) [59] involved in chro-
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matin remodeling by diet or other environmental factors will be another control point
for regulating gene expression.

Long-term exposure to diets that remodel chromatin structure and DNA meth-
ylation could induce permanent epigenetic changes. Such changes might explain
why certain individuals can more easily control symptoms of chronic diseases by
changing life style but many seem to pass an irreversible threshold. Epigenetic
changes may also explain “developmental windows”—Xkey times during develop-
ment, such as in utero, where short-term environmental influences may produce
long-lasting changes in gene expression and metabolic potential (reviewed in
[21]).

Developing experimental approaches for dissecting the environmental influ-
ences and the critical genes and pathways will be challenging.

1.6 UNDERSTANDING T2DM: FROM BIRTH ONWARD

Inheriting different combinations of genes and specific epigenetic modifications that
may occur in utero means that each individual is born with a unique susceptibility
to T2DM and other chronic diseases. We don’t start life evenly. Once born, the
external environment greatly affects the risk of developing chronic diseases.

Background: Genotype-Environment Interactions

Genes that cause chronic diseases must be regulated directly or indirectly by calorie
intake and/or by specific chemicals in the diet because diet alters disease incidence
and severity [7, 39]. The progressive and sometimes slow change in phenotype from
health to disease must occur, at least in part, through changes in gene expression.
These are gene—environment interactions and were defined in 1979 (e.g., [60]). The
precise, statistical definition of gene—environment interaction is “a different effect
of an environmental exposure on disease risk in persons with different genotypes”
or, alternatively, “a different effect of a genotype on disease risk in persons with
different environmental exposures” [61]. In other words, nutrients affect expression
of genetic information and genetic makeup affects how nutrients are metabolized.
A dietary chemical or its metabolite may alter the expression of a susceptibility
gene or its variant that in turn affects other gene—gene interactions. The consequence
of such gene—environment interactions may not only be apparent on the gene of
interest, but may also affect the action of that gene on other interacting genes. Dif-
ferent functional classes of genes may have greater importance than others: affecting
the expression of a nuclear receptor or signal transduction pathways may affect more
processes than altering the expression of a gene encoding an enzyme in a metabolic
pathway. Examples of these concepts are more fully detailed for epigallocatechin
gallate (EGCG) that modulates signal transduction pathways (Chapter 8 in this
volume), for the multiple effects of other phytoestrogens (Chapter 14 in this volume),
and for the many dietary chemicals that are ligands for various transcription factors
(Chapter 7 in this volume). Unraveling the interactions among food, different QTLs,
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epistatic interactions, epigenetic regulation, and their various interactions is a chal-
lenging but tractable problem in the age of high-throughput technologies.

Gene—diet interactions have been found in experimental animals (e.g., [7, 38,
39, 62]) and in humans (reviewed in [63—-67]). As one specific example, Krauss and
co-workers (reviewed in [68]) relied on phenotype to show genotypic differences.
Individuals with small, dense LDL particles (phenotype B) have an increased risk
of coronary artery disease relative to those individuals exhibiting large, less dense
LDL particles (phenotype A). The expression of phenotype A depended on diet: 12
out of 38 men who switched from a 32% fat diet to a diet containing 10% fat devel-
oped the phenotype B pattern [69]. At least three distinct genotypes were present in
this group, one genotype each for the A or B phenotype and a third genotype that is
responsive to low fat/high carbohydrate diets. This genotype produces the A pheno-
type when these individuals eat a diet containing 32% fat, but a B phenotype when
fed 10% fat—a result that can be explained by genotype—environment interactions.
Chapter 13 in this volume provides a more detailed description of recent advances
in this field.

Although much attention in the nutrigenomics community is focused on gene
regulation by dietary factors (Chapters 7, 11, and 14 in this volume), dietary chemi-
cals also alter the activity of proteins and enzymes directly. Ames and colleagues
noted that mutations or polymorphisms in genes often result in the corresponding
enzyme having an increased K, (Michaelis constant) for a coenzyme ([70-72],
http://www.kmmutants.org/, and this volume). The K, is a measure of affinity of
ligand for its protein. Increases in K, result in decreased affinity of coenzyme and
therefore enzymes with increased K, have a decreased activity. Increasing the con-
centration of the coenzyme, which may come from diet, can ameliorate the effect
of the decreased K,,. This concept is called the K, constant and is an example of
how alterations in diet may influence individuals differently depending on their
genetic makeup.

1.7 UNDERSTANDING T2DM: METABOLOMICS

The concentrations of other transcriptional ligands and coenzymes are controlled by
their in vivo metabolism from a dietary chemical precursor (reviewed in [73]). Ste-
roids, for example, are produced through a core of ten linked reactions from cho-
lesterol. The concentration of any given steroid ligand [74] will be greatly influenced
by specific combinations of alleles for the enzymatic steps in biosynthetic, branch,
and degradative pathways. Alleles of these interacting and linked genes may be dif-
ferent among individuals from the same or different ancestral groups, creating dif-
ferences in the levels of steroids and therefore expression of genes that these steroids
regulate [75-78]. Hence, analyzing genotypes and haplotypes within genes of a
pathway is unlikely to provide a reliable association with the amount of the end
product. High-throughput analysis of metabolites and the effect of changes in their
concentrations is a new field called metabolomics. Chapter 4 in this volume presents
an overview of the concepts and procedures of this research area.
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Background: The Need for Defined and Controlled
Experimental Systems

Identifying genes, proteins, or metabolites regulated by diet and involved in or
marked by chronic disease processes in humans is challenging because of the genetic
variation among individuals, their long lifespan, and difficulty controlling and moni-
toring dietary intakes. Cell cultures, on the other hand, don’t have livers, microflora
in the alimentary tract, or the full metabolic repertoire of their complementary in
vivo counterparts. That is, nutrient and bioactive metabolism and regulatory path-
ways are often affected by metabolism and its products in other organs. Animal
studies are therefore necessary to verify the results from human studies and cell
culture experiments.

A distinct advantage of using animal models is the array of genetically defined
mouse strains, the result of a 100 year effort to produce and characterize inbred
strains for biomedical research (see http://www.jax.org). Comparative genomic
analyses (reviewed in [79]) have demonstrated that mice and rats share genes and
diseases that are similar in other mammals. For example, 99% of mouse genes have
human homologues [80] and obesity-induced diabetes (T2DM) occurs in mice
(e.g., [81, 82]) and dogs [83]. Molecular responses to dietary chemicals can be ana-
lyzed or compared in strains of known genotypes with differing susceptibility to
diet-induced disease, making previously unsuspected contributors to the disease
process identifiable (e.g., [38, 62]).

Experimental laboratory animals are well suited for the study of nutrient—gene
interactions because the genotype and environmental factors can be controlled and
systematically altered. The use of diets with known compositions is of critical
importance in nutritional genomics research. Dietary chemicals in chow diets have
been shown to vary depending on the lot or manufacturer [84] and to affect gene
expression [85]. The ability to compare between experiments conducted at different
times and in different laboratories is an essential asset of using defined genotypes
and reproducible diets.

Our laboratory developed, tested, and uses a strategy that varies diet and geno-
type systematically to identify diet versus genotype versus diet—genotype regulated
genes [39, 62, 86—88]. This strategy relies on inbred strains of mice that differ in
genetic susceptibility to diet-induced disease. Our design uses at least four groups:
susceptible and nonsusceptible strains fed either control diets or diets that induce
symptoms of chronic disease. Differences between these four groups of animals are
then analyzed. Those differences could be measured as metabolites (metabolomics),
proteins (proteomics), enzymes, or RNA (transcriptomics) or, ideally, some combi-
nation of those biological components (i.e, systems biology).

For example, gene expression was compared in livers of A/a (agouti) vs
A"”/A (obese yellow) segregants (i.e., littermates) from BALB/cStCrlfC3H/Nctr X
VYWIfC3Hf/Nctr — A™/A matings in response to 70% (caloric restriction) and 100%
(AL) of ad libitum caloric intakes [38]. A”/— mice are mottled yellow in coat color,
more metabolically efficient, obese, and display subphenotypes of diabetes including
mild hyperglycemia and hyperinsulinemia, with increased risk of spontaneous and
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chemically induced cancers ([89, 90] and reviewed in [91-94]). In contrast, A/a mice
remain disease- and symptom-free for most of their lives. We also reported analyses
of blood glucose with body and brain weights in mice from this experiment [95].
The results indicated that caloric restriction decreased metabolic efficiency associ-
ated with continuous ectopic expression of agouti.

Genes differentially expressed, based on diet, genotype, or their interactions,
participate in producing the difference in phenotype because phenotype ultimately
is an expression of genetic information. Our approach identified diet regulated genes
within each of the strains (e.g., 70% vs 100% calories), genotype regulated genes
(regulated in the same direction in A/a vs A”/A fed 70% calories or A/a vs A”/A fed
100% calories), and genotype—diet regulated genes whose regulation varies depend-
ing on genotype and diet [38]. To our knowledge, this is the only method that identi-
fies genes regulated by genotype, diet, and their interactions, which in this case
yields molecular information about physiological differences between agouti and
obese yellow mice.

Changes in gene expression cannot discriminate cause from effect—that is,
those genes that cause or contribute to the differences in phenotype from those that
are affected by changes in expression of other genes. Targeting the regulation of
genes or their proteins that cause disease by diet or drugs may ameliorate symptoms
of the disease. Subsets of genes regulated by diet or diet—genotype that play a role
in or cause the disease can be identified if they map to chromosomal regions associ-
ated with that complex phenotype, that is, within independently derived QTLs (see
above) or within loci identified by other genetic methods [38, 62]. Our approach can
be considered a variation of the common disease/common variant (CD/CV) hypo-
thesis [34, 35], with the added proviso that diet influences expression or activity of
variants of common genes.

Twenty-eight genes identified by differential expression in our system mapped
to diabesity loci and eight of these loci were syntenic to T2DM QTLs in humans
[38]. Some are expected to contribute to characteristics expressed in obese yellow
mice. An additional 59 genes mapped to obesity and weight gain QTLs. A subset of
the identified genes has been associated with diabetic subphenotypes and others can
be linked to abnormal physiological conditions observed in obesity and diabetes.
This novel approach can be applied to any chronic disease given careful selection
of mice with differing susceptibilities to diet-induced disease.

1.8 UNDERSTANDING T2DM: ENVIRONMENTAL INFLUENCES

Genetic makeup and dietary influences are not the only determinant of health and
disease susceptibility. Epidemiological studies have identified dietary and other
environmental influences that contribute to the incidence and severity of chronic
diseases. Epidemiology utilizes statistical methods that associate frequency and
distribution of disease in human populations. Since the results are associations,
they do not prove cause and effect. Nevertheless, the results from such studies
have been invaluable to experimental scientists who analyze the genetic and
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molecular mechanisms of nutrient or environment influences in humans or model
systems.

Background: Epidemiology

The incidence and severity of chronic diseases varies among countries (reviewed
in [96]): stomach cancer is higher while breast and prostate cancer are lower in
Japan compared with the United States (e.g., [97]); the incidence of the metabolic
syndrome [98] and cardiovascular diseases [99] vary by country, for three specific
examples. These disparities cannot be explained by either genes or diet alone
because the average genetic makeup and environment varies among countries.
However, disease incidences change when individuals migrate from one country
and begin adopting the host country’s diet and culture ([31, 97, 99, 100]
and reviewed in [96]). Second generation descendents typically have disease
incidences similar to the members of the principal culture, a time too short for
Mendelian genetic changes to occur. By identifying food intake and cultural prac-
tices among individuals of different genetic ancestries and countries, epidemiologi-
cal research aids in the identification of nutritional and environmental contributors
to disease and provides essential information for guiding the design of molecular
and genetic research. Chapter 2 in this volume describes results of the latest epi-
demiological research and their application to develop dietary recommendations
for a population.

The next step in analyzing nutrient—gene interactions in humans became appar-
ent even before the completion of the human genome project (see review in [101]):
analyze naturally occurring variations in genes that affect aspects of disease pro-
cesses (e.g., subphenotypes such as insulin or glucose levels) or nutrient utilization
in different individuals in response to different diets. For example, the G-75A (a G
to A change, 75 base pairs upstream of the transcription start site) polymorphism in
APOA] is associated with increased HDL-cholesterol (HDL-C) concentrations in
the serum in certain individual who consume higher amounts of polyunsaturated
fatty acids (PUFAs) [102]. Individuals homozygous for the more common G SNP
have lower levels of HDL-C with increased intake of PUFAs. This is a classic
example of genotype—diet interactions: HDL-C levels are dependent on the genotype
(G or A at —75) and the intake of a specific nutrient (PUFA). Chapter 3 in this volume
critically reviews the methodology and progress of molecular nutrigenomic epide-
miological studies [101, 103].

The advent of SNP—nutrient—phenotype analyses has led to the realization of
the need for genomic controls—that is, testing whether individuals in a study have
similar genetic makeup. Genomic controls test for population stratification and
ensure better matches between cases and controls. Prior to the advent of high-
throughput technologies and genome knowledge, genetic substructures existing in
study populations could not be analyzed. Genetic variation in populations confounds
molecular epidemiology studies that seek to analyze gene—disease or nutrient—gene
associations. For example, many (597 out of 603) gene—disease associations are not
replicated in more than three independent studies [104] although meta-analyses of
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25 different reported associations (data from 301 published studies) showed statisti-
cally significant replication for eight gene associations [105]. Similarly, nonreplica-
ble results associating diet with candidate gene variants are the norm (reviewed in
[101-103, 106, 107]). In addition to stratification caused by population substruc-
tures, other confounders include sample sizes that lack appropriate statistical power,
control groups not appropriately matched to cases, and overinterpretation of data
[108—110]. Chapter 3 also provides a discussion of the best practices for analyzing
nutrient—gene interactions [101].

1.9 UNDERSTANDING T2DM: ENVIRONMENT IS MORE
THAN DIET

Capturing and assessing accurate food intakes continues to be a challenge for nutri-
tional and nutrigenomics researchers. Food surveys and dietary histories are often
inaccurate because of differences in ability to recall specifics (type and amounts) of
food intakes and differences in dietary assessment methods (e.g., self-administered
vs interviewed, food frequency questionnaires vs diet diaries), and variations in their
definitions and analyses. In addition to accurate food intake, databases are needed
for more detailed macro- and micronutrient content of local foods, a challenge for
the diverse cultures and diets throughout the world. Surveys must also capture self-
ascribed affiliations to religions, cultures, customs, or ethnic groups because of food
restrictions and preferences. Added to this complexity are food preparation tech-
niques, which alter chemical composition and nutrient availability and, in some
cases, produce chemicals that affect health. Chapter 15 in this volume describes
examples of food chemicals produced by different cooking methods which contrib-
ute to disease processes.

Although the primary focus of nutritional genomics is the understanding of
nutrient—gene interactions, expression of genetic information also is influenced by
numerous environmental factors. For example, cytokine levels are unusually sensi-
tive to environmental changes and serve as good markers of environmental influ-
ences that may alter protein and RNA expression. Some examples of nonnutrient
environmental factors affecting cytokine concentrations are:

* Overall sleep time and sleep continuity (e.g., [111, 112]).

+ Oxygen tension [113], which is related to altitude.

* Over-the-counter drugs (e.g., nonsteroidal anti-inflammatory drugs) [114].
+ Water intake relative to tea [115] and other beverages.

+ Physical activity, including genetic fitness to activity [116—120].

* Psychological factors like stress [121].

+ Exposure to allergens and pollutants (e.g., [122]).

* Circadian rthythm and seasonal changes [123].

+ Balance between energy intake and expenditure (reviewed in [124]).
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Many genetic and environmental influences change during life and aging
(reviewed in [125]) with the net result that health and chronic diseases are not dis-
crete, dichotomous states but are rather processes. Figure 1.2 schematically shows
the theoretical paths of six individuals (A through F in Table 1.3) during aging. The
different heights of the initial condition (left axis) reflect the differences in genetic
susceptibility (including epigenetic factors) and the width of the paths were designed
to suggest the influence of different environmental factors. Certain individuals (e.g.,
C and D) may be able to greatly influence onset or severity of disease by altering
life style whereas others are destined for disease (e.g., F) or health (e.g., A) regard-
less of life style. Clinical measurements are taken at discrete time points along this
curve and therefore are only a a single frame of a movie and may not accurately
predict past physiological processes or future outcomes. While important, these
snapshot diagnostics need to be supplemented with genetic analyses of susceptibility
genes (at birth) and a greater understanding of their interactions with diet and the
environment. The majority of individuals may therefore influence health processes
since individuals with extreme susceptibilities are unlikely to be found at high
frequencies as evidenced by the current epidemic of obesity and T2DM in many
populations throughout the world [126, 127].

The combinations of inherited susceptibility genes and interactions (epistasis),
in utero nutritional influences (epigenetics), aging, diet and other environmental
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Figure 1.2. Complexity of T2DM. Individuals are born with differing susceptibilities to
disease (y axis, location of starting ribbon). Life and aging (x axis) exposes each individual
to environmental influences (z axis) that have differing effects (width) depending on
genetic makeup. Modeled after Figure 2 in [124]. See text for details.
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factors, and developmental windows, plasticity, and programming [21] are signifi-
cant but tractable challenges to the field of nutrigenomics and, indeed, all health and
disease research efforts.

The consequences of integrating differing genetic susceptibilities and environ-
mental influences and in viewing health and disease as processes should have
dramatic impact on developing personalized diets for prevention and treatment of
disease. The path to personalized nutrition and disease management then requires
the analysis of genetic susceptibility, with the concomitant identification of genes
regulated by diet and other environmental influences.

1.10 UNDERSTANDING T2DM: DATA ACQUISITION
AND ANALYSES

Large-scale studies that examine all or many physiological, genetic, and life-style
parameters will be expensive and complex. Nevertheless, such studies, coupled with
experiments in model systems, will be essential for obtaining a complete understand-
ing of nutrient—gene interactions underlying T2DM or other chronic diseases. Current
funding strategies may not be sufficient for large-scale population studies designed
to capture large and disparate data sets. A possible solution to this challenge would
be to combine data from many smaller and independent studies. Combining and
analyzing data across studies, or meta-analyses, is routinely used to synthesize evi-
dence and produce meaningful associations. However, methodological flaws have
led to criticism of this statistical procedure (see [128]). To overcome such limita-
tions, standards may be developed for independent, smaller scale projects, which
might reduce or eliminate methodological flaws. Combining data from many studies
is a two-edged sword, since as the number of individuals in a study increases, the
greater the likelihood that variance may be due to differences in environment,
population stratification, and differences in food intake among populations in many
countries. Each of these problems is solvable by developing collaborations and
sharing best practices across studies, funding agencies, governments, and countries.
An international effort to coordinate such activities was begun in late 2004 as a
consequence of the Bruce Ames International Symposium on Nutritional Genomics
(see [129]). Regardless of the exact path forward, data acquisition and analyses will
be critical for developing the path to personalized nutrition.

1.11 BIOINFORMATICS AND BIOCOMPUTATION

Highly developed databases exist for genomic and molecular data, which serve as
models for the development of clinical databases linked to genetic and nutritional
information. Researchers in a variety of fields are reconsidering the nature of experi-
mental designs and tools for capturing diverse datasets of genetic (e.g., SNP analy-
ses), molecular (e.g., gene expression), proteomic including enzymatic, metabolite
(e.g., mass spectra or NMR), dietary history, nutritional status, and the many life-
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style factors described above. The integration and analyses of these seemingly
disparate datasets are required for the research phase of nutrigenomics and for the
implementation of the data for clinical use.

Bioinformatics is defined here as the capture, manipulation, and access of high-
dimensional datasets (see Chapter 16 in this volume). Warehousing this diverse set
of data may seem challenging for biologists, but other disciplines have developed
scalable databases on an even larger scale (see Chapters 16 and 17 in this
volume).

The analyses of these datasets are likely to pose more significant challenges for
nutrigenomics researchers. Biocomputation is used here to highlight the differences
between data capture, storage, and access and the algorithms for analyzing those
data. Biocomputation then converts data into knowledge. Progress in developing
new software tools for such analyses is growing rapidly as more and more high-
dimensional datasets are acquired (see Chapter 17 in this volume).

1.12 CONVERTING SCIENCE INTO PRACTICE

Until our understanding of diet—gene interactions is transformed into useful applica-
tions for societal benefit, nutrigenomics will remain more promise than practice.
Some of the products and applications envisioned by nutritional genomics research-
ers include diagnostics, preventative life-style guidelines, more efficacious dietary
recommendations, health-promoting food supplements, and drugs. In all cases,
involving the commercial sector will be necessary since scientific advances made in
the laboratory require a substantial investment of financial resources before they are
ready for the marketplace.

Diagnostics

Since the goal of nutritional genomics is to provide safe, accurate, and informative
diet and life-style recommendations specific for an individual, diagnostics will be
critical for developing genome-specific foods and for determining treatment options
for disease. Chemicals in food often influence the same pathways involved in
disease development (e.g., [7, 39]), which means that nutrigenomics testing of
individuals will overlap with and be complementary to pharmacogenomics testing
(genetic testing for drug efficacy in each individual). As one example, the natural
ligands that activate peroxisome proliferators activated receptor gamma 2 (PPAR-
v2; see Chapter 7 in this volume for discussion of transcriptional regulators) are
eicosapentaenoic acid [130] and its derivatives (e.g., 15-deoxy-A'*"*-prostaglandin
J, (PGJly)) [131, 132]. Rosiglitazone, a member of the thiazolitazone (TZD) class
of drugs for T2DM, also binds and activates PPAR-y. To date, no polymorphisms
(>1% allele frequency in population) in this PPAR gene that would alter ligand
binding have been identified (although several dominant negative mutations have
been discovered; reviewed in [133]). Although binding of ligand to nuclear receptor
is a key initiating step in transcription, other nuclear receptors (e.g., RXR) and
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transcription factors are involved in forming an active transcriptional complex.
One such protein, PGC-10, is a coactivator of PPAR-y2 and polymorphisms in
this gene have been linked to insulin resistance and susceptibility to T2DM in a
Japanese population [134]. Activation of PPAR-y by lipids or drugs is followed by
interaction with PGC-1a., which varies activity depending on the sequence an indi-
vidual inherits. Hence, the diet/drug—gene interaction may be indirect through the
secondary binding of a coregulator as well as direct, by differential binding of
ligand to receptor.

For consumers, the initial introduction to the practical applications of nutri-
genomics will be through clinical diagnostics of disease susceptibility and severity.
More precisely, testing may not be for a complex phenotype such as obesity or dia-
betes, but for “subphenotypes” such as insulin levels, glucose tolerance test, or some
defined and well-accepted “intermediate” biomarker of a disease. Genetic testing in
the clinic will be no different than the analyses of other diagnostic biomarker such
as cholesterol levels, which are familiar to consumers. Once enough data and knowl-
edge are extracted from experimental animal and human association studies, genetic
testing may be used to identify individuals with specific needs for vitamins (see
Chapter 12 in this volume) or types of diets (see Chapter 13 in this volume). Since
the “average” dietary chemical interacts with membrane, cell, and serum trans-
porters, may be metabolized to produce other bioactive compounds, or may alter
regulation via specific or nonspecific interactions (e.g., selenium [135]), accurate
predictive tests for specific nutrients may not be available soon. Nevertheless, the
use of genotype—phenotype—biomarker diagnostics is beginning to appear and will
be fundamental in the translation of nutrigenomics beyond the laboratory to the
consumer market.

Health and Wellness

Many (75-90%) consumers state that they make foods choices with the intent of
benefiting their or their families’ health. The complexity of analyzing multiple genes
in multiple metabolic pathways will be difficult to interpret for the average con-
sumer. Hence, a key need for translating nutrigenomics tests from academic knowl-
edge to real-world utility will be genetic and nutritional counselors capable of
interpreting genetic tests and linking that knowledge to specific nutrients and
diets.

In the not too distant future, sufficient data will be available for food companies
to design medical or consumer-oriented foods targeted to specific genotypes. It is
not difficult to imagine a medical food targeted to patients with one of the T2DM
subphenotypes such as hyperinsulinemia, and a different medical food designed for
another T2DM patient whose metabolic profile suggests the primary cause of disease
is insulin resistance. This is an example of market segmentation for health and well-
ness. These products may be sold direct to the consumer once genetic data can
provide better certainty for genetic susceptibility for different subtypes of disease.
Some have predicted that a shift in cultural attitudes will be required because of the
probabilistic nature of genetic testing (see Chapter 17 in this volume).
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Blurring the Line: Food and Drugs

Our growing knowledge of nutrient—gene interactions and the bioactive components
of foods that prevent disease is causing researchers, government regulators, and
public policy makers to rethink the distinction between medicine and foods, as
defined by the Food and Drug Administration. Naturally occurring chemicals in
foods have dramatic effects on the cell processes responsible for health and disease.
Hence, purified or complex mixtures of bioactive nutrients are likely to be used for
disease prevention and management.

Modern pharmaceuticals evolved from thousands of years of traditional lore
concerning the uses of plants and herbs as medicines. Research efforts over the past
100 years have led to the widespread adoption of Paul Elrlich’s principles of
(chemo)therapy [136]:

+ Drugs need not be of natural origin and could be developed by planned chemi-
cal synthesis.

+ Systematic exploration of structure—function relationship distinguishing thera-
peutic activity from toxicity.

+ Maximization of the ratio of dose required to cure disease to dose producing
toxicity (broad therapeutic index).

+ The importance of developing animal models of diseases for quantitative
measurements of both therapeutic potency and toxicity.

Nutrients from foods fit these criteria and large segments of the population are
consuming supplements in the desire to improve health, prevent disease, and delay
the onset of age-related disease. However, the growing interest, acceptance, and use
of dietary supplements, not to mention herbal medicines [137], has outpaced the
scientific, medical [138], and food industries’ ability to carefully analyze their com-
bined and independent activities, effectiveness, and safety [136, 139]. Although
government agencies like the FDA are charged with ensuring the purity, truth in
labeling, safety, and effectiveness of foods and drugs, the 1994 Dietary Supplement
Health and Education Act (DSHEA) essentially eliminated all government controls
of safety and efficacy for dietary supplements [136]. The DSHEA changed the regu-
latory climate, shifting to the FDA the responsibility for certifying that a product is
unsafe. The ramifications of the DSHEA are significant for the present market and
for the future of marketing food products based on nutritional genomics research.
The most important need will be for safety and efficacy data for isolated nutrients
or nutrient mixtures since dosages cannot be ascertained easily from genotype alone
(at least as currently analyzed), and certain genotypes may be at risk for those doses
or combinations of nutrients. Since traditional nutrients and some phytonutrients will
be considered as generally regarded as safe (GRAS), the distinction between medi-
cine and food will be further blurred. Nutrigenomics, by definition, will require
clinical validation of effects, including safety, in the target market segment. There
is an opportunity and a growing need for a new regulatory framework that will
accommodate emerging science as well as deliver consumer benefits and afford
consumer protection [140].
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1.13 RESEARCH ETHICS AND GENETIC PRIVACY

Acquiring and eventually applying nutritional genomics data and information poses
special ethical and public policy concerns for individuals and for society. To
discover gene—nutrient—phenotype associations, it is necessary to develop a com-
plete biological and cultural description of an individual. This may include highly
personal and confidential genetic information, a medical history, cultural and
religious practices, and eating habits. Since any one individual is a unique combina-
tion of genes and environment (and their interactions), the probability of a given
genotype, diet, and life style for health or disease prevention must be calculated
from data obtained from a large number of individuals. Different cultures, groups,
and individuals may have different beliefs and laws concerning the acquisition
and use of such data. Chapter 18 in this volume describes a life-long learning goal
called cultural humility, which may be applied not only for its intended goals for
reducing health disparities (see below), but also for research efforts in nutritional
genomics.

The application of nutrigenomics in clinics or the marketplace presents moral
and ethical issues similar to those faced by pharmacogenomics or other forms of
genetic testing. The fears are that the confidentiality of DNA testing information
will be violated and this information may be used by employers, insurance com-
panies, and the criminal justice system to discriminate against certain individuals,
particularly members of certain racial/ethinic groups, the disabled, the poor, and
the uninsured. In spite of the fact that every individual is susceptible to one or more
chronic diseases, these fears and the potential misuse of a person’s genetic data
are real and must be addressed individually and by society. The Joint Centre for
Bioethics at the University of Toronto has taken the lead in these early discussions
and a review of their well-researched thoughts are presented in Chapter 19 in this
volume.

1.14 HEALTH DISPARITIES

The landmark 1985 report, the U.S. Secretary’s Task Force Report on Black and
Minority Health [141], revealed that certain minority populations exhibit higher
incidence and severity of many chronic diseases including diabetes [142], obesity
[143, 144], asthma [144], cardiovascular diseases (CVDs) [145, 146], and certain
cancers [147]. Similar health disparities exist in New Zealand, Canada, Australia
[148], and England [149]. For example, men with African admixture in the United
States have 60% greater risk of prostate cancer diagnosis and two to three times
greater mortality than European admixture men [150]. Genetic differences alone,
however, cannot explain these health disparities since the incidence of prostate
cancer in Africa has increased from 1960 to 1997 [151] and is now approximately
as prevalent as in the United States [152, 153]. Social and cultural attitudes among
health-care workers, researchers who design health studies to identify causative
genes, access to medical care, insurance, environmental factors, and attitudes in both
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the minority and general population also contribute significantly to minority health
disparities (e.g., [149, 154]).

The Center of Excellence in Nutritional Genomics at the University of
California at Davis and its collaborators at the Children’s Hospital of Oakland
Research Institute (CHORI), the Ethnic Health Institute of Oakland, and the USDA’s
Western Human Nutrition Research Center (WHNRC) at UC Davis are investigating
how individual genetic variation may exacerbate diet as a risk factor for disease and
how dietary intervention based on knowledge of nutritional status, nutritional
requirements, and genotype can remedy or ameliorate disease symptoms.

Nutrigenomics researchers seek to identify and characterize genes regulated by
naturally occurring chemicals in foods and the subset of those genes that influence
balance between healthy and disease states. Such knowledge is necessary but not
sufficient to address health disparities observed in ethnic populations and the poor.
Achieving and maintaining optimum health care can be assisted by (1) developing
better approaches to human association studies that recognize the importance of
population stratification in ethnically mixed populations, (2) incorporating concepts
and data from dietary histories in association studies, (3) educating health-care pro-
fessionals about the nonbiological factors contributing to health disparities such as
stereotyping, bias, racism, and other bad practices in biomedical research and health-
care delivery (see Chapter 18 in this volume), and (4) establishing community out-
reach and education programs intended to inform ethnic groups and the poor about
the importance of good nutritional habits as they relate to their particular genetic
makeup, and to disseminate existing information about health matters, including
health disparities. Unraveling the causes of health-care disparities will require
multidisciplinary teams communicating and collaborating on all aspects of the soci-
etal and biological problem.

1.15 PUBLIC AND INTERNATIONAL POLICIES

Nutritional genomics research, in its early stage, has focused on chronic diseases of
economically developed nations such as obesity, CVDs, and T2DM. These are afflic-
tions that could be avoided by ~90% of the population by eating less and exercising
more. Chronic diseases affect several billion individuals in developed countries, and
recently the incidence of these diseases has been increasing dramatically in less
developed countries. T2DM is a case in point: by 2025, 300 million people age 20
and older will have diabetes. The incidence is expected to increase 42% in developed
countries, but 170% in developing countries [126]. The increases are concentrated
in urban areas, but rural areas are facing or will face similar pressures in the near
future. Most of the increase in these diseases is caused by individuals in developing
countries adopting Western foods and life styles. Although these increases may seem
to have little to do with nutritional genomics on the surface, certain thrifty genotypes
are thought to be more susceptible to high-fat and high-calorie foods and inactivity
levels found in developed countries [8]. The genetic and molecular differences that
produce the thrifty genotype [21, 155, 156], which are likely to be a collection of
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variants in genes involved in regulatory and metabolic functions, have not been
identified.

At the same time that developing countries are struggling with surges in chronic
diseases, over two billion of the world’s citizens face undernourishment—a signifi-
cant health problem especially for the young, old, and women. Malnutrition early
in life establishes a pattern where children cannot reach full mental and metabolic
potential (e.g., [21])—a condition passed on from generation to generation. Breaking
this cycle has proved to be a challenge for governments and the international nutri-
tion and public health communities. Although most knowledgeable observers contend
that political action and public policy decisions could alleviate malnutrition world-
wide (e.g., [157]), nutritional genomics nevertheless contributes significantly to
alleviation of world health problems by a two-step procedure: analyzing data of
chronic diseases in socioeconomically privileged societies, and comparing responses
to nutrients in individuals from different geographical ancestral groups.

The rationale for these two steps is simple although complex in execution and
costs: analyzing nutrient—gene interactions is best done through comparative analy-
ses—that is, analyzing biological responses between individuals of one ancestral
group (i.e., similar genetic makeup [158]) against the response of individuals from
another ancestral group. Valuable insights into biology are often discovered by
comparing between states: a whole generation of scientists learned to compare
events and processes between disease and normal tissue, for example. Similarly,
understanding biological processes is best accomplished by comparing responses to
diet (or physical activity, or other life-style choices) between different individuals
who differ significantly in genotype but who are otherwise healthy. That is, the
association between diet and nutrients reveals itself when it differs among geneti-
cally unique individuals.

Many nutrigenomics researchers therefore expect that addressing the health
issues in developed countries must be done by comparisons among different genetic
makeups and environments throughout the world [129]. As a part of that analysis,
the differences observed among different ancestral populations is likely to identify
nutrients and supplements best suited for individuals sharing similar nutrigenomic
profiles regardless of their geographic origin. Such evidence-based nutrient recom-
mendations can then be developed for subgroups in a population, allowing those
individuals to bypass the deleterious diets developed and eaten in more privileged
countries. Such studies may identify the gene variants of the thrifty genotypes
[155].

Neither nutrigenomics research nor its applications can by themselves solve the
complex problems faced by individuals in either developed or developing countries.
Nutrigenomics can, however, provide data, explanations, and advice for public
policy experts throughout the world for treating and preventing chronic diseases,
and for targeting specific policies for reducing or eliminating malnutrition. The latter
is of particular importance with the growing awareness that maternal and early
childhood nutrition may program health or disease (reviewed in [21]). Such knowl-
edge will allow policy planners and implementers to spend limited resources in ways
to effect the most change in both developing and developed countries.
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1.16 CONCLUSION

It is a truism that progress in science and technologies will generate useful knowl-
edge from genomic, nutritional, disease, social, and ethical endeavors. The integra-
tion of these efforts is a systems approach unlike any in human history. The newly
expanded breadth of nutritional genomics research that encompasses environmental,
social and cultural, and dietary influences on expression of genetic information can
direct the development of comprehensive answers to questions of individual suscep-
tibility to health and wellness. These efforts can, with foresight and persistence, be
implemented for the benefit of all the world’s peoples.
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2.1 INTRODUCTION

In this brief presentation I will attempt to summarize from the perspective of an
epidemiologist what we have learned in the last ten to fifteen years about the role
of nutrition in the prevention of major chronic disease. I will point out ways in which
the integration of genetic information into research on diet and health is already
adding to our insights.

2.2 CONSIDERATIONS IN DEFINING AN OPTIMAL DIET

Traditionally, animal experiments and small human metabolic studies formed the
basis of dietary recommendations. The primary objective was to prevent signs and
symptoms of nutrient deficiencies. Evidence is now clear that intakes of micronu-
trients that are sufficient to prevent classical clinical manifestations of deficiency
may still be suboptimal for long-term optimal function and health. The most striking
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example has been the fact that the majority of neural tube defects in newborns can
be prevented by supplementation of folic acid, even in populations without clinical
evidence of folic acid deficiency. Many other examples relating to cancers, cardio-
vascular disease, fractures, and other chronic diseases have been identified.

Inevitably, the study of chronic disease in humans has required epidemiologic
approaches. Until recently, these largely consisted of international comparisons and
case—control studies, which examined dietary factors retrospectively in relation to
cancer and other diseases. Now, large prospective studies of many thousands of
persons are providing data based on both biochemical indicators of diet and dietary
questionnaires that have been rigorously validated [1]. Ideally, each potential rela-
tionship between diet and a health outcome would be evaluated in a randomized
trial, but this is often not feasible due to practical constraints. The best available
evidence will be based on a synthesis of epidemiologic, metabolic, animal, and
mechanistic studies.

For many years nutritionists have recognized that individuals differ in their
response to nutrient intakes. Well-documented examples include the response of
serum cholesterol to dietary cholesterol [2] or the change in blood pressure with
sodium intake [3]. The elucidation of the human genome and rapid identification of
polymorphisms in almost all genes are creating new opportunities to individualize
dietary guidance. For example, a homozygous polymorphism in the methylenetet-
rahydrofolate reductase (MTHFR) gene, present in about 10% of the population,
increases the amount of dietary folic acid needed to minimize blood levels of homo-
cysteine [4]. However, this does not necessarily mean that special dietary guidance
needs to be given to those persons. Although we could now easily screen for MTHFR
polymorphisms and give individualized dietary advice, this is probably not a logical
strategy. First, other functionally important polymorphisms in genes related to folic
acid requirements will probably be discovered. Second, having different dietary
advice for folic acid for different persons would create considerable complexity
within populations and even within families. Because these variations probably exist
for almost every nutrient, the possible combinations are almost infinite and would
mean that each person would have a unique dietary recommendation. An alternative
is to define healthy diets that would be sufficiently high in folic acid to meet the
needs of this subset of the population. This has been the general approach in setting
RDAs, whereby a margin of error has been added above average requirements to
include individual variations in nutrient needs. This is an appropriate approach when
variation in requirements is known to exist and we have no practical way of identify-
ing individuals with different requirements or the reason for these differences; it will
often still be a reasonable strategy even though we have the potential to identify
individual differences in requirements. For treatment, individualized approaches are
more readily justified because a specific pathway is perturbed and needs to be tar-
geted, whereas in prevention many potential pathways need to be protected. Thus,
for example, different dietary approaches based on genetic information may be pre-
scribed for the treatment of hypercholesterolemia.

Even if genetic characteristics are not used to individualize dietary advice, the
ability to identify individuals with different requirements will allow more detailed
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studies to ensure that their needs are being met by overall recommendations. Also,
the integration of information on genetic polymorphisms into studies of diet and
disease can enhance the power of a study and greatly aid in the interpretation of
findings. As described by Ames [5], for example, the observation that a functionally
important polymorphism in the MTHFR gene is associated with colon cancer pro-
vides important evidence that a relation between low folate intake and risk of colon
cancer is causal.

2.3 DIETARY FAT AND SPECIFIC FATTY ACIDS

Recommendations on diet and health have until recently emphasized reductions in
total fat intake, usually to 30% of energy or less [6, 7], to decrease coronary heart
disease (CHD) and cancer. The classical diet-heart hypothesis has rested heavily on
observations that total serum cholesterol levels predict CHD risk; serum cholesterol
has thus functioned as a surrogate marker of risk in hundreds of metabolic studies.
These studies, summarized as equations by Keys [8] and Hegsted [9], indicated that,
compared to carbohydrates, saturated fat increases and polyunsaturated fat decreases
serum cholesterol, whereas monounsaturated fat has no influence. These widely used
equations, while valid for total cholesterol, have become less relevant with the rec-
ognition that the high-density lipoprotein cholesterol fraction (HDL) is strongly and
inversely related to CHD risk, and that the ratio of total cholesterol to HDL is a
better predictor [10—13]. Substitution of carbohydrate for saturated fat (the basis of
the American Heart Association diets) tends to reduce HDL as well as total and
low-density lipoprotein (LDL) cholesterol; thus, the ratio does not change apprecia-
bly [14]. In contrast, substituting monounsaturated fat for saturated fat reduces LDL
without affecting HDL, thus providing an improved ratio [14].

In Keys’ pioneering ecologic study of diets and CHD in seven countries [15,
16], total fat intake had little association with population rates of CHD. Indeed, the
lowest rate was in Crete, which had the highest fat intake due to the large consump-
tion of olive oil, but saturated fat intake was positively related to CHD. In contrast
to international comparisons, little relationship has been seen with saturated fat
intake in prospective studies of individuals [1, 17, 18]. Some studies, however, tend
to support a modest association between dietary cholesterol and CHD risk [19], and
inverse associations have been seen with polyunsaturated fat [17, 18]. Similarly,
dietary intervention trials have generally shown little effect on CHD incidence when
carbohydrate replaces saturated fat, but replacing saturated fat with polyunsaturated
fat has reduced incidence of CHD [20-23]. At intakes within the dietary range, the
benefits of omega-3 fatty acids appear to be primarily in the prevention of fatal
arrhythmias that can complicate CHD, rather than in prevention of infarction [24—
26]. The amount of omega-3 fatty acids needed to prevent arrhythmia is remarkably
small—on the order of 1g/day or less [26]—and fish consumption twice a week
appears to provide most of the potential reduction of sudden death [27].

Trans fatty acids are formed by the partial hydrogenation of liquid vegetable
oils in the production of margarine and vegetable shortening and can account for as
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much as 40% of these products. Trans fatty acids increase LDL and decrease HDL
[28-33], raise the proportion of small, dense, and atherogenic LDL particles [34],
raise Lp(a) [32, 35], and increase inflammatory markers that have been related to
CHD risk [36, 37]. In the most detailed prospective study, trans fatty acid intake
was strongly associated with risk of CHD [18] and, as predicted by metabolic
studies, this association was stronger than for saturated fat. The association between
trans fatty acid intake [38] and risk of CHD has been confirmed in other prospective
studies. The FDA has announced that food labeling will be required to include the
trans fat content as of 2006.

The relation between dietary fat and risk of type 2 diabetes appears to be similar
to that for CHD [39]. The overall percentage of fat does not appear to be related to
risk. However, consistent with its effect on insulin resistance, polyunsaturated fat is
inversely associated with risk; and trans fat has been positively associated with risk
[39], which may be explained by its effects on inflammatory markers noted above.
Consumption of red meat, particularly processed red meat, has been associated with
greater risk [40].

The belief that decreases in dietary fat would reduce the incidence of cancers
of the breast, colon and rectum, and prostate has been one justification for low-fat
diets [6, 41]. The primary evidence has been that countries with low fat intake (also
the less affluent areas) have had low rates of these cancers [41, 42]. These correla-
tions have been primarily with animal fat and meat intake, rather than with vegetable
fat consumption. The hypothesis that fat intake increases breast cancer risk has been
supported by most animal models [43, 44], although no association was seen in a
large study that did not use an inducing agent [45]. Moreover, much of the effect of
dietary fat in the animal studies appears to be due to an increase in total energy
intake, and energy restriction profoundly decreases incidence [43, 45, 46]. Data from
many large prospective studies, including approximately 8000 cases in over 300,000
women, have been published [47]. In none of these studies was the risk of breast
cancer significantly elevated among those with the highest fat intake, and the
summary relative risk for the highest vs lowest category of dietary fat composition
was 1.03 [47]. In the largest study [48], no reduction in risk was seen even below
20% of energy from fat. Thus, over the range of fat intake consumed by middle-aged
women in these studies, which included the present dietary recommendations, dietary
total fat does not appear to increase breast cancer risk. Recently, higher intake of
animal fat, particularly from dairy products, during the premenopausal years was
associated with a greater risk of breast cancer. Vegetable fat was not associated with
risk of breast cancer in this study, suggesting that some components of animal foods
rather than fat per se may increase risk [49].

Associations between animal fat consumption and colon cancer incidence have
been seen in some [50-52], although not all, studies [53], whereas little relation
has been seen with vegetable fat. However, the associations between red meat
consumption, particularly processed meats, and colon cancer have been even stron-
ger than the association of fat in some analyses [51, 54]. These data suggest that
relationships with red meat are due to components other than fat, such as heat-
induced carcinogens [55] or the high content of readily available iron [56]. Like



CARBOHYDRATES 41

breast and colon cancer, prostate cancer rates are much higher in affluent compared
to poor and Eastern countries [42]. More detailed epidemiologic studies are few,
but associations with animal fat or red meat consumption have been suggested in
some prospective studies [57, 58]. A positive association has been seen between
intake of alpha-linolenic acid, primarily attributable to consumption of fat from red
meat [59].

Overweight is an important cause of morbidity and mortality, and short-term
studies have suggested that reducing the fat content of the diet induces weight loss
[60]. However, in randomized studies lasting a year or longer, reductions in fat to
20-25% of energy had minimal effects on overall long-term body weight [61].

In summary, there is little evidence that dietary fat per se is associated with risk
of CHD. Metabolic and epidemiological data are consistent in suggesting that intake
of partially hydrogenated vegetable fats should be minimized. Metabolic studies,
epidemiologic observations, and randomized trials support a reduction in saturated
fats, but these data suggest that the benefits will be small if carbohydrate rather than
unsaturated fat replaces the saturated fat. Definitive data are not available on the
optimal intake of polyunsaturated and monounsaturated fats, but the metabolic data
as well as the experience of Southern European populations suggest that consuming
a substantial proportion of energy as monounsaturated fat would be desirable. Avail-
able evidence also suggests that total fat reduction would have little effect on breast
cancer risk, although reducing red meat intake may well decrease the incidence of
colon cancer and possibly prostate cancer.

2.4 CARBOHYDRATES

As protein varies only modestly across a wide range of human diets, higher carbo-
hydrate consumption is, in practice, the reciprocal of a low-fat diet. For reasons
discussed under the topic of fat, a high-carbohydrate diet can have adverse metabolic
consequences. In particular, such diets are associated with an increase in triglycer-
ides and a reduction in HDL cholesterol [13], and these adverse responses are
aggravated in the context of insulin resistance [62, 63].

The traditional distinction between simple and complex carbohydrates is not
useful in dietary recommendations, because some forms of complex carbohydrates,
like starch in potatoes, are rapidly metabolized to glucose. Instead, emphasis is better
placed on whole grain and other less-refined complex carbohydrates as opposed to
the highly refined products and sugar generally consumed in the United States.
Adverse consequences of highly refined grains appear to result from the rapid diges-
tion and absorption of these foods, as well as from the loss of fiber and micronutri-
ents in the milling process. The glycemic response after carbohydrate intake, which
has been characterized by the glycemic load, is greater with highly refined foods as
compared to less-refined, whole grains [64]. The greater glycemic response due to
highly refined carbohydrates is accompanied by increased plasma insulin levels and
augments the other adverse metabolic changes due to carbohydrate consumption
noted above to a greater degree than with less-refined foods [65]. Higher intakes of
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refined starches and sugar, particularly when associated with low fiber intake, appear
to increase the risk of noninsulin-dependent diabetes [66, 67] and possibly risk of
CHD [68].

The adverse metabolic response to high intake of refined starches and sugar,
which we have characterized as a high glycemic load, appears to be modified
by the underlying degree of insulin resistance. This was described by Jeppesen
and colleagues [63, 69], who noted that the adverse effects of high carbohydrate
intake on metabolic markers of the insulin resistance syndrome were strongly
correlated with baseline insulin resistance. This relation has been confirmed in
population studies showing a much stronger relation between the dietary glycemic
load and blood triglyceride levels [65] and risk of CHD [68] among persons with
a greater body mass index, a major determinant of insulin resistance. The implica-
tion is that a person who is lean and active can better tolerate a high-carbohydrate
diet than someone who is less active and overweight. This also has important
implications on a population basis because of strong evidence that most Asian
groups have a higher prevalence of insulin resistance for genetic reasons compared
to European populations [70]. Neel [71] had earlier described this as the “thrifty
gene.” Until recently, these populations were generally highly active and lean, and
thus protected from the adverse effects of this genetic predisposition. However,
with the reductions in activity and gains in body weight that typically accompany
a modern life style, the ability to tolerate a diet high in refined carbohydrates
diminishes.

In contrast to refined starches, higher intake of fiber from grain products
has consistently been associated with lower risks of CHD and diabetes [39, 72].
Whether these benefits are mediated by only fiber per se or in part by the accom-
panying micronutrients is not clear, but for practical reasons this distinction is
not essential. Anticipated reductions in colon cancer risk by diets high in grain
fiber have not been supported in most prospective studies [73, 74]. However,
reduced constipation and risk of colonic diverticular disease [75] are clear benefits
of such diets.

The importance of micronutrients in the prevention of many chronic conditions
has reemphasized the problem of “empty calories” associated with diets high in
sugar and highly refined carbohydrates. In the standard milling of white flour, as
much as 60-90% of vitamins B¢ and E, folate, and other nutrients are lost [76]; this
may be nutritionally critical for persons with otherwise marginal intakes. Thiamin,
riboflavin, folate, and niacin are presently replaced by fortification, but other nutri-
ents remain substantially reduced.

2.5 PROTEIN

Average protein consumption in the United States substantially exceeds conven-
tional requirements [6], and adequate intake can be maintained on most reasonable
diets. Optimal protein intake has been widely debated and high intakes are advocated
in many popular diets, but long-term data are limited. Substituting protein for car-
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bohydrate improves blood lipids and has been associated with lower risk of CHD
[77].

The specific sources of dietary protein do have important implications for long-
term health, probably more related to the other constituents of these foods than to
the protein per se. As noted above, fish consumption is related to lower risk of sudden
cardiac death, probably due to its content of N-3 fatty acids. Also, regular consump-
tion of nuts has been inversely related to risk of CHD in multiple studies [78] and
type 2 diabetes [79], likely due to their high content of unsaturated fatty acids and
possibly also to their high content of micronutrients and other phytochemicals. Soy
products are high in polyunsaturated fatty acids and would presumably be beneficial
with regard to CHD risk, but little direct evidence is available, and the same applies
to other legumes. Poultry fat is relatively unsaturated compared to that of red meat,
which is the primary contributor to saturated fat intake in the U.S. diet. Not surpris-
ingly, the dietary ratio of red meat to chicken plus fish has been positively related
to risk of CHD [80]. As noted above, consumption of red meat, particularly pro-
cessed meats, has also been related to risks of several cancers and type 2 diabetes.
This extensive body of evidence supports the replacement of red meat with a com-
bination of nuts, fish, poultry, and legumes as protein sources for overall long-term
health.

2.6 VEGETABLES AND FRUITS

A generous intake of vegetables and fruits [6] has been largely justified by antici-
pated reductions in cancer and cardiovascular disease. However, more recent cohort
studies have tended to show a much weaker—or no—relation between overall fruit
and vegetable consumption and risks of common cancers [81, 82]. The possibility
remains for a small overall benefit, or benefits only of specific fruits or vegetables,
against specific cancers. For example, considerable evidence suggests that lycopene,
mainly from tomato products, reduces risk of prostate cancer, but overall consump-
tion of fruits is unrelated to risk [83].

In contrast to the data for cancer, the epidemiologic evidence quite consistently
supports a benefit of higher intake of fruit and vegetable consumption for the preven-
tion of cardiovascular disease [72, 82, 84]. Evidence that elevated blood homocys-
teine is an independent risk factor for coronary heart and cerebrovascular disease
[85, 86], and that homocysteine levels can be reduced by increasing folic acid intake
[87], suggest one mechanism. Evidence that the low-activity genotype of MTHFR
is associated with increased risk of coronary heart disease adds indirect but important
support for the benefit of higher folic acid intake [88]. High intake of vegetables
reduces blood pressure [89]; potassium is likely the most important contributing
factor [90].

Other benefits of higher fruit and vegetable intake are likely to include lower
risk of neural tube defects, the most common severe birth defect [91], due to higher
folic acid intake. Intake of the carotenoids lutein and zeaxanthin, which are high in
green leafy vegetables, has been inversely related to risk of cataracts [92, 93].
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2.7 CALCIUM AND DAIRY PRODUCTS

Recommendations to maintain adequate calcium intake [6] and to consume large
amounts of dairy products on a daily basis [94] derive primarily from the importance
of calcium in maintaining bone strength. Calcium supplements when combined with
vitamin D have reduced fracture incidence in some studies [95], but benefits of
calcium cannot be distinguished from those of vitamin D. Uncertainty remains
regarding the optimal calcium intake. Intakes of 1200 mg/day or higher are recom-
mended for those over 50 years of age in the United States [96], whereas a more
recent review in the United Kingdom concluded that 700 mg/day was adequate [97].
Many populations have low fracture rates, despite minimal dairy product consump-
tion and low overall calcium intake by adults [98]. Several large prospective studies
have directly addressed the relation of dairy product consumption to fracture inci-
dence; higher consumption of calcium or dairy products as an adult has consistently
not been associated with lower fracture incidence [99, 100]. At best, the benefits of
high calcium intake are minor compared with those from regular physical activity
[101, 102] or additional vitamin D [99].

Inverse associations have been reported between calcium intake and blood pres-
sure in some studies [103], but in a review of supplementation trials little overall
effect was seen [104]. Low calcium and low dairy product consumption is associated
with a modestly elevated risk of colon cancer [105], but most benefits appear to be
achieved with calcium intake of about 800 mg/day. Evidence from a randomized trial
in which calcium supplementation modestly reduced colon adenoma recurrence adds
important evidence of causality to the epidemiologic studies [106].

Although recommended calcium intakes can be achieved by a high consump-
tion of greens and certain other vegetables, greatly increased intakes would be
required for most women to achieve currently recommended levels by diet without
regular use of milk and other dairy products. However, calcium supplements are
an inexpensive form of calcium without accompanying calories or saturated fat.
Thus, dairy product consumption can be considered an optional rather than a neces-
sary dietary component. Enthusiasm regarding high dairy consumption should also
be tempered by the suggestion in many studies that this is associated with increased
risks of advanced or fatal prostate cancer [107, 108]. Whether an increased risk is
due to the calcium, endogenous hormones, or other factors in milk remains
uncertain.

2.8 SALT AND PROCESSED MEATS

Reduction of salt (sodium chloride) intake from an average of approximately
8—10g/day to less than 6 g/day will, on average, modestly decrease blood pressure.
In a comprehensive review, Law et al. [109] estimated that a 3 g/day reduction would
translate to a reduction in the incidence of stroke by 22% and of CHD by 16%.
Although the decrease in risk of cardiovascular disease achieved by reducing salt
consumption is modest for most individuals, the overall number of deaths potentially
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avoided is large, supporting policies to reduce salt consumption, particularly in
processed foods and by institutions.

In many case—control studies, the consumption of salty and pickled foods has
been associated with stomach cancer [58]. However, as this cancer is relatively rare
in the United States, further benefit from reducing salt intake would be small.

2.9 ALCOHOL

Many adverse influences of heavy alcohol consumption are well recognized, but
moderate consumption has both beneficial and harmful effects, greatly complicating
decisions for individuals. Overwhelming epidemiologic data indicate that moderate
consumption (1-2 drinks/day) reduces risk of myocardial infarction [110, 111] by
approximately 30-40%. Although this effect has been hypothesized to be the result
of antioxidants in red wine, similar protective effects for equivalent amounts of
alcohol have been seen for all types of alcoholic beverages [112, 113]. The relation
between alcohol and cardiovascular disease provides another example where infor-
mation on genotype can contribute to the interpretation of epidemiologic evidence.
Specifically, the inverse relation between alcohol consumption and risk of myocar-
dial infarction was seen primarily among persons with the slow metabolizing geno-
type of alcohol dehydrogenase-3 [114], which provides further evidence that alcohol
per se is the primary protective factor in alcoholic beverages.

On the other hand, modest positive associations with risk of breast cancer inci-
dence have been observed in more than 30 studies [115] for similar levels of alcohol
intake, possibly in part because alcohol appears to increase endogenous estrogen
levels [116, 117]. The overall effect of alcohol, as represented by total mortality,
appears beneficial for up to about 2 drinks/day in men [118]. Overall, a similar rela-
tion with total mortality is seen among women, but no net benefit was observed
among those at low risk of CHD because of younger age or lack of coronary risk
factors [119]. Several studies suggest that the adverse effects of alcohol on cancer
risk may be mitigated by adequate intake of folate [120].

2.10 VITAMIN AND MINERAL SUPPLEMENTS

The role of vitamin supplements and food fortification has been debated on both a
philosophical and scientific level. Some nutritionists have believed as a matter of
principle that nutritional needs should be met by diet alone, and the U.S. Dietary
Guidelines are set based on this philosophy. However, often this is not possible, for
example, when iodine levels are low in the soil, and iodine fortification has been a
great public health advance. Also, a large percentage of the U.S. population appears
to have suboptimal blood levels of vitamin D, largely due to limited solar exposure
at northern latitudes during the winter. In addition, low incomes and limited access
can be serious barriers to optimal food intakes; to achieve the recommended 400 g/
day of folic acid by diet alone can be difficult for many low-income groups. Many
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of these shortcomings can be remedied efficiently and effectively by some combina-
tion of fortification and supplementation.

Only recently have data become available that address the effects of vitamin
supplements against the background of actual diets in the United States, which
appear far from ideal [121]. The most firmly established benefit is that folic acid
supplements in the amounts contained in multiple vitamins can reduce the risks of
neural tube defects by approximately 70% [122]. This is probably an indicator of
more widespread consequences of suboptimal folate intakes; inverse associations
have also been seen with colonic neoplasias [123] and breast cancer [120]; and low
folate intake, along with suboptimal vitamin B, is likely to contribute to elevated
blood homocysteine levels and risk of cardiovascular disease [86, 124]. Since 1998,
grain products in the United States have been fortified with folic acid; the extent to
which this has reduced the value in taking supplemental folic acid is unclear, but
there are still some Americans who have intakes below the RDA of 400 ug/day [125].
Many elderly persons have suboptimal vitamin B, status, due mainly to loss of
stomach acid, which is needed to liberate vitamin B, from food sources. In contrast,
vitamin B, in supplements or from fortified food sources is readily absorbed without
stomach acid.

The majority of the U.S. population appears to have suboptimal blood levels of
vitamin D, as assessed by their relation to bone density [126]. That is, vitamin D
levels in blood are directly and nearly linearly related to bone density, suggesting
that the majority of Americans do not have optimal vitamin D levels. As natural
sources of vitamin D are few (mainly fish), and recommendations to increase sun
exposure would lead to elevations in skin cancer, increases in supplementation and
fortification are the only viable options. The current RDA of 400 pg/day is far too
low to achieve optimal levels, and intakes of at least several times this amount are
probably desirable [127].

In a randomized trial conducted in a region of China with low consumption of
fruits and vegetables, a supplement containing beta-carotene, vitamin E, and sele-
nium reduced incidence of stomach cancer [128]. In a recent study conducted among
Tanzanian women infected with HIV, a multiple vitamin containing B vitamins,
vitamin E, and vitamin C reduced progression of the disease and HIV-related mortal-
ity [129]. Whether these benefits would be seen in the background of dietary intakes
in the United States is not clear.

Any recommendation for use of nutritional supplements should carefully
consider possible adverse effects. One of the few adverse effects of vitamin supple-
ment use at the RDA level appears to be an increase in risk of hip fractures due to
vitamin A, when consumed as 50001U/day in the form of retinol. Higher intake of
preformed vitamin A (retinol) has been associated with excess risk of hip fracture
in prospective studies [130, 131], and elevated risks were seen for both use of
multiple vitamins and specific supplements of vitamin A. Also, serum retinol levels
have been associated with future risk of fractures [132]. These effects may be due
to competition at the vitamin D receptor [133] and might not have occurred if
vitamin D levels were adequate. The amount of retinol in most multiple vitamins
has been reduced.
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Current evidence, although far from complete, suggests that supplements
of folate and possibly other vitamins, at the RDA level contained in most nonpre-
scription multivitamin preparations, may have substantial benefits for at least
an important subgroup of the U.S. population, perhaps characterized in part
by increased requirements or by suboptimal diets. As intakes of folate as well as
other micronutrients appear marginal for many Americans [121, 134], the risks of
using multivitamins appear minimal; and as the cost of supplements is low (espe-
cially compared to that of fresh fruits and vegetables), the use of a daily multiple
vitamin appears rational for the majority of Americans. This case has been made
earlier by Ames [135], and recent data have added further support for this strategy.
Continued research to optimize the contents of multiple vitamin preparations is
important.

2.11 POTENTIAL IMPACT OF OPTIMAL DIET AND
LIFE-STYLE CHANGES

The various lines of evidence described above have identified many aspects of diet
that can have important health benefits. From comparisons of disease rates in dif-
ferent countries and the experience of populations who migrate from low- to high-
risk countries, we know that the potential for disease prevention by nongenetic
factors is large. For example, in Keys’ Seven Countries study the rates of heart
disease in Crete and rural Japan were only about one-tenth those of the United States,
and rates of colon cancer in the past also differed to a similar degree [42]. The
specific aspects of life style, and whether such changes are practically attainable in
a modern society, cannot be determined from such data. We have therefore con-
ducted a series of analyses in our large cohort studies to address these questions.
To identify the potential for prevention of myocardial infarction or death
due to coronary heart disease, we defined a low-risk group within the Nurses’
Health Study using variables for which the evidence of causality is strong [136].
Specifically, the low-risk group was not to currently smoke, have a BMI below
25kg/m?, have 30min/day of moderate to vigorous physical activity, be in the upper
half of a healthy diet score (based on low trans fat, high P: S fatty acid ratio, high
whole grain intake, fish intake twice a week or more, and on attaining the RDA
for folic acid), and drink 5 grams or more per day of alcohol. Although these all
involved quite modest changes, we found that only 3.1% of the Nurses’ Health
Study was in this low-risk group. However, based on 14 years of follow-up,
we calculated that over 80% of coronary heart disease in this population could
have been prevented had the whole group adopted these behaviors. Most of these
same variables (with the exception of folic acid and fish intake) are also related to
risk of type 2 diabetes, and we found that over 90% of type 2 diabetes could
potentially have been avoided by adoption of these behaviors [137]. In a similar
analysis that also included consumption of red meat, we found that over 70% of
colon cancer cases were potentially avoidable [138]. Thus, the potential for disease
prevention by modest dietary and life-style changes that are readily compatible
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with life in the 21st century is enormous. Further refinements, for example, by
including adequate vitamin D intake, should further improve our ability to prevent
major diseases.

2.12 CONCLUSION

Any description of a healthy diet must be made with the recognition that information
is currently incomplete and conclusions are subject to change with new data. Most
of the major diseases contributing to morbidity and mortality in the United States
develop over many decades, and large-scale nutritional epidemiologic studies have
only begun in the last 25 years; thus, a full picture of the relation between diet and
disease will require additional decades of careful investigation. Nevertheless, in
combining available metabolic, clinical, and epidemiologic evidence, several general
conclusions that are unlikely to change substantially can be drawn.

1. Staying lean and active throughout life will have major health benefits.
Because most members of developed countries work at sedentary jobs,
weight control will usually require conscious daily physical activity, as well
as some effort to avoid overconsumption of calories.

2. Dietary fats should be primarily in the form of nonhydrogenated plant oils.
Butter and lard, and fat from red meat should be used sparingly, if at all, and
trans fatty acids from partially hydrogenated vegetable oils should be
minimized.

3. Grains should be consumed primarily in a minimally refined, high-fiber
form, and intakes of refined starches and simple sugars should be low.

4. Vegetables and fruits should be consumed in abundance (five servings/day
is minimal) and should include green leafy and orange vegetables daily.

5. Red meat should be consumed only occasionally and in low amounts if at
all; nuts, legumes, poultry, and fish in moderation are healthy alternatives.

6. The optimal consumption of dairy products and calcium intake is not known,
but dairy products should be considered as optional. High consumption of
milk (e.g., more than two servings/day) is not likely to be beneficial for
middle-aged and older adults and may increase risk of prostate cancer. Ade-
quate calcium intake may be particularly important for growing children,
adolescents, and lactating women; supplements should be considered if
dietary sources are low.

7. For most people, taking a daily RDA-level (DV) multiple vitamin containing
folic acid provides a sensible nutritional safety net. Because menstrual losses
of iron may not be adequately replaced by iron intake on the low-energy
diets of women in a sedentary society, it is sensible for most premenopausal
women to use a multiple vitamin that also contains iron.

8. Salt intake should be kept low.
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Although the exact contribution of each aspect of diet will become clearer as
evidence emerges, we can be confident that the overall benefits of adopting these
behaviors will be large. The integration of genomic information into research on diet
and health has only begun and will surely provide additional insight and more precise
nutritional guidance.
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3.1 INTRODUCTION

All species encounter multiple biological challenges for the duration of their exis-
tence. Some adapt successfully, while many are not as effective, leading to their
extinction. Although still young as a species (~10,000 generations), humans appear
to have been able to deal with scores of primarily environmental challenges that
include climate, food supply, and societal changes. Moreover, despite new infectious
agents and increased incidence of age-related disorders such as cancer, osteoporosis,
and cardiovascular and neurological diseases, humans today “enjoy” their longest
life expectancy. The major age-related disorders that affect contemporary humans
involve interactions of multiple genetic and environmental factors and nonhuman
genomes such as bacteria and viruses [1]. The notion of health, however, should not
be equated with the lack of disease. The World Health Organization defined health
in 1947 as the state of complete physical, mental, and social well-being, and not
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merely the absence of disease. This concept highlights that health is an expression
of the total conditions of human life: genetic, chemical, physical, environmental,
cultural, economic, psychosocial, and mental. Accordingly, from a holistic point of
view, health has also been defined as the product of a perfect interaction between
the human being and his/her environment. Aside from formal definitions, it is
becoming evident that the way we feel about our health is also an important factor
when examining the interplay between the individual’s genome and his/her environ-
ment, adding a layer of complexity to the interactions. From a pragmatic point of
view, Hubert Laframboise [2] proposed that, for public health policies, the many
interactive factors that influence health and disease could be grouped in more man-
ageable clusters, identified with the term “determinants of health.” Laframboise
defined four major groups determining the “health field”. These groups are: human
biology, environment, life style, and health care organization. Figure 3.1 shows these
four quadrants of the health field as well as the adaptation of the Laframboise model
of health determinants to include the current concept of gene X—environment interac-
tions. The Laframboise model was applied in the highly influential Lalonde Report
of 1974 [3]. According to these authors, “human biology was the determinant involv-
ing all aspects of health, physical and mental, developed within the human body as
result of organic make-up.” Environment referred to “all matters related to health
external to the human body and over which the individual has little or no control,”
which includes physical (air pollution, ionizing radiations, water contamination,
electromagnetic fields, temperature, microorganisms, chemicals, etc.) and the social
environment. Life style was the most important determinant of health and was

Human

. Lifestyle Environment
biology y
Human Genome  Tobacco smoking Air pollution Health system
Physical activity lonizing radiations Clinical technology
Alcohol consumption  Occupational toxics  Drugs
Diet, etc. Microorganisms, etc. Operations, etc.

Genetic factors Environmental factors

Figure 3.1. The four major determinants of health according to Laframboise [2] and the
adjustment to the most simplified model of gene-environment interaction.
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defined as “the aggregation of personal decisions, over which the individual has
control” (tobacco smoking, physical activity, alcohol consumption, dietary intake,
etc.). Unhealthy life-style choices were considered as self-imposed risks. The health
care organization included “the quantity, quality, arrangement, nature and relation-
ships of people and resources in the provision of health care” (hospital beds, health
technology, specialized units, diagnostics, treatments, etc.). Human biology was the
determinant less defined by Laframboise because of the lack of information about
the human genome in the 1970s. The name of this determinant changed several times
from “basic human biology” to “endogenous” and, finally, to “human biology.”
Laframboise included the genetic inheritance and all the complex internal body
systems in this category in order to create a conceptual home for the many health
conditions, good or bad, which are not a consequence of life style or environmental
factors [2]. The scientific achievements of the past 30 years in genetics and molecu-
lar biology have produced an unprecedented volume of genetic information to be
integrated in the so-called human biology determinant of health. The Human Genome
Project has provided the consensus sequence that comprises the human genome [4].
Using this information as the springboard, the following steps include the structuring
and deciphering of the 3 billion base sequence in order to gain insights into its
functional role. Moreover, great emphasis is being placed on the search for DNA
sequence variations underlying common/complex diseases. As expected, the genetic
architecture of these traits shows tremendous complexity, and the discovery and
characterization of susceptibility alleles constitute a real challenge for the geneticist.
Nonetheless, following the model of determinants proposed by Laframboise [2], it
is important to realize that life style and environment as well as health-care organiza-
tion can mediate the effect of genes and influence health and disease. Accordingly,
in the postgenomic era, a simplified model of determinants of health is proposed. In
this simplified model, only genetic and environmental factors are considered (Figure
3.1). Genetic factors refer to the genome (human biology), whereas environmental
factors refer to nongenetic factors and include the other three determinants of the
Laframboise model (life style, environment, and health-care organization). Thus, the
different outcomes or intermediate phenotypes of health and disease are the results
of complex interactions between genetic and environmental factors. Currently, the
research is still at a formative stage with only a few of these genetic risk factors or
gene—environment interactions positively identified, but the paradigm is established
and the case for further investment is compelling.

As indicated above, a major goal of human genetic research is to understand
the genetic factors predisposing or causing disease and to develop effective predic-
tive markers and appropriate therapies. Under the umbrella of this major goal, there
are two emerging and related disciplines known as pharmacogenetics and nutrigenet-
ics. Their scope and goals have been reviewed [5]. The focus of this chapter is to
highlight the challenges that lie ahead of us before we can reach the proposed goal
of improving global health by focusing on the individual. Four areas will be dis-
cussed and illustrated with some examples from the cardiovascular disease field.
First, we will concentrate on the variation in the human genome. Second, we will
focus on the environmental aspects. The third part will be the reunion of the first
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and second parts in the gene—environment interaction. Finally, we will touch upon
the underdeveloped area of the interaction with the gut flora or microbiome.

3.2 GENETIC VARIABILITY

The language and nomenclature for describing gene variants (mutations or polymor-
phisms) is inconsistent among published reports and therefore confusing. A mutation
involves any change in the hereditary material—from a point mutation to a chromo-
somal loss. In some disciplines, the term “mutation” is used to indicate this change,
while in other disciplines mutation indicates a disease-causing change. Similarly,
the term “polymorphism” is used both to indicate a non-disease-causing change or
a change found at a higher frequency in the population. To prevent this confusion
some authors [6] recommend using the terms “sequence variant” or “allelic variant”
for any genomic change regardless of the frequency of phenotypic effects. However,
in large epidemiological studies, the term polymorphism is still used as it was origi-
nally defined (a locus in which the least common allele occurs with a frequency
equal to or higher than 1%). Thus, polymorphisms can be caused by mutations
ranging from a single nucleotide base change to variations in several hundred bases,
such as large deletions and/or insertions. These ancestrally “old” mutations that
occurred in one or a few individuals were subsequently spread throughout the popu-
lation. The simpler and most common type of polymorphism, known as single
nucleotide polymorphism (SNP), results from a single base mutation replacing one
base for another. Other types of genetic polymorphisms result from the insertion or
deletion of a section of DNA, which include microsatellite repeat sequences and
gross genetic losses and rearrangements. SNPs are estimated to represent about 90%
of all human DNA polymorphisms. SNPs can result from either the transition or
transversion of nucleotide bases. Transitions are substitutions between A and G
(purines) or between C and T (pyrimidines). Transversions are substitutions between
a purine and a pyrimidine. SNPs are scattered throughout the genome and are found
in both coding and noncoding regions. Nucleotide substitutions occurring in protein-
coding regions can also be classified as synonymous and nonsynonymous according
to their effect on the resulting protein. A substitution is synonymous if it causes no
amino acid change, while a nonsynonymous substitution results in alteration in the
encoded amino acid. The latter type can be further classified into missense and
nonsense mutations. A missense mutation results in amino acid changes due to the
change of codon used, while a nonsense mutation results in a termination codon.
SNPs occur with a very high frequency, with estimates ranging from about 1 in 1000
bases to 1 in 100-300 bases. Overall, it has been estimated that the human genome
contains about ten million SNPs [7], many of them already available in public data-
bases such as dbSNP, provided by the National Center for Biotechnology Informa-
tion (NCBI); HGVbase (Human Genome Variation database), which is produced by
a European consortium; or the Human SNP Database, provided by the Center for
Genome Research at the Whitehead Institute for Biomedical Research in Cambridge,
Massachusetts.
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SNP discovery/detection differs conceptually and experimentally from SNP
analyses (also called SNP genotyping or genotyping). One strives to identify new
SNPs in the genome, while the other involves methods to determine the genotypes
of one to many individuals for particular SNPs that have already been discovered.
Once a SNP is discovered, validated in many chromosomes from ancestrally diverse
individuals, and it is deemed to have some potential interest as a genetics marker,
association studies are conducted to assess statistical associations between the SNP
and the specific phenotypes known or suspected to be affected by the gene variant.
In the examples used herein, the goal is to identify relevant genetic loci that in-
fluence lipid metabolism. Until recently, the number of identified polymorphisms
in candidate genes for lipid metabolism was scarce and considerable effort went
into SNP discovery. Dozens of studies focused on a very limited number of specific
genetic variants in different populations and subsets of patients. This provided the
opportunity to check the replication of the observed associations and potentially
increase the level of evidence. A case in point is the association between APOE
polymorphisms and plasma LDL-C concentrations in different populations world-
wide in which, in most studies, carriers of the E4 allele have higher LDL-C con-
centrations than subjects homozygotic for the E3 allele, whereas carriers of the E2
allele have much lower LDL-C concentrations [8].

Currently, the vast number of SNPs available for candidate genes can be seen
as an advantage, but a level of complexity is added to the data interpretation as more
and more investigators focus association studies on different SNP sets even within
a single gene locus. Humphries et al. [9] have strongly recommended distinguishing
between functional (i.e., altering an amino sequence or a transcription factor binding
element) and nonfunctional SNPs, avoiding the use of nonfunctional genetic variants
in association studies. They suggested that before inclusion in an epidemiological
study, every SNP used should have good in vitro data supporting its functionality.
However, as these in vitro data may be difficult to obtain, some researchers have
developed and/or used bioinformatic tools to infer functionality [10]. Although
several simulation programs have been designed to predict whether a nonsynony-
mous SNP is likely to have a functional effect on the phenotype, Tchernitchko et al.
[11] evaluated some of these predicted functional SNPs and suggested caution from
these in silico predictions. This warning obviously applies to those SNPs present in
putative transcription sites and other regulatory elements. One of the problems with
the results obtained from association studies using apparently nonfunctional SNPs,
which in some cases may be markers of an unknown functional variant, is (poten-
tially) differences in the degree of linkage disequilibrium with the true functional
SNP among different ancestral populations [12]. Thus, a nonfunctional variant may
have different impact in association studies depending on the linkage disequilibrium
with the functional polymorphism, contributing to the lack of replication of these
studies in different populations, especially those encompassing different ethnic
groups. One such example is the HindIII intronic polymorphism of the LPL gene.
This SNP was associated with lower HDL-C and higher TAG concentrations in
healthy men and women from Iceland [13]. However, Larson et al. [14] did not find
an association in men and women from North America. Lack of replication is the
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most excruciating problem in the hundreds of published reports of gene-lipid asso-
ciations involving lipid metabolism [15]. Moreover, publication bias tilts the balance
toward results showing significant associations, prolonging the survival of spurious
initial results.

In addition to linkage disequilibrium, a very important cause of variability
between studies is the potential influence of environmental factors. Since the clas-
sical definition of phenotype as observable physical or biochemical characteristics
of an organism determined by both genetic makeup and environmental influences,
including descriptions of environmental factors that include diet, it is of critical
importance for genetic association sudies. Hence, controversial and nonreplicable
findings from studies involving genotype—phenotype association are likely due to
the lack of inclusion of gene—environment interactions, which still occurs even in
the most recent studies and publications [16].

3.3 HOW TO DETECT GENETIC VARIABILITY

Most of the past and many of the current SNP detection techniques involve the
analyses of one genetic marker, or at most a few genetic markers, per DNA sample.
However, at this time about 3 million SNPs are deposited in the public databases.
These resources now allow a much more comprehensive linkage analysis and
candidate gene association and interaction studies in complex diseases. Therefore,
accurate, efficient, flexible, and low-cost SNP genotyping techniques are becoming
vital—first for the identification of informative markers and second for their use for
further screening or for clinical applications. Although important at every stage of
scientific experimentation and assay development, accuracy is a must for clinical
implementation of gene—nutrient interactions.

Unlike DNA sequencing technology, SNP genotyping techniques come in
many flavors [17], including differences in the hybridization dynamics [7, 18],
enzymatic discrimination using ligation [19, 20], cleavase assay [21], and poly-
merase incorporation of allele-specific nucleotides to discriminate allele differences
[22]. Some of these genotyping systems can be multiplexed, such as microarray
and flow cytometry methods. The experimental approaches are drastically different
for array and microtiter plate platforms. The arrays allow for all SNPs of interest
to be analyzed in one experiment for each sample [23], and they provide the capac-
ity needed for high-throughput projects, albeit at very high cost, especially if the
arrays are custom made for the SNPs of interest. Most commercial arrays available
in 2004 are designed for mapping studies (i.e., candidate locus identification) using
mainly noncoding SNPs. Conversely, the current microtiter plate methods typically
determine one genotype at a time and usually focus on coding or noncoding SNPs
within the gene locus. The microtiter plate format provides more flexibility in
designing the project, requires less upfront cost, and is more appropriate for small
to medium size projects. However, they cannot provide the same number of data
points per sample as those based on arrays. Several recent papers have compared
different platforms [24, 25]; however, it is not clear that any one platform can be
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globally recommended, as the decision is dependent on laboratory facilities, budget,
and scope of the project. These methodological advances have eliminated genotyp-
ing as the once major technical challenge and bottleneck of genetic epidemiology.
Indeed, even academic laboratories can process thousands of DNA samples per
day.

As discussed above, misclassification of genotyping results is of critical impor-
tance and can occur due to several factors. Among the most obvious sources of error
are laboratory based: the tremendous flow of data coming from high-throughput
techniques requires effective quality control procedures in the laboratory. A misclas-
sification of the genotype (i.e., a data set containing less than 95% reproducibility)
can bias the measure of the association and largely affect the risk assessment and,
even more markedly, the study of gene—environment interactions. Quality control
procedures should be reported in the Methods section and should include informa-
tion about internal validation, blinding, duplicates, test failure rate, assessment of
Hardy—Weinberg equilibrium, and blind of data entry [26].

3.4 WHAT TO ANALYZE

Data from the Human Genome and HapMap projects present major challenges for
present and future studies in selecting which SNPs to assay after balancing cost,
time, and information generated: in other words, finding the “allelic architecture” of
human disease [27]. The choice of methodology and SNPs depends on choosing one
of several hypotheses that predict the genetic contribution to complex disease. Two
of these hypotheses are the focus of most of the attention [28]. The first is known
as the “common disease/common variant” (CD/CV) hypothesis; the second is known
as the “multiple rare variants” (MRVs) hypothesis (see discussion in [29]).

The CD/CV hypothesis implies that much of the genetic variation contributing
to disease is old and shared by most human populations. Under this premise, differ-
ences in the health status of population groups (health disparities) should primarily
be the result of differences in environmental exposures. Conversely, according to
the MRVs hypothesis, a substantial proportion of genetic polymorphisms will be
rare and will probably be specific to groups who experienced similar evolutionary
forces of selection or genetic drift. MRVs would require a much more comprehen-
sive sampling of multiple human populations to show that a differential distribution
of genes underlies the disease risk. Most probably, these hypotheses are not exclu-
sive and the true answer will be a combination of both with more weight toward
one or the other depending on the specific disease being considered. For those
disorders in which the MRVs model is more appropriate, the current efforts of
the HapMap project, which involves 270 DNA samples from Utah, Nigeria, Tokyo,
and Beijing, will probably not be comprehensive enough to explain the complex
interplay between multiple genetic variants and multiple environmental factors in
disease etiology across all global populations.

These uncertainties about the “allelic architecture” of human disease also affect
haplotype tagging SNPs (htSNPs), haplotypes, and haplotype block (a discrete
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chromosome region of restricted haplotype diversity) structures [30, 31] since they
are derived and interpreted using algorithms [32—39] rather than from empirical data
[30, 40, 41].

3.5 ENVIRONMENTAL FACTORS

Before achieving our current level of understanding of the human genome, most of
the emphasis in terms of evaluating disease risk was placed on the environmental
factors. Gender and age are the main risk factors for cardiovascular disease (CVD),
while the best known environmental risk factors include diet, alcohol, smoking, and
physical activity. These variables are the most commonly examined in gene—
environment interaction studies. However, they may just be the tip of the iceberg of
environmental exposures that modulate CVD risk by themselves or, most probably,
by interacting with alleles of specific causative and modifier genes. A relatively old
comprehensive examination of the factors involved in CVD risk revealed 177 CVD
risk factors classified in ten categories [42]. The categories can be sorted as
follows:

* 33 nutrition-related CVD risk factors.

35 internal CVD risk factors identifiable by laboratory tests (abnormal blood
and tissue chemistry tests).

34 related to drug, chemical, hormonal, and nutritional supplement intake
(including drug—drug interaction and drug—food interaction).

+ 33 were classified as signs and symptoms associated with high CVD
incidence.

* 13 noninvasively detectable abnormal laboratory findings.
* 5 hereditary factors.

+ 14 environmental factors (other than nutritional), including air pollution,
electromagnetic fields, materials that contact the body surface, and poisonous
venoms.

+ 7 socioeconomic and demographic factors.
* 2 related to medical care.
+ 1 related to coexistence of multiple CVD risk factors.

In addition, an eleventh category included seven factors previously regarded as
CVD risk factors that are now considered questionable. Considering the progress
made in the decade since this compilation was made, one can predict that an update
of this information will include a considerable number of additional factors, espe-
cially for those with a hereditary basis or environmental exposures in utero or during
growth and development. This enumeration of CVD risk factors illustrates the
potential quagmire of trying to use the current knowledge about gene—environment
interactions and disease outcomes to provide personalized risk assessment, disease
prevention, and therapy.
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To date, our laboratory has taken the piecemeal approach of examining one
variant (i.e., =75 G/A) at a single candidate gene (APOA]) interacting with a single
dietary component (i.e., PUFA) to modulate a single biochemical risk factor (i.e.,
HDL-C) in a single ethnic group (i.e., Framingham whites) [43]. These first steps
have uncovered major limitations, with the lack of replication as one of the most
important and worrisome. The current approach and results are far from the intended
goal of providing personalized holistic disease risk assessment and behavioral advice
to achieve optimal health. Our path to achieve the goal of personalized nutrition has
to include large genetic epidemiological studies in which data collection is done
more carefully and comprehensively than has been done in most published studies
[44]. This is not trivial. Data gathering problems exist even for traditional epidemio-
logical studies as highlighted by a recent study that analyzed the shortcomings about
data collection, presentation of results, and interpretation of the analyses [45]. We
have identified the following limitations of particular concern:

1. The participant selection process (i.e., information on exclusions and refus-
als) often lacks details.

2. The quality of data collected and any problems therein are often insuffi-
ciently described.

3. Some studies are too small and may be prone to exaggerated claims, while
few provide power calculations to justify sample size.

4. Quantitative exposure variables are commonly grouped into ordered
categories, but few state the rationale for choice of grouping and
analyses.

5. The terminology for estimates of association (i.e., the term “relative risk’)
is used inconsistently.

6. Confidence intervals are in widespread use but are presented excessively
in some articles.

7. P values are used more sparingly, but there is a tendency to overinterpret
arbitrary cutoffs such as P < 0.05.

8. The selection of and adjustment for potential confounders need greater
clarity, consistency, and explanation.

9. Subgroup analyses to identify effect modifiers often lack appropriate
methods (i.e., interaction tests) and are frequently overinterpreted.

10. Studies exploring many associations tend not to consider the increased risk
of false positive findings.

11. The epidemiological literature seems prone to publication bias.

12. There are insufficient epidemiological studies and therefore publications on
diseases other than cancer and cardiovascular diseases.

13. There are not enough studies of chronic diseases in developing countries
where subphenotype (e.g., Asians are considered overweight at a different
BMI than Europeans) and genetic differences may find different pathways
and gene associations.
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14. Overall, there is a serious risk that some epidemiological publications reach
misleading conclusions.

It should be noted that these caveats were identified in 73 epidemiological
studies, and that only 5 included genetic data. The specific needs surrounding genetic
studies, especially those examining gene—environment interactions, should add a
number of items to the list above, such as some of those suggested by Hall [46].

15. A full, three-generation family history with particular emphasis on the sign
and symptoms of the disorder and features of pathogenic relevance.

16. Natural history of the participant including other illnesses, pregnancy and
birth history, and system-by-system review, including behavior, with
changes over time in the areas of interest, noting the ages at which signs
or symptoms develop.

9. ¢

Hall [46] suggests another important issue: it’s “now or never” for including as
many physiological and life-style variables in the design of future studies. She points
out that if full clinical descriptions have not been collected and recorded for the
study participant at the time of DNA collection, it probably never will be collected
due to the difficulty of recontacting people. Although the full set of clinical informa-
tion may not find its way into the printed version of the manuscript due to space
constraints, it should be a standard feature of the journals to have it accessible as
supplementary web-based information. The lack of this information may seriously
hinder the ability to advance our understanding of biology and disease.

An aspect that was not specifically considered by most researchers is the very
early environmental exposure that some have suggested may determine future health
of the individual. According to the current knowledge and thought, details about
environmental influences during gestation and following birth could contribute
significantly to a more complete picture of the complex puzzle of chronic disease
development (see below). Capturing such data in the near term may not be possible,
but an awareness of these potentially important contributions to long-term health
risks necessitates efforts to include such variables in study designs.

3.6 GENE-ENVIRONMENT INTERACTIONS: FOCUS ON DIET

Measurement of Gene-Diet Interaction

The nature vs nurture controversy in disease risk is being replaced by systematic
evaluation of gene—environment interactions that are the basis of the discussion. Al-
though the methods used in genetics and epidemiology to study gene—environment
interactions continue to evolve, the most used approaches are the unmeasured geno-
type approach (genetic epidemiology) and measured genotype approach (molecular
epidemiology).

The unmeasured genotype approach is based on statistical analysis of the dis-
tribution of phenotypes in individuals and families and does not rely on any direct
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measure of DNA variation [47]. The purpose of such studies is to provide clues to
the importance of genetic factors embodied in the concept of heritability and mea-
sured by analysis of variance or correlation. No specific genes are measured at this
stage. Heritability is defined as the proportion of phenotypic variance attributable to
genetic variance. A value of 1.0 indicates that all of the population variation is
attributable to genetic variation. A value of 0.0 indicates that genes do not contribute
at all to phenotypic individual differences. The quantity (1.0 — heritability) gives the
environmental contribution to the trait, and it is the proportion of phenotypic vari-
ance attributable to environmental variance or the extent to which individual differ-
ences in the environment contribute to individual differences in behavior. There are
several twin and family studies analyzing the genetic and environmental influence
on lipid traits. As an example, Heller et al. [48] examined both genetic and environ-
mental influences on serum lipid levels in twins reared either together (158 pairs)
or apart (146 pairs) who participated in the Swedish Adoption/Twin Study of Aging.
Statistical analyses revealed substantial heritability for the serum levels of each lipid
measured (total cholesterol, HDL-C, TAG, apo A-I and apo B), ranging from 0.28
to 0.78. In addition, they concluded that the environment of rearing had a substantial
impact on the level of total cholesterol (accounting for 0.15-0.36 of the total
variance).

With advances in molecular genetics, the study of gene—environment interac-
tions is now performed at the gene level. With this approach, genetic variations in
one or in various candidate genes are investigated for their role in determining
gene—diet interactions. Direct measurement of DNA variants (i.e., SNPs) is needed
to give precision and meaning to the genetic effects in gene—diet interactions. The
concept of gene—diet interactions can be used in several different ways [49, 50]. For
example, statistical interaction exists if the degree or direction of the effect of one
dietary factor (e.g., dietary fat) differs according to values of a second factor (gene
variants). In recent years, an epidemiological framework for evaluating gene—diet
interaction has been proposed [51]. In a simple gene—diet interaction model, in which
both the susceptibility genotype at a single locus and the dietary exposure are con-
sidered dichotomous, one can construct an extended 2-by-2 table incorporating
genetic and environment factors in studying disease etiology (e.g., hypercholester-
olemia). The interaction of these two factors can be measured as a departure from
a multiplicative model of disease risk [52, 53]. Using such an approach, it is rela-
tively easy to find parsimonious models by keeping statistical interactions to a
minimum. However, in the study of lipid metabolism, continuous variables such as
plasma cholesterol concentrations and continuous measures of dietary intake are
analyzed rather than just dichotomous traits. Then, in addition to a logistic regression
model, covariance regression models with interaction terms are employed [52].
Hierarchical multilevel interaction models can then be fitted, and the presence of a
gene—diet interaction is identified by the detection of a statistically significant inter-
action term between the dietary exposure and the corresponding genetic variable.
However, from a strict point of view, it is not clear what ultimately constitutes
interaction or synergy on the biological level and any statistical approach is inher-
ently arbitrary and model dependent [49].
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Methodological Issues in Assessing Gene-Diet Interaction

Gene—diet interactions in epidemiological studies are currently detected based on
the statistical significance of the interaction terms. Taking into account that a statisti-
cally significant association does not imply causality, special attention to bias is
required. This issue is crucial and determines the study design as well as adequate
control of misspecification. Interventional studies and particularly randomized
controlled trials offer the highest level of confidence in data and results [54]. In
interventional study designs, the environmental variables are controlled by the inves-
tigators, including the amount of food or nutrient administered and the time period.
This control minimizes the possibility of bias and increases the level of causality.
However, in observational studies (i.e., cohort, case—control, cross—sectional), the
researcher does not provide food to study participants and obtains the information
about the type and amount of food consumed by dietary questionnaires. Such mea-
surement tools are widely used [5] but they increase the likelihood of confounding
and decrease the evidence level of data and results. The large populations needed
for such studies have led some authors to suggest the importance of Mendelian ran-
domization (the random assortment of genes from parents to offspring that occurs
during gamete formation and conception) in increasing the level of evidence when
genetic polymorphisms and dietary intake are analyzed [55]. Mendelian randomiza-
tion can increase the level of evidence of observational studies because this results
in population distributions of genetic variants that are generally independent of
environmental factors that typically confound epidemiological associations between
putative risk factors and disease. In some circumstances, this can provide a study
design akin to randomized comparisons. In fact, Tobin et al. [56] have suggested
that the approach should be termed ‘“Mendelian deconfounding.”

Misclassification of Dietary Exposures

Precise measurement of an individual’s exposure to dietary factors is often difficult
because of the individual’s poor recall of previous exposures, the complex pattern
of nutrient intake in today’s cultures, and the lack of good biological indicators of
exposure levels for many nutrients. Therefore, in the study of gene—diet interaction,
the consequences of a dietary mismeasurement can lead to bias in the estimation
associated with interaction effects and possible loss of precision and power in the
estimation of interactions. Nondifferential misclassification usually leads to biases
of interaction toward the null value, and differential misclassification may produce
biased interactions in either direction (increasing or decreasing risk). Therefore,
high-quality dietary information in epidemiological studies is a key factor for
improving causality. More information about validity of the specific dietary instru-
ments (i.e., diet records, 24 hour recalls, food frequency questionnaires) can be found
in [5]. Another important question regards the type of dietary information that is
most relevant in gene—diet interaction studies. Should we be using nutrients, foods,
or dietary patterns? There is no unique response to this question, and the choice
depends on the aims of the study and on the specific hypothesis being investigated.
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Each one of these approaches has advantages and methodological limitations [57].
The acquisition of the many other environmental variables (Figure 3.1) that may
affect physiological processes is at least as problematic as the capture of dietary
information.

Sample Size Considerations

One of the most frequent errors in even well-designed and well-conducted epide-
miological studies aimed at investigating gene—diet interactions in lipid metabolism
is the lack of statistical power (Type II error). Power can be defined as the ability
of a test to detect an effect, given that the effect actually exists. In an epidemiologi-
cal study of a given sample size, the power to detect statistical interactions is less
than the power to detect main effects, and the variance of the interaction estimate
will also be greater than the variance of the main effects estimate under a no-
interaction model. More information about sample size and power calculation needed
to detect gene—environment interaction for categorical and continuous variables can
be found in [58].

3.7 COMMON GENETIC VARIANTS AND GENE-DIET
INTERACTIONS MODULATING PLASMA LIPOPROTEIN
CONCENTRATIONS

We summarize the current evidence for gene—diet interactions in the field of lipid
metabolism, which include the association between dietary factors (total fat, specific
fatty acids, carbohydrates, total energy intake, and alcohol intake) with specific gene
variants. The evidence from observational, intervention studies and differences
between fasting and postprandial states are presented.

Results from Interventional Studies

Interventional studies in which subjects receive a controlled dietary intake provide
the best available approach to ascertain true dietary intake under controlled condi-
tions. However, these well-controlled feeding studies have several limitations includ-
ing the small number of participants and the brief duration of the interventions.
Results from scores of interventional studies analyzing the impact of gene—diet
interactions on different parameters of lipid metabolism have been reported. However,
little consensus exists among studies analyzing the same genetic variation. Several
reasons have been proposed to justify the lack of replication, including the different
characteristics of study subjects, length of intervention, sample size limitation, and
heterogeneity in the design. Most of the past and recent evidence is collected in a
comprehensive systematic review (from 1966 to 2002) by Masson et al. [59]. These
authors selected 74 relevant articles, including dietary intervention studies that had
measured the lipid and lipoprotein response to dietary intervention in different geno-
type groups and 17 reviews on gene—diet interactions. They analyzed the published
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articles according to seven groups of genetic loci: apolipoprotein (apo) A-I, C-III,
and A-IV cluster; apo B; apo E; enzymes (lipoprotein lipase, hepatic lipase, and
cholesterol-7a-hydroxylase); low density lipoprotein (LDL) receptor gene; and
other genes, including CETP, fatty acid binding protein (FABP), and neuropeptide
Y (NPY). At each locus, one or more polymorphisms were included and the response
to a defined dietary intervention (high-fat diet versus a low-fat diet; high SFA versus
high polyunsaturated fatty acids (PUFAs); high monounsaturated fatty acids
(MUFAs) versus low MUFAs, etc.) was examined. Based on the selected papers,
these authors concluded that there is evidence to suggest that variations in genes for
apo A-1 (APOA1I), apo A-IV (APOA4), apo B (APOB), and apo E (APOE) contribute
to the heterogeneity in the lipid response to dietary intervention. However, the effects
of the reported gene—diet interactions are not consistently seen and are sometimes
conflicting. For example, for the APOE locus, 46 studies were analyzed. Of those,
significantly different LDL-C responses to changes in the fat content of the diet by
APOE genotype were reported in 11 studies. Since 2002, several other papers have
been published [60-74] examining gene—diet interactions in the fasting state and
they are presented in more detail in recent reviews [5, 75, 76].

Results from Observational Studies

Observational studies have the advantage of the large number of subjects who can
be studied and whose long-term dietary habits can be estimated. However, their level
of evidence has been traditionally considered to be lower than in experimental
studies. We have recently reviewed this area regarding nutrigenetics [75, 76]. In
general and as pointed out for the intervention studies, consensus between studies
is low [43, 77-95]. A classical example of gene—diet statistical interaction is between
the —75G/A polymorphism of the apolipoprotein A-I gene (APOAI) and polyunsatu-
rated fatty acid (PUFA) intake in the Framingham Study [43]. We conducted a
population-based study in 755 men and 822 women from the Framingham Offspring
Study. The frequency of the A allele in this population was 0.165 and dietary PUFA
intake was measured by a validated food frequency questionnaire. In women, a sta-
tistically significant gene—diet interaction (P < 0.05) was found between PUFA
intake as a three category variable (<4% of energy from fat, 4-8%, and >8%) and
the APOA1 SNP in determining plasma HDL-C concentrations. This interaction
shows that PUFA intake clearly modulates the effect of the —75A/G polymorphism
on HDL-C concentrations. Thus, in carriers of the A allele, higher PUFA intakes
were associated with higher HDL cholesterol concentrations, whereas the opposite
effect was observed in G/G homozygotes. One of the most consistent examples of
gene—diet interaction in lipid metabolism is that between the —=514C/T polymorphism
at the hepatic lipase gene (LIPC) promoter and dietary fat on HDL metabolism.
Ordovas et al. [88] found a strong interaction between this polymorphism and total
fat intake in determining HDL-related measures in 1020 men and 1110 women par-
ticipating in the Framingham Study. When total fat intake was 230% of energy, mean
HDL-C concentrations and HDL particle size were lowest among those with the TT
genotype, and no differences were observed between CC and CT individuals. This
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gene—diet interaction was further examined in a multiethnic Asian population from
Singapore consisting of 1324 Chinese, 471 Malays, and 375 Asian Indians [93]. Tai
et al. [93] found a highly significant interaction (P = 0.001) between the —514C/T
polymorphism and total fat intake in determining TG concentration and the HDL-
C/TG ratio (P = 0.001) in the three ethnic groups. Thus, TT subjects showed higher
TG concentrations only when fat intake was higher than 30% of total energy. For
HDL-C concentrations, the gene—diet interaction was significant (P = 0.015) only
in subjects of Indian origin, suggesting additional mechanisms to be explored.
However, intervention studies are needed to evaluate the potential significance of
these results before nutritional recommendations are implemented at the individual
level based on this information. In addition, these findings need increased interfacing
with other types of nutrigenomic studies (e.g., model systems such as laboratory
animals) to acquire mechanistic knowledge for the reported statistical interactions.

Gene-Diet Interactions in the Postprandial State

Humans are typically in a nonfasting state. Postprandial lipemia, characterized by a
rise in TRL (triglyceride-rich lipoprotein) after eating, is a dynamic, nonsteady-state
condition in which humans spend the majority of time [96]. During prolonged and
exaggerated postprandial lipemia, there is accelerated neutral lipid exchange between
triglyceride-rich lipoproteins and LDL and HDL, leading to a preponderance of
small, dense LDL particles and a reduced concentration of HDL-C, which are all
CVD risk factors. Several studies have investigated the potential interaction between
some polymorphisms in candidate genes (APOAI, APOAS, APOC3, APOE, LPL,
NYP, and SCARB]I) and diet on postprandial lipids [97-106]. In postprandial studies,
subjects usually receive a fat-loading test meal that has not been widely standardized
in terms of size, physical shape, and nutrient composition. After the test meal, blood
samples are again taken for the measures of postprandial lipids. As meal absorption
is a complex phenomenon, and postprandial hyperlipidemia and hyperglycemia are
simultaneously present in the postabsorptive phase, particularly in diabetics and in
subjects with impaired glucose tolerance, the distinct role of these two factors is a
matter of debate. For this reason, an oral glucose tolerance test was also carried out
in some of these studies, as it was the case of Couillard et al. [97] in obese men.
Although some of these postprandial studies clearly show that genetic polymor-
phisms can modulate the nonfasting plasma response to diet, consistency is still very
low and, similar to the conclusions reached above for the other experimental
approaches, replication is needed for postprandial studies where the number of sub-
jects and the complexity of the designs may add even more bias than for other
experimental approaches.

3.8 GENE-MICROORGANISMS INTERACTIONS

It has been shown repeatedly that infection could be another factor involved in the
risk and pathogenesis of atherosclerosis and CVD [107]. The century-old “infec-
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tious” hypothesis of atherosclerosis has implicated a number of microorganisms
that may act by triggering inflammation. Inflammatory cells such as T lymphocytes,
macrophages, and monocytes play a key role not only in the initiation of athero-
sclerosis but also during plaque rupture. Although Cytomegalovirus, Helicobacter
pylori, and Chlamydia pneumoniae are the three microorganisms most extensively
studied, serologic studies involving polymerase chain reaction, immunocytochem-
istry, and electron microscopy largely support the hypothesis of an association
between Chlamydia pneumoniae and atherosclerosis [108]; however, much work
remains to be done, especially when considering the individual susceptibility to
infections. Currently, infectious diseases are considered as another situation of
gene—environment interactions, where the environmental factor is the microorgan-
ism (virus, bacteria, fungus, etc.). Moreover, all clinical phenotypes in the course
of an infectious disease result from the complex interaction between environmental
(microbial and nonmicrobial) and host (genetic) factors. However, for most micro-
organisms, the host factors that modulate their susceptibility to infect are poorly
understood [109]. Historical accounts of the plague tell of individuals who survived
unscathed in households where almost everyone else died. In addition, over a
million African children die each year of malaria, but many more remain in rela-
tively good health despite being continually infected with the parasite. Genetic
factors may explain, at least in part, why some people resist infection more suc-
cessfully than others. However, it is difficult to answer to what extent our genetic
makeup may determine the different ways that we respond to the same infectious
agent because of the many other contributory factors involved, such as nutritional
status, acquired immunity, and even variability in the genome of the microorgan-
ism. Nevertheless, there is compelling evidence for a genetic component, including
twin studies of tuberculosis, leprosy, malaria, and primary immunodeficiency dis-
eases [110].

Primary immunodeficiency diseases consist of a group of more than 100 inher-
ited conditions, mostly monogenic, predisposing individuals to different sets of
infections, allergy, autoimmunity, and cancer. These diseases have led to the identi-
fication of more than 100 genes that are crucial in the immune system. Thus, a
plethora of information about the development, function, and regulation of both
innate and adaptive immunity has been generated [110]. Multiple examples exist in
which primary immunodeficiency arises when B cell development is arrested at the
pre-B stage. Mutations that prevent signaling through the pre-B cell receptor (pre-
BCR) result in a lack of mature B cells and, thus, an inability to produce serum
immunoglobulins, which can lead to defects in any aspect of the immune response
to different microorganisms. The study of these so-called Mendelian “holes” in
immunity to infection has revealed the existence of “pathogen-specific” genes in
natural conditions of infection. Examples include the group of genetic defects of the
terminal components of complement, associated with Neisseria meningitidis infec-
tions, and epidermodysplasia verruciformis, associated with a selective susceptibility
to human papillomaviruses [111]. The classic example of genetic variation in the
immune system is the major histocompatibility complex (MHC) on chromosome 6.
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This includes the highly polymorphic human leukocyte antigen (HLA) genes, best
known in the context of organ transplantation and autoimmune disease but increas-
ingly recognized as a correlate of susceptibility to various infections including
malaria, tuberculosis, HIV, and hepatitis B.

With the advances in the human genome project and in high-throughput geno-
typing technology, tremendous progress has been achieved in the study of immunity
to infection in the past ten years. A beautiful example is the relation between the
Duffy blood group antigen and susceptibility to Plasmodium vivax, a species of
Plasmodium, a unicellular protozoan that causes malaria [112]. Malaria is an inter-
nationally devastating disease, producing nearly 600 million new infections and 3
million deaths each year. The protozoan Plasmodium is transmitted through the bite
of the female Anopheles mosquito. Then, the malaria sporozoites are released into
the bloodstream from the mosquito’s salivary glands. From the bloodstream, the
sporozoites enter liver parenchymal cells. In the hepatocytes, the sporozoites
undergo asexual amplification. During this pre-erythrocytic stage, no illness is
induced by malaria. The liver schizont bursts, releasing the merozoites into the
bloodstream, where the beginning of the erythrocytic phase begins. In the erythro-
cyte the merozoite goes through ring, trophozoite, and schizont stages. When the
erythrocytic schizont ruptures, the merozoites spill into the blood once again; it is
during this phase that malaria-associated morbidity and mortality occurs. The mero-
zoites continue in a repeated cycle of infecting erythrocytes, multiplying, and burst-
ing the erythrocytes. The malaria parasite Plasmodium vivax invades human
erythrocytes by binding to Duffy antigen/chemokine receptor (DARC) expressed
on the erythrocyte surface. Many West Africans have a single nucleotide polymor-
phism in the DARC promoter region that prevents binding of the erythroid tran-
scription factor GATA-1, thus suppressing DARC expression in erythrocytes
but not other cell types. This confers complete protection against infection with
Plasmodium vivax. However, there are other species of malaria parasites such
as Plasmodium palciparum, which invade erythrocytes through different receptors,
and subjects with the polymorphism in the Duffy antigen are not genetically pro-
tected. Interestingly, it has been reported that subjects who have the sickle cell trait
(heterozygotes for the abnormal hemoglobin gene HbS) are relatively protected
against Plasmodium falciparum malaria and thus enjoy a genetic advantage [113].
This explains the higher allele frequency of sickle cell related mutations in black
populations.

There are other examples involving common polymorphism conferring protec-
tion against infectious diseases highly prevalent in developed countries such as
pneumonia. Currently, Streptococcus pneumoniae is a major cause of infectious
morbidity and mortality. Recently, Roy et al. [114] have reported a genetic locus
associated with susceptibility to invasive pneumococcal disease. This locus is a
dinucleotide repeat polymorphism located in an intron of the C reactive protein gene.
C reactive protein is an acute phase protein that is important in the early stages of
this infection because it binds the C polysaccharide of the cell wall of Streptococcus
pneumoniae and activates the classical complement pathway. They studied 205 cases
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(patients in whom S. pneumoniae had been isolated from a normally sterile site:
blood, cerebrospinal fluid, or joint fluid) and 345 controls (selected randomly from
local blood donors) and found that the most common allele at the C reactive protein
locus was present more often in cases than controls (odds ratio 1.52, 95% confidence
interval 1.18-1.96; p < 0.05).

Additional evidence comes from the APOE locus. The virus, herpes simplex
virus type 1 (HSV1), when present in the brain, acts together with the APOE4 allele
to confer a strong risk of Alzheimer disease (AD); however, in carriers of the APOE?2
and APOE3 alleles, the virus does not confer risk [115]. In addition to HSV1 infec-
tion, the APOE locus has been shown to influence infection for several other diseases
known to be caused by viruses. Thus, Wozniak et al. [116] found that APOE2 homo-
zygotes became infected by malaria at an earlier age than those carrying the other
genotypes, suggesting that APOE2 may be a risk factor for early infection.

Likewise, it is well known that the outcome of infection with hepatitis C virus
(HCV) varies greatly. Results from the same group [117] suggest that carriers of the
APOEA4 allele may be protected against liver damage caused by HCV. These different
susceptibilities to infection have probably played a major role in defining the differ-
ences in allele frequencies for the APOE locus observed around the world [118].
However, these are only statistical associations that do not necessarily indicate a
causal mechanism.

Despite the abundant evidence supporting a different susceptibility to classical
infectious diseases depending on the genotype, the number of studies analyzing
the gene—pathogen interactions predisposing to CVD is scarce. In 1999, two inde-
pendent groups in Europe [119, 120] first reported that genetic variations in the
receptor for lipopolysaccharides (LPSs; endotoxins) produced by gram-negative
bacteria (such as Chlamydia pneumoniae), CD14, was a risk factor for myocardial
infarction, suggesting that the sensitivity of individuals to infection as an eventual
risk factor for atherosclerosis is at least partially genetically determined. These
groups from Germany [120] and the Czech Republic found that the common
polymorphism in the upstream, untranslated region of the CD14 gene (—-260C/T)
within the Spl transcription factor binding site, was related to the CD14 expres-
sion. Carriers of the T allele had higher density of monocyte CD14 and a risk
factor for myocardial infarction as compared with CC homozygotes. The possible
mechanistic connection between the receptor for bacterial endotoxins and clinical
coronary disease is clearly through inflammation. Recent work carried out by
Georges et al. [121] has analyzed the number of infectious pathogens to which an
individual has been exposed (pathogen burden) in relation to the development and
the prognosis of coronary artery disease (CAD) depending on the genetic host
susceptibility. They found that the pathogen burden was strongly associated with
the risk of coronary artery disease. They also found that the association between
CAD and pathogen burden was modulated by the interleukin (IL)-6/G-174C poly-
morphism. This interaction appeared to be mediated by variations in serum IL-6
levels. These data call for confirmation in other populations and can explain previ-
ous inconsistent results when analyzing the influence of infections on cardiovas-
cular risk.
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3.9 THE MICROBIOME (MICROBIOTA)

Microbiome refers to the specific microbial community in an individual mammalian
host. In human normal adults, the microbiome may be composed of about 100 tril-
lion cells and weighs up to 1kg. Hence, over 1000 known species of symbionts
probably contain more than 100 times as many genes as exist in the human host [1].
These interacting genomes can be considered as a superorganism, with coordinated
interactions, especially in terms of the gut-liver and the gut—-immune systems. Based
on the potential influence of the microbiome on human health, some investigators
have suggested that “sequencing the components of the microbiome can be viewed
as a logical albeit ambitious expansion of the human genome project” [122].

Diet modulates the complex internal community of gut microorganisms and this
may be another factor related to the interindividual response to diet [123]. Thus,
perturbations in the gastrointestinal microbiota composition that occur as a result of
antibiotics and diet in “westernized” countries are strongly associated with allergies
and asthma. The microbiome-host relationship has recently been discussed in terms
of drug metabolism and toxicity and it has been proposed that mammalian genome—
microflora interactions may account for some of the individual variation in drug
responses as well as toxicity of certain compounds [1]. The gut microbiome influ-
ences cytochrome P450 levels in the host, has drug and nutrient metabolizing capa-
bilities, and can influence the immune status [1, 124] as well as such factors as
peroxisome proliferator activated receptor gamma location and activity [125]. Most
interestingly, the gut microbiota have recently been proposed as another target for
weight control [126]. The microbiota are essential for processing dietary polysac-
charides. Backhed etal. [126] found that colonization of adult germ-free (GF)C57BL/6
mice with normal microbiota harvested from the distal intestine (cecum) of conven-
tionally raised animals produces a 60% increase in body fat content and insulin
resistance within 14 days despite reduced food intake, probably due the fact that
microbiota promote absorption of monosaccharides from the gut lumen, with result-
ing induction of de novo hepatic lipogenesis. These findings suggest that the gut
microbiota are an important environmental factor that affects energy harvest from
the diet and energy storage in the host. Therefore, the intestinal environment must
be visualized as an entire ecosystem where chemical interactions occur at multiple
organizational levels with crosstalk between the mammalian, parasitic, and micro-
bial systems as well as with nutrients and drugs.

3.10 CONCLUSION

Systems biology is not a new concept and it was already used in the 19th century
by Hermann von Helmholtz whose studies of metabolism led to the first law of
thermodynamics [127]. Helmholtz explored whole human physiology and contrib-
uted to the understanding of whole body energy balance. Today, the scientific off-
spring of Helmholtz have the clear goal of defining all of the elements present in a
given system and to create an interaction network between these components so that
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the behavior of the system, as a whole and in parts, can be explained under specified
conditions [128]. But, unlike the 19th century German scientist, contemporary
researchers have access to an immense wealth of technological resources and accu-
mulated knowledge that will have to be combined into mathematical models that
should lead to a deeper understanding of the biological networks.
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4.1 INTRODUCTION

Genomics is the study of all the genes (and gene products—RNA and proteins) as
a dynamic system, over time, determining how they interact and influence biological
pathways, networks, and physiology, in a global sense. The field of genomics is
propelling all of life science research and with it bringing unprecedented opportuni-
ties to improve foods for individual health. Research on biological processes is
moving forward in such disparate areas as individual dietary needs and properties
of biomaterials that comprise foods. The knowledge that this research is building is
revealing that needs for dietary components differ not only among individuals but
also for a single individual under different conditions. In parallel with this growing
knowledge of varying dietary needs of individuals, there is a growing understanding
of the biomaterial properties of agricultural commodities and foods. Bringing this
knowledge together into practice in the food and health-care communities by design-
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ing foods and diets according to individual health needs will require a new approach
to human assessment using both genetic and phenotypic analyses.

If it is expected to predict future health outcomes, an individual’s immediate
health status will need to be defined in highly quantitative and comprehensive terms.
Research into human genetic polymorphisms is revealing that individuals do indeed
vary in their responses to dietary inputs. These genetic differences in many cases
underlie varying susceptibilities to diet-responsive diseases. However, it will be
some time before our understanding of genetic polymorphisms alone can accurately
predict overall metabolism in an individual and, in particular, predict his/her overall
metabolic responses to complex diets. Actually measuring metabolism using meta-
bolic profiling—the global, quantitative measurement of metabolites, a technology
known as metabolomics [1]—will be the logical partner to take the principles of
human variation revealed by genomics research into routine health monitoring.
Furthermore, knowledge of varying predispositions to essential nutrient needs and
deficiency states alone is not sufficient to assure overall and long-term health of
individuals. In addition to inadequate intakes of essential nutrients, diet is known to
affect health through variations in the intake of nonessential components, variations
in the matrix in which essential and nonessential components are consumed, and
even variations in the time over which they are consumed. Metabolomics method-
ologies for monitoring health and the influence of such dietary variables must have
sufficient accuracy to anticipate an individual’s health trajectory for all aspects of
health in order to effect dietary and life-style changes prior to onset of disease. This
chapter discusses how partnering genomics and metabolomics technologies together
is able to further accelerate our basic understanding of metabolic health, the mecha-
nisms of action of dietary components, and the interactions between diet and human
health.

4.2 OPPORTUNITIES FOR FOODS AND HEALTH

Nutrition research and its applications are expanding beyond the diagnosis of dis-
eases caused by exogenous microbial pathogens, exposures to toxins, and deficien-
cies of essential nutrients. New research includes the means to recognize and prevent
diseases arising from consuming unbalanced diets and the resulting dysregulated
metabolism. A major objective of research on diet-related metabolic dysfunction is
to gain an understanding of the optimal dietary intakes of all food components so
that individuals will exhibit a lower incidence of metabolic diseases.

Realizing such an obviously valuable goal will not be easy, and research to date
has identified some key hurdles. These hurdles can be categorized as due to (1)
extensiveness, the multiplicity of effects of diet on overall health; (2) individuality,
the specificity of responses to diet among different individuals; (3) reference, the
lack of detailed quantitative data on normal human metabolites and on the quantita-
tive responses of these metabolites to diets mapped to their respective phenotypes;
(4) mechanisms, an understanding of the relationships between molecular and meta-
bolic changes and trajectories of health and disease; and (5) archetype, a compre-
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hensive exemplar of diets that genuinely improve health rather than reverse existing
disease.

Initial applications of the comprehensive tools of genomics to analyses of gene
expression have demonstrated that even the most innocuous of dietary compo-
nents—fats, proteins, and carbohydrates—have wide ranging effects on the overall
regulation of genomic expression [2, 3]. Unavoidably, designing foods that contain
functional ingredients for one targeted benefit cannot be guaranteed to have no
potential deleterious side effects on other pathways of metabolism. If overall risk of
disease is to be lessened, an intervention that improves one aspect of metabolism
must not have deleterious effects on any other. This means that, in both research on
and implementation of dietary modification through food choices, the effects of
dietary change on metabolism must be examined comprehensively. The principle of
comprehensive analysis of biological samples is a possibility in terms of gene
expression as a result of the development of genome-wide gene expression arrays—
gene chips (see Chapter 14 in this volume). Similar strategies are being developed
for measuring proteins—proteomics—and metabolites—metabolomics—although a
single analytical platform, comparable to gene arrays, has not been developed for
either [4-8].

4.3 NUTRIGENOMICS

The initial successes of nutrigenomics have revealed that indeed the natural variation
in the human genome is responsible for significant variations in response to diets
[9]. Therefore, the optimal diet for one individual in a population will not be the
same for every individual in that population. The age of personalized diets has
arrived, if not in practice, at least in research. The arrival of personalized diets for
health could not have come at a better time. The devastating effects of getting diets
“wrong,” not by deficiency of essential nutrients but by imbalance of macronutrients
and nonessential food components, has led the public health organizations of the
world to recognize that diseases caused by dietary imbalances, such as atheroscle-
rosis, obesity, diabetes type 2, hypertension, and osteoporosis, are as much a threat
to human health and economic stability as epidemics of infectious diseases. Dis-
couragingly, the practical success of building a food supply that largely achieves the
goal of eliminating nutritional deficiencies has been followed within a generation
by global epidemic diseases of nutritional excess—obesity and diabetes. Although
diet plays an indisputable role in the problems of metabolic dysregulation, the
varying expression of dietary imbalances in different people with different life styles
makes it impossible to impose either population-wide solutions or genetically based
preventions. Health will have to be monitored and diets implemented one individual
at a time. Nutrigenomics will be the cornerstone of the research engines that build
this new paradigm of health and nutrition. Nonetheless, comprehensive analysis of
phenotype, such as by metabolomic analyses, will be necessary to bring this new
scientific knowledge to practice. Therefore, newer methods of human assessment
must be developed that are capable of recognizing subtle, quantitative differences
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among humans in their metabolism and of looking comprehensively at metabolism
to distinguish health as a continuum. Metabolism itself must be viewed comprehen-
sively within each individual. This approach to health will require development of
metabolic profiling by global, quantitative measurement of metabolites—a technol-
ogy now known as metabolomics—as well as databases of normal metabolite levels
in humans and their variations as a function of varying health status.

4.4 METABOLOMICS

Nomenclature

The emerging field of metabolomics has the potential to provide the knowledge and
tools that health-care professionals can use to assess and guide individuals toward
their personal health goals and to prevent the development of diet-related metabolic
dysfunction. The definition of terms used in this emerging field is still undergoing
change. Metabolomics has been variously defined, and it is necessary to build a
nomenclature of terms that capture the breadth and complexity of concepts within
this new field. The newly organized Metabolomics Society (metabolomicssociety.
org) will hopefully guide the expansion of nomenclature and consolidate terms and
their definitions. To maintain consistency with the conventions of the other “omic”
sciences—gene—genome—genomics and protein—proteome—proteomics—the terms
metabolite, metabolome, and metabolomics would be most appropriate. At the
present time, metabolomics is defined as the global analysis of metabolites—small
molecules generated in the process of metabolism—that represent the sum total of
all the metabolic pathways in an organism, with a focus on the identification of each
pathway and its role in an organism’s function.

Goals of Metabolomics

There are several goals of this new field of metabolomics. The technologies that are
developing are providing a comprehensive snapshot of dynamic metabolism, whereas
an individual’s genotype is fixed throughout life. Comprehensive metabolic mea-
surements have numerous advantages:

+ To estimate nutritional status, including both essential and nonessential nutri-
ents and their effects on endogenous metabolism.

To follow the compliance, progress, and success of dietary intervention.

To identify side effects, unexpected metabolic responses, or lack of responses
to specific dietary intervention.

+ To recognize metabolic shifts in individuals due to environmental changes,
life-style modifications, and normal progression of aging and maturation.

+ To predict metabolic trajectories of individuals and assign likely metabolic
consequences of interventions or failing to intervene.

+ To assess metabolic stress.
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+ To explore the range of metabolic states accessible to individuals as measures
of their ultimate health potential.

Tools of Metabolomics

The major objective of metabolomics is to measure and quantify essentially all
metabolites within a biological sample. There is presently no single technology that
can simultaneously identify and quantify all metabolites in a sample. There are two
platforms in use that rely on spectroscopic detection—nuclear magnetic resonance
(NMR) spectroscopy [10], which is not yet qualitative, and mass spectrometry (MS),
which at present requires compound-targeted sample cleanup and prefractionation
[5, 11]. Both NMR spectroscopy and mass spectrometry are extremely powerful
analytical platforms well suited to measuring small molecule analytes. They none-
theless bring very different perspectives to metabolomic analyses and each has
strengths and weaknesses with respect to delivering on the ultimate objective of
identifying and quantifying all metabolites in a single sample in high throughput.
Thus, the field of metabolomics is moving toward these goals in stages.

Among the strengths of NMR as an analytical system are that it requires little
sample preparation and no explicit metabolite separation and produces a relatively
accurate and finite signal from every NMR active atom in a sample. The power of
NMR even extends to nonliquid samples and tissues with the potential of NMR
spectroscopy and imaging to add structural information to metabolite analyses.
Unfortunately, the proton or carbon NMR spectra of complex mixtures of biological
samples remains practically undecipherable and all metabolites cannot be assigned
to specific resonances. Therefore, at present, NMR is able to generate complex NMR
spectra but as the majority of resonances are unassigned they serve as metabolite
fingerprints. That is, resonance intensities are typically binned into intensity X ppm
datafiles and these data are treated as inputs to statistical analyses. Considerable
successes have been achieved in resolving groups of samples from diseased human
patients versus normals, animals exposed to toxins, developmental stages of various
animals and plants, and genetically modified animals and plants (reviewed in [4, §,
10]). The field of metabolomics will move forward dramatically when NMR reso-
nances can be annotated in terms of actual metabolites.

Mass spectrometry brings remarkable strengths to the task of measuring metab-
olites as well. With the astonishing accuracy of modern mass spectrometers, metabo-
lite identification is now ostensibly an automated process. Combining various
separation technologies in line with mass spectroscopy (liquid, electrophoretic, gas,
and mass spectrometry itself) makes it possible for MS to identify all metabolites
in even highly complex biological samples (reviewed in [7, 11]). However, because
MS techniques invariably separate the molecules to analyze them, any higher struc-
tural information in the sample is lost and unavailable. The most important weakness
of mass spectrometry as currently applied to metabolomic analyses is that mass
detectors require precise standardization and calibration, and, at present, the absolute
concentration of metabolites cannot be successfully defined due to variations in
ionization parameters of the instruments.
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Mass spectrometry, nuclear magnetic resonance spectroscopy, and chromato-
graphic technologies are all high-throughput platforms that are capable of simultane-
ously producing highly quantitative data on important metabolites. The field of
metabolomics still faces its major challenge in the dynamic range of natural biologi-
cal metabolites, both the variation in chemical properties and their absolute abun-
dance in biofluids. This dynamic range requires that new tools be developed that
can accurately measure the entire range of components, particularly minor, and fre-
quently important, bioactive products. These new tools (likely to be elaborations on
current techniques) will produce quantitative data to add to databases that are being
assembled today. Pending the development of a single analytical platform, it is likely
that combinations of analytical platforms will be necessary to acquire the first-
generation metabolomic databases.

While it is beyond the scope of this chapter’s discussion, bioinformatics tools
that are capable of building biological information out of the massive metabolomic
data sets are also being developed. The great potential for these tools is that metabo-
lomics informatics can join with knowledge management tools to link an individual’s
metabolite analysis to his/her present and future health status and to the metabolic
knowledge of entire populations of samples and health outcomes. The growing
science of managing (see Chapter 16 in this volume) and analyzing (see Chapter 17
in this volume) biological data using advanced computing techniques will allow
scientists to have a “field day” analyzing the high-density data that are obtained
through metabolomic data. In fact, it can be stated that complex biological data will
resuscitate the entire field of applied mathematics as much as mathematics will bring
understanding to biological systems.

The Future of Metabolomics

The field of metabolomics has great potential for metabolic research, and this poten-
tial has been recognized by the NIH by the inclusion of metabolomics in the NIH
roadmap [12]. All “omics” technologies—genomics, proteomics, and metabo-
lomics—have as a goal to understand the effects of exogenous compounds on human
metabolic regulation. In spite of a number of challenges faced by metabolomics,
there is great potential in the food and health fields [13, 14]. Foods contain myriad
nonnutrient molecules that are absorbed, metabolized, and released into body fluids.
Intestinal microflora also produce metabolites that can alter the metabolome of
human biofluids. Metabolic profiling by nuclear magnetic resonance spectroscopy
will detect, but not necessarily identify, these components. Nuclear magnetic reso-
nance spectroscopy pattern recognition, identification of metabolites by mass spec-
trometry, and conventional high-throughput chromatographic techniques can identify
metabolites resulting from different dietary treatments. Genetics, diet, and nutritional
status all play a significant role in the development of chronic disease [15, 16]. The
emerging field of metabolomics is well suited to the assessment of dysfunction and
metabolic balance [17] and contaminating [18] dietary components. The unique
ability to study the complex relationship between nutrition and metabolism can aid
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investigation of the roles that dietary components, as well as drugs used in therapy,
play in health and disease [19]. When all the tools of metabolomics are in place—
analytical platforms, databases, and bioinformatics applications—investigators will
be able to explore homeostatic control and to determine how metabolic balance may
be disturbed by genetic variations, disease processes, drug and therapeutic interven-
tions, and deficiencies or excesses of dietary components [20]. Metabolomic studies
have demonstrated important effects of nutrients on endogenous lipid metabolism
[6, 21, 22] and the effects on, and the effects of, dietary isoflavones [17] that may
be beneficial although not essential. The new technologies for analysis of metabolites
together with the developing databases, computational tools, and data processing
will in the near future provide health-care professionals with uniquely valuable
resources to detect predispositions to disease, will guide therapeutic approaches to
disease cure, and ultimately will manage the entire spectrum of endogenous and
exogenous influences to improve individual health.

4.5 GENOMICS

Using Evolution to Guide Diet and Health

The impact of the science of genomics to all of life sciences, and most certainly the
field of nutrition, is truly revolutionary. Within the first three years of the post-
human-genome era, some of the most perplexing questions about metabolic health
and nutritional science have been answered with astonishing ease. A compelling
example was described by Goldstein and Brown (for review see [23]). For much of
the 20th century, researchers were unaware that there existed four monogenetic
causes of premature atherosclerosis in humans. Decades of intensive research
amounting to tens of thousands of scientific publications were necessary to identify
two of the four causes—mutations in the LDL receptor [24] and its ligand, apo B100
(for review see [25]). The third genetic cause explained the rare sensitivity of certain
individuals to dietary phytosterols (sitosterolimia), and the fourth was tied to intra-
cellular cholesterol trafficking (ARH adaptor protein). These latter two genetic
causes were identified using the techniques of genomics, and investigations by a
single research group led to two publications within a period of four months [26,
27]! As another example of the power of genomics to reveal the underlying mecha-
nisms of diet, the effect of saturated and trans fats to dysregulate hepatic cholesterol
and lipoprotein metabolism has been the basis of a worldwide agricultural agenda
to reduce saturated fat abundance in the diet. Yet the basic mechanism underlying
the effect of saturated fat on metabolism was not known. The target or basic mecha-
nism by which the effects of saturated and trans fats act was revealed by diverse
genomics technologies assembled and applied as the basis of a single publication
[28]. Genomics is thus providing unprecedented opportunities for developing both
detailed and comprehensive understanding to biology. The success of these strategies
in food applications, however, is extending beyond genomics as the measurement
of gene expression.
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Using Genomic Tools to Discover Nutritional “Gold” in Milk

The new field of nutrigenomics is bringing a new set of tools to gain an understand-
ing of the effects of genetic diversity on the digestion, absorption, transport, and
utilization of food chemicals, and how these processes affect health and disease at
the level of the individual. An implicit promise of such an effort is that once this
understanding is acquired, it will enable sound scientific approaches to change dis-
crete aspects of health via dietary intervention. At this point, however, the dietary
ingredients with which to rationally manipulate human metabolic systems and
deliver on the promise of improved health are still undeveloped. The lack of under-
standing highlights the need to identify additional bioactive nutrients and in particu-
lar their molecular mechanisms of action, and to determine for which individuals
and under what metabolic conditions these bioactive nutrients are appropriate. Tra-
ditionally, bioactive nutrients have been discovered empirically, through association
of foods with particular biological effects or through epidemiological correlation of
food consumption with health outcomes. Fortunately, genomics brings a new oppor-
tunity to discover unrecognized benefits by which diet influences health but to take
a rational, genetics and evolutionary approach to the discovery of new food ingre-
dients and diets as well. Evolution did in fact produce specific animal foods, and
the genomes of various animals, including humans, contains this exceptionally valu-
able knowledge resource.

Nonessential bioactive dietary chemicals can be classified as phytonutrients—
derived originally from the plant kingdom—or zoonutrients—derived solely from
animal tissues—according to their biological tissue of origin [29]. All of these
molecules arose through evolution via selective pressure on their actions and func-
tions. The plant kingdom provides vitamins, minerals, and other essential nutrients
that humans cannot synthesize. Plants also contain toxic secondary metabolites that
do not participate in their own basic metabolism but that are the result of a strong
evolutionary pressure to avoid predation [30]. The physiological mechanisms of
action by which these toxins dissuade animal and microbial predation range from
enzyme inhibition to physiological irritation to endocrine disruption. The defining
activity of these secondary plant metabolites is to disrupt a physiological process
in animals or microorganisms consuming them. This underlying theme of producing
chemicals that on ingestion disrupt the normal physiological processes of animals
thus makes plant secondary metabolites, in many cases, intriguing drug candidates.
Some of these actions of plant metabolites as drugs have been discovered empiri-
cally, and plant materials have been used by humans for centuries for their medici-
nal actions on individuals who are ill or diseased. The tools of genomics are
allowing researchers to understand how these molecules emerged and how to use
their targets of action to modify metabolism in curing diseases. However, although
plant secondary metabolites have been successfully used as therapeutic drugs target-
ing a variety of diseases, as a principle, they cannot be considered the logical con-
ceptual basis for improving health. The actions of plant metabolites, even when
dramatically successful in curing disease, cannot be considered useful to optimize
health. Optimizing health through dietary ingredients will need a different genetic
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model than plants evolving to avoid being consumed. Now that metabolomics pro-
vides the promise of measuring metabolites that can be measured precisely and
comprehensively, it is possible to build an unprecedented understanding of the
mechanisms by which diet can affect metabolic processes. What is necessary is a
genetic model of diet for improving health. Fortunately, there is an ideal model—
milk—and beyond this, there is a wealth of examples that are broadly termed zoo-
nutrients [29].

Zoonutrients are those molecules that evolved under Darwinian selective pres-
sure to support particular physiological processes in animals and thus tend to promote
and not to disrupt metabolic pathways. The mechanisms can broadly be divided into
three categories: (1) promotion of optimal growth, (2) protection from pathogens,
toxins, and stresses, and (3) promotion of correct response to environmental stimuli
and stress [29]. Of the sources of zoonutrients, the richest in bioactive components
is mammalian milks. The basic role of milk in biology is to provide a complete
source of nutrition to infant mammals, and to do so at a low metabolic cost to the
mother. Mammalian milks have traditionally been viewed as a good source of nutri-
tion because they deliver essential nutrients at the correct time in infant development,
and the beneficial activities attributed to milk are becoming increasingly more rec-
ognized [31]. As mammals are underdeveloped at birth, they are vulnerable to many
stresses, and they rely on an exogenous source of protective molecules. Milk is a
source of passive and active immune factors and other bioactive components that
promote health and survival of infants. Milk has not only been a participant in evo-
lutionary selection, it has been a driver, facilitating the emergence of mammals as
successful animals.

The composition of mammalian milks, which includes nonessential but bioac-
tive components, has resulted from the myriad processes of evolution and it follows
that the history of evolutionary pressure is contained within the mammalian genomes.
Thus, the emergence of genomics as a field of scientific discovery should provide
an increasingly transparent window into the processes and benefits of milk. In paral-
lel, the functionality of milk constituents should yield valuable information for the
field of nutrigenomics. Milks are complete foods for the infants they support. Decon-
struction of milk components (i.e., separating and studying the functions of all
components) across all important nutrients will provide strategies by which to
deliver specific nutrients when incorporated into a new generation of foods.

Studies into the functionality of milk constituents will broaden the understand-
ing of nutritional targets. The bioactivities of milk components have traditionally
been studied one molecule at a time, yet a more integrated approach is now possible
because of the new separation and measurement technologies available [32]. A first
priority for the application of genome research to nutrition is the opportunity to
discover all the genes responsible for lactation and to annotate the functions of all
the constituents of mammalian milks in an unbiased way. The sequencing of many
mammalian genomes will allow comparative genomics to identify the genes involved
in lactation. By taking a genomic approach, nutrition investigations will not only
further characterize the previously identified components in milk, but will be
equipped with a new toolset to discover milk’s nutritional functions.
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The composition of milk varies significantly across species and during the
stages of lactation. Genomics-based approaches to milk component analysis using
the genes that produce the components and their regulation will provide insight into
which components change over the course of lactation. These changes and their
genetic regulation can then be compared with known aspects of a particular mam-
mal’s developmental biology, and this knowledge can lead to new hypotheses about
the function of the nutrient component. As an example of such an approach, recent
research in this laboratory has focused on human milk, which is particularly rich in
soluble oligosaccharides. After lactose and fat, oligosaccharides are the third most
prevalent component of human milk. These molecules range in degree of polymer-
ization from three monomers to over 32 and are comprised of glucose, galactose,
N-acetylglucosamine, fucose, and sialic acid. To date, over 130 different human milk
oligosaccharides (HMOs) have been identified in a pooled sample using mass spec-
trometry [33], yet the reasons for such a high concentration and diversity are not
known. HMOs vary among human maternal genotypes, with oligosaccharide species
present in each mother’s milk varying with Lewis and secretor genes [34]. Despite
the impressive concentration and diversity of these molecules in breast milk, current
understanding of their nutritional function does not explain such a metabolic energy
investment by the human mother. Unraveling the bioactivities of oligosaccharides
in the infant will provide a broader understanding of their nutritional function and
suggest ways to utilize these molecules as nutritional components in other foods.

Although oligosaccharides are a dominant constituent in human milk, their role
does not seem to be the simple provision of calories. They resist digestion by host
hydrolases in the small intestine [35, 36], and those that are absorbed to a small
extent are largely excreted in an infant’s urine [37]. Not surprisingly, due to their
lack of hydrolysis, the majority of HMOs arrive in an infant’s colon relatively intact.
Work dating back to the 1950s with the mutant strain Bifidobacterium bifidum var.
pennsylvanicum indicated that milk oligosaccharides may contain, or in themselves
be, a necessary factor for growth of this organism in vitro [36]. The fractionation of
milk and subsequent assay of the individual fractions for growth promotion indicated
that the necessary component was N-acetlyglucosamine. More recently, the results
of these studies have been interpreted to indicate that the HMOs are in part respon-
sible for the higher concentration of bifidobacteria in breast-fed infants compared
with formula-fed infants due to their selective fermentability (for review see [38]).
Nonetheless, interpretations of this early work will need to be substantially revisited
since the property being measured was not fermentability of human milk oligosac-
charides, as the media used to support the bacterial growth also contained lactose.

In the last decade, there was increasing interest in the composition of the gut
microflora, and in potentially modulating the composition through components of
the diet [39]. Prebiotics are indigestible carbohydrates that are fermented by bacteria
in the colon and that selectively stimulate the growth of bacterial species considered
beneficial to health [40]. Although it has often been suggested that HMOs are fer-
mented by species of Bifidobacterium, there has been little characterization of this
activity reported in the literature. From a comparison of maximum growth of six
species of Bifidobacterium grown on lactose, inulin—a well-characterized prebi-



METABOLOME ASSEMBLY AND ANNOTATION 95

otic—and human milk oligosaccharides, it can be concluded that the oligosaccha-
rides were somewhat fermentable by all six species of Bifidobacterium, yet to a
lesser degree than were lactose and inulin (Figure 4.1). Milk oligosaccharides contain
at least 13 different glycosidic bonds, whereas inulin contains two, and lactose one.
Thus, it stands to reason that these molecules would resist digestion by one species
of bacteria. Ongoing efforts are underway to determine which oligosaccharides are
fermented by which bacteria (strain, species, genera) and to determine the effect of
incubation of these molecules with mixtures of bacteria of fecal origin.

4.6 METABOLOME ASSEMBLY AND ANNOTATION

The early phases of building metabolomics databases and metabolic relationships
are using techniques that sample defined subsets of metabolites. When the identities
of metabolites are unknown, the techniques are termed metabolic fingerprinting.
When the determination of subsets of metabolites or when the concentrations of all
individual metabolites is not complete, the process is termed metabolic profiling.
Metabolic fingerprinting is a rapid classification of samples according to their origin
or their biological relevance by high-throughput analysis [41]. These techniques can
be used to develop and assemble larger metabolomes, to annotate specific pathways
for their biochemical and physiological relationships, and to follow developmental
processes, toxicological responses, and nutritional processes. Use of these principles
in nutrition research and metabolite assessment as metabolic profiling is particularly
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Figure 4.1. Fermentability of lactose, inulin, and human milk oligosaccharides by selected
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appropriate to highly dynamic metabolic conditions, in which expensive and com-
prehensive metabolomic analyses are impractical.

An obvious example of a dynamic condition is the postprandial state: it is rec-
ognized as a metabolic window in which variations in diet have significant effects
on multiple aspects of physiologic regulation. Metabolic profiling is now being
applied to the description of the myriad, time-dependent processes of metabolism
during the postprandial state with the intent of understanding individual variations
in responses to diet that are not discernible in the fasted condition and yet are none-
theless important to long-term health. Such profiling will be linked with studies that
have linked specific genetic variations among humans to incidence and susceptibility
of disease risk.

Metabolic Profiling of Postprandial Lipoprotein
Metabolism in Humans

The majority of information on the composition of plasma lipids and lipoproteins
has been obtained from fasted individuals. New approaches will be needed to
describe and ultimately understand the metabolic events occurring after consumption
of both fat-rich and carbohydrate-rich meals. A pilot study to precisely quantify
and compare the lipid composition of lipoprotein fractions in plasma as a function
of the fasted or fed state illustrates the opportunities and challenges afforded by
metabolomic-style analysis.

The pilot study was designed to address the following questions: (1) Do indi-
viduals differ in their response to the same meal in terms of postprandial lipid
metabolism? (2) Does the postprandial state represent a discrete metabolic window
that elucidates features of metabolism that cannot be observed in the fasting state,
and that can be discerned by compositional analysis of blood lipids? (3) Could
unique features of lipid metabolism in subjects in the fed state be used as a metabolic
diagnostic tool as in the fasted state currently used in most clinical diagnostics.

Blood was obtained from volunteers after an overnight fast and 3.5h after con-
suming a high-fat (65%) breakfast consisting of 1 egg, 2 tbsp margarine, 1/2 English
muffin, and 8 oz of whole milk. The lipoprotein classes in plasma were separated by
density ultracentrifugation using a rapid isolation procedure [42]. The VLDL, IDL,
LDL, sub-1 LDL, sub-2 LDL, and HDL layers were isolated and their respective
lipid classes separated by HPLC, quantified by GC-FID (gas chromatography with
flame ionization detection) analysis of fatty acid methyl esters, and identified by
LC/MS. The sheer volume of compositional lipid data produced by these analyses
requires software tools for display and interpretation. All lipoproteins responded to
the postprandial state. Fatty acid composition (nanomoles/gram of lipid) data for
each class of lipid in the VLDL for Subjects 1 and 2 in the fasting state and in the
postprandial state reflected in part the consumption of the high-fat meal (Figure 4.2).
In spite of consuming the same meal, there were significant variations in the blood
lipid responses that are discernible in just two subjects. Hence, some key aspects of
the nature of intraindividual and interindividual variation in lipoprotein lipid com-
position were revealed. The metabolomics data from studies of this type are capable
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Figure 4.2. The figures display the results for the VLDL fraction of volunteers 1 and 2 and
show the response of each volunteer to the high-fat meal in terms of the change in nano-
moles (hmol) of selected fatty acids (FAs) per gram of lipid within each lipid class. The
bubbles represent the size of the FA pool within each lipid class at fasting (in dark gray),
and at 3.5 hours after the meal (in black).

of being assembled into mineable databases, suitable for building and testing dynamic
models of metabolism, for establishing statistical estimates of metabolic data in
humans in the postprandial state, and for exploring the consequences of specific
dietary components on metabolic fluxes in the fed state as opposed to the fasted
condition.
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Thus, in evaluating differences in health risk and diet responsiveness, features
of lipid metabolism not discernible in the fasting state can be revealed in the post-
prandial state. These results imply that future experiments designed to establish data
sets of metabolic phenotypes of populations will need to include considerations of
standardized times and meals to include the postprandial state. Such standardization
will be necessary for data from future investigations to be comparable but also to
build models of metabolism and include estimates of the dynamic variations in
individual responses to diet as additional, quantitative predictors of health status.

Metabolic Profiling of Human Lipid Responses to
Calcium Sources

Although considerable research has documented the effects of diet on the composi-
tion of lipoproteins during the fasted condition, other aspects of plasma lipids have
not been as intensively investigated. Importantly, the abundance and composition of
free fatty acids has only recently been recognized as an indication of health risk
within the overall context of fasted blood lipids. Thus, it is not known to what extent
diet per se affects the concentrations of free fatty acids in the fasted state. A study
of the effects of the form of dietary calcium on weight loss and lipid metabolism
revealed that the composition of unesterified fatty acids was in fact the lipid class
that was most quantitatively responsive to dietary variation in calcium from different
sources. Overweight subjects randomized into a control (cornstarch) group, a high-
supplemented (calcium carbonate) group, or a high-dairy (3—4 servings/day) group
were maintained on a 500 kcal/day deficit diet for 12 weeks, with weight and fat loss
as endpoints. Comprehensive lipid analyses in this study revealed distinctive varia-
tions in unesterified fatty acids (Figure 4.3). Currently, there is a focus on the mea-
surements of single endpoints associated with biomarkers of disease producing an
incomplete and frequently misleading snapshot of the metabolic effects of various
interventions—dietary or pharmacologic. With the use of currently available
metabolomic tools, it is as straightforward to measure and quantify each and every
fatty acid in a lipid class as to measure one (Figure 4.3). With such extensive data,
the individual’s metabolic profile provides a window to understand a much greater
cross section of the biochemical processes involved in the individual’s response to
dietary inputs. Figure 4.3 illustrates the fatty acid composition of one lipid class—
FFA—in three subjects—one from each intervention: control, high calcium, and high
dairy. The goal of future studies is to bring a mechanistic understanding (i.e., indi-
vidual annotation) to each of the lipid species in human biofluids.

Metabolic Profiling of Dietary Response to Long-Chain Fatty
Acids in Caenorhabditis Elegans

Genomics knowledge and tools are making it possible to combine in vivo biological
models with genetically defined molecular targets to address nutrition-related ques-
tions not possible in humans. One area of emphasis in this laboratory has been to
understand how and why different fatty acids accumulate in specific subcellular
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Figure 4.3. Change in FA composition of FFAs in Individuals 1 (control), 2 (high calcium),
3 (high dairy).

compartments in cells. This pursuit is illustrated by investigations of the conspicuous
tendency of docosahexaenoic acid to accumulate in the cardiolipin class of lipids
synthesized and residing within the inner mitochondrial membrane [43]. Studies on
isolated human cells identified the accumulation of docosahexaenoic acid in cardio-
lipin and documented that this resulted in increased free radical leakage from mito-
chondria [44]. These studies pointed to a seemingly paradoxical behavior of these
cells—they selectively accumulated docosahexaenoic acid in mitochondrial lipids,
but this accumulation appeared to be deleterious to the integrity of cells.

These studies were extended to C. elegans, a nematode model that is relatively
genetically controlled and that provides easy access to an in vivo study of the physi-
ological properties of the organism. Knocking out the far-3 gene, which encodes a
delta-6 desaturase, blocked de novo biosynthesis of polyunsaturated fatty acid past
linoleic acid and alpha-linolenic acid [45]. When fat-3 C. elegans mutants were
grown in the absence of long-chain polyunsaturated fatty acid, the inability to accu-
mulate these polyunsaturated fatty acids into mitochondria depressed mitochondria
energetics to the extent that whole-body locomotion was dramatically reduced, as
measured by counting the body bends per minute of individual worms in a buffer
solution [45]. Providing polyunsaturated fatty acid to the nematodes in the form of
a strain of Escherichia coli (JMS-1) that contained a plasmid for eicosapentaenoic
acid production led to complete recovery of normal locomotion (Figure 4.4). Addi-
tionally, a small amount of an omega-3 fatty acid supplement that contained both
eicosapentaenoic acid and docosahexaenoic acid in triglyceride form, when spread
on the surface of the culture plates on which the mutants were grown, also led to
complete recovery of the mutants to wild-type levels of locomotion (Figure 4.5).
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Figure 4.4. Body bends per minute of both wild-type and fat-3 C. elegans grown on an
E. coli strain containing a plasmid for EPA production, JMS-1, and a control strain, fad E.
Error bars represent standard deviation.
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Figure 4.5. Body bends per minute of fat-3 and wild-type C. elegans grown on increasing
amounts of an omega-3 human dietary supplement and fad E E. coli. Error bars represent
standard deviation.
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Further research into the additional mechanisms underlying the pleiotropic pheno-
types of the fat-3 mutant will address the functions of polyunsaturated fatty acid in
higher organisms, including humans.

4.7 BIOINFORMATICS: KNOWLEDGE MANAGEMENT FROM
GENOMICS AND METABOLOMICS TO HEALTH ASSESSMENT

Metabolic information has been a cornerstone of health assessments and clinical
recommendations for decades. Measurements of blood cholesterol, lipoproteins,
triglycerides, and glucose have been the basis of population recommendations and
for individual diet and drug interventions. Metabolomics will provide far greater
insights into an individual’s existing health and metabolic status. Nonetheless,
metabolomics first delivers dramatically greater densities of data that require com-
puterized data collection, analyses, and interpretation. Thus, automated informatic
tools will be needed to provide an interface between metabolic data and the indi-
vidual for whom they are diagnostic. There are various examples of high data density
platforms in which software tools integrate large quantities of information into
manageable units (see Chapter 16 in this volume). The data content of satellite-based
global positioning systems is, by any criterion, massive. Yet users access precisely
the information they desire via increasingly user-friendly interfaces on a “need-to-
know” basis (Where am I now and how do I get where I want to go?). It is now
time to consider how the knowledge that will form the basis for the future of diet
and health will be managed.

At present, databases of metabolites are narrow, crude, and only rarely abso-
lute; thus, it is not possible to compare data accurately within studies, much less
between different experiments and populations. The promise of the metabolic infor-
mation obtained from broader metabolic profiling has the potential to revolutionize
human health. Nevertheless, there are important considerations necessary to move
quickly to success. Data must be accurate, absolute, and comprehensive. For indi-
viduals to remain in good health, all of their metabolic pathways must function
appropriately and metabolic needs must be balanced by appropriate nutritional
inputs.

An understanding of the complex and multifactorial nature of chronic metabolic
diseases requires coupling of metabolic pathways with new analytical tools, all
within an integrative knowledge management system. New technologies allow mea-
surement of most known endogenous metabolites by existing platforms that are
being integrated, mined, and annotated by computational technologies [46—48]. The
technologies constituting metabolomics are providing a first look at integrated
metabolism and how it affects human health. The pattern of various metabolites
within biochemical pathways must be understood or at least be comparable to exist-
ing databases to predict how the patterns can be altered by diet, drugs, or life style
[6, 49]. The basics of biochemical pathways in humans have been assembled, and
metabolomics knowledge tools must coalesce this information into comprehensive
knowledge.
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Metabolomic Databases

A major goal of life science research is to understand the mechanistic basis for bio-
logical differences—for example, healthy versus diseased, pathogenic versus non-
pathogenic microorganisms. The presence or absence of a gene, a gene message, or
a protein is typical as the basis of differences between samples with differing pheno-
type; thus, semiquantitative analyses are useful in genomics and proteomics. However,
in metabolomics, quantitative analysis is essential [19]. Virtually all endogenous
metabolites are present in discrete concentrations in biological samples. Annotation
of genomes means assigning functions to the identities of genes. Annotation of
metabolomics will mean assigning functions and consequences to the varying quanti-
ties of each metabolite in particular samples. It is the difference in the absolute con-
centration of metabolites that distinguishes biologically important differences in
phenotype/outcome. Therefore, metabolite data must be quantitative to produce
databases that provide unbiased biological information about a sample. Such quan-
titative databases can be used to compare different samples, phenotypes, or outcomes
to serve as input variables for metabolic modeling and to assess the integrated flux
through all metabolic pathways [6, 50]. Such data can continue to be compared,
mined, and fitted to mathematical models to pursue and ultimately to resolve various
hypotheses. Databases constructed with quantitative metabolite data are therefore
permanent and are not obsolesced by new analytical platforms as they are
developed.

4.8 CONCLUSION

Genetic variation in humans dictates in part their individual predispositions to
disease and health potential. The field of nutrigenomics is seeking to understand the
interaction between diet and human health using genomics. The expression of indi-
vidual genetics, according to environment, gives rise to the phenotypic differences
among people, and these differences are in part due to variations in metabolism. The
field of metabolomics seeks to measure and understand the variation in metabolites
in organisms, including humans. Metabolomics as an assessment strategy is designed
to estimate the real-time realization of an individual’s health potential. When the
variation in metabolism and how such variation relates to health are understood, diet
can be employed to control metabolism. Faulty enzyme activity (genetics, toxicol-
ogy), improper substrate balance (nutrition), and faulty metabolic regulation (genet-
ics, nutrition, life style, etc.) are the influences that relate to development of diseases.
These effects are observable through quantitative metabolic assessment. The means
to interpret changes in metabolites according to specific metabolic pathways is
largely at hand because the knowledge of biochemical pathways has been a research
achievement of the life sciences over the last century. The value of this knowledge
is that observable, metabolic phenomena are potentially understandable and ulti-
mately controllable from an informed perspective. If substrate imbalances are pri-
marily responsible for deranged metabolism, then nutritional and drug intervention
are logical strategies for therapy. By comprehensive measurement of metabolites to
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assess health, dietary advice can be tailored to the molecular basis for potential
disease processes rather than assessing only the endpoint symptoms of a disease’s
consequences. This informed perspective will eventually provide actionable infor-
mation for managing health and disease.
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5.1 INTRODUCTION

Robustness in Biological Systems

As a result of natural selection, cells and ultimately organisms are robust, meaning
that they retain the ability to execute their genetic programs optimally in the face of
stochastic variations, environmental perturbations, and mutations of the genetic code
itself [1-6]. The properties of biological systems that confer such stability are of
interest, since human disease can be viewed as simply the partial loss of robustness
against various genetic or environmental alterations, which the system may encoun-
ter. Genetic buffering is the compensatory process whereby particular gene activities
confer phenotypic stability against genetic or environmental variations. This is com-
monly observed experimentally from “enhancer” screens, although there are instances
where loss of a gene activity confers relative system stability against particular per-
turbations as well (i.e., genetic suppressors). In experimental organisms it’s not
uncommon for a gene to be essential in one inbred strain, yet dispensable in another
[1], possibly due to “enhancing” modifiers in one genetic background or “suppress-
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ing” modifiers in the other. Similarly in natural populations, a particular mutant allele
may contribute to severe disease phenotypes in some individual, yet have relatively
little effect on others [7—14]. Genetic buffering provides a conceptual tool for global,
quantitative analysis of the genes that modify phenotypes, embracing the idea that
genetic “causation” and “modification” of phenotypic traits represent the ends of a
spectrum of gene interactions [7, 15—18].

The combinatorial nature and quantitative complexity of gene interaction analy-
sis is perhaps the biggest challenge for understanding genetic buffering networks. If
one considers the cell as a networked genetic system, variation in the activity of any
one component may not only affect the observed system output directly, but may
also alter the buffering capacity of the system against environmental perturbations
or variations in activities of other system components. The complexity becomes even
greater when considering the networks of phenotypic interaction between cells in
multicellular systems, where the robustness of a phenotype against genetic, environ-
mental, and stochastic variations could be attributable to genes acting in different
cells, tissues, or organs. Superimposed on the complex topology of interacting com-
ponents is the quantitative challenge of distinguishing phenotypic effects actually
attributable to interaction from individual effects that are expressed independently
of combination. Unicellular systems offer the advantage of reduced complexity in
determining genetic principles for cellular robustness. Just as gene activities and
cellular functions have been conserved over evolution, principles of gene interaction,
which provide cellular stability against variations in these activities and functions,
should be conserved as well [18].

Old Observations About Natural Selection, New Opportunities
for Understanding Phenotypic Buffering

C. H. Waddington, wrote in 1942, . .. developmental reactions, as they occur in
organisms submitted to natural selection, are in general canalized. That is to say,
they are adjusted so as to bring about one definite end result regardless of minor
variations in conditions during the course of the reaction.” Waddington was brought
to this conclusion by the emergence of distinct tissue types adjacent to one another
during development and the absence of intermediate forms. His metaphor was of a
number of well-defined canals down which development could flow. He continued,
“the constancy of the wild type must be taken as evidence of the buffering of the
genotype against minor variations not only in the environment in which the animals
developed but also in its genetic make-up” [19]. Waddington’s observations are
resurfacing, as the feasibility of bridging theoretical and experimental genetics to
understand biological complexity increases [18, 20, 21].

Many of Waddington’s observations and theoretical explanations came before
it was known that DNA was the genetic material. Now, with the sequencing of entire
genomes and the cumulative progress in understanding genetic and molecular mech-
anisms, cellular pathways, and regulatory processes, sufficient knowledge and
appropriate tools are available to conceptualize and experimentally measure “cellu-
lar robustness” and “genetic buffering” as properties of “biological systems” [22].
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The primary aim of this chapter is to point out how global and quantitative analysis
of gene interactions provides a strategy to understand why genetic systems are robust
to perturbations [3, 23-25]. The key concept is that genetic interactions themselves
underlie genetic buffering [18]. Qualitatively, gene interaction implies that the pres-
ence, absence, or variation of a gene’s activity has the capacity to alter the pheno-
typic output of the system in response to a perturbation [23, 25]. Quantitatively, this
means that the phenotypic response from combining gene mutation and the perturba-
tion is nonadditive (Figure 5.1) [24]. Comprehensive and quantitative analyses of
gene interactions reveal a functional network, indicating the genetic requirements
for phenotypic stability. Gene annotation databases can then be used to infer the
functions of genes that interact, generating testable hypotheses for the molecular
basis of experimentally observed genetic interaction networks.

There are two points for emphasis regarding quantitative modeling of buffering.
(1) While an additive model is described here as the null hypothesis for gene
interaction (Figure 5.1), multiplicative models have also been used [26, 27]. In any

(A) ©)

Figure 5.1. Genetic interactions are quantified by the effect of gene deletion on pheno-
typic response. Gene deletion strain a (A, C) and deletion strain b (B, D) are used to quantify
the interaction between GENE A or GENE B and perturbation 1 (A, B) or perturbation 2
(C, D), respectively. Differences between “phenotypic slopes” of the reference strain (REF)
(solid lines) and the deletion strains (dashed lines) represent the perturbation-specific
buffering capacity for each gene. For ease of illustration, the reference strain is shown to
have identical phenotypic responses to perturbations 1 and 2 (A-D). The phenotypic effect
of gene deletion alone is observed in the absence of perturbation, where it can be seen
that deletion of GENE A but not GENE B has a phenotypic effect. In this illustration, GENE
A strongly interacts with perturbation 1 (A) but does not interact with perturbation 2 ().
GENE B does not interact with perturbation 1 (B) but interacts weakly with perturbation
2 (D). Thus, phenotypic stability (robustness) against perturbation 1 depends on buffering
activity of GENE A, but not GENE B, while the reverse is true for perturbation 2.



108 GENETIC AND MOLECULAR BUFFERING OF PHENOTYPES

case, the null hypothesis provides a common reference point for quantifying whether
effects interact, and if so how strongly. (2) Genes interact with both other genes and
the environment. For example, genes that buffer a particular genetic mutation (“epis-
tasis”’) might also be expected to buffer drug perturbations (“chemical-genetic”
interaction) that target the same gene (see Figure 5.8) [25].

The experimental platform of using the yeast deletion strain collection to assess
genetic interaction networks is an expansion and further integration of classical
“reductionist” genetic approaches, where the molecular functions of select genes and
pathways that determine phenotypes are ascertained under a controlled environment
and genetic background. Other biomolecular networks, such as transcriptional
networks [28-30], and protein—protein interaction networks [31] subserve genetic
interaction networks, however, it is important to recognize that simple correlations
between gene activities over these different networks do not exist. For example, it
has been shown that transcriptional regulation of a gene has weak correlation with
the phenotypic impact of losing the same gene activity [32—34]. The mechanism by
which naturally selected genes buffer the phenotype may or may not involve tran-
scriptional regulation, because cells have a wide array of other gene regulatory
mechanisms that may be used for a particular buffering response. Additionally, the
cell may have parallel circuits for buffering any particular perturbation. Accordingly,
most of the genes that are coregulated as part of the transcriptional “signature” for
a buffering response are dispensable for phenotypic stability.

A major goal for systems biology is to utilize knowledge about biomolecular
networks to predict human disease phenotypes and manage disease on an individual-
ized basis. Functional overlap between different genes and pathways and the many
layers of gene regulation that cells utilize, such as transcriptional activation/repres-
sion, splicing, degradation, translational regulation, protein transport, and modifica-
tion, explains why the genetic appearance of “molecular” networks is so different
from “phenotypic” networks [35, 36]. Thus, there is a need to understand these dif-
ferent genetic networks independently in order to understand their relationships to
one another. Ultimately, this will lead to integration of genomes, transcriptomes,
proteomes, and phenomes [37—40].

Relevance of Genetic Buffering to Nutritional Genomics

The concept of genetic buffering is relevant to how phenotypic stability is main-
tained, because nutrition itself is an ongoing perturbation: nutritional status is in
constant flux. Natural selection acts on biological systems for phenotypic robustness
against nutritional environmental variation, as evidenced by genetic interactions
between certain loci and dietary factors variably modifying the health of individual
people. Genetic buffering provides a framework for identifying such effects system-
atically and quantitatively because foods are complex mixtures of bioactive sub-
stances, exhibiting complex phenotypic interactions across genetically diverse
populations. Interactions can be dissected using the “reductive” power of large-scale
studies in genetic model systems under controlled but variable environmental condi-
tions, generating hypotheses about sites of functional allelic variation in natural
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populations. Since many pharmaceutical agents target and modulate pathways that
interact with bioactive components of foods, the topology and dynamics of genetic
interaction networks should be mutually informative for nutrigenomics and
pharmacogenomics.

5.2 EXAMPLES OF BUFFERING

Diploidy, Haplo-Insufficiency, Enhancers, and Suppressors

Diploidy is the most abundant source of genetic buffering. Though a special case,
it illustrates well the principle of nonadditive gene interactions. Most genes are
“haplo-sufficient,” meaning that one functional allele suffices as well as two. This
can be viewed as a functional allele buffering a nonfunctional counterpart. This does
not require dosage compensation [41], but only that the biological system can absorb
the reduced input of gene activity and maintain its same phenotypic output. Haplo-
sufficiency is the principle behind recessive inherited diseases and dominant diseases
due to somatic loss of a buffering counterpart. In either case, phenotypic selection
against organisms with mutant alleles is relaxed. From this view, both heterozygotes
and homozygotes, for a disease-contributing allele, have reduced phenotypic buffer-
ing capacity, relative to two normal alleles. Consistent with this view, the heterozy-
gous diploid set of yeast deletion strains has been used to identify genetic targets of
drugs [42, 43].

This loss of buffering in a homozygote may be sufficient to produce disease,
but it does not account for all of the buffering capacity, since even “monogenic”
disease in a genetically heterogeneous population produces a broad range of pheno-
types [7-14]. In contrast, some loci are haplo-insufficient. Thus, not all genes are
buffered by diploidy, and natural selection may act on single alleles even in the
presence of a functional counterpart [44]. Molecular explanations for dominance
have been considered theoretically and in a limited number of experimental contexts
[45—49] but exceed the intended scope of discussion, which is focused on genetic
interactions between different loci. Nevertheless, it is worth mentioning that a long-
standing question in evolutionary biology is why sexual reproduction is under such
strong natural selection [50]. Genetic buffering via diploidy provides a potential
explanation, because the constraint of negative selection against genetic mutation,
which potentially gives rise to novel beneficial traits, is alleviated.

Epistasis (gene—gene interaction) reveals instances of phenotypic buffering
between different genetic loci, which may involve homologous or nonhomologous
genes [1, 3, 23, 51]. “Enhancer” and “suppressor” screens exploit this phenomenon
to identify genes that act within a common pathway; however, multiple pathways are
typically discovered in such screens [52]. In the case of genetic suppressors, loss of
a gene function may provide relative phenotypic stability against a second perturba-
tion [53, 54]. However, presumably yet other genes buffer loss of suppressor gene
functions. An extreme example of phenotypic “enhancement” is synthetic lethality,
where the combination of two nonlethal mutations causes lethality in haploid cells.
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Synthetic lethal interactions imply that the function of one gene compensates, or
buffers, loss of another [18, 23, 55, 56]. In this regard, it is remarkable that over 80%
of genes are nonessential for growth under optimal laboratory conditions in haploid
yeast [33, 57]. Challenging viable deletion strains with additional genetic or envi-
ronmental perturbations and measuring the resulting phenotypes provides insights as
to why seemingly dispensable genes have been maintained by natural selection.
Notably, the number of gene—gene interactions alone has been estimated to be over
100,000 [23]. Thus, phenotypic profiling of gene knockout strains is a focus for
investigating buffering networks that confer phenotypic robustness against genetic
and environmental perturbations. Before going into more detail about genetic inter-
action network analysis, other perspectives of buffering are briefly discussed.

Genetic Redundancy: Genome Duplication and Gene Families

Gene duplication provides a strategy for genes and organisms to evolve new func-
tions and traits, via a mechanism of buffering that is less constrained than diploidy.
Following duplication, a gene may be mutated with little fitness cost to the organism,
presuming the duplication provides no original selective disadvantage or advantage.
Mutation in duplicate genes may result in subfunctionalization—for example, new
temporal or spatial activity, cell-type specific regulation, modified substrate specific-
ity, product formation, or physical interaction. Once the “new” member of the gene
family has achieved a specialized function, it undergoes purifying selection and is
maintained independently [58—60]. The evolved gene may have redundant functions
that can buffer the original gene that gave rise to it, and vice versa.

Saccharomyces cerevisiae and other organisms have undergone genome dupli-
cation relatively recently [61-63]. One study concluded that over 25% of the
S. cerevisiae gene deletion strains that maintain robust growth were compensated
by redundant partners [3]. The lines of evidence supporting this conclusion were:
(1) a higher probability of functional compensation for a duplicate gene than for a
singleton, (2) a high correlation between the frequency of compensation and the
sequence similarity of two duplicates, and (3) a higher probability of a severe fitness
effect when the more highly expressed duplicate copy was deleted [3]. Other studies
have suggested that alternative pathways and regulatory networks, in addition to
redundant/duplicated genes, contribute significantly to phenotypic robustness [1, 2,
23-25, 35, 36, 51, 64-66].

Dedicated Buffering Proteins: Molecular Chaperones

An alternative strategy to genetic redundancy and gene regulatory networks for
buffering phenotypes against genetic/environmental variation is molecular chaper-
oning, which compensates the structural/functional loss of other proteins by restor-
ing the defective protein itself, rather than by substituting a “new” gene activity to
buffer the lost activity. HSP90 (heat shock protein) is the prototype for this family
of proteins, which, in addition to providing structural stability to proteins during
high-temperature stress, has been shown to stabilize morphologic traits by buffering
genetic variation in signal transduction proteins in animals and plants [67, 68]. This
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provides a specific molecular mechanism for strengthening and relaxing the evolv-
ability of traits, and thus HSP90 has been considered as a “capacitor” for evolution
[67-70]. Molecular chaperones represent a unique example of genetic buffering in
that their activity appears relatively dedicated to particular signaling pathways rather
than an emergent property of the overall system function [1, 70]. It will be interest-
ing to learn if other classes of proteins are dedicated to buffering, and to learn more
about phenotypic buffering by protein chaperones operating in different pathways,
cell types, and organisms.

Quantitative Genetic Interaction Networks

Qualitatively, genetic interaction means that the phenotypic effect of perturbation
(e.g., gene mutation or drug treatment) is dependent on allele status at the “inter-
acting” locus (Figures 5.1-5.3). Quantitatively, there must be a definition for
“independent” phenotypic responses to perturbation that can serve as a null hypoth-
esis for interaction and a reference point for quantifying strength of different genetic
interactions (Figures 5.1-5.8). Additive and multiplicative models have been used
in this way to model gene interactions quantitatively [24, 26, 27, 66]. For example,
if two perturbations each have a 30% effect on reducing the phenotypic measure,
the null hypothesis would be rejected if the combination of phenotype effects was

C HU C HU C HU
1 1
1.5days 5days 7 days 1.5days 5days 7 days 1.5days 5days 7 days
WT mrp17 cwh8
yil154c trf5 her1
mus81 met18 duni
(A) (B) ©

Figure 5.2. Genetic interaction is a quantitative continuum. Each row of data represents
growth of a particular strain, either in the absence (columns 1 and 2 of each 3 x 3 block)
or presence (column 3) of 150mMHU. The row labels indicate yeast genes deleted from
WT, the isogeneic starting strain, from which all deletion strains were created. In each
block, earlier (1.5 days) and later (5 days) time in the control (“C”) condition reflect the
effect of each deletion alone (no HU). In panel (A), deletion of YIL154c or MUS81 appre-
ciably modifies the phenotypic response to HU but does not modify growth in the absence
of HU. Panels (B) and (C) represent strains with moderately and severely reduced growth
due to gene deletion alone (compare first columns in each block). In each case a quantita-
tive range of interactions with HU (compare third columns) is also observed. Thus, in order
to quantify interactions precisely, the phenotypic effects of gene deletion and perturbation
must be considered separately as well as in combination, and a range of perturbation
intensities must be tested (see Figs. 5.4, 5.5, 5.6).
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Figure 5.3. Genetic interaction is quantified by nonadditive phenotypic effects. Images
of the reference strain (WT) and three different deletion strains, growing in the absence
(C) or presence (HU) of 150mM hydroxyurea, are depicted at several different times over
7 days. Nonadditive (synergistic) interaction between HU treatment and deletion of RAD59
is evidenced by equivalent growth of the rad59 deletion strain and the reference strain
(WT) without HU exposure, while RAD59 is required for growth in the presence of HU. In
contrast to the rad59 deletion strain, the ino2 deletion strain has reduced growth in the
absence of HU, which must be accounted for when assessing whether the robustness of
growth against HU perturbation depends on the presence/absence of the INO2 gene. Like
the ino2 deletion strain, the ssn3 deletion strain also demonstrates slow growth in the
absence of HU. However, in contrast to deletion of INO2, deletion of SSN3 appears to have
a greater-than-additive effect on growth when combined with HU.

>
Figure 5.4. Cell proliferation is a dynamic function of perturbation intensity and time.

Panels (A) and (B) represent mean values for many replicates of the reference strain. In
panel (A), image density of spotted cultures (see Figure 5.3) is plotted against time for
different perturbation intensities. In panel (B), image density is plotted against perturba-
tion intensity at discrete times during the experiment. Note that reference strain growth
is robust against HU perturbation up to a concentration of 10 mM; beginning with 25mM
the cell’s buffering capacity for HU is exceeded by additional increases in concentration
(panel A). The calculation of interaction is potentially affected by the time at which the
assay is scored, as illustrated in panel (B), where it is shown that HU concentrations as high
as 150mM appear to have little affect on reference strain proliferation by 126 hours,
although the same concentrations have large effects at 40 hours. (See insert for color
representation.)
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Figure 5.5. Area under the growth curve (AUGQ) as a unit measure of cell proliferation
for quantifying genetic interactions. Panels (A)-(C) are representations of data derived
from spot cultures as in Figures 5.3 and 5.4. In panels (A)-(C), mean growth and standard
deviation for replicate cultures of the reference strain in the absence (gray solid lines) an
d presence (gray dashed lines) of 150mMHU are reproduced on each panel. The corre-
sponding growth curves for the rad59 (panel A), ino2 (panel B), and ssn3 (panel C) deletion
strains are shown in the absence (solid black lines) and presence (dashed black lines) of
perturbation with 150mMHU. In panels (D)-(F), AUGC is plotted against the perturbation
intensity (HU concentration) for replicates of the reference strain (the gray data points
represent the AUGCs from Figure 5.4A). The rad59 and ssn3 deletion strains demonstrate
synergistic (greater than additive) gene interaction (panels D and F), implying that RAD59
and SSN3 genes help buffer cells against growth inhibition by HU. The ino2 deletion strain
demonstrates antagonistic (less than additive) gene interaction (panel E), meaning that
deletion of INO2 masks the HU effect, which is observed in the reference strain between
25mM and 200mMHU. Beyond 200mM, no further interaction is observed.
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Figure 5.6. Buffering capacity (strength of genetic interaction) aids identification of
functional genetic interaction modules. In panels (A) and (B), area under the growth curve
(AUGQ) is plotted against HU perturbation intensity. Genes functioning in homologous
DNA recombination are observed to interact strongly with HU perturbation, indicating a
uniform and high buffering capacity (RAD59 is an exception) for this functional gene group
(panel A). In contrast, genes required for the structure and assembly of the vacuolar H*/
ATPase interact weakly with HU, by virtue of essentially additive, and thus independent,
phenotypic effects (panel B). (See insert for color representation.)

significantly different than 60% for the additive model, while a 51% reduction would
be the expectation with the multiplicative model. To a greater extreme, if each per-
turbation caused 50% phenotypic reduction, the multiplicative model would predict
a 25% phenotypic response to the combined perturbation, while the additive model
would predict complete loss of the phenotype.
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The figures in this chapter are intended to emphasize how quantitative analysis
of gene interaction (networks) helps to understand genetic buffering and cellular
robustness (Figures 5.1-5.9). In all examples, the primary phenotype is cell prolif-
eration, which is under strong natural selection, the driving force for cellular robust-
ness. In particular, genetic buffering of DNA replication, a cellular process closely
tied to cell proliferation phenotypes, is discussed.
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Gl = Growth index

AUGC = Area under growth curve
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n = Number of replicates

S.D. = Standard deviation
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5.3 EXPERIMENTAL CONCEPTS FOR GENETIC
BUFFERING ANALYSIS

Gene Interactions Underlie Buffering;
Buffering Underlies Robustness

The terms buffering and robustness are more often defined in chemistry and engi-
neering than genetics or biology. It is in part for this reason that they help to frame
genetic and biological questions in a new and useful way. Genetic buffering is
analogous to pH buffering in the sense that the “activity” of the buffer is to maintain
system homeostasis by absorbing the perturbation(s). By this definition, one need
not know the mechanism of buffering in order to determine whether one system or
another is better buffered against a particular perturbation; one need only measure
the perturbation input and the system output in the presence and absence of candidate
buffers. In the case of pH buffering, measuring the pH in response to addition of
acid or base, with and without a candidate buffering substance, defines the buffering
characteristics of the substance. By analogy, one assesses the buffering characteris-
tics of a gene by measuring the phenotypic output of its (cell) system in its presence
and absence. In principle, one needs only titratable perturbations, and a method for
quantifying the phenotype [24]. By titrating various perturbations, in the presence
and absence of the candidate gene buffer, the effect of the gene activity on the phe-
notypic responses defines the buffering characteristics of the gene (Figures 5.1, 5.5,
and 5.6).

<
Figure 5.7. Hierarchical clustering used to identify genetic interaction modules in complex

data sets involving multiple different perturbation types. A set of 298 haploid deletion
strains was selected from a genome-wide screen of over 4800 strains based on growth
index values for perturbation with 150mMHU calculated as shown in panel (C) [24]. The
growth index for all HU-interacting deletion strains was determined for many perturba-
tions of different type and intensity as indicated by column labels in panels (A) and (B),
where C is the no drug control for each strain, miconaz is miconazole (nM), TBHP is
t-butyl-hydroperoxide (mM), cyclohex is cycloheximide (ng/mL), HU is hydroxyurea (mM),
and cisplat is cisplatin (uM); _gen refers to data from the genome-wide screen. The row
labels indicate individual gene deletion strains, and the growth index values are indicated
by the shading intensity at the intersection of rows (gene deletions) and columns (pertur-
bations). Synergistic interactions have a negative growth index (more details about quan-
tification found in [24]). Clusters are assigned numbers along the right side for ease of
reference. Clusters 1-3 are comprised overall of genes with the highest buffering capaci-
ties. Cluster 2 contains genes with high buffering selectivity for DNA-damaging perturba-
tions (HU and cisplatin), as compared with Clusters 1 and 3. The inset of Cluster 2 is to
emphasize the enrichment of DNA repair genes in this highly specific genetic buffering
module, particularly those involved in homologous recombination (rad = radiation sensi-
tive; see also Figure 5.6A). Cluster 7 indicates genes with relative buffering selectivity for
cisplatin perturbation, while Cluster 9 is more selective for hydroxyurea. The genes indi-
cated by arrows are further described in Figure 5.9. (See insert for color representation.)
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Figure 5.8. Tet-regulatable alleles of genetic drug targets are useful for validating
chemical-genetic interactions. Hydroxyurea acts to inhibit ribonucleotide reductase activ-
ity, which is required for production of dNTPs and thus for DNA replication. Panel (A)
depicts the buffering capacity of HOM2 (common pathway of threonine and methionine
synthesis) in response to HU perturbation. To more directly test whether HOM2 buffers
RNR activity, tetracycline/doxycycline-regulatable alleles of RNR7 and RNR2 were
constructed by chromosomal integration into the reference strain and the hom2 deletion
strain. Panel (B) depicts the average AUGC from multiple transformants of the reference
strain, in addition to four transformants each, for the tet-RNR1(regulatory subunit)/hom2
deletion strain, each tested at multiple concentrations of doxycycline, designed to repress
RNR1 gene transcription. In panel (C), similar data for tet-RNR2 (catalytic subunit)/hom2
deletion strain is shown for comparison. (See insert for color representation.)

<

In contrast to the mechanistic simplicity of a chemically buffered solution,
robustness properties of biological systems are more analogous to those of highly
engineered machines, such as airplanes [4-6], where system-level organization
involves modular architectures, elaborate hierarchies of protocols, functional redun-
dancies, and layers of feedback regulation, which are driven by the demand for
system stability in the face of a dynamic and uncertain environment. Csete and Doyle
[6] have developed these and other useful analogies and insights from engineering
theory, providing a useful perspective on biological complexity.

From a systems perspective, one can envision the genome as the blueprint of
an organism, with gene products as the system components and regulatory networks
as the functional organization [22]. In this analogy, natural selection would be the
“engineer,” designing the modular architectures, hierarchical protocols, and layers
of feedback that regulate phenotypic responses to perturbation. Experimentally, gene
knockout collections provide a way to reverse engineer the gene interaction networks
that provide buffering, because they facilitate dissection of the genetic basis for
“robustness.” Using defined model systems, the activity of each of the components
in the system, the perturbation type and intensity, and the phenotypic output of the
system can all be manipulated. As with other global, quantitative genetic data, one
faces the challenge of partitioning and integrating the information in order to achieve
particular biological insights. Interpretation of phenotypic buffering networks is
perhaps facilitated relative to other biomolecular networks because genes are com-
monly annotated with respect to their phenotypic effects.

Buffering Capacity

Buffering capacity is the amount of stability/robustness that a gene or genetic
module imparts on the system in response to a particular perturbation input. Thus,
buffering capacity reflects the strength of genetic interaction. The concept of buffer-
ing capacity is motivated by the observation that gene interaction is ubiquitous and
occurs over a quantitative continuum (Figures 5.2-5.7). Buffering capacity remains
little explored because the models that quantitative geneticists have used to identify
quantitative trait loci have generally lacked the power to quantify epistasis or
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LST4/LST7/LST8

RTG1/RTG2/RTG3

AAT2

HOM3/HOM2/HOM6/THR1/THR4

RNR1/RNR2

Figure 5.9. A hypothetical model for a buffering protocol that provides cellular robust-
ness against HU perturbation. A buffering “protocol” is the temporal, spatial, and molecu-
lar logic of connectivity between different genetic buffering modules. Each genetic
buffering module is defined experimentally by genes having shared buffering specificity;
that is, patterns of buffering capacity and selectivity (see Figure 5.7). The proposed
connectivity between modules is based on collective gene annotations. Protocols can, in
theory, involve any number of genes/pathways, acting in any order, and on any variety of
biochemical intermediates. For the proposed example, four genetic buffering modules are
incorporated as explained by the following annotations. Briefly, computational analysis of
the E. coli metabolome predicted that a high-flux metabolic backbone acts to reprogram
metabolism for optimal growth in response to a changing environment, and that it is likely
conserved in eukaryotic cells [90]. Threonine synthesis was on the high-flux backbone.
Accordingly, all genes on this pathway were recovered from the HU chemical-genetic
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gene—environment interactions [16, 71], while experimental molecular geneticists
have more typically sought biochemical/mechanistic information than quantitative
genetic information. The concept of buffering capacity put forth here is that strong
interactions indicate genes with high buffering capacity, since the activity is required
for stability with relatively small degrees of perturbation (Figure 5.6A), while weak
interactions indicate genes with low buffering capacity, because loss of activity has
little impact on the phenotypic response to perturbation (Figure 5.6B). The preci-
sion of gene buffering capacity measurements results from the range and number
of perturbation intensities tested—low-intensity perturbations being required to
discriminate between genes having the highest capacity (strongest interactions)
and high-intensity perturbations being required to discriminate between genes with
low buffering capacity (weak interactions) (Figure 5.6). Time, as a variable, also
impacts phenotypic measurements and thus buffering capacity calculations (Figures
5.2-5.9).

In order to visualize large matrices of genetic interaction data, the multidimen-
sionality of genetic interactions can be reduced by representing buffering capacity
as a single value, derived from many growth curves (Figure 5.5). For example, one
could use the difference between areas under each curve in Fig. 5.8A. A caveat to
such “reduced” representations of interaction quantities, however, is that biologically
important features of the data may be lost to the analysis (Figures 5.5 and 5.8). For
this reason, buffering capacity should probably be analyzed with respect to different
features of growth curves (e.g., lag time maximum rate, final population density),
each representing physiologically distinct biological phenomena.

<
screen (HOM3, HOM2, HOM6, THR1, THR4). The computational analysis predicted threo-

nine catabolism to be upstream of de novo purine synthesis on the high-flux backbone,

forming the foundation for a second hypothesis that purines are limiting in the context
of HU inhibition of RNR, and that the outlined protocol of genetic interactions function
to buffer RNR activity by regulation of purine fluxes in yeast. In support of the model,
RTG1/RTG2/RTG3 regulate expression of tricarboxylic acid genes, potentially controlling
the provision of aspartate for threonine synthesis (AAT2, which converts TCA intermediates
to aspartate, the substrate of HOM3p, was also found to buffer HU perturbation).
RTG stands for retrograde, because these genes initiate their transcriptional program in
response to mitochondrial perturbations. Coincidentally, RNR deficiency is known to cause
mitochondrial malfunction and loss of respiratory capacity, potentially indicating activa-
tion of such a regulatory loop. Additionally, LST4/LST7/LST8 may participate in a “second
layer” of regulation because LST8 has been shown to regulate both RTG signaling and
amino acid permease sorting. Thus, it is plausible that LST4/LST7/LST8 “communicates”
with the high-flux backbone via interaction with RTG1/RTG2/RTG3 to help coordinate both
threonine uptake and threonine synthesis to boost overall purine catabolism and augment
production of dNTPs by RNR. The hypothesis that ADP is the limiting substrate for RNR is
consistent with the fact that dATP is the primary allosteric negative feedback product for
RNR. Interestingly, it has been observed that several of the genes in the threonine synthesis
pathway are also lethal with SEC73 (LST).
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Buffering Selectivity

Buffering selectivity is the qualitative pattern of interaction a given gene or genetic
module demonstrates across perturbations affecting different cellular processes
[24, 25]. For example, a series of different DNA damaging agents might be
more useful for discriminating between the buffering selectivity of different
DNA repair genes, while a more diverse set of drug perturbations targeting different
cellular processes would be more useful for classifying the buffering selectivity
of a set of genes representing all protein activities (Figure 5.7). Buffering selectivity
highlights local areas on a gene interaction network that provide robustness
in particular perturbation environments. Returning to the DNA repair example,
it’s important to consider that genes that buffer cell proliferation against various
forms of DNA damage comprise many functional classes (transcription factors,
polymerases, endonucleases, helicases, ligases, kinases, ubiquitin-modifying
proteins, cytoskeletal proteins, etc.). While some of these genes may function
to buffer a range of other types of perturbations, others likely interact relatively
selectively in the case of DNA damage, and some may be even more selective,
acting on only certain types of DNA damage. Thus, buffering selectivity and buft-
ering capacity are complementary for characterizing modularity in genetic interac-
tion networks.

Buffering Specificity and Modular Buffering Networks

Buffering specificity is the combined selectivity and capacity of genetic inter-
actions across a series of different perturbations. To the extent that buffering
specificity is defined comprehensively and quantitatively for any single gene, it
represents the contribution of a single gene to overall robustness of the cell.
Modularity in genetic interaction networks is thus defined by correlation of buff-
ering specificity among all genes for a particular set of perturbations and identifies
sets of genes that act together to modify a phenotype in a similar way in various
contexts that the cell encounters (Figure 5.7). Thus, the interpretation of modular-
ity depends on the sets of gene—perturbation interactions analyzed, the method for
calculating interactions, and the method for assigning similarities within the global
data set.

5.4 EXPERIMENTAL PLATFORMS FOR GLOBAL GENETIC
INTERACTION ANALYSIS

Use of the Yeast Knockout Collection for
Gene Interaction Analysis

Yeast was the first eukaryotic genome sequenced [72]. Following this achievement,
a consortium of laboratories knocked out all yeast genes [33, 57]. Pairs of 20 mers
(oligonucleotides of 20 bases) flanking a selectable gene marker were designed for
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each locus and inserted by homologous recombination. Since each pair of oligonu-
cleotides is unique to its deletion locus, relative growth of all strains can be charac-
terized by microarray hybridization analysis—essentially a bar-code system. By this
method, pooled deletion strains are grown competitively under different conditions
of interest and collected at various times for extraction, labeling, and hybridization
of the genomic DNA to oligonucleotide microarrays. Hybridization signal data are
filtered for quality and then statistical algorithms are applied to determine whether
the changes in relative hybridization signal for each strain indicate loss of fitness
for each strain in the perturbed pool [33, 57].

A more common use of the deletion set has been to replicate the strains to agar
growth media and score the growth subjectively after a designated time period. Many
growth-perturbing conditions have now been tested in this way, but no standards
have been adopted that would facilitate pooling the various data sets for quantitative
analysis. Many of these studies were designed as more traditional genetic screens,
generating a list of candidate genes for a pathway or process, rather than for studying
genetic buffering or cellular robustness per se [18, 73].

The Boone laboratory has performed the most comprehensive qualitative analy-
sis of gene—gene and gene—environment interactions [23, 25, 55]. For gene—gene
interactions they developed a method for using the deletion set as a starting point
to test for synthetic lethality of double mutations [23, 55]. In brief, the synthetic
genetic array (SGA) strategy is powerful because, beginning with the deletion set
created by the consortium, DNA transformation is not required to introduce a second
gene mutation into the entire set. For SGA, haploid double mutants are created by
a mating strategy: a “query strain” carrying a mutation of interest, marked with a
unique dominant drug resistance marker, is of opposite mating type and contains a
mating-type-silenced auxotrophy and a recessive drug resistance marker, but lacks
the dominant marker used to create the deletion array. This strain is mated against
the deletion collection array and the diploid double heterozygous mutant is selected
and then sporulated to obtain all haploid meiotic products. The haploid double
mutants can be selected by growth under appropriate selective growth conditions
[23, 55]. Synthetic lethality is presumed to occur when the double mutant is not
obtained, implying that the combination of two nonlethal mutations causes lethality.
In actuality, many of the reported interactions are “synthetic sick,” meaning that,
rather than lethality per se, there is an observable effect of interaction on growth of
the double mutant. It is also possible for a given combination to result in synthetic
phenotypes only a percentage of the time, or to express various degrees of “sick-
ness,” over multiple tests. Growth is typically scored qualitatively for SGA, and
hierarchical clustering is performed on interaction data after it is converted to a
binary form [23, 25].

SGA has been used to characterize a large network of interactions, revealing
global aspects of gene interaction networks. The analysis concludes that connectivity
between interacting genes across the network follows a power-law distribution, pro-
viding an example of “small-world networks,” which exhibit dense local neighbor-
hoods and hubs such that the shortest path between any two vertices is typically short
[23]. From use of the gene ontology resource, genetic interaction networks appeared
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to strongly reflect functional aspects of cellular organization [23, 74]. Novel func-
tions for some genes were discovered from hypotheses generated for unknown
genes, based on connectivity to genes of known function [23]. This work set a
standard for genetic interaction network analysis, representing interdisciplinary
contributions from several laboratories. Boone and colleagues also used the
matrix of gene—gene interactions to show that correlation between gene—gene and
chemical-gene interaction profiles is predictive of the genetic targets of drugs [25].

In contrast to the work from the Boone laboratory, most of the work described
below emphasizes development of methods for quantitative analysis of gene interac-
tion networks recognizing that important biological aspects of genetic interaction
networks are lost when interactions are treated as binary rather than continuous
phenomena. With the extreme complexity of biological networks being well docu-
mented, strategies for improved resolution are needed. To this end, high-throughput
methods for quantifying growth of tens of thousands of cultures per experiment will
be discussed along with analytical techniques for automating summary measure-
ments of gene interaction, based on the growth of multiple individual cultures [24].

Buffering of DNA Replication in Yeast: A Model for
Genome Instability and Cancer

The work reviewed next focuses on how perturbations of ribonucleotide reductase
(RNR), an enzyme activity required for producing deoxyribonucleotides from ribo-
nucleotides, is buffered by activities of other genes. The rationale for choosing RNR
as a primary perturbation is based on the hypothesis that cell systems have been
naturally selected to buffer variation in RNR activity in order to maintain phenotypic
stability in the face of perturbed cellular ANTP pools. Genetic buffering of RNR was
investigated by measuring chemical-genetic interactions between hydroxyurea
(HU), a small molecule inhibitor of RNR, and the set of yeast deletions. Examples
from this work illustrate how buffering concepts such as capacity, selectivity,
and specificity are used to generate hypotheses regarding the organization of
genetic circuitry underlying phenotypic robustness to particular perturbations
(Figures 5.6-5.9).

As alluded to previously, cell proliferation is an ideal phenotypic output for
these studies. First, it is a quantitative trait that is relatively easy to measure. Second,
due to strong natural selection for cell proliferation, it is a robust and genetically
complex phenotypic output that represents overall function of the entire genetic
system because nearly every gene (in some cellular context) may modify cell pro-
liferation. Third, cell proliferation is a fundamental feature of all cells. Thus, prin-
ciples learned from genetic buffering of DNA replication, which is closely tied to
cell proliferation, will likely be conserved in many cell types [18]. Because DNA
replication fidelity is a major determinant of genome stability, a complete under-
standing of how DNA replication is buffered in yeast can be applied to better
understand tumorigenesis in multicellular organisms, where genetic instability nearly
always precedes cancer [75].
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Genetic Buffering of Ribonucleotide Reductase

RNR activity is required for production of all ANTPs [76, 77] and thus is required
for DNA replication and cell proliferation. RNR regulation is elaborate, the complex
in yeast being assembled from four different subunits (RNRI, RNR2, RNR3, RNR4)
and the activity being regulated during the cell cycle and in response to DNA damage
[78-80]. Its activity is regulated at the levels of transcription [81], mRNA degrada-
tion [82, 83], translation [84], protein degradation [85, 86], protein—protein
interaction [87], allosteric feedback regulation [88], and cellular localization [89].
Physiologically, elevation of dNTP pools is mutagenic [78, 90] and pool depletion
causes stalled replication forks, producing single and double strand DNA breaks
[91]. Additionally, DNA damage responses include transcriptional induction of RNR
and other DNA synthesis genes, helping to stabilize stalled forks, repair damaged
DNA, and resume replication [78, 81, 92]. The compendium of genes acting to
maintain cell proliferation, in spite of abnormal RNR activity, is said to “buffer”
RNR [18, 24].

There are multiple ways to perturb RNR activity in yeast. The primary perturba-
tion reviewed here is addition of hydroxyurea (HU), an enzymatic inhibitor that
scavenges a hydroxyl radical on the catalytic subunit of RNR (RNR2), which is
required for the reduction reaction for all dNDPs. In general, the strategy of pertur-
bation with inhibitors, like HU, for dissecting genetic networks has two significant
drawbacks: (1) there are “off-target” effects of drugs that add unrecognized complex-
ity to the genetic interpretation and (2) most genes do not have inhibitors, so the
scalability of this approach is limited. A second perturbation strategy uses tet-
regulated transcription of the RNR subunits [93, 94]. This approach can be modified
to perturb the activity of any gene in a titratable fashion (Figure 5.8).

A stepwise strategy for assessing buffering globally and quantitatively was to
first screen the entire set of deletion strains for interactions against a few “sensitiz-
ing” concentrations of drug, and then to characterize buffering specificity of selected
strains in greater detail [24]. HU chemical-genetic interactions were studied in this
way, where it was first determined that HU inhibited growth of the reference strain
over a concentration range of 10-300mM (Figures 5.4-5.6). Based on this finding,
HU concentrations, eliciting around a 20-60% reduction in growth of the reference
strain (50, 100, and 150 mM), were chosen for genome-wide screening (Figure 5.5).
Approximately 200 replicate cultures of the reference strain were used to quantify
experimental noise. The phenotypic assay for these studies consists of spotting dilute
cultures onto agar slabs as 8 x 12 cellular arrays, maintaining the 96 well configura-
tion used for distribution of the strains (Figure 5.2). Growth is quantified by image
analysis of the population growth in each spotted culture (Figure 5.5). Images are
collected every few hours over 3—4 days using an optical scanner that images 10
arrays per scan (Figure 5.3). Approximately 30 scans can be collected per hour,
making it practical to phenotype 30,000 (8 x 12 array format) to 120,000 (16 x 24
array format) cultures per experiment (Figure 5.7). The image values are quantified
by pixel analysis and plotted against time to generate growth curves for each strain
(Figures 5.4 and 5.5) [24].
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Area under the growth curve (AUGC) was used as the unit of growth for each
culture, incorporating all features of growth (lag, proliferation rate, and total yield)
into a single measure (Figure 5.5). AUGC is used to calculate the growth index, a
z-statistic representing the probability of nonadditive interaction for a single pertur-
bation condition (Figure 5.7). The growth index represents the interacting effects of
a gene deletion and the perturbation on the phenotype, normalized by the effects of
the deletion or perturbation alone and divided by the experimental noise (standard
deviation of reference strain growth) (Figure 5.7C). As expected for a z-statistic, the
growth index values for reference strain replicates were distributed normally, with
arange of less than £3 (SD). A growth index threshold of £6 (SD) was used to select
300 interacting strains from the approximately 4850 strains tested. Use of a z-statistic
facilitated statistical interpretation of quantitative results between different perturba-
tion types and intensities (Figure 5.7) [24]. The growth index for a gene deletion
strain (at a single concentration of one drug) provides a limited representation of
buffering capacity, which is represented more completely by the difference between
phenotypic slopes, or difference in areas under the phenotypic response curves
(Figure 5.6).

Hierarchical Clustering Reveals Buffering Specificity of
Genetic Interaction Modules

Buffering specificity is experimentally defined by both the buffering selectivity of
a gene across multiple perturbation contexts and the buffering capacity of the gene
in each context. Thus, correlation of buffering specificity, ascertained by hierarchical
clustering [95], highlights genetic interaction “modules” of genes that coordinately
act to buffer the phenotype against perturbations the cell encounters.

Buffering selectivity for HU was evaluated using qualitatively different, but
quantitatively normalized, perturbations including miconazole (an inhibitor of
ERG11p, required for ergosterol synthesis), cycloheximide (an inhibitor of RPL28,
a subunit of the 60S ribosome), cisplatin (a DNA cross-linking agent), and #-butyl
hydroperoxide (a nonspecific oxidant). To standardize comparison of growth index
values between perturbations with different drugs, the reference strain was used to
determine phenotypically equivalent concentrations of each drug (inhibiting growth
of the reference strain to the same extent as 50, 100, and 150 mM HU). Three con-
centrations of each drug were used to test all 300 HU-interacting strains for selectiv-
ity of chemical—genetic interactions (Figure 5.7) [24].

To understand the modular organization of genetic interaction networks that
buffer cell proliferation against HU perturbation, annotations of gene clusters from
the 300 (number of deletion strains) X 18 (number of drug perturbations) matrix of
perturbation combinations was assessed (Figure 5.7). Gene clusters represent inter-
action modules containing genes that have shared buffering specificity, based on
both the qualitative (selectivity) and quantitative (capacity) patterns of buffering
across all perturbations tested. The particular modules discovered and the literature
annotations supporting their classification are discussed elsewhere in greater detail
[24]. The general conclusion is that both buffering capacity and buffering selectivity



EXPERIMENTAL PLATFORMS FOR GLOBAL GENETIC INTERACTION ANALYSIS 127

contributed to the resolution of genetic interaction modules containing sets of genes
with shared functional annotations. Selectivity was useful for distinguishing general
processes, involving large numbers of representative genes, such as protein traffick-
ing (found to have low specificity) and DNA repair (found to have high specificity).
Buffering capacity was useful for finer distinctions, for example, a specific class of
vacuolar protein sorting genes, apart from other vesicular trafficking genes, had
greater buffering capacity for DNA damaging perturbations, while DNA repair genes
involved in homologous recombination had greater capacity than genes involved in
S-phase checkpoint signaling [24].

Dynamic Nature of Genetic Interaction Modules and
Molecular Network Connectivity

Modularity in gene interaction networks is a paradigm for understanding how genetic
circuitry is functionally organized to confer phenotypic robustness on cells by buff-
ering the various genetic and environmental perturbations that cells encounter.
However, it is well known from innumerable examples that individual genetic inter-
actions are themselves dependent on the genetic background and the environment
in which they occur. Thus, “the network™ itself and the modular properties thereof
are also dynamic, and a function of the many variables that comprise “cellular
context.” The dynamic nature of genetic interaction networks means that to maintain
cellular robustness in the face of a constantly changing genetic and environmental
context, individual genes may interact with a wide variety of other genes and
participate in a large number of different “modules” in buffering phenotypes. The
isogenic set of yeast deletion strains permits one to control the context and search
for buffering modules in a systematic, comprehensive, and quantitative manner [18,
24]. However, to address the problem of combinatorial explosion in quantitative
global genetic interaction network analysis, further advances in high-capacity,
high-resolution phenotyping methodologies are needed to resolve the modular
organization of buffering networks for all cellular contexts.

It is almost certain that genetic interaction networks are more complex in nature
than can be recapitulated in the laboratory. For example, natural genetic variation is
not conveniently packaged as deleted open reading frames, and the combinatorial
effects of variation across all loci as well as environmental effects are overwhelming
by comparison. This increase in complexity is further compounded in multicellular
systems compared to the yeast system described here. Insights into genetic buffering
and cellular robustness gained from powerful experimental model systems provide
testable hypotheses that serve as focal points, and thus indirectly reduce the com-
plexity of analyzing natural genetic variation. In this regard, model systems and
comparative genomics should play an even more important role in “systems biology”
than previously, because the reduction of biological complexity is inversely
combinatorial.

As one progresses in conceptualizing ways to model and test the complex,
dynamic, and continuous nature of gene interaction networks, the difficulties in
representing these concepts with language and images increase. For example, genetic
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network models are typically represented as graphs, with balls and sticks, repre-
senting genes and their connections, respectively. This is an obviously static
representation. How does one represent dynamic changes in buffering networks as
perturbation/cellular context is varied? How can genes associated with multiple dif-
ferent modules be simultaneously represented? How might one represent quantita-
tive differences in genetic interaction network activity? How can one simulate
activity over the network? These questions all point to the need for increasing inter-
disciplinary efforts among geneticists, biochemists, theoretical biologists, mathema-
ticians, physicists, and engineers.

Since interdisciplinary science is required for systems biology, it is useful to
consider why lines are drawn between disciplines in the first place: each discipline
has different constraints imposed by appropriate applications of their respective
disciplinary tools (e.g., mathematics or biology), which is closely related to the
motivation behind the questions that dictate their use [96]. Many of the ideas pre-
sented in this chapter attempt to bridge polarized “local” and “global” perspectives
of biology by recognizing the importance of both governing properties of molecular
networks and mechanistic details of the component activities [97]. For example, the
localist might be interested in genetic buffering and phenotypic robustness to under-
stand molecular mechanisms underlying “key” parts of the network that act in select
cellular contexts, while the globalist would instead want to know the overall struc-
ture, regardless of the biological/biochemical details of how each component acts.
Awareness of these artificial and unnecessary lines between disciplines will help to
break them down. The experimental platform described here utilizes localist resources
(the well-annotated set of yeast deletion strains) adapted to a globalist design (array-
based measurement of interaction quantities). Globalist analytical abstractions (see
Glossary) are formulated with the goal of generating localist hypotheses (threonine
flux buffers dNTP pools against RNR limitation by augmenting de novo purine
synthesis; see Figures 5.7 and 5.9 [24]).

Extrapolating Experimentally Derived Insights to
Natural Populations

Ultimately, the convergence of knowledge about individual genes and genetic
systems will lead to understanding particular biological problems in far greater
detail. The accumulation of knowledge about gene regulation, protein functions, and
the organization of biomolecular pathways can now be integrated for understanding
organisms as systems. As the complexity of analysis increases, it is evermore true
that model organisms provide unique opportunities to understand biological systems.
Solving the puzzle of phenotypic robustness for even one simple organism opens
the door for comparative analysis in other systems, integrative analysis of other
biomolecular networks, and new approaches for genetic analysis of natural popula-
tions. Previously inconceivable biomedical advances in diagnosis, management,
and prevention of human disease may be possible as a result of understanding how
functional natural genetic variation is buffered/accumulated and thus how pheno-
typic expressions are regulated.
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5.5 CONCLUSION

Biological systems are robust to perturbation, meaning that phenotypic outputs
remain relatively stable in response to variable genetic and environmental inputs.
The process by which a robust system absorbs changing inputs, while maintaining
stable outputs, is known as buffering. Genetic interactions reveal sources of buffer-
ing and robustness because they identify functional redundancies of cellular organi-
zation. Genetic interactions can be studied in a controlled manner on a genome-wide
scale using collections of gene knockout strains or mutants that are available in
inbred model systems. Gene—gene or gene—environment interactions are assessed by
perturbing the entire deletion strain collection; for example, by introducing a second
mutation into all strains or by drug treatments. Quantitatively, genetic interaction
implies that the phenotypic response to perturbation is dependent on the allele status
at a particular genetic locus. This can be determined by a four-way comparison of
the phenotypic output between the reference and gene deletion strains, with and
without the perturbation. An expectation of the quantitative effect on a phenotypic
trait, from the actual combination of gene deletion and perturbation (e.g., additive
effects or multiplicative effects), provides a null hypothesis for genetic interaction.
The amount by which the observed effect of the combination departs from the null
hypothesis represents the strength of interaction, also called the buffering capacity
for the gene. The network of genetic interactions reflects the dynamic organization
of genetic circuitry that provides phenotypic buffering and robustness in those
contexts.

Genetic principles for phenotypic buffering and robustness, learned from model
systems, could help focus efforts to map functional allelic variation underlying
phenotypic diversity in natural populations, where the problem of combinatorial
explosion currently severely limits statistically meaningful global analysis. This
chapter focuses on efforts to map genetic interaction networks in yeast, with an
emphasis on high-capacity, high-resolution cellular phenotyping for quantitative
and global analysis. The quantitative emphasis addresses two fundamental needs in
high-throughput biological studies: (1) standards for objectivity and consistency in
measurement and interpretation; and (2) functional partitioning of the hierarchical
organization of complex biological systems. Establishment of genetic principles that
underlie buffering of biological systems will provide novel insights for generating
and testing hypotheses regarding combinations of genetic and environmental pertur-
bations that produce and/or modify disease phenotypes in natural populations. This
will increase opportunities to apply the rapid advances in genome characterization
to understand phenotypic diversity so that disease can be managed in a more indi-
vidualized manner.
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6.1 GENE-GENE AND GENE-ENVIRONMENT INTERACTIONS

Epistasis

Epistasis, in its strictest classical genetic definition, is the interaction of genes where
one gene (or locus) masks the effect of another [1]. To comprehend epistasis, an
understanding of basic genetic terms, such as gene, allele, dominant, and recessive
is first necessary. The definition of a gene has evolved over time as our knowledge
of genetic mechanisms has increased, but for the purpose of this chapter, a gene is
defined as a stretch of continuous DNA that occupies a specific location on a chro-
mosome and that codes for a protein or functional RNA product. This stretch of
DNA can have minor changes in sequence and still lead to a product, though this
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product may be slightly, or significantly, different as a consequence of the altered
sequence. These alternate sequences of DNA at a specific locus (region on a chromo-
some) are called alleles. Each gene can have many alleles throughout a population,
since mutations happen at different times and different locations on a chromosome
through evolution, but each individual can only have two alleles of a gene (one allele
of a gene per chromosome). Allele therefore can be defined as a form of a gene.
Some alleles are deleterious and cause disease, others are harmless, and some may
be beneficial. If a person has a harmless allele and a disease allele, what determines
the outcome of whether this person will have a disease is whether the disease allele
is dominant or recessive. A dominant allele needs only one copy of the allele to show
its effects. Examples of diseases that are dominant are Huntington’s disease, MODY
(mature-onset diabetes of the young) diabetes, and certain forms of polycystic
kidney disease. If two copies of the deleterious allele are necessary for the disease
to manifest, the disease allele is said to be recessive, or masked by having one copy
of a normal allele. In a recessive disease, the normal unmutated allele masks the
effects of the mutated allele. What is important to remember about dominance
and recessiveness is that these terms describe the effect that a single gene has
on the measurable trait, not the effect of two different genes at different chromo-
somal loci.

In contrast to dominance and recessiveness, the classical definition of epistasis
refers to at least two genes that are not alleles of each other, interacting to have a
measurable effect on a trait. An example in the animal world is that of coat color of
Labrador retrievers, which can be yellow, black, or chocolate. Coat color in this
example is not caused by alleles of a single gene, but rather by the interaction of
alleles of two different genes. In this respect, epistasis can be defined in a manner
similar to dominant and recessive, except that instead of one allele being dominant
to another allele of that same gene, alleles of one gene can be dominant to alleles
of a different gene. In other words, when a gene has epistatic effects, the sum of the
parts do not equal the whole: one cannot add up the effects of the yellow coat color
gene, and the effects of a black coat color gene, to predict the outcome of the color
of the dog. One cannot do this because the genes interact with each other, and the
allelic form of one gene influences the effect of the second gene. While the term
epistasis has been defined various ways throughout time and scientific field, the
current geneticists’ definition, and described in its broadest sense, is that gene—gene
interactions show a nonlinearity of the effects of the two different alleles [2].

Gene-Environment Interactions

Many common, complex diseases are influenced not only by gene—gene epistasis,
but by gene—environment interactions as well. The effects of certain genes are modi-
fied by the context of the environment, which may include factors such as diet,
exercise, and life style. This chapter illustrates the general principles of both complex
processes by discussing published data on their influence on obesity and diabetes.
More complex interactions are also possible, such as gene—gene—environment inter-
actions where gene—gene epistasis is modified by environment. Although this is a
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potentially important contributor to obesity and diabetes, such complex relationships
cannot yet form the basis for a review because the literature is too limited.

6.2 EPISTASIS AND GENE-ENVIRONMENT INTERACTIONS IN
OBESITY AND DIABETES

While the example of coat color is easy to visualize, other traits such as body fat
percent or plasma glucose are harder to understand intuitively because such traits
are quantitative and cannot be put into discrete categories. However, the principle
of epistasis remains the same. The presence of alleles of one gene that increase body
fat may mask the effects of alleles of a second gene that decrease body fat so that
the overall effect cannot be predicted by adding up the effects of individual genes;
that is, the effect of one gene is epistatic to other genes. In Figure 6.1A, heterozygous
alleles for both gene X and gene Y are needed to increase the phenotype, whereas
each heterozygous allele alone is not sufficient to produce an effect. Likewise, diet
and/or exercise may interact with genes to produce unexpected outcomes. This
concept is shown in Figure 6.1B, where a certain phenotype depends on both the
alleles one possesses and the diet one consumes, in this case amount of fat in
the diet. The effect of the low-fat diet masks the effect of the B allele to increase
body weight. Since individuals have different alleles for many genes, how the body
handles food or exercise will not be the same in all individuals. Metabolic rate,
calorie partitioning, and other body composition effects will differ depending on
how nutrients or exercise interact with different genes.

The rates of obesity and its comorbidity, type 2 diabetes mellitus (T2DM), are
on the rise and an understanding of the molecular mechanisms is needed in order to

(A) (B)

Figure 6.1. Gene-gene and gene-diet interactions. (A) A hypothetical gene-gene inter-
action. Both heterozygous alleles for genes X and Y are needed to increase the phenotype;
one alone has no effect. (B) A hypothetical gene-diet interaction. On a low-fat diet, both
genotypes AA and AB respond equally. However, on a high-fat diet, the presence of the
B allele yields a 