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Introduction  

Quantitative trait loci analysis or QTL analysis refers to locating genomic regions or ‘hot spots’ 
that influence the inheritance of quantitative traits, i.e., those that are controlled by a few to 
many genes acting together to produce a phenotype. Direct identification of many factors that 
influence a quantitative trait is a difficult task. However, in QTL analysis this is achieved by 
solving a puzzle, with help of statistical tools. 

QTL analysis basically require two types of data, both segregating among a number of 
common progenies, derived from two homozygous contasting parents for the target 
quantitative trait(s). These are (a) phenotypic data and (b) genotypic data.  

Phenotypic data is the primary data that is required for the QTL analysis and should be tailor 
precise. The precision is extremely important and recorded with utmost care, as quantitative 
traits are often affected adversely by experimental errors which is further worsened by 
environmental effects. Phenotypic data can not be reused over generations, locations and over 
time. It can not be appended. 

Genotypic data or marker data should cover entire gonomic region so that all the ‘hotspots’ 
are targeted. Care should be taken to use distinct polymorphic markers between the parents, 
and not to score any ambiguous bands. Genotypic data are reuseable, can be edited and 
enriched.  

Having obtained two sets of data from same segregating progenies, the analysis tries to put 
together the underlying information to solve the puzzle of QTLs. The puzzle is that, (a) we 
know the phenotype, its pattern of segregation among the progenies but we don’t know the 
genotype that is genomic regions that produce these phenotypes, and (b) we know the exact 
genomic locations of the marker alleles segregating among the progenies, but we don’t know 
their phenotype. 

The genomic locations of the markers are usually organized in linkage groups. Linkage 
mapping is done using the marker segregation data by using multi-point analysis. This 
organized grouping is called a map. So QTL analysis is completed with marker segregation 
data, map data and the phenotype segregation data. 
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Methods of QTL analysis  

A. Single-Factor Analysis of Variance  

The most basic way of determining whether an association exists between a molecular marker 
and a trait is to conduct single-factor analysis of variance (ANOVA). In this method, a specific 
marker is the independent variable and a trait of interest is the dependent variable. The 
question to be asked is, “Is the mean trait value for all plants with the Parent A marker pattern 
significantly different than the mean value of plants with the Parent B pattern?” If the answer 
is “Yes”, the inference is that a QTL is present in the same chromosome region as the marker. 
A separate ANOVA must be run for each marker in the data set.  

Many statistical analysis software packages carry out ANOVA. But to perform single factor 
ANOVA no specialized statistical software is needed. Most common software that can perform 
this analysis is Microsoft Excel.   

Workflow: Microsoft Excel 

1. Open an Excel spreadsheet and copy the marker and trait segregation data side-by-side. 
2. Sort the marker data along with trait data into parental marker classes 
3. Copy the trait data corresponding to Parent 1 marker allele class into a new column, and 

the data for Parent 2 marker allele into the adjacent column. 
4. Select both columns, and click open Analysis Tool pack in Excel 
5. Select Analysis of Variance (Single Factor) 
6. Chose the cell for output and click OK, to get the ANOVA table 
7. Check the F-value if significant. Significant F value with low probability <0.01, indicates 

association between marker and trait. 

The following information is obtained from the ANOVA method of QTL detection:  

1. Measure of statistical significance: P-value. This value indicates the probability of obtaining 
results. That is whether the marker was not associated with variation for the trait. The 
lower the P-value, the higher the probability that a QTL truly exists in the region of the 
marker. Generally confidence in a QTL is not fixed unless the P-value of a linked marker is 
less than 0.01. 

2. Proportion (%) variation explained, R2: This value indicates the relative importance of a QTL 
in influencing a trait. It is the percent of the total phenotypic variance for the trait that is 
accounted for by a marker.  

R2 (%) = is obtained by multiplying the R2 value provided in the ANOVA results by 100. 

3. Source of the favorable allele (Parent 1 or Parent 2): Mean values for the marker classes are 
compared, and the most favorable mean is considered the source of the desired QTL allele. 
For example, if the mean grain yield of all lines with the ‘A’ marker pattern is 6 tons/ha, 
and the mean for all lines with the ‘B’ pattern is 3 tons/ha, then Parent A is identified as 
the source of the favorable allele. Bear in mind that for some traits, such as disease 
severity, a lower mean value will be preferred. 
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4. Estimates of additive and dominance effects: The average additive effect of an allele is 
estimated as, 

(Mean of A marker class – Mean of B marker class) / 2. 

If the A mean = 6 tons/ha and the B mean = 3 tons/ha, then the average additive effect of 
substituting an A allele for a B allele at that marker is (6 – 3)/2 = 1.5 ton/ha. The difference 
between means is divided by 2 because the A class (AA genotype) differs by two allele 
substitutions from the B class (BB genotype). Note that if the A class is bigger than the B 
class, the additive effect will be positive; if the reverse is true, the effect will be negative.  

Dominance effects can be estimated in populations in which heterozygotes are 
represented, e.g., an F2 population, which has an expected 50% rate of heterozygosity at 
each marker locus. The dominance effect at a locus is estimated as  

Mean of heterozygous (H) class – [(Mean of A class + Mean of B class) / 2]. 

In other words, the dominance effect is the deviation of the heterozygous condition from 
the midparent mean. If the H, A, and B classes = 5, 6, and 3 tons/ha, respectively, then the 
dominance effect = 5 – (6 + 3)/2 = 5 – 4.5 = 0.5 tons/ha.  

5. A rough estimate of the QTL position: A QTL is inferred to be located close to the most 
significant marker within a given chromosome region (i.e., the marker with the lowest P-
value or highest R2 value). This requires a map. But if map is no available still we can 
conclude that the marker is associated with the trait 

Limitations of the Single-Factor ANOVA Method  

� It is difficult to know what proportion of the organism’s genome is covered by a set of 
markers because chromosome maps are usually not constructed.  

� QTL locations are detected only in terms of the nearest marker and, therefore, are 
imprecisely estimated.  

� The size of the QTL effect is confounded with distance of the QTL from the nearest 
marker. 

Simple interval mapping 

Simple interval mapping (SIM) or interval mapping tests for QTL presence every 2 cM between 
each pair of adjacent markers. In single-factor ANOVA method, where the presence of a QTL is 
tested only at marker positions, which may be 20 cM or more apart on the chromosome map, 
QTL positions and effects are determined imprecisely. Thus, the most likely position of a QTL 
and the size of its effects are estimated more accurately than with single-factor analysis. A 
map function (either Haldane or Kosambi) is used to translate from recombination frequency 
to distance or vice visa. Then, a likelihood of odds (LOD) score is calculated at each increment 
(walking step) in the interval. Finally, the LOD score profile is calculated for the whole genome. 
When a peak has exceeded the threshold value, a QTL have been declared found at that 
location. At each test position, the calculated LOD score indicates the probability for detecting 
a QTL at that position. LOD scores are plotted along the chromosome map, and those that 
exceed a threshold significance level suggest the presence of a QTL in that chromosome 
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region. The most likely QTL position is interpreted to be the point where the peak LOD score 
occurs. Other than LOD, QTL probability is also reported as a "likelihood ratio (LR)" which is 
equal to the LOD score x 4.6052.  

Workflow: Windows QTL Cartographer  

1. Open a source data file into the WinQTLCart main window. 

2. Select Method > Interval Mapping from Menu or Analysis window in the form pane 
displays the interval mapping analysis controls. 

3. Select the chromosome(s) and trait(s) for analysis. 

4. Select a threshold level to apply to the selected trait(s). Select either By manual input or 
By permutations. Click OK to start the calculations for the threshold level. 

5. Following threshold calculation select a walk speed in cM. The Walk speed (cM) is the 
genome scan interval and the default is 2. Click the up and down buttons beside the Walk 
speed value to increase or decrease the walk speed by 0.5 increments. Increasing the walk 
speed (greater than 2) means less precision but the analysis takes less time. Decreasing the 
walk speed (less than 2) yields a more precise result but will take more time. It is 
recommended to use the same walk speed for your entire dataset. Don't reset the walk 
speed between runs. If done results will not be comparable.  

6. Click Result File button to select the location of and to name the .QRT file that will be 
created when the analysis is complete. 

7. Click Start to begin QTL mapping analysis. 

8. Open QTL mapping result file (*.QRT) in the Graph window 

9. Create a QTL summary information file using the EQTL function from graph window. 

Following results are obtained from Simple Interval Mapping  

1. Estimate of QTL position, typically tested every 2 cM, but this can be adjusted by the user.  

2. Measure of statistical significance: LOD score or likelihood ratio  

3. Percent variance explained (%R2)  

4. Source of desirable alleles (Parent A or Parent B)  

5. Estimates of additive and dominance effects 

Even though these results are same as that of single factor ANOVA, the precision of QTL 
position is more in SIM. However, ambiguity can still be a problem when more than one QTL 
peaks are detected in shorter intervals. 

Limitations of Simple Interval Mapping  

� It requires that a linkage map be constructed first, using MAPMAKER/EXP  

� Needs specialized software to conduct analysis  

� The indicated positions of QTLs are sometimes ambiguous, or influenced by other 
QTLs.  

� It can be difficult to separate effects of linked QTLs. 
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Composite Interval Mapping  

Composite interval mapping (CIM) was developed to overcome some of the shortcomings of 
SIM. The basis of this method is an interval test that attempts to separate and isolate individual 
QTL effects by combining interval mapping with multiple regression. It controls for genetic 
variation in other regions of the genome, thus reducing background “noise” that can effect 
QTL detection. To control background variation, the analysis software incorporates into the 
model "cofactors" or “background markers”, a set of markers that are significantly associated 
with the trait and may be located anywhere in the genome. Background markers are usually 
20-40cM apart. They are typically identified by forward or backward stepwise regression, with 
user input to determine the number of cofactors and other characteristics of the analysis.  

Workflow: Windows QTL Cartographer 

1. Load the data and select the CIM analysis method. 

2. Select the chromosome(s) and trait(s) for analysis. 

3. Select a threshold level to apply to the selected trait(s). Select either By manual input or 
By permutations. Click OK to start the calculations for the threshold level. This may take 
from several minutes to several hours to run. 

4. Following threshold calculation select a walk speed in cM. The Walk speed (cM) is the 
genome scan interval and the default is 2. Click the up and down buttons beside the Walk 
speed value to increase or decrease the walk speed by 0.5 increments. Increasing the walk 
speed (greater than 2) means less precision but the analysis takes less time. Decreasing the 
walk speed (less than 2) yields a more precise result but will take more time. It is 
recommended to use the same walk speed for your entire dataset. Don't reset the walk 
speed between runs. If done results will not be comparable.  

5. Click Result File button to select the .QRT file you want to create. 

6. Click the Control button to display the Set CIM Control Parameters dialog. 

a. For the CIM Model field, specify the markers to be used as cofactors in the CIM 
analysis: 

Model 1:  All Marker Control—Use all the markers to control for the genetic 
background. 

Model 2: Unlinked Marker Control—Use all unlinked markers to control for the genetic 
background. 

Model 6: Standard Model – This model is good for starting an analysis. By default this 
model selects certain markers as control markers by using additional 
parameters, such as control marker number and window size. Therefore, 
selecting this model requires extra fields on the dialog: Control marker 
numbers, Window size (cM), and Regression method selection. 

(i) Clicking Set control markers manually prevents WinQTLCart to 
automatically select the control markers. This will display a dialog box 

5



after you start the analysis so that you can manually select the control 
markers.  

(ii) The Background Controls group box specifies the number of 
background controls and regression type to be used in applying the 
selected CIM model. 

Control marker numbers—Enter the number of markers to control for 
the genetic background. Increasing the number of control markers will 
allow better resolution for mapping linked QTLs. 

(iii) Window size (cM)—Enter the window size in centiMorgans. The 
window size will block out a region of the genome on either side of the 
markers flanking the test site. Since these flanking regions are tightly 
linked to the testing site, if we were to use them as background 
markers we would then be eliminating the signal from the test site 
itself. 

It is highly recommended to start with the default values of 5 for 
control markers and 10 for window size. 

(iv) Regression method selection—Select a method. 

1: Forward Regression 

2: Backward Regression 

3: Forward & Backward – Required to provide Probability for into:, 
Probability for out: 

b. If the OTrait number field is enabled in the data set, enter other trait numbers and their 
ranges to be included in the model. OTraits is another term for "categorical traits." Use 
QTraits for background control as nuisance factors we want to account for. 

c. Click OK to close the dialog and return to the CIM analysis form. 

7. Click Start to begin QTL mapping analysis. WinQTLCart will open a Save As dialog for you 
to save the result file that will be created. 

8. If Set control markers manually option is selected in step 6(i), then WinQTLCart will 
display the Select CIM Control Markers dialog box. Enter or edit the marker numbers you 
want to using the text box; separate each number with a space. Click on the marker row's 
cells to toggle their display in the text box. 

9. When the analysis is complete WinQTLCart will create a QTL mapping result file (*.QRT) 
and open it in the Graph window. 

10.Create a QTL summary information file using the EQTL function. 

The following information is obtained from the CIM method of QTL detection. Many of these 
are similar to the results described previously for single-factor ANOVA and SIM.  
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1. Estimate of QTL position, typically tested every 2 cM, but this can be adjusted by the user. 
Because of the use of cofactors to reduce background noise, QTL positions are estimated 
more accurately than with SIM.  

2. Measure of statistical significance: LOD score or likelihood ratio  

3. Percent variance explained (%R2)  

4. Source of desirable alleles (Parent A or Parent B)  

5. Estimates of additive and dominance effects 

Limitations of Composite Interval Mapping  

� It requires that a linkage map be constructed first, using MAPMAKER/EXP  

� It requires specialized QTL analysis software  

� Because of the intensive computations involved, CIM can be slow, especially on older 
computers, requiring an hour or more to complete a genome-wide analysis. 

Multiple interval mapping 

As the name implies, multiple interval mapping (MIM) uses multiple intervals simultaneously to 
fit multiple QTLs into the model. The MIM model uses Cockerham's model for interpreting 
genetic parameters and the method of maximum likelihood for estimating genetic parameters. 
MIM is well suited to the identification and estimation of genetic architecture parameters, 
including the number, genomic positions, effects and interactions of significant QTL and their 
contribution to the genetic variance.  

Workflow: Windows QTL Cartographer 

1. Load data and select the MIM analysis method. 

2. Pick a trait you want to work with. MIM works with only one trait at a time. 

3. In the MIM form that appears, load or create a MIM analysis model. 

We can open existing files containing MIM model parameters or can use WinQTLCart to 
create a model. Controls available are,  

Model drop down list. Contains the list of MIM models to be used for the analysis. You 
can create or load several different models for selection. 

New Model / Add Model. Have WinQTLCart create a new initial MIM model or create 
additional MIM model for analysis. 

Save Model. Save the model you've created or modified to an .MDS file. 

Load Model. Load an existing MIM model parameters file (.MDS).  

Summary. Click to create a text summary file and a graph result file (.QRT) 

Note: The summary file information includes position, likelihood ratio and effect of each 
QTL, epistatic effects of QTL, partition of the variance explained by QTL (main and 
interaction effects), and estimates of genotypic value of individuals based on the model. 

Parameters for current model include, 
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QTLs. Number of QTLs in model 

Epistasis. Number of epistatic genes in model 

L(k). Likelihood of the mode, k is the QTL number. 

BIC. Bayesian Information Criteria (BIC) value of the mode. 

QTL Effects. Click to test additive, dominant and epistatic effects. The test results are 
shown in the data pane. 

Refine Model…. Select an option and click OK to refine the model 's parameters. 

Add QTL. Adds a QTL to the model. 

Del QTL. Select a QTL column and click Del QTL to delete that QTL from the model. 

Cell Edit / Cell Update. Click on a cell in the model to select it and then update its value 
in this field. 

Close. Close the MIM form and return to the Source Data form. If you have not saved your 
work, you can save your work at this time. 

 

(1) Creating MIM initial model 

Click the New Model (or Add Model) button on the MIM form.  

At the Create New MIM Model dialog, select an enabled option from the Initial MIM 
model selection method group box. 

Regression forward selection on markers. Enables the Criterion… button 

Regression backward selection on markers. Enables the Criterion… button 

Forward and backward selection on markers. Enables the Criterion… button 

Scan through QTL mapping result file… buttons. 

MIM forward search method. OK button 

After finishing the initial model creation, the MIM form redisplays with the buttons 
enabled, the parameters group fields populated, the new model available in the drop 
down list, and the model values on the right. The Parameters fields are now populated. 

If MIM forward search method is selected following parameters are to be defined. 

(i)  At the Select Parameters dialog, select a model selection criterion from the drop 
down list: 

AIC ---> c(n) = 2 

BIC-M1 ---> c(n) = 2ln(ln(n)) 

BIC-M2 ---> c(n) = 2ln(n) 

BIC-M3 ---> c(n) = 3ln(n) 

BIC-X ---> c(n) = 10*X*ln(n) 

Score - 0.05 significant level 
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Score - 0.10 significant level 

Score - 0.20 significant level 

Score - X significant level 

Note: The first 6 options are BIC search criteria. BIC = 
n*ln(Q*Q)+p*c(n) n: sample size, Q*Q: residual variance of model, p: 
regressor (marker) number 

Choose last 4 options (Score), WinQTLCart will use score statistics (not LR) to do 
the forward search for both main and epistatic QTLs as initial MIM model. 

(ii) Click the spin dial beside MIM walk speed in cM to select the walk speed. The 
smaller the number, the more precise the model, but the longer the analysis will 
take. (We recommend accepting the default value.) 

Manually edit the model by clicking the Add QTL and Del 

QTL buttons, or click in the model field to change the value of Position, Chromosome, 
Additive, or epistatic values. Click Save Model… to save the model as a .MDS file. 

(2) Refine the MIM model 

At the refine MIM model dialog, select a model selection criteria from the drop down 
list. Choose the first 6 options, WinQTLCart will do search, test, or optimizing in the 
principle of LR test and use BIC as criteria. By select the last 4 options, WinQTLCart will 
use score statistics test and certain significant level as search, test and optimizing 
criteria. 

1. Optimizing QTL positions 

Move main QTLs one by one along the chromosome to maximize LR or Score statistics 
(choose the first 6 options is LR and otherwise is score statistics). Check box Test both 
main and epistatic effects are only worked in score statistics testing. By check this 
check box, both main QTL and its interaction with other QTL(s) are considered in score 
statistics calculation. 

2. Searching for new QTLs 

Main QTLs - Search for new main QTL(s) using LR or Score statistics test. 

QTL interactions: 

Interaction between Identified QTLs -  Try to find more interaction among existing 
main QTLs.  

1D Scan of 1 new QTL and Interactions -  Search one new main QTL plus interaction 
between the new QTL and QTL in the model 
by test the interaction effect only. Aavailable 
in Score statistics test situation. 

2D Scan of 2 new QTL and Interaction -  Search two new main QTLs plus interaction 
between them by test the interaction effect 
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only. Available in Score statistics test 
situation. 

3. Testing existing QTLs 

Main QTLs - Test each main QTL to see it is significant or not. The QTL will be deleted 
from the MIM model if it's not significant. 

In Score statistics test, to check Only QTLs without interaction check box will do test 
only on those main QTL(s) that have no interaction with other main QTL(s). The reason 
is that program allows QTL that has no (very little) effect but has strong interaction 
effect in score statistics test situation. 

QTL Interactions - Test each QTL interaction to see it's significant or not. 

Clicking Start returns you to a slightly modified MIM model, where the operation will 
continue until the result is obtained. 

Note: To create a MIM results file in .QRT format, select the MIM model summary 
option. 

Other mapping methods 

Multiple trait mapping and Bayesian mapping are included in QTL Cartographer. These are 
new feature included in the recent versions of Windows QTL Cartographer. Still these modules 
are on testing and often produce error messages. 

Population sizes for QTL studies 

Choosing a population size is a compromise between what is theoretically desirable and what 
is feasible in practice. Theory and computer simulations argue for large population sizes (at 
least several hundred) in order to adequately sample the population, to identify QTL of both 
large and small effect, and to accurately estimate the size of QTL effects (Beavis 1994, 1998). 
In practice, it is often difficult to evaluate more than 200 or 300 progeny, especially when 
multiple replications and environments are needed. For corn, 250 progeny is considered a 
reasonable compromise by many researchers.  

The effect of population size on QTL detection was shown in studies by Bradshaw et al. (1995, 
1998). They evaluated floral morphology traits in interspecific crosses of monkey flower 
(Mimulus spp.), using populations of 93 and 465 F2 individuals. In the smaller population, 12 
QTLs of relatively large effect were detected, while in the larger population, 11 of the same 
QTLs, plus an additional 16 QTLs, were revealed. The larger population allowed the detection 
of QTLs of smaller effect. For QTLs common to the two populations, the estimate of effect size 
was reduced in the larger population, supporting the notion that the magnitude of QTL effects 
is overestimated in small populations.  

One strategy to reduce the work involved with large populations is to obtain marker 
genotypes only for progeny at the tails of the phenotypic trait distribution, e.g., the 20% 

10



highest and 20% lowest families. However, this will work only if a single trait is being 
analyzed, as each trait is likely to have a different distribution (Paterson 1998).  

Uses of QTL Information in Genetics and Breeding  

The major strategies for exploiting QTL information are described below.  

1. Marker-assisted selection: Selecting plants or families on the basis of their marker 
genotypes. In theory, the technique should be useful for traits that are expensive or 
logistically difficult to measure directly or that need to be measured on mature plants. 
Marker data can be obtained on very young seedlings, resulting in a significant time 
savings in some cases. The cost effectiveness of marker-assisted selection is a key 
consideration that needs to be considered individually for every trait, population, and 
laboratory. In practice, there are only a few examples of successful use of marker-assisted 
selection based on QTL information (e.g., Ribaut et al. 2002; Young 1999).  

2. Understanding trait “architecture”, the number of genes, size of their effects, and type 
of gene action governing a trait. This information is potentially valuable to breeders in 
helping them decide upon appropriate breeding methods and population sizes.  

3. Providing insights into genetic relationships among traits, the physiological mechanisms 
or biochemical pathways that contribute to a trait, and environmental effects on QTL 
expression. For example, if QTLs for different traits overlap at one or more genome 
locations, this suggests that the traits may be related genetically, either through pleiotropy, 
physiological trade-offs, or some other interaction (Remington and Purugganan 2003).  

4. Identifying chromosome regions for isolating and cloning genes, sometimes known 
as map-based cloning. As mentioned previously, a QTL is initially detected in a rather 
broad section of a chromosome, far too large a region from which to isolate a gene. 
However, strategies have been developed to map the initial QTL at finer and finer 
resolution, until a relatively small DNA segment is identified. After sequencing the 
segment, it has been possible to determine which gene in the segment is responsible for 
the QTL effect. Two of the first examples of QTL cloning are described in Frary et al. (2000) 
and Yano et al. (2000). 

Limitations of QTL Analysis  

There are several limitations reported to the technique of QTL analysis (Kearsey 2002; 
Remington and Purugganan 2003; Ribaut et al. 2002).  

1. QTL analysis is expensive in time and materials. Therefore, it can only be used in a very 
limited number of populations.  

2. Information on QTL locations and effects is specific to a particular population and cannot 
be readily transferred to another population. This is because QTLs can be detected only 
when the loci influencing a trait are polymorphic, and each population is likely to be 
polymorphic at different sets of loci.  

3. QTL analysis detects chromosome regions, not genes that influence traits. Moreover, QTL 
locations have large confidence intervals, often greater than 30 cM. Such large regions 
encompass many candidate genes, so it is difficult to deduce which specific gene might be 
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influencing the trait. Therefore, in most cases little information is provided on the 
mechanisms or pathways involved in trait expression.  

4. It is difficult to distinguish two closely linked QTLs, those that are less than 20 cM apart.  

5. When two QTLs are linked “in repulsion”, i.e., alleles at loci on the same parental 
chromosome have opposite effects on the trait, it may not be possible to detect the QTL, 
because the effects of the associated alleles cancel each other out. 

References  

Beavis WD (1994) The power and deceit of QTL experiments: lessons from comparative QTL studies. 
Proc. 49th Annu. Corn and Sorghum Industry Res. Conf., Chicago, 49:250-266.  

Beavis WD (1998) QTL analysis: Power, precision, and accuracy. pp. 145-161. In A.H. Paterson (ed.) 
Molecular dissection of complex traits. CRC Press, Boca Raton, FL.  

Bradshaw HD, Otto KG, Frewen BE, McKay JK, Schemske DW (1998) Quantitative trait loci affecting 
differences in floral morphology between two species of monkeyflower (Mimulus). Genetics 
149:367-382.  

Bradshaw HD, Wilbert SM, Otto KG, Schemske DW (1995) Genetic mapping of floral traits associated 
with reproductive isolation in monkeyflowers (Mimulus). Nature 376:762-765.  

Byrne PF, McMullen MD, Snook ME, Musket TA, Theuri JM, Widstrom NW, Wiseman BR, Coe EH (1996) 
Quantitative trait loci and metabolic pathways: Genetic control of the concentration of maysin, 
a corn earworm resistance factor, in maize silks. Proc. Natl. Acad. Sci. USA 93:8820-8825.  

Byrne PF, McMullen MD, Wiseman BR, Snook ME, Musket TA, Theuri JM, Widstrom NW, Coe EH (1998) 
Maize silk maysin concentration and corn earworm antibiosis: QTLs and genetic mechanisms. 
Crop Science 38:461-471.  

Frary A, Nesbitt TC, Frary A, Grandillo S, van der Knaap E, Cong B, Liu JP, Meller J, Elber R, Alpert KB, 
Tanksley SD (2000) fw2.2: A quantitative trait locus key to the evolution of tomato fruit size. 
Science 289:85-88.  

Jansen RC, Stam P (1994) High resolution of quantitative traits into multiple loci via interval mapping. 
Genetics 136:1447-1455.  

Kearsey MJ (2002) QTL analysis: Problems and (possible) solutions. In MS Kang (ed.) Quantitative 
genetics, genomics, and plant breeding. CABI Pub., pp. 45-58. New York.  

Kearsey MJ, Farquhar AGL (1998) QTL analysis in plants; where are we now? Heredity 80:137-142.  

Mauricio R (2001) Mapping quantitative trait loci in plants: Uses and caveats for evolutionary biology. 
Nature Reviews Genetics 2:370-381.  

Paterson AH (1998) Of blending, beans, and bristles: The foundations of QTL mapping. In A.H. Paterson 
(ed.) Molecular dissection of quantitative traits. CRC Press, Boca Raton, FL.  

Paterson AH (2002) What has QTL mapping taught us about plant domestication? New Phytologist 
154:591-608.  

Remington DL, Purugganan MD (2003) Candidate genes, quantitative trait loci, and functional trait 
evolution in plants. Int. J. Plant Sci. 164(3 Suppl.): S7-S20.  

Wang S, Basten  CJ, Zeng Z-B (2010). Windows QTL Cartographer 2.5. Department of Statistics, North 
Carolina State University, Raleigh, NC. ( http://statgen.ncsu.edu/qtlcart/WQTLCart.htm) 

12


	Quantitative trait locus (QTL) analysis
	Introduction
	Methods of QTL analysis
	Single-Factor Analysis of Variance
	Workflow: Microsoft Excel
	Limitations of the Single-Factor ANOVA Method

	Simple interval mapping
	Workflow: Windows QTL Cartographer
	Limitations of Simple Interval Mapping

	Composite Interval Mapping
	Workflow: Windows QTL Cartographer
	Limitations of Composite Interval Mapping

	Multiple interval mapping
	Workflow: Windows QTL Cartographer

	Other mapping methods
	Population sizes for QTL studies
	Uses of QTL Information in Genetics and Breeding
	Limitations of QTL Analysis
	References





