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Introduction 
Statistical computational techniques have developed to analyse  and map QTL in plant  
species. The method involves crossing two independently inbred parental strains that are 
phenotypically widely different from one another in respect of several quantitative traits 
and then analysing  the genome of a number say (50 to 100) of the recombinant hybrids 
using complete series of mapped and ordered  RELP probes to determine in each of the 
hybrids which segments have been inherited from one parent and which from the other. 
The phenotype of each hybrid with respect to quantitative trait is then compared with the 
RFLP-based genome –analysis data to determine statistically which segments of the 
genome contribute significantly to the ultimate phenotype and therefore are likely to 
harbor QTLs. 
High density RFLP linkage maps are the technological tools needed to efficiently map 
QTLs. Such markers are  typically dispersed at 1-30 centimorgan (CM) intervals 
throughout the genome. Such high density map increase the chances of findings QTLs. 
There are basically two types of genetic models for detection of QTLs: (a) individual 
marker models and (b) flanking marker models. In the former , there is a cosegregation of 
a QTL marker locus linked to a QTL, whereas in the latter, a QTL lies between linked 
codominant marker loci.The latter models referred to as INTERVAL MPAPPING AND 
COMPOSITE INTERVAL MAPPING are more efficient than the former ones fo 
estimating the effects of QTLs. 
      
Single Marker Analysis: 
When a gene Q is located near marker A  the trait controlled by Q can be modeled by the 
marker A in terms of  the model 

ii Afy   )(  

where yi  is the trait value for the ith individual in the population, μ  is the population 

mean, f(A) is a function of marker genotype A and  is the residual associated with the 
i

iε
th individual. The expectation of f(A) contains genetic values of genotypes of q and the 

linkage relationship between A and Q in terms of recombination fraction r. The marker 
genotypes can be treated as classification variables for a t-test or an ANOVA. The marker 
genotypes can also be coded as dummy variables for regression analysis. The above 
relation (1) can also be solved using the likelihood approach, by finding the joint 
distribution of marker genotypes and the putative QTL genotypes. 
 
Experimental populations used for QTL mapping in most plant and animal species can be 
classified as a back cross or an F2 type of populations. I shall discuss the back-cross case 
only as the principles are similar in the case of F2 populations. The single marker analysis 
is done by analyzing one marker at a time. 
 
In classical back–cross design with two loci each with two alleles, A-a and Q-q, the 
expected frequencies for the for marker-QTL genotypes (AAQQ, AAQq, AaQQ and 
AaQq), in term of r, can be used to determine the conditional frequencies of the QTL 
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genotypes (QQ and Qq) given the marker genotypes. This gives the expected trait values 
for the observables marker genotypes AA(n1 in number) and Aa (n2 in number) 
 

                                               
 
 
  
 
  

                                                        
 
            
  
 
where p(.) indicates probabilities and 1 and 2 are the expected genotypic values for the 
two QTL genotypes. 
 
 Simple t-test and ANOVA 
 
A linear model, in this case, is 
 

                                            
 
 
where Yi(j)k is the trait value for an individual j with marker genotypes I in the replication 
k,  is the population mean , Mi is the effect of marker genotype I,  g(m)j(i) is the 
genotypic effect which can not be explained by the marker (or genotypic effect within 
marker genotype) and ei(j)k is the error term. The t-test for testing the null hypothesis  

       is then  
   

                                                        
 
 
where     is the pooled variance within the two classes of marker genotype.  tM is 
distributed as t with (N-2)d.f. with N=n1+n2. If tM is significant, then a QTL is declared 
to be near the marker. The expectation of the pooled variance is  
 

                                              

    
   
where b is the number of replications,  is the error variance    is the error 
variance  is the part of genetic variance which cannot be explained by the QTL and gQTL 
is the fixed QTL effect in the associated model for a single –QTL analysis given by 
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The expectation of the difference between two marker classes is  
 
                                 
 
                                          
   
                                        
 
                                                                                                                          
    
where a  and d are additive and dominance effect and g=0.5(a+d) is the genetic effect in 
backcross progeny. The Null hypothesis can then be interpreted in two ways viz. either 
(a+d)=0 or r=0.5. The power of this test is, however, low then the marker is loosely 
linked with the QTL and the genetic effect cannot be estimated without bias The 
ANOVA table for the above analysis would be as in Table 1. 
 
Table 1:  ANOVA for a typical single marker analysis using a back –cross 
population. 
 

Source d.f. MS E(MS) 
 

Total genetics N-1 MSG  
Marker 1 MSM  

         
G(Marker) N-2 MSG(M)  
Residual  N(b-1) MSE  

 
         NnnNC /)( 2

2
2
1 

 
The F=MSM / MSG(M) follows F-distribution with 1 and (N-2) d.f. with F=t2 and 
expectation  
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The single-marker analysis has the disadvantages of low statistical power and 
confounding estimates of QTL effects and locations.  Lander and Botstein (1986 and 
1989) proposed an interval mapping approach to locate QTLs.   
 
This approach is based on the joint frequencies of pair of adjacent markers and a putative 
QTL flanked by the two markers. Markers A and B are linked with recombination 
fraction r and Q is located between them with ri recombination from A and r2 from B. 
Then 
 
                          r = r1+r2-r1r2                                                                                                                                                 

on the assumptions of no interference . Where r is small no double cross-over can be 
assumed and the relationship reduces to 
 
                           r = r1+r2                                                                                                                                                       
The QTL position is usually represented by a position relative to interval between A and 

B.  That is   
                                                      
                         =r1/r2,   1-=r2/r                                                                                                   
In the classical back-cross design with three loci each with two alleles, A-a,B-b and Q-q 
the expected frequencies for the eight markers QTL genotypes in term of r,r1 and r2 can 
be used to obtain the conditional probabilities of the QTL genotypes given the marker 
genotypes. These probabilities and the expected trait values for the observable marker 
genotypes are exhibited in Table 2. 
 
Table 2: Expected QTL genotypic frequencies conditional on the Marker genotypes 

with no double cross overs 
 
Marker 
Genotype 

Frequency 
     Pi 

            P(Qj/Mi) 
QQ 

 
          Qq 

Expected value 
(gi) 

AABB 0.5(1-r) 1 0 1 

AABb 0.5r r2/r=1- r1/r =   

AaBB 0.5r r1/r=1- r2/r=1-  

AaBb 0.5(1-r) 0 1 2 

Mean 0.25 2 2 0.5 (1+2) 

 
The interval mapping approach is based on the joint frequencies of a pair of adjacent 
markers and a putative QTL flanked by the two markers (Figure.1).  Figure 1 shows a 
linkage relationship for a pair of adjacent markers A and B and a putative QTL Q.  
Markers A and B are linked with recombination fraction r and Q is located between the 
two markers with r1 recombination fraction from A and r2 from B.  The relationship of 
the recombination fractions is  
 
                                                                                                                2121 r r 2-r+r=r
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if absence of crossover interference is assumed.  When r is small, no double crossover 
can be assumed and  the above equation is reduced to r = r1 + r2.  For deriving the 
parameter estimation procedures, the QTL position is usually represented by a position 
relative to the interval between A and B.  That is  
 
                                           r/r=p 1

                                                                                                                       rrp /1 2
 
                                                             

                                          
                                                       r                        
 
                          A              r1                                  r2          B 
                     (marker)                   Q                     (marker) 

(putativeQTL) 
 

 
 

Figure  1  Linkage relationship of a QTL and two flanking markers. 
 
             According to methods used for parameter estimation, interval mapping methods 
can be classified into three categories: 
•    likelihood approach 
•    regression approach 
•    a combination of the likelihood and the regression approaches. 
 
These methods are equivalent or similar under some assumptions about the markers, the 
QTLs and the distribution of the trait values.  In this chapter, the likelihood approach 
(Lander and Botstein 1989), the nonlinear regression approach (Knapp et al. 1990) and 
the linear regression approach (Knapp et al. 1992) based on the expected cosegregation 
models among the two flanking markers and the QTL will be described.  The 
subsequent discussion includes the composite interval mapping method, which uses a 
combination of the likelihood approach and multiple regression (Zeng 1994). 
 

                            AAQQBB×  aaqqbb 
                             Parent 1        Parent 2 
 
                                       AaQqBb×  AAQQBB 
                                           F1             Parent 1              Expected 
                                                                                        Frequency  

BC Progeny: AAQQBB,        AaQqBb             0.5 (1-r) 
                                        AaQqBb,         AaQQBB,           0.5 r1 

                                       AAQQBb,        AaQqBB,            0.5 r2 

                                       AAQqBB,         AaQQBb,            0    
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Figure 2  Conventionally defined backcross progeny for a QTL and two flanking 
markers. 
 
 

INTERVAL MAPPING OF QTL USING BACKCROSS PROGENY 
JOINT SEGREGATION OF QTL AND MARKERS×AAQQBB) 
 
               For a classical backcross design, in which the population is generated by a 
heterozygous F1 backcrossed to one of the homozygous parents (for example, a cross of 
AaQqBb×AAQQBB) (Figure 2), the rationale behind the interval mapping can be 
explained using the cosegregation listed in Table 14.1.  The linkage relationships for the 
two flanking markers A and B and the putative QTL is shown in Figure 1.  If A and B are 
tightly linked, then the possibility of a double crossover in both segments AQ and QB can 
be ignored.  So the frequency for the marker-QTL genotypes AAQqBB and AaQQBb, 
which are the results of double crossovers, is relatively small and can be treated as zero 
for deriving the procedures of interval mapping using the backcross progeny. 
         The expected frequencies for these possible marker-QTL genotypes are listed in 
Table 3.  If the QTL is not located in the interval, the interval, the interval  
 
Table 3 Expected marker and QTL genotype frequency in backcross populations with no 
double crossover. 
 

                             Pij Marker          
Genotype 

Observer 
Count 

Frequency Pij 

QQ Qq 
AABB n1 0.5 (1-r) 0.5 (1-r) 0 
AABb n2 0.5 r 0.5 r2 0.5 r1 

AaBB n3 0.5 r 0.5 r1 0.5 r2 

AaBb n4 0.5 (1-r) 0 0.5 (1-r) 
 
mapping analysis is reduced to the single-marker analysis explained in the previous 
section.  If the QTL and markers are in the order QAB, the interval analysis is the same 
as the single-marker analysis on marker A alone.  If the order is ABQ, then the analysis is 
the same as the single-marker analysis on marker B alone.  In this section, the interval 
mapping analysis is designed for the situations of QTLs being located inside the segment.  
When the coverage of the genetic map is low and QTLs are located on the genome 
segments which are not on the linkage map, single-marker analysis is recommended for 
the markers at two ends of the genetic map and interval mapping analysis for the 
segments between the two ends. 
 
Table 4  Expected QTL genotypic frequency conditional on genotypes of the flanking 
markers in backcross populations with no double crossover.  See Table 12.2 for notation. 

                   P(Qj/Mi) Marker                 
Genotype 

Frequency Pi
o 

QQ Qq 
Expected Value  
(gi) 

AABB 0.5 (1-r) 1 0 
1μ  

AABb 0.5 r r2/r = 1-q r1/r = p (1-p) +p  1μ 2μ
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AaBB 0.5 r r1/r = p r2/r = 1-q p +(1-p)  1μ 2μ
AaBb 0.5 (1-r) 0 1 

2μ  
Mean 0.25 

1μ  2μ   

 
Table 4 shows the conditional frequencies of QTL genotype on the marker genotypes and 
the expected values for the marker genotypes. p in the table is defined as the relative 
position of the putative QTL in the genome segment flanked by the two markers.  For 
example, if p = r1/r = 0, the putative QTL is located right on marker A, if p = r1/r = 0.5, 
the QTL is located in the middle of the segment and if  p = r1/r = 1, the QTL is located on 
marker B. 
 
A LIKELIHOOD APPROACH FOR QTL MAPPING WITH BACKCROSS PROGENY 
 
            The likelihood function for interval mapping is based on cosegregation among the 
putative QTL and the two flanking markers (Table 4).  The likelihood function is  
 

                      
{ }

∏∑
N

1=i

2

1=j
2

2
ji

ijN σ2

)μ-y(
exp )MQ(P

ησ2

1
=L                                          

if we assume that each of the eight marker-QTL classes has equal variance and the trait 
values are normally distributed, where yi is an observed trait phenotypic value for the i th 

individual, )MQ(p ij  is the conditional probability listed in Table 4 and is a trait value 

for the j th QTL genotype. 
jμ

         Figure.3 shows theoretical distributions of trait values for four marker genotypes 
AABB, AABa, AaBB, and AaBb in a backcross population.  The QTL has a genetic 
effect of g = 0.5 ( - )=σ .  Trait variances for the two QTL genotypes (QQ and Qq) 

are assumed equal 
1μ 2μ

( )2σ .  For marker classes AABB and AaBb, the distributions of the 
trait value are single normal distributions.  For marker classes AABb and AaBB, the 
distributions are mixtures of two normal distributions with different means and expected 
frequencies.  The expected QTL genotypic frequencies conditional on the four marker 
genotypes are 
         
             QTL               AABB                   AABb                     AaBB                  AaBb 
               QQ                  1.0                        0.5                          0.5                       0.0 
               Qq                   0.0                        0.5                          0.5                       1.0 
 
A distribution with mean is for QTL genotype QQ and the other with mean  is for 
Qq.  The logarithm of Equation (14.3) is  

1μ 2μ

 

       )ησ2(Log
2

N
-}

σ2

)μ-y(
exp)MQ(p {Log=)L(Log 2

2

1=j
2

2
ji

ij

N

1=i

∑∑                                         

 

 7



Bioinformatics and Statistical Genomics  L35 

Under the null hypothesis Ho: , the log likelihood is  0=μ-μ 21

 

      ∑∑
4

1=i

n

1=j

22
ij221

i
)ησ2(Log

2

N
-)μ-y(

σ2

1
-=)]μ=μ=μ(L[Log                                                  

where μ  is the population mean.  It is common to use the log likelihood ratio 
 

                                                  } ] ) μ=μ=μL [ Log-] ) r̂,σ̂,μ̂,μ̂ ( L [ Log { 2=G 211
2

21

as a test statistic for the hypothesis that a QTL is not located in the interval, where the log 
likelihood are evaluated using the maximum likelihood estimates of the genotypes values 
for the two QTL genotypes, the variance and the recombination fraction between 

marker A and the putative QTL .  Under the null hypothesis, the recombination 
fractions are not involved in the computations for the log likelihood.  Under the 
alternative hypothesis, the recombination fraction between the two flanking markers is 
assumed for the likelihood computation.  The G-statistic is distributed as a chi-square 
variable with one degree of freedom.  It is common to use the lod score for the interval 
mapping. 

)σ̂( 2

)r̂( 1

 
                                                  ] ) μ=μ=μ L( [ Log-] ) r̂,σ̂,μ̂,μ̂ ( L [ Log=Lod 21(10)1

2
21)10(

       As mentioned for the likelihood approach for the single-marker analysis, in theory, 
the maximum likelihood estimates of the two QTL genotypic values, the variance and the 
recombination fraction between marker A and the putative QTL can be estimated by 
setting the partial differentials of the log likelihood Equation (14.4) with respect to the 
four unknown parameters equal to zero.  However, the analytical solutions for the 
parameters are not readily obtained.  Iterative approaches are needed to obtain the 
maximum likelihood estimates.  In practice, the variance can be estimated using the 
pooled within marker class variance, which is  
 

                 ∑
∑∑

i
i

i j

2
iij

2

n

)y-y(

=σ̂                                                                                             

This is not a maximum likelihood estimate of the variance, but an ad hoc estimate.  By 
holding the variance constant, the computation needed for solving likelihood Equation for 
the remaining parameters is greatly reduced.  It is also logical to fix recombination at a 
number of meaningful points, so that the only unknown parameters in likelihood 
Equation are the two means.  For example, the QTL can be tested within every 
recombination unit between two adjacent markers.  By doing this for every interval, a log 
likelihood ratio test statistic plot or a lod score plot can be obtained. 
 
         Compared to the likelihood approach for single-marker analysis, the interval 
mapping approach provides more significance.  One of the reasons is that the trait value 
distribution using the two-marker interval mapping model is much clearer than using the 
single-marker model   For the single-marker model, trait distributions for the two classes 
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of marker genotypes are all mixed distributions.  For the interval mapping model based 
on the flanking markers, the trait distributions 
 
 Composite Interval Mapping 
 
The composite interval mapping (CIM) is a combination of simple interval mapping and 
multiple linear regression.  Consider a segment of chromosome between markers I and 
(i+1) using a backcross progeny.  The statistical model is 
 

 
 
where Yj is the trait value for the jth individual, b0 is the intercept, bi is the genetic effect 
of the putative QTL located between the markers I and (1+1), Xij is a dummy variable 
taking value 1 for marker genotype AABB, 0 for AaBb, I with probability (1-r1/r)=(1-) 
and 0 with probability (r1/r)= for marker AaBB, 1 with a probability of  and 0 with a 
probability of (1-) for AABb, r is the recombination fraction between the two markers, 
r1 is the recombination fraction between the first marker and the putative QTL, bk is the 
partial regression coefficient of the trait value on the marker k, Xkj is a dummy variable 
for marker k and individual j, taking 1 if the marker has genotype AA and 0 for Aa and ej 
is the residual from the model.  If ej is normally distributed with mean zero and variance 
2, the likelihood function is     
 

                                 
 

                             
 
                           

 
 
where Yij is the observed trait value for marker class I (AABB, AABb, AaBB or AaBb) 
and the jth individual in the class and (r1/r)= is the relative position of the QTL on the 
genomic segment between the two markers.  It may be noted that 1 2 in L are defined, 
from the model, as  
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Taking log of L, differentiating with respect to bi and equating it to zero gives the 
likelihood equation as 
 

                                      
With 
 

 
 
where P1j and P0j are the conditional probabilities of the dummy variable for the market 
Xij taking 1 and 0, respectively, conditional on the marker genotype of the individual j 
and 1, 2,2 are updated ML estimates of the parameters.  The conditional probabilities 
for the four marker genotypes are  
 

Marker P1j P0j 
 

------- -------- --------- 

AABB 1 0 

AABb 1-  

AaBB  1- 

AaBb 0 1 

 
The solution of the likelihood equation, in matrix notations, is 
 

                                     
 
where Y is a vector of Nx1 observed trait values, X is a matrix of Nx(l-1) for the dummy 
variables for the intercept and the l markers except the markers I and (i+1),  is a vector 
of (l-1)x1 ML estimates of the intercept and partial regression coefficients for the l 
markers expect I and (i+1),     is a vector of Nx1 Pj values, and 
 

  
 

By setting the derivates of Log L with respect to the partial regression coefficients for the 
rest of the markers, and variance, to zero, we get the corresponding ML estimates.  There 
are 
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The ML estimate of the relative position of QTL is 
 

                                              
 
Where the summations are only for the individuals who have marker genotypes AABb 
and AaBB. 
 
For each of the relative positions of the QTL within the interval flanked by the two 
markers, the log likelihood ratio test statistic is  
 

  
 
Where  is the log likelihood using ML estimates with full model 
whereas       is the log likelihood for the reduced model under the null 
hypothesis H0:bi=0.  The latter is 
 

                                 
 
Using the corresponding ML estimates which are 
 
  

                                                
 

                                           
       
If base 10 logarithm is used, we get the log score for the hypothesis as 
 

                         
 
The markers in the CIM model can control the residual genetic background only when 
they are linked to QTLs.  In practice, CIM can be implemented using iterative E-M 
algorithm.  For each position of QTL, the iteration starts with the E-step: getting the 
probability of Xij =1 or QTL being QQ and then performing M-step to estimate bi, B and 
2 for the next round of iteration. 
 
Type I and Type II Errors: 
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The detection of marker-QTL linkage is based  on the statistical test of a null hypothesis 
(H0) against an alternative  hypothesis (H). It is therefore subject to two types of errors. 
The null hypothesis (H0) postulates that there is no QTL in the interval concerned and 
hence no linkage exits between the marker and the QTL. Rejecting H0 when in fact 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 (α) of such a 
contingency is kept as low as  under 5%. On the other hand , if we accept H0 when in fact 
a QTL is present , we commit Type II error. This means test misses the QTL. As in any 
statistical test , the strategy is to minimize the probability (β) of Type II error for a fixed 
level of the probability (α) of Type I error. The statistical power for QTL detection is 
then (1-β). In other words, the probability of rejecting H0 when in fact QTL is present , is 
maximized and its value is (1-β). 
 
Number of progeny required: 
 
In a backcross, with equal number(n) of progeny within each marker class (MM and 
mm), the square of the value on 2(n-1) d.f. is ] where  is the within class 

residual variance and   is the variance explained by QTL. Normally n is likely 

to be more than 30,so that a t-distribution is approximated by normal distribution. 

/4[ 2ng 2
res 2

res
24g 2

exp

Then the number of progeny required for detection of linkage would be approximately 
                                      )/( 2

exp
22  reszn 

where  
 probability   )( zz       z~N(0,1) 

The same result can be obtained by mle in large samples 
In this case of LOD score is asymptotically distributed as (1/2)(log10e)   where is 
the chi-square distribution with 1d.f. The LOD threshold (T) is therefore 

2
1

2
1

2

10 ))(log2/1( zeT   

    = n ELOD 
where ELOD is the expected LOD score per progeny and is given by   
 

)/1()(log2/1( 22
exp10 reseELOD   

            ) )()(log2/1( 10 e 22
exp / res

            ) )(22.0( 22
exp / res

The number of progeny required so that LOD is expressed to exceed T is 
     N= T/ELOD 
         =(  )( ) 2

z
22

exp / res
 
QTL ANALYSIS USING SAS 
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            Most of the available models for QTL mapping can be implemented using 
statistical software packages such as SAS (SAS Institute 1990).  The advantages of using 
the general statistical packages are 
 

(1) they are commercially available 
(2) user interfaces are friendly 
(3) user support is available (with or without charge) 
(4) the user can specify models 

 
However, many statistical software packages are not efficient for a large number of 
repeated analyses and data manipulation.  SAS is flexible enough to build any kind of 
model.  Knapp (1994) listed several SAS programmes for QTL mapping data with 
experimental designs.  For QTL analysis using SAS, only the regression approaches here 
are given. 
 
Interval Mapping Using Nonlinear Regression 
      SAS requires a specific data format.  For example, for a single-environment 
experiment, the data should be arranged as 
                                        Marker   Name                 Marker   Genotype            line              trait 
      segment                   marker 1    marker2             marker 1    marker2         number         value 
           1                       WG622       ABG313B                1                1                   1               72.90 
           1                       WG622       ABG313B                1                2                   2               70.70 
           1                       WG622       ABG313B                2                1                   3               72.90 
           1                       WG622       ABG313B                2                2                   4               74.75 

 
Then, the nonlinear analysis can be carried out using SAS code similar to  
 
        data a; 
         infile ‘mayqtl. dat’; 
         input seg marker1 s marker2 s g1 g2 line y; 
        x1=0; x2=0; x3=0; x4=0; 
        if g1=1 and g2=1 then x1=1; 
        if g1=1 and g2=2 then x2=1; 
        if g1=2 and g2=1 then x3=1; 
        if g1=2 and g2=2 then x4=1; 
      proc nlin data=a noprint method=gauses convergence=0.0000001 
        outset=output; 
       by seg; 
       parma ml = constantA m2 = constantB r = constantC;  
       bounds r<=1.0 r>=0; 
      model y=x1*m1+x2*((1-r) *m1+r*m2)+x3(r*m1+(1-r) *m2)+x4*m2; 
      der.m1=x1 + x2* (1-r) + x3*r; 
      der.m2=x2*r + x3* (1-r) + x4; 
      der.r=x2* (m2-m1)+x3* (m1-m2) 
      proc print data=output; 
      run; 
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The constants (parms m1 = constant A  m2 = contant B  r = constant C) are initial values 
for the parameters.  SAS provides neither the hypothesis test for the contrasts nor the 
matrix C needed for the computation.  To obtain the matrix, a linear regression procedure 
using the estimate of the parameters can be used.  For example, for segment 18 of the 
barely data set  the following SAS code was used to generate the matrix 
     data b; set a; if seg=18; 
     t1=x1+x3; 
     t2=x2+x4;   
     t3=x2*1.359-x3*1. 359; 
     y1=y-(x1*72.447+73. 806+x3*72. 447+x4*73. 806) ;  
    proc reg all ; model y1=t1 t2 t3 ; 
    run; 
 
In this SAS code, 72.447, 73.806 and 0 are the estimated values for the three parameters, 
the estimated difference between the two means is -1.359, t1, t2 and t3 are the first 
derivatives of the model with respect to the three parameters evaluated at the estimated 
values and y1 is the residual of the predicted value using the estimates from the observed 
values.  The following SAS output is the matrix C. 
    X’X Inverse, Parameter Estimates, and SSE 
                                         T1                            T2                     T3                             Y1 
         T1                    0.013503                    -0.001422          0.005737                  0.027442    
         T2                   -0.001422                     0.018788         -0.006239                -0.054301    
         T3                    0.005737                     -0.006239          0.025167                -1.107825 
         Y1                    0.027442                    -0.054301         -1.107825               
328.400211 
 
The test statistic can be easily obtained using a hand calculator when the contrasts are 
simple.  When the contrasts are complex with several degrees of freedom, the 
computation may be more complex.  For example, the contrasts for the environmental 
effect and the genotype by environment interaction contain three degrees of freedom 
each.  For these cases, specialized software such as QTLSTAT is recommended. 
 
Composite Interval Mapping Using Regression 
 
        In practice, the original composite Interval mapping using the ECM algorithm can 
be performed by computer software QTL Cartographer (Basten, Weir and Zeng 1994).  
To use the linear regression approach for composite interval mapping, both commercial 
software such as SAS and the specialized software PGRI (Liu 1995) can be used.  When 
using SAS, the data (called markerdata1) should be arranged as  
 
     Genome                                                              Genome  
     segment     Marker1   Matker2          Positions     Lines     Z1   Z2     m1   m2   m3    
md 
         ... 
          1             WG622       ABG313B              0.00             147      1      0       2      2       1       1 
          1             WG622       ABG313B                  0.00             148       0      1      1      1       1       1 
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          1             WG622       ABG313B                  0.00             149       0      1      1      1        1      1 
          1             WG622       ABG313B                  0.00             150     -1      -1     1      2        0       1 
          1             WG622       ABG313B                  0.00                 1       1      0      1      1        1       1 
 
          1             WG622       ABG313B              0.00                2       -1     -1     1    0         0     0 
          1             WG622       ABG313B                  0.00                3         0      0     1    1         1     1 
          1             WG622       ABG313B                  0.00                4         1      1     1    1         0      2 
 
for the linkage group to be analyzed by CIM, where the genome segment is flanked by 
the two markers and each of the segments can be divided into a number of genome 
positions, such as each percent of recombination fraction.  For each of the genome 
positions, there are N corresponding re-coded variables for the position (Z1 and Z2) and 
predermined marker genotypes for controlling the residual genetic background (m1, m2, 
m3, …).  The Zs are the coefficients for the two parameters and they are 
 
                Z1 = Xi1j + ( 1 – p )Xi2j + pXi3j             for           1θ  

                Z2 = pXi2j +( 1 – p )Xi3j + Xi4j              for           1θ  
 
To determine which markers are needed to control the residual genetic background, a 
stepwise regression can be used to obtain markers linked to potential QTLs.  A pre 
reconstructed linkage map is needed to find out the relative SAS, a predetermined 
variance and covariance matrix for the markers and trait phenotype is recommended if 
there are missing values in the marker data and the trait data.  In that case, if the original 
data is used for the regression analysis., SAS uses only a portion of the data (the 
observations without any missing values for all the markers and the trait). 
     Another two data sets are needed to use SAS.  They are the data set (called traitdata) 
which contains trait values corresponding to the lines and a data set (called markerdata2) 
containing the data of markers on the other chromosomes which will be used in the 
model.  The following SAS code can be used for CIM using the linear regression 
approach. 
 
       options ps=60  Is=80 nocenter; 
       /*  Read trait data  */ 
       data trait; 
         infile ‘yourtrait. dat’; 
        input line y; 
        proc sort; by line; 
          /*  Read marker data for the linkage group  */ 
       data markerdata1; 
       infile ‘yourmarker1.dat’; 
       input segment name1 s name2 s position line z1 z2 m1 m2 m3 …; 
       proc sort; by line; 
       /* Read marker data for the rest of the linkage group  */ 
       data markerdata2; 
       infile ‘yourmarker2.dat’; 
       input  line 11 12 13 …; 
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       data all; merge trait markerdatal markerdata2; by line 
       proc sort; data=all; by segment name1 name2 position; 
       /* Full model  */ 
       proc glm data=all noprint outstat=fullmodel; 
       by segment name1 name2 position; 
       model y=z1  z2  m1  m2  m3 . . .11 12 13 . . ./solution noint; 
       data fullmodel ; set fullmodel ; if _ type_=’ERROR’; 
      keep segment name1 name2 position df ss; 
      data fullmodel ; set fullmodel ; rename ss = ssfull; 
      /* Reduced model  */ 
      proc glm data=all noprint outstat=redulmodel; 
      by segment name1 name2 position; 
       model y= m1  m2  m3 . . .11 12 13 . . ./solution noint; 
       data redumodel ; set redumodel ; if _ type_=’ERROR’; 
      keep segment name1 name2 position df ss; 
      data redumodel ; set redumodel ; rename ss = ssredul; 
      /* Merge the two data sets and compute the statistic and p-value  */ 
      proc glm data=all noprint outstat=redulmodel; 
      data model ; merge fullmodel redumodel;  
      by segment name1 name2 position; 
      gstatistic =df*

 (ssreduc-ssfull)/ssfull; 
      if g<0 then g 0.0; 
      pvalue=1.0-probchi (gstatistic, 1.0); 
      proc print data=cd; 
      run; 
      
      Some modifications may be needed for the computer used and the specific version of 
the software. 
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