
 1 

QTL mapping of complex binary traits in advanced intercross line 

 

M. Moradi Marjaneh
1,2

, I. C. A. Martin
3
,
 
E. P. Kirk

2,4
, R. P. Harvey

1,5
,
 
C. Moran

3
, P. C. Thomson

3
 

 

1
Victor Chang Cardiac Research Institute, Darlinghurst 2010, New South Wales, Australia; 

2
School of 

Women and Children’s Health, Faculty of Medicine, University of New South Wales, Kensington 

2052, New South Wales, Australia; 
3
Faculty of Veterinary Science, University of Sydney 2006, New 

South Wales, Australia; 
4
Department of Medical Genetics, Sydney Children’s Hospital, Randwick 

2031, New South Wales, Australia; 
5
St. Vincent’s Clinical School, Faculty of Medicine, University of 

New South Wales, Kensington 2052, New South Wales, Australia 

 

Corresponding author  

Peter C. Thomson 

ReproGen – Faculty of Veterinary Science, University of Sydney 

425 Werombi Road, Camden NSW 2570, Australia  

Phone: +61 2 9351 1654 

Fax: +61 2 9351 1693 

Email: peter.thomson@sydney.edu.au  

Website: http://sydney.edu.au/vetscience/  

 

Address for reprints 

Reprint requests are to be addressed to the corresponding author. 

 

 

mailto:peter.thomson@sydney.edu.au
http://sydney.edu.au/vetscience/


 2 

Summary 

An advanced intercross line (AIL) is an easier and more cost-effective approach compared to 

recombinant inbred lines for fine mapping of quantitative trait loci (QTL) identified by F2 designs. In 

an AIL, a complex binary trait can be mapped through analysis of either continuously distributed proxy 

traits for the liability of the binary trait or the liability itself, the latter presenting the greater statistical 

challenge. In another work, we successfully applied both approaches in an AIL to fine map previously 

identified QTL underlying anatomical parameters of the cardiac inter-atrial septum including patent 

foramen ovale. Here, we describe the statistical methods that we used in order to analyse complex 

binary traits in our AIL design. This is achieved using a likelihood-based method, with the expectation-

maximisation algorithm allowing use of standard logistic regression methods for model fitting. 
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Introduction  

Mapping quantitative trait loci (QTL) using inbred lines requires crossing to produce a segregating 

generation, usually the F2. However, the resolution of map position in F2 resources is quite low, 

usually of the order of 20 to 30 centiMorgans (cM), which is not useful for identification of the gene(s) 

and mutation(s) underlying the QTL. There is insufficient opportunity for recombination in generating 

an F2 resource and thus a QTL can only be assigned to a large haplotype block. One approach to 

resolving this problem involves the construction of recombinant inbred lines (RILs), usually by sib 

mating within the line from the F2 generation onward, providing about a fourfold improvement in 

resolution and also a mapping resource where phenotypes can be measured with extremely high 

precision (Williams et al. 2001). However, RILs are extremely expensive to generate and to maintain. 
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The thread that links Morris Soller to this paper is provided by an ingenious alternative approach to 

higher resolution mapping of QTL, namely the Advanced Intercross Line (AIL) (Darvasi & Soller 

1995). In an AIL, additional generations of intercrossing to generation 10 or beyond are expected to 

improve the resolution of map position of the QTL down to about 1 cM,  provided enough markers are 

available. An AIL is much more easily and economically bred than a set of RILs, but provides lower 

precision of phenotype measurement (single measurement), is transient rather than permanent as is the 

case for RILs and is at risk of random genetic drift causing random fixation of marker or QTL alleles 

during the additional generations of intercrossing. Nevertheless, AILs are an important tool in the QTL 

mapping strategy. 

 

The complexity of inheritance despite the binary phenotype can be explained by a threshold model 

assuming an unobservable quantitative variable termed liability underlying the binary phenotype, with 

presence of the abnormality above the threshold and absence below (Falconer 1965). Two broadly 

different approaches may be applied for QTL mapping of complex binary traits. Firstly, one may 

identify a continuously distributed measure reflective of the binary trait and map QTL for this trait 

using the standard QTL mapping techniques. For example, several quantitative measurements such as 

blood pressure and serum cholesterol have been linked to the risk of cerebro-cardiovascular diseases. 

These risk factors can be studied to map QTL in animal models providing an indirect albeit more 

powerful approach for genetic dissection of such complex diseases (Gallardo et al. 2008; Johnson et al. 

2009). The second approach for QTL mapping of complex binary traits is a direct mapping of the 

liability underlying the binary trait, although this presents a greater statistical challenge due to a 

nonlinear association between the binary phenotype and the quantitative liability. However, several 

approaches have been developed that can be applied here including parametric QTL mapping using a 

generalized linear model (Hackett & Weller 1995; Visscher et al. 1996).  
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We recently conducted an AIL to fine map QTL underlying atrial septal morphology in which both 

approaches described above were applied (Moradi Marjaneh et al., in preparation). In this paper we 

focused on describing the statistical methods we used in our AIL design in order to analyse our main 

trait of interest, the all-or-none trait of patent foramen ovale (PFO) (see Application). 

 

 

Statistical methodology for mapping of complex binary traits 

For binary traits, a logistic regression model is fitted to the data (Kirk et al. 2006), 

 
( ) ( ) ( )log '

1

QQ qq Qqi
e i i i i

i

p
aq aq dq

p

 
    

 
x β  

where 

 pi  = P{Yi = 1} = probability of the binary outcome, where Yi = 1 (disease present) or 0 (disease 

absent); 

 xi  = set of predictor variables to adjust for (e.g. sex, age, interaction terms, and a constant); 

 = regression coefficients corresponding to the predictors; 

 a  = additive QTL effect; and  

 d  = dominance QTL effect. 

and where 

 ( )

iq   = 0-1 unobserved indicator variable indexing the QTL genotype (QQ, qq, or Qq), 

with ( ) ( ) ( ) 1QQ qq Qq

i i iq q q   . Note that it is assumed that allele Q originates from parental line 1 (all 

QQ), and that allele q from parental line 2 (all qq). 

 

Because the QTL genotypes indicator variables are unobserved, the model is fitted as a three-

component mixture, with mixing probabilities  ( ) ( ) 1|QQ QQ

i i iP q   m ,  ( ) ( ) 1|Qq Qq

i i iP q   m , and  
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 ( ) ( ) 1|qq qq

i i iP q   m , with ( ) ( ) ( ) 1QQ Qq qq

i i i    , where these are the conditional probabilities of 

the QTL genotype, given the flanking marker genotypes, mi. For an inbred F2 design, these 

probabilities can be calculated as outlined in Lynch & Walsh (1998, P435), and depend on the 

recombination rate between flanking markers and the putative QTL. The Haldane mapping function is 

used in calculation of the recombination rate. 

 

For the AIL design, these mixing probabilities are calculated as a modification to the standard way for 

an inbred F2 design. The modification required for the AIL design is the ‘exact’ method described by 

Darvasi & Soller (1995) and involves the following recombination probabilities: 

r1 = ½[1 – (1 – r1)
n – 2

(1 – 2 r1)] 

r2 = ½[1 – (1 – r2)
n – 2

(1 – 2 r2)] 

r12 = ½[1 – (1 – r12)
n – 2

(1 – 2 r12)] 

where r1 and r2 are the recombination rates between the putative QTL and flanking markers 1 and 2; r12 

is the recombination rate between the flanking markers; and n is the number of AIL generations.  

(Clearly with n = 2, this simply return the F2 rates). Here, the AIL recombination rates r1, r2 and r12 

replace r1, r2 and r12 in the F2 QTL interval mapping procedure. 

 

The model was fitted using maximum likelihood, incorporating the expectation-maximisation (E-M) 

algorithm as outlined in the mixture model approach of McLachlan & Basford (1988) and Jansen 

(1992).   

 

The E-step involves calculation of the posterior probability of an animal having a particular QTL 

genotype, given its phenotype and flanking marker information. For genotype QQ this probability is 



 6 

 
 ( ) ( )

( ) ( )
1| ( | 1, )

1| ,
( | )

QQ QQ

i i i i iQQ QQ

i i i i

i i

P q p y q
P q y

p y

 
   

m m
m

m
 

where 

 ( ) ( ) ( ) ( ) ( ) ( )( | ) ( | 1, ) ( | 1, ) ( | 1, )QQ QQ Qq Qq qq qq

i i i i i i i i i i i i i ip y p y q p y q p y q      m m m m  

Here, ( )( | 1, )i i ip y q   m  is the probability of disease as calculated from the logistic regression model.  

Similar expressions can be obtained for the posterior probability of disease conditional upon obtaining 

genotypes Qq ( )( )Qq

i  or qq ( )( )qq

i , with ( ) ( ) ( ) 1QQ Qq qq

i i i      . 

 

The M-step involves maximisation of the expected log-likelihood, and is achieved through a call to a 

standard generalised linear model fitting procedure, but the procedure needs to be able to specify 

weights for each record. To accommodate the analysis, data need to be organised as follows, with the 

data being repeated three times, once for each possible QTL genotype: 

Binary Data Predictors q
(QQ)

 q
(Qq)

 q
(qq)

 Weight 

y x 1 0 0 
(QQ)

 

y x 0 1 0 
(Qq)

 

y x 0 0 1 
(qq)

 

 

Thus with n binary observations, the data set provided to the generalised linear model call is of length 

3n. The fitting is conducted iteratively, with the set of weights (posterior probabilities) updated at each 

iteration. Iteration is terminated on convergence of the parameter estimates and log-likelihood, 
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The mixture model can then be fitted in steps (e.g. 1 cM, 0.25 cM) along the length of chromosome, 

returning the LOD value as well as parameter estimates at each fitted position. At the peak LOD QTL 

position(s), as well as estimates a and d (on the logit scale or liability scale), the posterior probabilities 

( ) ( ) ( ), ,QQ Qq qq

i i i    can again be obtained and these can be used to predicts the likelihood of each animal 

having a particular QTL genotype, and hence used in subsequent screening or selective breeding. 

 

The procedure was coded using an in-house program written in R (R Development Core Team, 2010), 

as an inbred-line version of the QTL-MLE program described in Thomson et al. (2007). 

 

 

Application 

PFO is a common abnormal connection between the two atria due to incomplete fusion of the septum 

primum and the septum secundum after birth. In human, PFO is associated with stroke, migraine and 

several other disorders (Webster et al. 1988; Wilmshurst et al. 2000). Previously, quantitative 

parameters of atrial septal anatomy in the murine heart have been shown to be associated with the risk 

of PFO (Biben et al. 2000; Kirk et al. 2006). Among the parameters studied, the length of septum 

primum (flap valve length; FVL) is strongly negatively associated with the risk of PFO (Biben et al. 

2000; Kirk et al. 2006; Moradi Marjaneh et al., in preparation). Using an F2 intercross of inbred mice, 

the atrial septal parameters were mapped as proxies for the liability to the binary trait of PFO and the 

identified QTL were assumed also to influence the risk of PFO (Kirk et al. 2006).  

 

Recently, we have fine mapped the QTL identified by the F2 study using AIL (Moradi Marjaneh et al., 

in preparation). In summary, an AIL was established as a cross between QSi5 and 129T2/SvEms mice 

which show extremes of atrial septal variation and PFO, and this was continued until generation 14. A 
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total of 933 F14 mice were phenotyped for various traits including PFO, an all-or-none binary trait; and 

FVL, a measurement-scale trait. Of these, 400 animals were selected including those with phenotypic 

extremes (of the measurement-scale traits) and were subsequently genotyped for 150 markers at an 

average interval of 2 cM. The markers were distributed over 8 chromosomes aiming to span the F2 

QTL regions previously identified by Kirk et al. (2006). QTL mapping of quantitative atrial septal 

parameters confirmed and finely mapped the F2 QTL. In addition, the methodology described above 

was successfully applied to map QTL underlying the binary trait of PFO. The full study and results can 

be found in Moradi Marjaneh et al. (in preparation).  

 

Here, as an example, we have extracted the MMU1 results for PFO and FVL from Moradi Marjaneh et 

al. (in preparation) (Figure 1). QTL interval mapping of MMU1 for both PFO and FVL have been 

conducted using 30 markers with profile log-likelihood evaluated at 0.25 cM intervals. Similar linkage 

patterns for PFO and FVL were observed suggesting that the assumed underlying liability scale for 

PFO is probably very similar to the measurement-scale FVL trait. To obtain further support for this, we 

configured a synthetic binary tait, FVL-binary, constructed using FVL but dichotomising it at 0.95 mm 

(Y = 0 if FVL  0.95 mm; Y = 1 if FVL < 0.95 mm). The cut-off point of 0.95 mm was chosen as this 

gives approximately the same proportion of mice having a small FVL (34.7%) as those having PFO 

(33.7%), and indeed there was a highly significant association between binary traits of PFO and FVL-

binary (odds ratio = 6.5, P < 0.0001). The QTL mapping of FVL-binary also resulted in a similar 

pattern to those for PFO and FVL (Figure 1). All three parameters showed strong linkage to a marker at 

41.6 cM (rs30203203). However, not surprisingly, the peak LOD for the FVL trait is higher than the 

binary traits, presumably because of the greater information content of a measurement-scale trait over a 

binary trait (although this was not always the case for this study). 
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Some extensions 

The methods descried here cover situations with a binary outcome such as PFO. The method is easily 

extended to situations where the outcome is ordinal, such as may occur for severity of disease.  

Because of the implementation using the E-M algorithm, relatively little re-coding is required and a call 

to an ordinal logistic regression model replaces a call to a binary logistic regression, but again this is 

performed iteratively and weights must be provided. This is easily achieved using the polr() 

function instead of the glm() function in R (Thomson et al. 2007). 

 

A further complication arises when there are repeated observations over time on the same animal, 

introducing correlation structure into the data. In general, correlated data are handled by either the use 

of marginal models or random effect models (Diggle et al. 2002) and this can also be achieved for 

binary trait QTL analysis. For the marginal modelling approach, a generalised estimating equations 

approach has been outlined for non-normal traits by Lange & Whittaker (2001) and Thomson (2003). 

Alternatively, generalised linear mixed model approaches have been proposed by Kayis (2000) and 

Wittenburg et al. (2007). 

 

 

Concluding remarks 

The methodology described here was successfully applied to map QTL for binary traits of PFO and 

FVL-binary and can also be utilised for any other complex binary trait in an AIL design. The mapping 

results for quantitative parameters of atrial septal morphology were remarkably similar to those for the 

binary trait of PFO on most of the chromosomes studied in our AIL design (Moradi Marjaneh et al., in 

preparation) suggesting that the binary approach may be applied as a confirmatory tool for the 

quantitative analysis providing more support for the quantitative QTL. In addition, when multiple 

quantitative measures are studied the one which shows the most similar linkage pattern to the binary 



 10 

trait may be the best quantitative indicator of assumed underlying liability scale and can be used in 

further studies. Collectively, these data suggest that a combination of QTL mapping of the liability 

itself and the quantitative measures acting as proxies for the liability provide greater insight into the 

QTL architecture than each single approach.  

 

Both F2 and AIL designs we applied have been inspired by previous work, in particular that conducted 

by Morris Soller. Not only was the AIL design we used based on the approach developed by Darvasi & 

Soller (1995), the F2 design was also influenced by his work on marker spacing and population size in 

QTL mapping (Darvasi et al. 1993; Darvasi & Soller 1997). 
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Figures 

 

Figure 1. Intervals maps for QTL on MMU1. PFO and FVL maps are extracted from Moradi Marjaneh 

et al. (in preparation). PFO was mapped using a binary trait model, whereas FVL was mapped 

assuming a normally distributed trait. FVL-binary is a trait constructed by coding FVL as 1 (FVL < 

0.95 mm) or 0 (FVL  0.95 mm) and then analysed as a binary trait. The position of rs30203203 is 

illustrated at 41.6 cM. 
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