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Abstract: Understanding the genetic control of quantitatively inherited traits is fundamental to agricultural, evolutionary
and biomedical genetic research. A detailed picture of the genetic architecture of quantitative traits can be elucidated with
a well-saturated genetic map of molecular markers. The parameters that quantify the genetic architecture of a trait include
the number of individual quantitative trait loci (QTL), their genomic positions, their genetic actions and interactions, and
their responsiveness to biotic or abiotic factors. A variety of genetic designs and statistical models have been developed to
estimate and test these architecture-modeling parameters. With the availability of very highly abundant single nucleotide
polymorphism markers, DNA sequence variants, i.e., quantitative trait nucleotides (QTNs), which contribute to
quantitative variation can be identified. A newly emerging active area - functional mapping, has shown its value to
unravel the genetic machinery of dynamic traits at the QTL or QTN level that change their phenotypes with time or other
variables. Functional mapping provides a quantitative framework for testing the interplay between genetic effects and trait
formation and development and, thus, appeals to push statistical genetic analysis and modeling into the context of
developmental biology. Some of the statistical methods for genetic mapping have been patented.

Keywords: Quantitative trait loci, linkage, linkage disequilibrium, interval mapping, functional mapping, complex trait, genetic
architecture.

INTRODUCTION

Most traits of agricultural, biological and biomedical
importance vary continuously because they are often
controlled by an unknown number of genes, each with a
small effect and segregating in a Mendelian fashion, and are
also sensitive to environmental changes [1]. Because of this,
the genetic study of these so-called quantitative traits or
complex traits has always been one of the most difficult
tasks in the entire biological science. A number of quanti-
tative genetic models that combine Mendelian inheritance
and traditional statistical approaches, such as analysis of
(co)variance, have been developed to separate genetic and
environmental effects on a quantitative trait [1]. The experi-
mental results from these models have been instrumental for
providing scientific guidance for plant and animal breeding
as well as evolutionary predictions for various develop-
mental events.

Under many circumstances, quantitative genetic models
have been largely insufficient to unveil the precise genetic
architecture of a complex trait because they cannot estimate
the number of genes involved and the chromosomal
locations and genetic effects of these genes. While
quantitative genetics had almost entered a “dead end”, it has
been activated by two important scientific developments in
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late 1970s and early 1980s. First, the rapid development of
molecular technologies led to the generation of a virtually
unlimited number of markers that specify the genome
structure and organization of any organism [2]. Second,
improved statistical and computational techniques, such as
the Expectation-Maximization algorithm [3], made it pos-
sible to tackle complex genetic and genomic problems.
Lander and Botstein [4] were the first who integrated
molecular genetics and statistics to establish a general
conceptual framework for dissecting a quantitative trait into
its individual gene components, referred to as quantitative
trait loci (QTL), through an association analysis between the
markers and phenotypes. Since the publication of Lander and
Botstein’s seminal idea, a large body of sophisticated
statistical methods has been developed for mapping complex
traits [5-10]. These methods have been employed to identify
and map specific QTL that contribute to phenotypic variation
in a wide range of quantitative traits for plants, animals and
humans [11-14].

Statistical approaches for QTL mapping rely on the
nature of a mapping population, in which the markers and
putative QTL are co-segregating. With the availability of
DNA sequence technologies, it has now been possible to
identify sequence variants that are associated with
quantitative variation, which thus helps to gain better
insights into the genetic basis of a complex trait. In this
article, we will review fundamental approaches for detecting,
estimating and locating individual QTL and point out their
application to study the genetic architecture of a quantitative
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trait. In particular, we will highlight a presently active area
of QTL mapping for complex dynamic traits that undergo
developmental changes during an organism’s lifetime.

LINKAGE MAPPING

The purpose of QTL mapping is to locate specific QTL
on the chromosome and quantify their genetic effects on a
quantitative trait. However, these QTL underlying the trait
cannot be directly observed, and they should be inferred
from other known neutral genes (called genetic or molecular
markers) based on the co-segregation between the markers
and QTL. Genetic markers dispersed over an organism’s
genome are typed within a mapping population of indivi-
duals, for whom phenotype data are available. The prere-
quisite for QTL mapping is the construction of a genetic
linkage map with molecular markers. The greater coverage
the map has of the entire genome, the more likely it is that
the map can detect a complete suite of QTL for a trait.

By testing the statistical significance between the known
markers and observed phenotypes, one can estimate the
effects of the underlying QTL. Single marker analyses based
on t or F tests can be used to obtain such information about
QTL-phenotype associations. But this analytical approach
can only estimate confounded effects due to the markers. We
do not known whether such marker effects result from either
strong QTL effect, or tight QTL-marker linkage, or both.
Interval mapping proposed by Lander and Botstein [4] can
separate the influence of the linkage and QTL effects by
assuming that a putative QTL is located within an interval
bracketed by two flanking markers. The basic idea of
interval mapping is the computation of log-likelihood ratio
(LR) tests between the null (i.e., there is no QTL) and
alternative (i.e., there is a QTL) on an evenly separated grid
of possible QTL locations. The maximum LR value calcu-
lated within the marker interval is compared to the critical
threshold to declare the existence of a QTL. Because it is
difficult to analytically determine a critical threshold when
the null hypothesis contains a non-identifiable parameter,
i.e., QTL position, permutation tests have been widely used
for the empirical determination of the chromosome-wide or
genome-wide threshold.

To demonstrate the utilization of interval mapping, we
performed QTL mapping for body weight in an F2

population of 535 mice, initiated from two strains, Large and
Small [15]. With this population, a linkage map based on 75
microsatellite markers was constructed. The F2 hybrids were
weighted at 10 weekly intervals starting at age 7 days. The
raw weights were corrected for the effects of each covariate
due to dam, litter size at birth, parity and sex. We used body
weight at age 10 weeks and chromosome 1 as an example to
draw the profile of the LR values for QTL testing by
searching for a QTL at every 2 cM from the left marker for
each marker interval across the entire linkage group (Fig. 1).
In a comparison between the maximum of the LR values and
the threshold, a putative QTL is identified between marker
interval D1Mit20 and D1Mit7. The genetic effects of the
QTL on body size at age 10 weeks can be estimated, and was
further tested to be significant because the peak of the LR
value between these two markers is beyond the critical value
determined from permutation tests.

Fig. (1).  The profile of the log-likelihood ratios (LR) between the
full model (there is a QTL) and reduced (there is no QTL) model
for body weight growth across mouse chromosome 1, estimated by
interval mapping (broken curve), in a comparison with the LR
profile estimated by functional mapping (solid curve). The genomic
position corresponding to the peak of a profile is the maximum
likelihood estimate of the QTL localization. The vertical broken
lines indicate the positions of markers on this chromosome shown
beneath. The map distances (in centiMorgan) between two markers
are calculated using the Haldane mapping function. The thresholds
for acclaiming the genome-wide existence of a QTL are obtained
from permutation tests [62]. The distribution of each of the LR
values over 1000 simulation replicates can be approximated by a
chi-square distribution. The 99.9th percentile of the distribution of
the maximum is used as an empirical critical value to declare
genome-wide existence of a QTL at the 0.001 significance level.
These percentiles are indicated at two horizontal lines (the upper
one for functional mapping and lower one for interval mapping.
The data is from ref. [15].

Interval mapping approach cannot adequately use
information from all possible markers on the genome and,
therefore, can be biased when the same chromosome
contains more than one QTL. Zeng [5] and Jansen and Stam
[6] independently proposed a so-called composite interval
mapping technique to increase the precision of QTL
detection by controlling the chromosomal region outside the
marker interval under consideration. This approach that has
theoretically proven advantageous for the detection and
separation of linked QTL on the same chromosome [16] has
been widely adopted in practice. In a simulation study
involving three QTL on a linkage group by Zeng [5], interval
mapping provided a flat LR profile and did not give adequate
power to separate these QTL (Fig. 2), but composite interval
mapping is able to detect these QTL with reasonable resolu-
tion. Statistically, composite interval mapping is a combina-
tion of interval mapping based on two given flanking
markers and a partial regression analysis on all markers
except for the two ones bracketing the QTL. However, the
choice of suitable markers loci (including linked or unlinked)
that serve as covariates is still an open problem.

An interesting approach, called multiple interval
mapping, is proposed by Kao et al. [7]. It is the extension of
interval mapping by using multiple maker intervals
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Fig. (2).  Comparison in the detection of multiple linked QTL on a
chromosome between interval mapping and composite interval
mapping. The positions of QTL are indicated by the triangles. The
three curves represent the log-likelihood ratio (LR) profiles under
three different models, (1) Composite interval mapping involving
all the linked markers on this chromosome and unlinked markers on
other chromosomes (solid), (2) composite interval mapping
involving all the unlinked markers (long-dashed) and (3) interval
mapping (short-dashed). The horizontal line is the simulated 5%
critical threshold for model (1). Adapted from ref. [5].

simultaneously to fit multiple putative QTL. This method
allows to estimate and test both main and interaction effects
among all possible QTL on the genome. Theoretically, it can
precisely estimate the heritability of a trait because all the
underlying QTL can be detected.

LINKAGE DISEQUILIBRIUM MAPPING

The most important goal in genetic research is to identify
and characterize the actual genes that are responsible for
phenotypic variation. Thus far, only a handful of genes that
determine variation in commercially important traits have
been described. The reason for the identification of relatively
few genes can be attributed to limitations of the techniques
used to detect genes. In the last decade, linkage analysis-
based mapping approaches have been helpful for detecting
QTL for a wide variety of traits, such as seed size and stem
wood growth in plants and forest trees, fatness and obesity in
animals, and hypertension and cancer in humans. But linkage
analysis typically defines the location of a QTL to within a
20-30cM chromosomal interval - perhaps 1% of a species'
genome. Given that around 30,000 functional genes in a
mammalian genome are estimated in a typical genome, there
are roughly 300 genes that are thought to under each QTL
“bump” [17]. Thus, identifying the gene (or genes)

influencing the trait of interest based on a linkage analysis is
a task hard to achieve.

More recently, an alternative approach based on linkage
disequilibrium (LD), i.e., the non-random co-segregation of
non-alleles at linked loci, has been shown to be powerful for
aiding gene discovery [18]. The basic premise behind LD
mapping is that a particular allele at a marker will tend to co-
segregate with one allelic variant of the gene of interest,
provided the marker and gene are very closely linked. LD
mapping potentially has two advantages over conventional
linkage mapping. The first is that it may be logistically
easier. In theory, breeding schemes such as backcrosses or
full-sib matings may not be required, making experimental
design more straightforward and saving considerable time.
The second, probably greater, advantage offered by LD
mapping is that QTL may be mapped to very small regions
thus aiding discovery of the underlying gene(s). In order to
perform efficient LD mapping, markers must be mapped at a
density compatible with the distances that LD extends in the
population.

Currently, several consortia and laboratories have
undertaken to develop dense maps of molecular markers for
a wide variety of species. However, in order to predict how
many markers will be required for LD mapping, the extent of
non-random associations between markers must first be
established. LD has been estimated in humans [19] as well as
Holstein cattle [20], sheep [21] and dogs [22]. The disad-
vantage of linkage disequilibrium mapping is that the
associations between different loci are also affected by
evolutionary forces such as mutation, drift, selection and
admixture and, thus, significant marker-QTL associations
detected by a LD analysis may be spurious. This disadvan-
tage can be overcome by a mapping strategy combining
linkage and linkage disequilibrium, such as that developed in
Wu and Zeng [23] and Wu et al. [8].

SINGLE NUCLEOTIDE POLYMORPHISMS AND
HAPMAP

One of the fruits of the Human Genome Project is the
discovery of millions of DNA sequence variants in the
human genome. The majority of these variants are single
nucleotide polymorphisms (SNPs), which comprise approxi-
mately 80% of all known polymorphisms, and their density
in the human genome is estimated to be on average 1 per
1000 base pairs. SNPs, as the newest markers, have been the
focus of much attention in human genetics because they are
extremely abundant and well-suited for automated large-
scale genotyping. A dense set of SNP markers opens up the
possibility of studying the genetic basis of complex diseases
by population approaches. SNPs are more frequent and
mutationally stable, making them suitable for association
studies to map disease-causing mutations, especially useful
in personalized medicine for their association with disease
susceptibility, drug treatment response and nutritional needs.

Several recent empirical studies suggest that SNPs are
not evenly distributed over the genome in terms of the extent
of LD and that the structure of haplotype (a linear arrange-
ment of nonalleles at linked loci; Fig. 3) on a chromosome
can be broken into a series of discrete haplotype blocks [24-
28]. In each haplotype block, consecutive sites are in
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complete (or nearly complete) LD with each other and there
is limited haplotype diversity due to little inter-site recom-
bination (coldspot). Adjacent blocks are separated by sites
that show evidence of historical recombination (hotspot). It
has generally been assumed that the presence of haplotype
blocks provides evidence for fine-scale variation in
recombination rates, with blocks corresponding to regions of
reduced recombination, separated by recombination
hotspots. Based on a study of the whole chromosome 21
[25], 35,989 observed SNPs can be classified into different
blocks with very low haplotype diversity and 80% of the
variation in this chromosome can be described by only three
SNPs per block.

Given the block-like pattern of LD distribution in the
genome, it should be more efficient to locate allelic variants
for a complex human disease trait based on haplotype blocks
than individual SNPs to within a stretch of DNA that is
amenable to positional cloning techniques. Because of the
reported low haplotype diversity within blocks there is a
possibility that very few haplotype-tagging SNPs (htSNPs)
can be identified to detect common variants involved in
human diseases (Fig. 3c) [29].

With the release of a haplotype map of the human
genome, the HapMap, which describes the common patterns
of human DNA sequence variation based on SNPs [30], it
has been possible to find specific DNA sequences that
encode health, disease, and responses to drugs and
environmental factors. As shown in Fig. 3b, people who
carry haplotype 1 may be more susceptible to cancer than

those who carry other haplotypes. It is shown that the four
chromosomes in (Fig. 3) are adequately determined by three
tag SNPs or htSNPs (Fig. 3c). Thus, association studies
between haplotype and cancer risk can be undertaken on the
basis of these htSNPs because if a particular chromosome
has the pattern A-T-C at these three tag SNPs, this pattern
matches the pattern determined for haplotype 1. The
detection of a much less number of htSNPs will facilitate
association studies for common diseases and, ultimately, will
enhance our ability to choose targets for therapeutic
intervention.

SEQUENCING MAPPING: FROM QTL TO QTN

The basic principle for QTL mapping is the cosegre-
gation of the alleles at a QTL with those at one or a set of
known polymorphic markers genotyped on a genome. If a
QTL is cosegregating with molecular markers, the genetic
effects of QTL and their genomic positions can be estimated
from the markers. This approach is robust and powerful for
the detection of major QTL and presents the most efficient
way to utilize marker information when marker maps are
sparse. However, this approach is limited in two aspects.
First, because the markers and QTL bracketed by them are
located at different genomic positions, the significant linkage
of a QTL detected with given markers cannot tell any
information about the sequence structure and organization of
QTL. Second, the inference of the QTL positions using the
nearby markers is sensitive to marker informativeness,
marker density and mapping population type. As a result of
these, only a few QTL detected from markers have been

Fig. (3). A short stretch of DNA from four versions of the same chromosome region in different people. Shown are SNPs (a), haplotypes (b)
and tag SNPs (c). Three SNPs are shown where variation occurs, surrounded by much of the DNA sequence identical in these chromosomes.
A haplotype contains a particular combination of alleles at nearby SNPs. The positions of the three SNPs shown in panel a are highlighted.
Genotyping just the three tag SNPs out of the 20 SNPs that extend across 6,000 bases of DNA is sufficient to identify these four haplotypes
uniquely. Adapted from ref. [30].
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successfully cloned [14,31], despite a considerable number
of QTL reported in the literature.

A more accurate and useful approach for the characteri-
zation of genetic variants contributing to quantitative
variation is to directly analyze DNA sequences associated
with a particular trait [32]. If a string of DNA sequence is
known to increase disease risk, this risk can be reduced by
inhibiting the expression of this string of DNA sequence
with a specialized drug. The control of this disease can be
made more efficient if all possible DNA sequences
determining its variation are identified throughout the entire
genome.

With the recent development of the human genome
project, massive amounts of DNA sequence data have been
available across the human genome [30], facilitating the
complete identification of specific sequence variants
responsible for complex traits. Alternatively, candidate gene
approaches have also been used for LD-based mapping. It is
expected that LD mapping of candidate genes has a greater
chance to unravel the genetic architecture of a complex trait
because candidate genes are hypothesized to exert an effect
on the formation process of the trait [13].

FUNCTIONAL MAPPING: FOUNDATION

Many traits, such as growth, disease (e.g., AIDS) prog-
ression and drug response, are dynamic in nature and should
be measured in a longitudinal way. To obtain a clear picture
of the genetic control of these traits, it is crucial to
characterize the change pattern of genetic expression during
development. Figure 4 illustrates four representative patterns
of time-dependent genetic effects triggered by different
QTL. For example, some QTL are permanently expressed,
some are only turned on early in development while others
are turned on at specific stages in development. For each
pattern shown in Figure 4, curve parameters for develop-
mental trajectories can be tested for individual genotypes. If
different genotypes at a given QTL correspond to different
trajectories, this QTL must affect differentiation of this trait.
Thus, by estimating the curve parameters that define the trait
trajectory of each QTL genotype and testing the differences
in these parameters among genotypes, we can determine
whether a dynamic QTL exists and how it affects the
formation and expression of a trait during development.

Although, the elucidation of the relationship between
genetic control and development for longitudinal traits is
statistically a pressing challenge, some of key difficulties
have been overcome in the statistical genetics group at the
University of Florida [10,33,34]. A general statistical frame-
work, called functional mapping, has been proposed to
genome-wide map specific QTL that determine the
developmental pattern of a complex trait.

The basic rationale of functional mapping lies in the
connection between gene action or environmental effects and
development by parametric or nonparametric models.
Functional mapping maps dynamic QTL that are responsible
for a biological process that is measured at a finite number of
time points. A number of mathematical models have been
established to describe the developmental process of a
biological phenotype. For example, a series of growth

Fig. (4). Four representative patterns for the genetic control of
growth trajectories by a dynamic QTL. Each curve is presented by a
different QTL genotype. Pattern 1: Permanent QTL. Some QTL are
permanently expressed, which gives rise to two parallel growth
curves in which one genotype is consistently better than the other
throughout the entire growth process (Fig. 1A). The expression of
this QTL is not affected by development, and therefore shows no
interaction with age. Pattern 2: Early QTL. Some QTL are
expressed at early developmental stages and are switched off after a
particular age. The two genotypes have different growth at early
stages, but tend to converge at later stages (Fig. 1B). This QTL
displays interactions with age because there is a change of variance
of the QTL effects during development. Pattern 3: Late QTL. Some
QTL remain silent during early stages and are expressed only after
a particular age. The two genotypes display similar growth at early
stages, but tend to diverge at later stages (Fig. 1C). Analogous to
Pattern 2, there is a QTL × age interaction in this case, operating
with the conditional neutrality mechanism. Pattern 4: Inverse QTL.
One genotype performs better than the other at the early stage of
growth, but this changes at the later stage (Fig. 1D). This gene
displays inverse effects at a particular age. Genotype × age
interactions occur because there is a change of the direction of the
QTL effects during development.

equations have been derived to describe the S-shaped feature
of growth in height, size or weight [35,36] that occur
whenever the anabolic or metabolic rate exceeds the rate of
catabolism (see Fig. 5 for a live example of growth curve).
Based on fundamental principles behind biological or
biochemical networks and allometrical scaling, West et al.
[37] have mathematically proven the universality of these
growth equations. Using a limited number of mathematical
parameters, the shape, form and process of growth can be
precisely described. With mathematical functions incorpo-
rated into the QTL mapping framework, functional mapping
estimates parameters that determine shapes and functions of
a particular biological network, instead of directly estimating
the gene effects at all possible time points. Because of such
connections among these points through mathematical
functions, functional mapping strikingly reduces the number
of parameters to be estimated and, hence, displays increased
statistical power. In addition to the results by interval
mapping, Figure 1 also gives an example for functional
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Fig. (5). One typical example of fit to growth curve using a logistic
equation from an F2 population of two mouse inbred strains. The
data is from ref. [15].

mapping by simultaneously mapping growth trajectories
from ages 1 to 10 weeks on mouse chromosome 1 [15] with
the growth equation. The comparison between functional
mapping and interval mapping suggests that the former has
greater power to detect a growth QTL than the latter in terms
of the width of the peak of the LR profile between markers
D1Mit20 and D1Mit7. Functional mapping gives a narrower
peak and, therefore, can locate the QTL at a smaller region,
than interval mapping.

From a statistical perspective, functional mapping is a
problem of jointly modeling mean-covariance structures in
longitudinal studies, an area that has recently received a
considerable interest in the statistical literature [38-41].
However, different from general longitudinal modeling,
functional mapping integrates the parameter estimation and
test process within a biologically meaningful mixture-based
likelihood framework. Functional mapping is thus advanta-
geous in terms of biological relevance because biological
principles are embedded into the estimation process of QTL
parameters. The results derived from functional mapping
will be closer to biological reality.

Using the example shown in Fig. 1, we draw three
different growth curves (Fig. 6), each corresponding to a
genotype at the QTL detected on mouse chromosome 1, by
estimating genotype-specific growth parameters from
functional mapping. Statistical tests suggest that the three
genotypic curves are significantly different before ages 4
weeks, their differences are reduced between ages 4 and 6
weeks, and then increased differentiation occurs after age 6
weeks. This indicates that the QTL detected triggers varying
impacts on growth depending on stages of mouse develop-
ment. The convergence of two homozygotes implies that the
additive effect plays a gradually increased role in shaping
growth trajectories, whereas the divergence of the hetero-
zygote from the two homozygotes implies that the dominant
effect on body weight growth is increased with age.

The effect of the detected QTL on growth rate can be
further examined. The inflection point, at which growth rate
is maximal, occurs about one week earlier for the
homozygote for the allele from the Large strain than the

homozygote for the allele from the Small strain and about
one day earlier for the homozygote for allele from the Small
strain than for the heterozygote (Fig. 6). It is possible that
this difference in development causes the homozygote for
the Large strain to reach the asymptotic growth earlier than
the other genotypes. By testing the shape and pattern of the
three growth curves, we can investigate possible pleiotropic
effects of this growth QTL on many different developmental
events, such as the timing of sexually maturity and
reproductive fitness, or biomedically important traits, such as
metabolic rate and fatness. Functional mapping can, there-
fore, integrate growth and development, which are
historically regarded as two different biological problems,
into a comprehensive framework under which their common
or unique underlying genetic machineries are identified.

Fig. (6). Three growth curves, each presenting a group of genotypes
at the QTL detected on mouse chromosome 1 in the F2 population,
using functional mapping (Fig. 1). The solid, slash and dot curves
represent the homozygote for the allele from the Large strain, the
homozygote for the allele from the Small strain and the
heterozygote, respectively. The timing and growth at the inflection
points for the three genotypic curves are indicated by the vertical
and horizontal lines, respectively.

FUNCTIONAL MAPPING: DEVELOPMENTS AND
CHALLENGES

Although, the idea of functional mapping was originally
stimulated from a growth model for a controlled cross [33],
this method has been extensively expanded to a wide
spectrum of biomedical and evolutionary fields. Wang and
Wu [42] and Zhu et al. [43] combined the principle of
functional mapping and mathematical models for HIV
dynamics established by Ho and colleagues [44,45] to map
host QTL that govern dynamic changes of HIV viral loads in
a human body. Different from the original linkage analysis
strategy used to derive functional mapping in a controlled
cross, functional mapping in natural human populations is
founded on linkage disequilibrium that defines the degree of
marker-QTL cosegregation or non-random association at the
population level. Wang et al. [46] proposed a genetic model
that incorporates the interaction between different QTL
derived from viral and host genomes. Very recently, Wu et
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al. [47] have generalized functional mapping for HIV
dynamics by considering a genome-wide scan for host QTL
based on multilocus linkage disequilibrium mapping.

Functional mapping has been extended to study the
genetic control of drug response [48-50] by implementing
well-developed pharmacodynamic and pharmacokinetic
models [51]. Functional mapping, in conjunction with the
DNA sequence data from the Human Genome Project [30],
displays great potential to open a novel area for pharmaco-
genetic or pharmacogenomic research aimed to study the
genetic control of drug response, an active cutting edge
discipline that has recently received increased attention in
general biomedical sciences [52]. Functional mapping allows
to identify specific genetic variants that contribute to inter-
patient variation in response to different drugs or different
dosages of the same drug. The results from functional
mapping will provide scientific guidance for the design of
personalized medications based on a patient's genetic make-
up.

“Naturally-occurring” or “programmed” cell death (PCD)
in which the cell uses specialized cellular machinery to kill
itself is a ubiquitous phenomenon that occurs early in organ
development. Such a cell suicide mechanism that enables
metazoans to control cell number and eliminate cells
threatening the organism's survival has been thought to be
under genetic control. The 2002 Nobel Prize in medicine was
awarded to three scientists because of their discoveries of the
genetic regulation of PCD [53]. A recently extended
functional mapping model has made it possible to identify
and detect QTL that are responsible for PCD in an organism
[54]. This extended model incorporates the biological
mechanisms of PCD that undergoes two different develop-
mental stages, exponential growth and polynomial death.
PCD-incorporated functional mapping will open a novel
avenue for the study of the genetic architecture of important
diseases, such as cancer, that undergo universal PCD
processes.

In theory, genetic information contained within any kind
of longitudinally measured data can be extracted by
functional mapping. The advantages of functional mapping
in model flexibility, stability and power result from its
statistical formulation including the mathematical approxi-
mation of the mean vector and the modelling of the
covariance structure by stationary [33] or nonstationary
models [55]. Although, original functional mapping was
derived for the biological processes that can be described by
parametric functions, functional mapping has been modified
within the nonparametric context to accommodate the
situation in which biologically meaningful mathematical
equations do not exist [56]. Analyses of longitudinal data
need a number of mathematical manipulations for the
covariance matrix, such as the calculation of the matrix
determinant and inverse. In modeling the structure of
covariance matrix by parametric functions, however, these
mathematical manipulations will not be made possible
because of the matrix's sparse structure, especially when the
dimension of the matrix is too large. To overcome this
problem, Zhao and Wu [57] proposed a de-noising approach
based on wavelet transformation to reduce the dimensio-
nality of longitudinal data. Preserving the favorable proper-

ties of functional mapping, wavelet thresholding approach
creates a new direction in statistical genetics to manipulate
high-dimensional multivariate dynamic data in both statisti-
cally and biologically meaningful ways [57].

In practice, functional mapping may frequently encounter
a type of longitudinal data in agricultural and biomedical
research, where repeated measurements are irregularly
spaced or sparse and the numbers of repeated measurements
vary among subjects. This type of sparse longitudinal data
may also consist of noisy measurements with underlying
smooth random trajectories for each subject in a sample.
Some statistical theory and methods have been established to
analyze sparse and irregular longitudinal data [58], although
there is still much room for their improvement. To push
functional mapping toward a broad range of applications,
especially in HIV/AIDS studies, pharmacogenetic and phar-
macogenomic research and genetic modelling of program-
med cell death processes, there is a pressing need to consider
the sparsity and irregularity of longitudinal data within the
context of functional mapping.

CURRENT & FUTURE DEVLOPMENTS

With considerable achievements in genetic mapping due
to collective efforts of researchers in the past two decades [4-
10], we are now in a great position to detail the genetic
architecture of a complex, quantitatively inherited trait. In
her seminal review, Mackay [13] defined the overall picture
of the genetic architecture of a complex trait in terms of its
composed elements, i.e., the number of genes involved and
their frequencies and pleiotropic effects, gene-gene
(epistatic), gene-sex and gene-environment interactions. In a
follow-up review, Mackay and colleague [59] further
documented the importance of these elements in creating and
maintaining the genetic variation of a specific quantitative
trait in a population. Wu and colleagues [33,34] pioneered a
general statistical framework for functional mapping that can
be used to unravel the genetic architecture of dynamic
complex traits, as defined by Mackay [13]. With continuing
advances in molecular technology and the availability of a
complete reference sequence of the entire genome for
various species, it is urged to develop more powerful, more
sophisticated, more meaningful, and more easily used model
frameworks (like patents [60,61]) that help geneticists,
breeders and clinical doctors extract useful genetic informa-
tion from the data sets that are often high-dimensional and
have complex dynamic structure.
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