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MAPPING OF QUANTITATIVE TRAIT LOCI (QTL)  
 
 
K.K.Vinod 
 
 
 

 What is a QTL? A Quantitative Trait Locus - a region of the genome that 
is associated with an effect on a quantitative trait. Conceptually, a QTL can be 
a single gene, or it may be a cluster of linked genes that affect the trait. Using 
the methods for QTL detection to be discussed below, it is not possible to 
resolve the difference, and use the term “locus” to refer to a chromosomal 
region. Are QTL structural enzyme genes, do they code for regulators of gene 
expression, or are they non-coding regions that affect gene expression? The 
fact is, not known, and it is not possible to distinguish these possibilities 
based on the following methods. However, any of these are possible.  

 The major purpose of QTL mapping is primarily to describe the effects 
of each genomic region on quantitative traits of interest, namely: 

1.  Detect which regions of the genome that affect the trait: where are the 
QTL? 

2.  Describe the effect of the QTL on the trait: 

-  How much of the variation for the trait is caused by a specific region? 

-  What is the gene action associated with the QTL - additive effect? 
Dominant effect? 

-  Which allele is associated with the favorable effect? 

3.  Assign breeding values to lines or families based on their genotypes at one 
or more QTL. 

 In this way the information obtained can be used in QTL mapping 
experiments for applied marker-assisted breeding strategies. 

 

Basic principles of gene mapping 

 Mapping is based on the simple genetic principles, namely, linkage 
and recombination. Let there are two individuals, homozygous for two alleles 
of a two loci, A and B. The genotype of one individual is AABB and the other 
is aabb.  They each produce only one type of male and female gamete, AB and 
ab. Crossing between them result in a F1 progeny of constitution AaBb.  The F1 
can be selfed or intercrossed to produce F2 generation. F1 being heterozygous, 
throws out segregants in F2, based on the random combination obtained 
between male and female gametes produced either as AB, ab, Ab or aB. Of 
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these four types of gametes, the first two resembling the gametes produced by 
the original homozygotic parents, are called parental types. 

 The other two, must have been resulted due to a crossing over between 
the locus A and B in the F1 heterozygote.  They are called recombinant types 
or recombinants (fig 1).  

 Recombination is the process by which new combination of parental 
genes occur by exchanging the alleles of different loci by exchanging the 

chromosomal segments between homologous chromosomes carrying them.  
In a test cross, wherein the F1 heterozygote (AaBb) is crossed with the 
homozygotic recessive parent (aabb), under normal independent segregation 
of these loci, with at least a single cross over between them, there would be 
equal number of parental types and recombinants (50% each). However, if the 
loci are closely placed enough in such a way that there is only restricted 
chances of crossing over between them, the proportion of the parental types 
will be high (>50%) in correspondence to the closeness of the two loci. In such 
cases we call the loci are linked and the phenomenon is called linkage. The 
proportion of recombinants in the total progeny, thus provide information 
about the quantum of cross over took place between the loci, called 
recombination frequency or cross–over value. This value gives an estimate of 
the distance between the loci, with the assumption that the amount cross over 

 

Fig 1. Genetic basis of marker based mapping 
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is proportionate to the distance between the two loci.  In simple terms, thus 
the recombination value can be calculated as, 

Recombination frequency (%) = 
progeny of no. Total

 100 x tsrecombiman of No.
 

One percentage of recombination is equivalent to one arbitrary map unit 
called as centimorgan or cM.  For example, if the recombination frequency 
between two loci A and B is 5% and the same between B and C is 23%, and 
that between A and C is 26%, using this values, we can order these loci along 
a chromosome as follows. 

 

 
 
 
 
 
Fig 2.  Diagrammatic representation of markers A, B and C on the molecular 

linkage map. 

Here, it may be noted that the observed distance between the loci A and C is 
not exactly additive, to the total of the distance between the intervening locus 
B.  This is due to the presence of double or multiple cross–overs that take 
place between the loci, which may not be detectable from the recombination 
frequency. This warrants mapping with closely placed markers, so that 
multiple cross–over information can be eliminated considerably. However, 
estimating the genetic distances between a whole arrays of markers, 
distributed throughout the genome, and aligning them on linkage groups is a 
complex problem, which often requires analytical power of a computer. 
However, at present there are many computer programs available for this 
purpose.  MAPMAKER, QTL cartographer, MapManager etc are some of the 
widely used programs. The most commonly used procedure in these 
programs is based on the maximum likelihood method. The output from 
these programs depicts linear relationship among the markers and the 
distance between the markers is measured in centimorgans (cM), so that they 
can be grouped into distinct groups called linkage groups based on the 
recombination frequency values. 

 

Generations and Populations Used for QTL Mapping 

 The procedures of QTL mapping are mainly focused on populations 
developed from crosses between two inbred lines. There are two different 
types of single-cross populations: F2 and F2-derived populations and 
recombinant inbred lines (RIL) populations. Other types of populations, such 
as backcross or random-mating populations can be used for QTL mapping, 
but the ability to detect QTL or the information contained in such populations 
is generally lower compared to F2 or RIL populations. Random-mating 
populations are more difficult for QTL mapping, because, the linkage 

A B C 

6 23 cM 
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disequilibrium is a key to detecting QTL with markers. Modification of the 
genetic model discussed hereunder is necessary to accommodate different 
types of populations.  

 These different options have different implications for both genotypic 
and phenotypic evaluation. Producing recombinant inbred lines (F2-derived 
lines single-seed descended without selection to F6:7 or so generation) allows 
recombination to occur each generation, so that there are more chances for 
recombination to occur between two loci in RILs compared to F2’s. Precise 
localization of both marker loci and QTL depends upon the number of 
recombinations that occur between genes. Thus RILs allow higher resolution 
mapping of QTL because one can distinguish map positions better. On the 
other hand, the power of detecting QTL depends in part upon association of 
marker and QTL alleles (to be shown later), so that the additional 
recombinations between QTL and marker loci can reduce the power of tests 
for QTL. This difficulty can be overcome by use of a sufficiently dense maker 
linkage map. RILs also differ from F2’s in that the lines are homozygous at 
nearly all loci, so there is very little power to detect or estimate dominance.  

RILs are developed by single–seed selections from individual plants of an F2 
population. (Because of this procedure, these lines are also called F2–derived 
lines.) Single–seed descent is repeated for several generations. At this point, 
all of the seed from an individual plant is bulked. For example, a F3:4 RI 
population underwent single–seed descent through the F3 generation, and 
was bulked to develop the F4 (Fig 3). This population of seed can then be 
grown to obtain a large quantity of seed of each individual line. Importantly, 
each of the lines is fixed for many recombination events; thereby they contain 
the segregation adequately fixed to maximum homozygosity (table 1). No 
selection is exercised in the population.  

 

 

 
Fig 3. Methods of producing recombinant inbred lines 
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Table 1. Percentage of homozygosity in RIL generations 

RIL inbreeding generations % within–line homozygosity  at each locus 
F3:4 75.0 
F4:5 87.5 
F5:6 92.25 
F6:7 96.875 
F7:8 98.4375 
F8:9 99.21875 

 Because RILs are essentially homozygous, only additive gene action 
can be measured. F2’s, therefore, may allow mapping of QTL with fewer 
marker loci, but the precision of the QTL “placements” will be lower. The 
ability to detect and estimate dominance gene action is also maximized. 
However, phenotypic evaluation of F2 individuals does not allow for 
replicated trials (unless with clonally-propagated species), which are critical 
to obtaining valid phenotypic measurements of quantitative traits. Thus, 
many prefer to work with F2:3 lines, which can be replicated, although the 
heterozygosity of each line is halved, so there is less power to detect 
dominance. If estimating dominance is not of great interest, RILs might be 
preferred, as greater quantities of seed can often be produced for testing. 

 BC1F1 populations have the same amount of linkage disequilibrium as 
do F2 generations, so are equivalent to F2’s in terms of resolution of QTL map 
positions. Backcross populations have only two genotypic classes at each 
marker and QTL locus, either AA or AB if A is the recurrent parent. This 
means that if the QTL allele from the recurrent parent is completely dominant 
over the allele from the donor parent, then the genotypes QAQA and QAQB are 
expected to be equal and no QTL will be detected in backcross populations. If 
backcrosses are made to parent B as well, and both backcross populations are 
phenotyped and genotyped, then all QTL with complete dominance 
segregating in the populations may be detected. But evaluating both 
backcross populations seems to offer little advantage over evaluating F2 
populations. 

 Many other options are available. Essentially all that is required to 
detect QTL is that the QTL and the markers are segregating in the population 
evaluated, there is some linkage disequilibrium between marker loci and 
QTL, and that one has a reliable assay or measurements of the phenotypic 
trait(s). The estimates of QTL effects, and the power and precision of QTL 
estimates, however, may vary depending on the type of population evaluated. 

 

Single-Factor Analyses of Variance 

Genetic Model 

 A genetic model that describes the different combinations of marker 
locus and QTL genotypes is necessary to understand how marker genotypes 
can be used to study QTL indirectly. Arbitrary gene effects are assigned to the 
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QTL in the model, and the corresponding actual effects can be estimated from 
the data based on the model. 

 

QTL effects: 

 Assume that there are two alternate alleles at each QTL that is 
segregating in the population: Q1 and Q2. For any QTL locus, the following 
genotypic values for the trait in question are defined: 

QTL genotype    Value 
Q1Q1     m+a 
Q1Q2      m+d 
Q2Q2      m-a 

Using Falconer-style notation: +a and -a refer to the deviations of the 
homozygotes from the mid-parent at the QTL locus: these are additive gene 
effects; d refers to the deviation of the heterozygote from the midparent: this is 
the dominance deviation. m+a is arbitrarily assigned to the Q1Q1 genotype, as 
it could also be assigned just as well to the Q2Q2 genotype. 

 

Parental lines 

 Let the designation of inbred parents as 1 and 2. Consider first a single 
genomic region, in which the parental genotype can be detected at a DNA 
marker locus, M. Assuming that there is a QTL, Q, linked to this DNA marker 
locus with a recombination frequency (not mapping distance!) of r between 
the marker and the QTL. The parental genotypes at the marker and QTL loci 
are as follows: 

 
Parent 1      Parent 2 

M1   Q1     M2   Q2 
M1  r  Q1     M2  r  Q2 

These parents are crossed to produce an F1 genotype: 
F1 

M1   Q1 
M2  r  Q2 

These identical F1’s can then be selfed or intermated to form an F2 population. 
Consider the four possible gametes produced by the F1 (Table 1) and the nine 
different possible genotypes in an F2 generation (Table 2):  

Table 1. Gametes produced by an F1 heterozygous at both a QTL and a 
marker locus. 

 
Gamete Frequency 
M1 Q1 ½ (1-r) 
M1 Q2 ½ (r) 
M2 Q1 ½ (r) 
M2 Q2 ½ (1-r) 
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Table 2. Genotypic Values and Frequencies of Nine F2 Genotypes 
 

Genotype Genotypic value Frequency 
M1M1Q1Q1 +a ¼ (1-r)2 
M1M1Q1Q2 +d ½ r(1-r) 
M1M1Q2Q2 -a ¼ r2 
M1M2Q1Q1 +a ½ r(1-r) 
M1M2Q1Q2 +d ½ [(1-r)2+ r2] 
M1M2Q2Q2 -a ½ r(1-r) 
M2M2Q1Q1 +a ¼ r2 
M2M2Q1Q2 +d ½ r(1-r) 
M2M2Q2Q2 -a ¼ (1-r)2 

 The frequency of the different genotypes is based on the frequencies of 
the gametes that compose the genotypes. For example, the M1M1Q1Q1 
genotype can only be formed by the union of a male M1Q1 gamete with a 
female M1Q1 gamete. The frequency of this occurrence  is  simply the  product 
of the  probabilities of those  gametes, in this  case,  [½ (1-r)]x[½(1-r)] = ¼(1-r)2. 
The frequency of the M1M1Q1Q2 genotype can be formed in two ways: by the 
union of a female M1Q1 gamete with a male M1Q2 gamete (an event with 
frequency ¼r (1-r)) or by the union of a female M1Q2 gamete with a male 
M1Q1 gamete (also with frequency ¼r(1-r)). The total probability of that 
genotype, then is the sum of the probabilities of the two ways in which it can 
be formed, or 2x¼r (1-r) = ½r (1-r). The other genotype frequencies follow 
similarly. The only exceptional case is the M1M2Q1Q2 genotype, which can be 
formed in four different ways: by a male M1Q1 combining with female M2Q2 , 
or by a male M2Q2 combining with a female M1Q1, or by a male M1Q2 
combining with a female M2Q1 , or by a male M2Q1 combining with a female 
M1Q2. The frequency of that genotype is the sum of the probabilities of those 
four events. 

Table 3. Expected values of F2 marker locus genotypes 

 

Marker 
Genotype 

Genotypic Value Frequency 
Estimated 

Phenotypic 
Mean 

M1M1 a[(1-r)2-r2] + 2d[r(1-r)] ¼ M1M1 
M1M2 d[(1-r)2 + r2] ½ M1M2 
M2M2 -a[(1-r)2 - r2] + 2d[r(1-r)] ¼ M2M2 

 The genotypic values assigned above depend only upon the genotype 
at the QTL locus, not at the marker locus. While the marker locus has no effect 
on the genotypic value, only the marker locus genotype is known- not the 
genotype at the QTL! Thus, the information in the above table is to be used to 
derive expected genotypic values for each of the three genotypes at a marker 
locus (Table 3). For example, the expected value of genotypes with marker 
genotype M1M1 is the weighted average of the three QTL genotypes that 
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compose that marker class, obtained by summing the frequency of the 
genotypes by their values, then dividing by the sum of the frequencies: [ ¼ (1-
r)2a + ½ r(1-r)d + ¼ r2(-a)]/(¼) = a[(1-r)2 - r2] + 2d[r(1-r)]. 

In practice, one uses the genotypic data to determine to which class each F2 
belongs, and then one computes the mean phenotypic value of each of the 
three classes from the observed phenotypic data. Based on these expected 
genotypic values, the expectation of a contrast between the two homozygous 
genotypic class mean phenotypes can be determined: 

 
Similarly, the expectation of the difference between the heterozygotes and the 
mid-parent is: 

 
Thus, these contrasts can be used to detect the presence of QTL and estimate 
their additive and dominant effects. If the marker is not linked to the QTL, 
then r = ½ and the expected contrasts are: 

 
Thus, the test indicates correctly that the marker is not associated with the 
trait. 

 But what if the marker is linked to a QTL? It is important to note that 
performing these “single-factor” ANOVA-based estimates confounds the 
effects of the QTL with the recombination frequency between the maker and 
the QTL (Edwards et al., 1987). If the difference between the two homozygous 
marker classes is, for example, 20 units, it could be because the marker is 
extremely tightly linked r ~ 0) to the QTL with a 10 units additive effect 
[(M1M1 - M2M2) = 2 × 10 units], or because the QTL has a 20 units additive 
effect and the marker is located 25 recombination units away [E(M1M1 - 
M2M2)] = 2 × 20 units [1-2 (0.25)] = 20 units]. 

 Furthermore, single-factor analyses give no indication as to which side 
of the marker the QTL is located. This difficulty can be overcome to some 
extent by use of a reasonably dense linkage map. For example, if marker loci 
were located every 10 cM throughout the genome, then the marker effects on 
the trait at 10 cM intervals on each chromosome could be tested. It would be 
possible to determine which marker on a chromosome arm was associated 
with the largest effect, which would suggest that the QTL is located 5 cM on 
either side of the locus. By determining which flanking marker had the next 
largest effect, it was also possible to determine which side of the marker the 
QTL was located on. 
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Example: Let a single marker locus, M3 has following additive estimate: 

M3: a = 10 

The exact position of the QTL is not known, that is which side of the marker it 
is on. What is simply known is that the marker is associated with at least one 
QTL, and that the marker (not the QTL) is associated with a 10 unit additive 
effect. 

 Assume, on the other hand, suppose that there are 5 markers at 10 % 
recombination intervals on the same chromosome arm and the following 
effects are associated with each marker: 

 M1 -10- M2 -10- M3 -10- M4 -10- M5 

a = 5  10  10  5  2.5 

Given these data, and assuming that there is only one QTL in the region, it 
could be inferred that the most likely position of the QTL is between loci M2 
and M3, and has an additive effect of at least 10 units, and most likely 11 units. 

 

Single-Factor ANOVA Example 

 As an example of single-factor ANOVA for QTL detection, the sample 
data set (sample.raw) from the MAPMAKER program can be used. It consists 
of 333 F2 individuals from a cross between two inbred tomato lines. These 
plants were each genotyped for 12 DNA marker loci, and the fruit weight 
from each plant was measured. The idea of the analysis is to know if any of 
the 12 loci are associated with fruit weight. The genetic data from the 12 loci 
have been used already to create a linkage map and the following map was 
created: 

 

LINKAGE GROUP 1: 

Locus    T175----C35---------------T93------------C66------------T50B 

Map distance (cM)  4.0  15.0  11.9  12.2 

 

LINKAGE GROUP 2: 

Locus  T24------C15-----T125---------T71------------T83--------T209-------------T17 

Map distance (cM)  14.8  6.4  18.9  24.0  18.1  28.6 

 

 Single-factor analyses of variance for each marker can be obtained, one-
at-a-time, using any statistical analysis package. The notation is changed so 
that “A”, homozygous for the allele from parent A is “0”; “B”, homozygous 
for the allele from parent B is “2”; and “H”, heterozygous is “1”. This is not 
necessary if ANOVA is directly used to analyze the data, but it is necessary 
for using regression-based techniques. The missing data are represented by “-
“. The data are appear as: 
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F2 
Individ 

*T175 *T93 *C35 *T24 *C66...etc... weight 

1 1 1 1 1 1 4.949 
2 0 0 0 1 1 3.58 
3 1 1 1 0 1 - 
4 0 2 1 0 2 6.212 
5 1 1 1 0 1 6.14 
6 1 1 - - 1 5.33 
7 0 0 0 1 0 5.761 
8 - - - - - 5.47 
9 1 1 1 0 1 7.897 

... etc... 
330 - 0 1 - 0 11.13 
331 - 1 1 - - 4.208 
332 - 1 1 - 1 3.524 
333 - - - - - - 

Convert fruit weight to log base 10 of fruit weight because that was what is 
done in the MAPMAKER/QTL tutorial to remove a problem of non-normal 
distribution (transformations of data are not common in QTL mapping!). 
Once the data are inputted, an analysis of variance (ANOVA) can be 
performed for each marker locus.  

 The ANOVA produced from the commands above will tell whether or 
not there is significant variation among genotypic classes at locus T24, but it 
will not tell anything more than that. In order to test whether there is a 
significant additive effect associated with the locus, a contrast can be used to 
compare the two homozygous class means. Remember that the coefficients 
used in the contrast statement follow the order that the three genotypic 
classes are in. In this case, 0, 1, and 2 were used to represent the genotypic 
classes, with the first and third being the homozygous classes (note that if the 
a-b-h notation is used, the order of the coefficients must be changed!): 

 In order to determine if there is a significant dominant effect associated 
with the locus, the heterozygote mean are compared to the average of the 
homozygous class means: 

 The contrast statements will determine if the additive and dominant 
effects associated with the locus are significant, but they will not tell what the 
estimates of a and d are. These are to be estimated. Note that the magnitude of 
the coefficients in contrast statements is arbitrary, as long as the coefficients 
sum to zero. In estimate statements, however, one has to be careful to use 
coefficients that will produce the value of interest. Recall that the additive 
effect, a, is actually half of the difference between homozygous class means, so 
the coefficients on the homozygous class means should be -0.5 and +0.5, 
rather than -1 and +1: 

 Finally, means or least square means are computed (they will be equal 
in the one-way classification): 
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 The same must be repeated for each marker locus having genotypic 
data (T175 through T71): 

The result of the analysis as follows.  

ANOVA analysis of the first locus named, T24: 

 
Dependent Variable: LOGWT 
Source DF Sum of 

Squares 
Mean 
Square 

F Value Pr> F 

Model 2 1.37108558 0.68554279 12.97 0.0001 
Error 246 13.00164874 0.05285223   
Corrected 
Total 

248 14.37273432    

 R-Square C.V. Root MSE LOGWT Mean 
 0.095395 31.84404 0.22990 0.72194  
Source DF Type I SS Mean 

Square 
F Value Pr> F 

T24 2 1.37108558 0.68554279 12.97 0.0001 
Source DF Type III SS Mean 

Square 
F Value Pr> F 

T24 2 1.37108558 0.68554279 12.97 0.0001 

 Notice first that Type I SS (sequential SS) and Type III SS (partial SS) 
are equal in the case of the one-way classification (they always will be). With 
more complex models, of course, Type III SS should be used for significance 
tests. The test of the null hypothesis that there are no differences among the 
three genotypes at locus T24 is rejected with an F-value of 12.97 and p-value 
of 0.0001. Thus, it is concluded that this marker is linked to a QTL with 
significant effects on fruit weight. Note that the r2 value for this locus is 0.095. 
This can be interpreted that the marker locus is associated with (or 
“explains”) almost 10% of the phenotypic variation among F2 plants. In other 
words, differences in genotype at the T24 locus can account for 10% of the 
total phenotypic differences found among plants (the total phenotypic spread 
or distribution of the population), the rest of the variation arising from other 
QTL and error.  

 More about the gene action associated with this locus can be 
understood by looking at the results of the additive and dominant contrasts 
and effect estimates and also the genotypic means: 

Contrast DF Contrast SS Mean Square F Value Pr> F 
additive 1 1.36472181 1.36472181 25.82 0.0001 

dominant 1 0.00341955 0.00341955 0.06 0.7994 

Parameter Estimate 
T for H0: 

Parameter=0 Pr>|T| 
Std Error of 

Estimate 
Additive effect -0.10712396 -5.08 0.0001 0.02108124 

Dominant effect -0.00742012 -0.25 0.7994 0.02917147 
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 Notice that although the contrasts rely on F-tests and the effect 
estimates rely on t-tests to test significance, the p-values associated with the 
two tests are identical. It can be concluded that there is a significant additive 
effect at this locus and that the allele from parent B is associated with reduced 
fruit weight because the additive effect estimate is significantly negative. The 
difference between the homozygous classes is 2a = -0.214. There is no 
significant dominant effect associated with this locus. 

Level of ------------LOGWT------------ 

T24 N Mean SD 
0 61 0.83165121 0.20674180 
1 130 0.71710712 0.24033564 
2 58 0.61740328 0.22887678 

 

T24 
LOGWT 

LSMEAN 
0 0.83165121 
1 0.71710712 
2 0.61740328 

The genotypic means confirm the conclusions of the additive and dominant 
effects estimates:  

The difference between the homozygous classes = 0.6174 - 0.8317 = -0.214 = 
2a.  

The midparent is the average of the two homozygous classes = (0.6174 + 
0.8317)/2 = 0.7246.  

 The dominant effect is estimated as the difference between the 
heterozygote and the midparent values: 0.7171 - 0.7246 =-0.0075, which is 
equivalent to the effect above (ignoring rounding error). In the case of the 
one-way classification, the straight means and the least squares means are 
equal. This will not be the case if the model is more complex and there are 
missing data, however. The advantage to obtaining straight means is that it 
tells the number of plants in each genotypic class, which can be important. In 
F2 populations, the segregation ratio expected for the three genotypic classes 
is 1:2:1 and it is observed for this locus as 61:130:58, which is not a significant 
deviation from the expected. 

 

Compiling Results From Two Linkage Groups 

 A better understanding of QTL position and effects can be obtained by 
summarizing the effects estimated at each marker locus with respect to their 
map position (Fig. 3).  Looking at the results on the map, it appears that there 
is a QTL located between C15 and T71, closest to T125 on linkage group 2 
with an additive effect of at least -0.12 on fruit weight. There is a second QTL 
on linkage group one, most likely between T93 and C66 with an additive 
effect of at least -0.08. 
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Locus-wise vs. Genome-wise Type I Error Rates 

 

 The concept of error rate for a set of multiple comparisons is applicable 
to QTL detection error rates. Remember that the Type I error rate (the 
probability of incorrectly declaring a difference significant, or in this case 
finding a QTL that doesn’t really exist!) for a set of independent tests or 
comparisons increases as the number of tests increases. This has been the 
basis for much statistical hand-wringing in the plant breeding and 
agricultural experiment literature, and has led to the idea (not universally 
held) that the Type I error rate should be adjusted based on the number of 
tests made. The experiment-wise error rate is the probability of incorrectly 
declaring at least one difference significant among a set of n comparisons. One 
way to obtain this experiment-wise error rate is to divide the comparison-
wise error rate (the Type I error rate allowed for any one test, usually 0.05) by 
the number of tests performed, n. This Bonferroni style error rate is much 
more conservative than the comparison-wise error rate as n becomes large. 

Performing significance tests at, for example, 200 loci in the genome, what 
should the significance level for any one test be? One possibility is to use the 
comparison-wise (or the locus-wise) error rate of p=0.05. Another is to use the 
Bonferroni-style experiment-wise (or genome-wise) rate of p=0.05/200 = 
0.00025. The major problem with using the Bonferroni-style error rate here is 
that it is applicable for n independent tests, and it is obviously known that all 
of the loci are not independent.  
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Fig 5.  Result of single factor ANOVA of marker loci on two linkage groups 
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Loci on different chromosomes are genetically independent, but loci on the 
same chromosome may not be independent due to linkage. Unfortunately, 
even knowing the correlation structure of all of the loci does not lead to a 
simple answer as to what the appropriate genome-wise error rate should be. 

What should one do, then? There is no clear-cut answer, but a few 
suggestions can be made. Keep in mind, that to maintain a stringent Type I 
error rate (to make sure not to find nonexistent QTLs), one has to allow for 
more Type II errors (missing a QTL that really exists). It depends upon the 
goal in QTL mapping and the risks that are to be assumed; how to balance the 
need to reduce one type of error versus another. But, for the purposes of 
marker-assisted selection, Type II errors are more serious than Type I errors - 
it is not a big problem to select on markers that aren’t really associated with a 
gene (except wasting some effort), but it’s a bigger problem to ignore a QTL 
that could be using your markers to select for. 

 Permutation tests (as described by Churchill and Doerge, 1994) offer one 
alternative. These tests work by first randomly assigning the observed 
phenotypes to the observed genotypes in the study. Then, QTL detection 
tests are performed at each locus. Since the phenotypes were randomly 
assigned to the genotypes, one should not detect any QTLs. However, 
simply due to random chance, some of the tests might indicate 
significance. The highest F-value (for example) among all of the loci for 
this random assignment is recorded. Then, the phenotypes are reshuffled 
and randomly assigned to genotypes again. Significance tests are 
performed at all loci again, and the highest value is recorded again. This 
process of re-shuffling phenotypes and recording the highest test statistic 
among all loci is repeated 1,000 times. After this, the highest 5% of the 
1,000 F-values recorded from each permutation are selected and their 
lowest value is used as the threshold level that indicates an F-test 
significant at the 5% level. Permutation tests are available as part of the 
“QTL Cartographer” software available from North Carolina State 
University. 

 A somewhat liberal ad hoc alternative is to adjust the error rate for the 
number of known independent tests made. For example, if markers on all 
20 arms of the 10 chromosomes of maize were used in the study, and 
each arm is considered to be independent, then one might use p=0.05/20 
= 0.0025 as a liberal, but reasonable threshold level. 

 If one has QTL mapping data from several environments, one can select 
QTLs that were important on average over environments. On the other 
hand, one can perform QTL analyses for each environment separately, 
and then declare as “significant” only those loci that were significant in 
more than one or two environments. This method selects for “stable” 
QTLs, and will most likely miss QTLs that are truly important only in 
specific environments. Whether this is a good or a bad thing depends on 
the objectives of the QTL study. 
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 Multiple regression or multiple locus ANOVA models can be developed 
in some systematic fashion as a method of “selection” of important QTLs.  

 

Multiple Locus ANOVA Models 

 Returning to the example data set, a two locus model can be 
developed, that will simultaneously estimate the effects of the QTLs on 
linkage groups 1 and 2. A simple method to develop multiple-QTL models is 
to choose the loci that appear to be most closely linked to the different QTLs 
and to enter them both into the ANOVA model. From the single-factor 
ANOVA results above, C66 and T125 could be selected to represent the 
putative QTLs on linkage groups 1 and 2: 

 

Source DF 
Sum of 
Squares 

Mean 
Square 

F Value Pr> F 

Model 4 3.10770720 0.77692680 16.77 0.0001 
Error 264 12.22848514 0.04632002   
Corrected Total 268 15.33619233    

 R-Square C.V. Root MSE  
LOGWT 
Mean 

 0.202639 29.62344 0.21522  0.72652 
 

Source DF Type I SS 
Mean 
Square 

F Value Pr> F 

C66 2 0.96784738 0.48392369 10.45 0.0001 
T125 2 2.13985982 1.06992991 23.10 0.0001 

Source DF Type III SS 
Mean 
Square 

F Value Pr> F 

C66 2 1.32394385 0.66197192 14.29 0.0001 
T125 2 2.13985982 1.06992991 23.10 0.0001 

 The R2 value of this two-locus model (0.20) is actually greater than the 
sum of the two single model r2 values (0.11 + 0.07 = 0.18). This occurs 
sometimes because the inclusion of a marker linked to one QTL can reduce 
the “residual noise” in the data, increasing the precision of the estimates of a 
second QTL (this is the idea behind composite interval mapping). This is often 
not the case, however, and many times the opposite effect is observed. The r2 
values discussed previously in regard to the single-factor analyses of variance 
are generally inflated with respect to their true population values. This often 
occurs because, even though two loci may be on different chromosomes, they 
may not be completely independent in the particular sample of individuals in 
the study. Thus, one cannot simply sum up the r2 values from several loci on 
different linkage groups and claim that those loci together explain that 
amount of variation (one can often “explain” more than 100% of the variation 
that way!) Instead, the term “partial R2” can be used to refer to the ratio of 
“partial” or “Type III” sums of squares associated with one locus in a 
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multiple-locus model to the total sums of squares due to phenotypic 
variation. The partial R2 is a measure of how much additional variation is 
explained by adding a locus to a model containing all of the other loci in the 
current multiple locus model. In this case, the partial R2 of C66 is 
1.3239/15.3362 = 0.09, and the partial R2 of T125 is 2.1399/15.3362 = 0.14. 

 An unrealistic, but possibly heuristic, example might help to explain 
why multiple locus models often have lower R2 values than the sum of the r2 
values of the individual loci included in the model: Consider that a single, 
qualitatively acting, recessive dwarfing gene is segregating in an F2 
population of 10 individuals. A geneticist might collect DNA marker data on 
loci on 10 chromosomes and analyze each locus to determine if it is linked to a 
“QTL” affecting plant height. Assume that 2 out of the 10 plants are 
homozygous for the dwarfing gene and their height is one foot. The other 7 
plants range in height from 10-12 feet. Clearly, any locus that is homozygous 
for one allele in both dwarf plants could be declared “significant” because it 
would be associated with the dwarfing trait. Obviously, a locus closely linked 
to the dwarfing gene would be detected, but the important point is that each 
of the unlinked loci have a 25% chance of being homozygous for one allele or 
the other in both dwarf individuals. Therefore, one might easily detect many 
different QTL throughout the genome associated with plant height, each with 
a high r2 value. Obviously, this is an outrageous example, but even in sample 
sizes of 100-500 (larger than average for published plant QTL studies), similar 
but less extreme dependencies between unlinked markers can occur. 

 The question is: will developing multiple-locus models always identify 
the “true” QTLs, and eliminate the false ones? Obviously not, but it offers an 
objective method to develop a subset of loci that have the greatest chance of 
being linked to QTL. And here the question of population size becomes 
important because of the increased dependencies (also called “collinearities” 
in linear regression) that occur with small sample sizes. All of the traditional 
problems of multiple regression model selection occur when attempting to 
develop multiple locus QTL models, and no guarantees can be made that the 
multiple-locus model selected on the basis of the highest R2 value will contain 
all the important loci and not contain any false QTLs. If several models with 
similar R2 values, but very different loci, can be developed, this is a good 
indication that the population sample size is too small to definitively identify 
all of the QTLs.  

 

Epistasis 

 Epistatic interactions between QTLs can be tested using multiple-locus 
ANOVA models as well, by simply including an interaction between two loci 
in the multiple-locus model. For example, the epistasis between the two loci, 
C66 and T125 can be tested, which were identified as being linked to QTLs. 
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 The interaction effect was significant and increased the model R2 by 
about 3%, which is not dramatic, but may indicate some epistasis. There 
seems to be some form of additive by additive epistasis, in that when C66 is 
the homozygous 0 genotype, the additive effect of T125 is -0.173, and when 
C66 is the homozygous 2 genotype, the additive effect of T125 is about half of 
that (- 0.088). In addition, there is probably some additive by dominant 
epistasis in that the dominant effect of T125 seems to depend on the 
homozygous genotype at C66. When C66 is the zero genotype, T125 has a 
dominant effect of -0.110; when C66 is the 2 genotype, T125 has a dominant 
effect of 0.146: its effect shifts from underdominant to overdominant 
depending on the genotype at C66. 

 It would be fruitful to test for epistatic interactions between as many 
loci as possible, not just the individually-significant loci. Most of the 
important interactions found in a small study in oat were between one 
significant locus and one non-significant locus (Holland et al., 1997). Similar 
findings have been reported in maize (Damerval et al., 1994) and rice (Li et al., 
1997). 

 

Application of Molecular Markers to Selection 

Once markers have been detected that are associated with major genes or QTL 
they can be employed to practical plant breeding in the following broad 
fields. 

 For genotype identification and genetic diversity 
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 In selection and breeding for resistance to diseases and pests 
 In selection of lines for male fertility restoration 
 Selection for high performing genotypes based on QTL compositing 
 Purity analysis of seeds of varieties and hybrids 

 In a classical attempt of using markers for selection, Stuber et al. (1982) 
determined the allelic frequencies for eight isozyme loci that had been shown 
to be associated with yield. Using these frequencies they constructed a base-
line by which a new population could be constructed. Using this marker base-
line they constructed a new population. Before this they had also developed a 
high–yielding maize population by selecting over ten cycles for increased 
yield. On comparison they found that the new population had essentially the 
same allelic frequencies as the high yielding population developed by 
selection. Next they measured the yield and ears/plant in the high–yielding 
population developed via selection, and also in the population constructed 
based on isozyme frequencies. Data from this replicated experiment grown in 
several locations suggested that the gain realized by simply pooling on allelic 
frequencies of the high–yield population was equal to two cycles of selection 
for yield and one and a half cycles of selection for ears/plant. The take home 
message from these results being modest selection gains can be realized by 
simple molecular marker based selection of genotype.  

 Once markers have been detected that are associated with QTL, the 
logical next step is to perform selection on lines within a population. The 
obvious method would be to only advance those lines which contain those 
alleles with a positive effect on the quantitative trait, the selection criterion 
being the summation index showing maximum accumulation of the desired 
QTL (fig 6). This method is successfully employed in selection of lines for 
complex traits like nitrogen use efficiency (NUE) in fodder grasses. A 
collateral advantage of such an approach is that it offers a true validation of 
the putative genes (QTL) for the traits of interest. The associated response to 
marker selection namely indicates the presence of true NUE-related genes; in 
particular in the vicinity of markers strongly affected by the selection 
imposed.  

 Success of marker assisted selection is since then demonstrated in 
many crops. Significant allelic associations are located in recurrent selection in 
oats (De Koeyer et al., 2001), and in many qualitative instances like disease 
resistance etc. The genetic markers associated with rice amylose content are 
now being used by the USDA Rice Quality lab in Beaumont which screens 
some 8-10,000 breeding lines each year for all U.S. public rice breeding 
programs. Marker technology will provide a more accurate assessment of 
amylose content than the analytical methods previously used.  

 Also in rice, markers associated with various genes which convey 
resistance to blast disease caused by Pyricularia grisea are being used to 
combine multiple blast resistance genes into new cultivars and provide 
resistance to a broader array of the many different races (biotypes) of blast 
that occur. These markers have also been useful in successful verification of 
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the first time incorporation of a new gene (Pi-b) for blast resistance from a 
Chinese cultivar into adapted U.S. lines. This gene will be an important 
resource for breeders as they enhance the natural disease resistance of rice 
cultivars and reduce the need for some agricultural pesticides.  
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