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Introduction 
 
Most of the traits of economic importance in plants and animals as well as disease traits 
in humans have an underlying genetic basis involving several genes and are subject to 
modification by environmental factors. Statistical considerations have been predominant 
in dissecting such complex traits into estimable components. Heritability of a trait as the 
proportion of phenotypic variation that is attributed to genetic causes has been a prime 
indicator helpful in taking decisions for the genetic improvement of economic traits. 
Prediction of response to artificial selection based on intensity and accuracy of selection 
and the existence of genetic variability have been successful across several crop plants, 
livestock, poultry and fisheries. However, the relationship between phenotype and the 
genotype has been like a black box where inferential approach has been the only way to 
look into it. This scenario is now changing with the advent of modern technologies of 
gene sequencing, microarray experiments and enormous advances in attempts to 
understand gene and protein expression within a cell of an organism. In particular, the 
information on molecular markers is extremely helpful in identifying the regions on 
chromosomes that bring about variation in the trait thereby providing tools that can lead 
to much more accurate selection procedures for genetic improvement of economic traits. 
The statistical issues in such investigations on quantitative trait loci (QTLs) mapping, 
linkage disequilibrium (LD) mapping, marker-assisted selection etc. will be discussed 
briefly in this lecture. 
 
2. Markers and Marker-assisted Selection 
 
Of the three types of genetic markers viz. morphological, protein based and DNA based, 
the current interest is on the DNA based markers. Such a maker is a small region of DNA 
showing polymorphism among individuals of a population. One of the common type of 
such markers is Restriction Fragment Length Polymorphism (RFLP) that is co-dominant 
with two alleles and is particularly suited in QTL studies using crosses derived from 
inbred lines. There are also other types of markers such as  amplified fragment length 
polymorphism (AFLP) that are usually dominant markers. Micro-satellite DNA markers 
show variation in the array lengths of short sequences of tandemly repeated DNAs with a 
repeat size ranging from 1 to 6 bp, the number of repeats being usually less than 100. 
They are multi-allelic and often used in mapping studies in out-bred populations. They 
are also called Simple Sequence Repeat (SSR). The most important maker extensively 
being used these day is single nucleotide polymorphism (SNP) which shows differences 
between individuals at the ultimate nucleotide level.  
 
Direct sequencing of whole DNA gives the main source of genetic variation but is costly 
and time consuming. For efficient mapping studies in economically important plants and 
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animals, availability of saturated genetic maps of molecular markers is very essential.  
 
The simple mapping of genotype onto the phenotype, can be made much more efficient 
by incorporating molecular information. However, this can be useful only when the 
marker is linked with the genomic segment responsible for the trait under study. Such a 
segment is called Quantitative Trait Loci (QTL). Mapping of QTL therefore involves its 
detection and estimation of its position on the chromosome as well as the magnitude of 
its effect on the trait. The association of marker with the QTL is reflected in marker-trait 
association. It results in a certain percentage of genetic variation in the trait ascribed to 
markers. The decomposition of phenotypic variation into genetic and non-genetic 
variation with heritability (h2) is further enhanced by decomposing the genetic variance 
into variation associated with the markers and the variation not associated with the 
markers. It is when the ratio of the former and total genetic variance (p) is substantial that 
the use of the marker helps in the mapping of genotype onto the phenotype. When several 
consecutive markers on the genomic segment are considered, we have a marker 
haplotype. It is more informative than a single marker because of correlation between the 
markers. The haplotypes tend to cluster in what is known as 'haplotype blocks' which are 
such that there is virtually no crossing over between haplotypes within the block but there 
is crossing over between blocks. Moreover, there are only a couple of distinct haplotypes 
within a block, most of them repeating themselves and forming a certain pattern.         
  
Dispersed all along the chromosome, molecular markers such as those provided by 
RFLP, micro-satellites, SNP etc. have made it possible to detect and estimate the effects 
of QTLs as well as their positions on the chromosome.  Genetic information of these 
markers can also be used as a criterion of indirect selection for genetic improvement of a 
given quantitative trait – a procedure of selection which has come to be known as 
marker-assisted selection (MAS). Selecting on the basis of marker information alone, as 
an indirect selection, can be more efficient than individual selection if p > h2. But when 
such information is integrated with those of artificial selection on individual and/or 
collateral basis, in the form of an index, the efficiency of selection can be considerably 
increased. The efficiency of such a selection index can further be increased by including 
information on auxiliary traits.  
 
The underlying basis of the MAS is the correlation between the trait and the marker 
genotype, which gets generated due to linkage disequilibria between the QTL and marker 
loci. Inbred line crosses, as against out-bred populations, are the best for this purpose as 
we can safely assume initial complete association between them in the foundation lines.   
 
3. Linkage Mapping 
 
Since the marker genotypes can be followed in their inheritance through generations, they 
can serve as molecular tags for following the QTL provided they are tightly linked with 
the QTL. The first problem is therefore to detect the marker-QTL linkage. Once this is 
established, the next problem is to estimate the QTL map position on the chromosome 
and estimate the effect of allelic substitution. However, these problems depend on 
whether we have data on experimental populations obtained from controlled crosses, as 
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in plant and animals or on natural populations like humans where controlled crosses 
cannot be made. It is, however, important to note that the markers chosen for the QTL 
analysis should not show any segregation distortion as that may lead to biased marker-
trait association. Also, the phenotypic data on the quantitative trait should follow a 
normal distribution. One has therefore to verify these assumptions for the data under 
consideration before embarking on the QTL analysis. 

  

The detection of marker-QTL linkage is based on a statistical test of a null hypothesis 
(H0) against an alternative hypothesis (H1). It is therefore subject to two types of error. 
H0 postulates that there is no QTL and hence no linkage exists between the marker and 
the QTL. Rejecting it when it is true, amounts to Type I error. It means we detect marker-
QTL linkage when in fact no QTL is present. This is termed as false positive and the 
probability of such a contingency () is kept as low as 5% or less. On the other hand, if 
we accept H0 when in fact a QTL is present, we commit Type II error. This means our 
test misses the QTL. As in any statistical test, the strategy is to minimize the probability 
of committing Type II error () for a fixed value of (). The statistical power for QTL 
detection is then (1-). In other words, the probability of rejecting H0 when in fact a QTL 
is present is maximized and its value is (1-). In QTL studies such testing is done at 
several points or intervals where markers are located on each of the several chromosomes 
across the genome. Such multiple testing poses a challenging problem that is primarily 
statistical.  

 

3.1 Interval Mapping 

 

The most common method of QTL mapping is that of 'Interval Mapping'. The whole 
chromosome is divided into short intervals of about 20 cM each and each interval is 
treated separately for QTL detection and estimation. Maximum likelihood method 
leading to lod score statistics is used for this purpose.  A lod score threshold T is chosen 
for comparing with the observed value. An observed value greater than T indicates 
significance, the null hypothesis being that there is no linkage between the marker and 
the QTL. The lod score values obtained for each interval is plotted against the 
chromosome position to give a Likelihood Map. The maximum value of the significant 
lod scores provides with a possible position of the QTL for the given genomic region. 
This method is known as Simple Interval Mapping (SIM). 

 
Although SIM is the method for QTL mapping most widely used with advantage in 
several practical situations, it ignores the fact that most quantitative traits are influenced 
by numerous QTLs. This is overcome either by adopting a model of Multiple QTL 
Mapping (MQM) or by combining SIM with the method of multiple linear regression, a 
procedure known as Composite Interval Mapping (CIM). In all these methods, one uses 
the approach of maximum likelihood which produces only point estimates of the 
parameters such as the number of QTLs, their location, and effects. The corresponding 
confidence intervals are required to be determined separately by resampling-based 
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methods. Further, the correct number of QTLs is difficult to determine using traditional 
methods. Their incorrect specification leads to distortion of the estimates of locations and 
effects of QTLs. To address these problems a Bayesian approach is adopted wherein the 
joint posterior distribution of all unknown parameters given their prior distributions and 
the observed data is computed. This is done using iterative simulation procedures on 
high-speed computers.  

 

3.2  QTL Analysis in Tomato 

 

The first and the most important application of interval mapping, has been to a inter-
specific backcross in tomato. The parents for the back-cross were the domestic tomato 
Lycopersicon esculentum (E) with fruit mass 65 gm and a wild South American green-
fruited tomoto L. chmielewskii (CL) with fruit mass 5 gm. A total of 237 back-cross 
plants, with E as the recurrent parent, were grown in the field at Davis, California. 
Around 5 to 20 fruits per plant were assayed for continuously varying characters like fruit 
mass, soluble-solids concentration and pH. Around 63 RFLP and 20 isozyme markers 
spaced at approximately 20 cM intervals and displaying polymorphism between the E 
and CL strains were selected for QTL mapping. The markers were scored for each of the 
237 back-cross progeny and a linkage map was constructed de novo using MAPMAKER. 
This map covered all 12 chromosomes with an average spacing of 14.3 cM. The methods 
of maximum likelihood and lod scores, were used through the software MAPMAKER-
QTL to implement the interval mapping. A threshold T=2.4, giving the probability of less 
than 5% that even a single false positive will occur anywhere in the genome, was used. 
This corresponds approximately to the significance level for any single test as 0.001. The 
resulting QTL likelihood maps revealed multiple QTLs for each trait (6 for fruit weight, 4 
for concentration of soluble solids and 5 for fruit pH) and estimated their location to 
within 20-30 cM.  

 

In regard to fruit weight, the above type of investigation was continued with more and 
more QTL for this trait being identified. In another study, at least 28 QTLs controlling 
the difference in fruit weight between wild and cultivated tomato were identified, one of 
them being fw2.2 on chromosome 2. By refined mapping studies this QTL was localized 
to a narrow chromosomal region of the order of 1/10,000th of the genome. Using a map-
based approach, fw2.2 was cloned and a 19-kb segment of DNA containing it was 
sequenced. This made it possible to identify a single gene responsible for the QTL effect 
as ORFX. By transforming the wild version of the gene into a cultivated tomato, it was 
shown that the transformed plants decrease in weight by around 30% as predicted thus 
conforming that there are no additional fruit weight QTLs nearby on the chromosome. 
Yet in another experiment, the population under study was derived from a cross between 
the wild species L. pimppinellifolium with average tomato fruit weight of 1 gm and L. 
esculentum cultivar var. Giant Heirloom with fruit weight in excess of 1,000 gm. The 
same six major loci on chromosomes 1-3 and 11 accounting for as much as 67% of 
phenotypic variation in fruit mass as in the previous experiments were identified. The two 
most significant QTLs detected in this study are fw 11.3 and fw 2.1 on chromosomes 11 
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and 2 respectively.   

 

3.3  QTL Mapping in Dairy Cattle 

 
To map QTL segregating within elite dairy cattle population, interval mapping with 
progeny testing could be used. QTLs controlling milk production in an elite Holstein 
dairy cattle population selected intensely for increased milk production for several 
generations were mapped. In USA young sires, from planned matings of sires and dams 
with highest breeding values, are progeny tested based on milk production of about 50-
100 of their daughters. The milking records of   daughters are collected as part of a 
nationwide record- keeping system known as National Cooperative Dairy Herd 
Improvement Programme (NCDHIP). This system was used to identify pedigrees of large 
sets of progeny-tested paternal half-brothers based on a granddaughter design (GDD) for 
QTL analysis. Each pedigree is characterized by a founder sire with about 33-208 sons 
that were progeny tested based on more than 50 granddaughters. There were 14 such 
half-sib pedigrees. Marker genotyping, based on micro-satellites, and linkage analysis 
were done in the sons using averages of their daughter phenotypes as quantitative 
measurements. Five milk production traits viz. milk yield, fat yield, protein yield, fat 
percentage and protein percentage were used in terms of the sons' Daughter Yield 
Deviations (DYDs) that are un-regressed weighted averages of their daughter's lactation 
performances expressed as deviation from the population mean. Five chromosomes viz. 1, 
6, 9, 10 and 20 with lod scores greater than or equal to 3 were identified indicating very 
strong evidence for the presence of a QTL controlling milk production.      
 

4. Linkage Disequilibrium (LD) or Association Mapping 
 
Association studies that involve linkage disequilibrium (LD) between markers and genes 
underlying complex traits are being undertaken in different parts of the world but mostly 
in human genetics. The key idea is that a disease mutation assumed to have arisen once 
on the ancestral haplotype of a single chromosome in the past history of the population of 
interest is passed on from generation to generation together with markers at tightly linked 
loci resulting in LD. The usual method adopted in human genetic studies is that of case-
control analysis wherein genotype or allele frequencies of candidate genes are compared 
in unrelated cases and controls. However, when the population is composed of a recent 
admixture of different ethnic groups that differ in marker allele frequencies and disease 
frequencies, the method of case-control comparison leads to spurious association between 
the marker genotypes and the disease traits. Family-based association methods such as 
the  transmission/disequilibrium test (TDT) can circumvent such problems.  
 
5. Joint Linkage and LD Mapping 
 
While linkage mapping can readily detect chromosomal regions harbouring QTLs, it is 
difficult to precisely locate them. Since this approach depends on the cross between two 
true breeding parents, it captures only a tiny fraction of the genetic diversity in the 
population. Association mapping, on the other hand, widely samples genetic diversity as 
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well as require fewer individuals but has less power to detect QTLs when they are not 
common. The advantages of the two approaches can, however, be combined by initially 
detecting QTL using linkage mapping with moderate number of markers followed by a 
second-stage of high-resolution association mapping in QTL regions that capitalizes on a 
high-density marker map. 
 
6. Nested Association Mapping (NAM) in Maize 
 
The benefits of linkage and association mapping have recently been combined in a single 
population of maize by adopting a nested association mapping (NAM) approach. The 
maize NAM population was derived by crossing a common reference sequence strain to 
25 different maize lines. Individuals resulting from each of the 25 crosses were self-
fertilized for four further generations, to produce 5,000 NAM recombinant inbred lines 
(RILs). This population was first used for initial detection of QTL using linkage mapping 
approach. Subsequently, within each diverse strain, high-resolution association mapping 
was adopted with a high-density marker map. It is significant to note that within each RIL 
all individuals are nearly genetically identical. This means we can estimate the true 
breeding value of each line much more accurately by averaging the phenotypic 
measurements of a given trait taken on several individuals with the same genotype.   
 
In a recent experiment, the genetic architecture of flowering time in maize was dissected 
using NAM. About 1 million plants were assayed in eight environments to map the 
QTLs. About 29 to 56 QTLs were found to affect flowering time. These were small-
effect QTLs shared among the diverse families. The analysis showed, surprisingly, the 
absence of any single large-effect QTL. Moreover, there was found no evidence of 
epistasis or environmental interactions. Flowering time controls adaptation of plants to 
their local environment in the outcrossing species Zea mays (maize). A simple additive 
genetic model predicting accurately the flowering time in this species is in sharp contrast 
to what has been observed in several plant species which practise self-fertilization.     
 


