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Abstract 

Molecular marker assisted selection (MAS) has been touted as a means to improve the efficiency and 
speed of plant selection programs. The most widespread use of MAS to date is to assist backcrossing of 
major genes into already proven, elite cultivars. Markers can aid selection for target alleles that are not 
easily assayed in individual plants, minimize linkage drag around the target gene, and reduce the number 
of generations required to recover a very high percentage of the recurrent parent genetic background. 
The use of MAS in forward-selection programs is less common and is mainly restricted to marker loci 
linked to major-effect genes with consistent linkage phase across numerous populations. MAS has not 
been widely used for the improvement of polygenic traits because quantitative trait loci (QTL) mapping 
techniques remain insufficiently precise and because QTL information cannot be easily extrapolated from 
mapping populations to other breeding populations. The accuracy of QTL mapping can be improved by 
increasing population sizes and the number of testing environments, but these same techniques also 
improve conventional phenotypic selection. Therefore, MAS for polygenic traits is mainly restricted to 
situations where phenotypic selection cannot be easily implemented (such as for traits that are difficult to 
phenotype on individual plants or in offseason nurseries). MAS will remain a specialized breeding tool 
until QTL mapping can be extended to estimation of breeding values across many diverse breeding 
crosses and subpopulations such as those that compose typical plant breeding programs.  

Media summary 

DNA fingerprinting techniques can be applied to plant breeding, mainly to rapidly transfer single genes 
between varieties, but conventional selection programs are still necessary. 
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Introduction 

At present, DNA marker-assisted selection (MAS) is routinely used in plant cultivar development 
programs only for selecting alleles with large effects on traits with relatively simple inheritance. Despite 
recent suggestions that breeders should be able to “control all allelic variation for all genes of agronomic 
importance through a combination of precise genetic mapping, high-resolution chromosome haplotyping 
and extensive phenotyping” (Peleman and van der Voort 2003), it is not likely that markers will soon be 
generally useful for manipulating complex traits like yield. Beavis (1998) observed that, “it seems fair to 
say that molecular markers have had little impact on crop improvement despite hundreds of published 
QTL experiments during the last 10 years.” One obvious reason for this is that DNA marker technologies 
are relatively expensive and cannot be implemented without a substantial investment in technical 
infrastructure. Even as marker costs continue to decrease, however, breeders will still face some 
fundamental reasons that markers have not had a greater impact on breeding crops, such as limited 
precision of QTL mapping experiments done on an affordable scale and lack of integration between 
mapping experiments and already efficient conventional breeding methods. MAS has a high relative 
efficiency compared to conventional selection in some situations, but these are limited relative to overall 
breeding efforts. The objective of this review is to identify those situations in which MAS should be more 
efficient than conventional selection, so that existing DNA marker infrastructure can be used most wisely 



and effectively. In addition, by investigating the reasons that MAS is not being routinely used for complex 
traits, we can better define critical research questions that should be addressed to widen the scope and 
utility of MAS in the future. Unless plant breeders develop robust methods to accurately define QTL 
positions and effects and integrate this information across multiple populations, MAS will remain a useful 
but limited breeding tool.  

Efficient uses of marker-assisted selection 

Markers have been most widely used in practical plant breeding to assist backcrossing of major genes 
into elite cultivars that were previously developed through conventional plant breeding and to select 
alleles with major effects on high-value traits when marker information is reliable across multiple 
populations. 

Marker-assisted backcrossing 

Markers are effective aids to selection in backcrossing in three ways. First, markers can aid selection on 
target alleles whose effects are difficult to observe phenotypically. Examples include recessive genes, 
multiple disease resistance gene pyramids combined in one genotype (where they can epistatically mask 
each other’s effects), alleles that are not expressed in the selection environments (e.g., genes conferring 
resistance to a disease that is not regularly present in environments), or genes whose phenotypic assays 
are more expensive than marker assays (e.g., some end-use or grain quality traits). 

Second, markers can be used to select for rare progeny in which recombinations near the target gene 
have produced chromosomes that contain the target allele and as little possible surrounding DNA from 
the donor parent. Young and Tanksley (1989) demonstrated that large amounts of donor parent 
chromosomal material can remain around a target gene even after many generations of conventional 
backcrossing. Since this surrounding material may contribute to “linkage drag,” especially if the donor 
parent is a wild relative or exotic germplasm source, minimizing the size of the introgressed segment from 
the donor parent is often critical to the successful backcross breeding of a new cultivar.  

Third, markers that are unlinked to a target allele can also be useful in marker-assisted backcrossing, by 
permitting selection for those progeny with higher proportions of the recurrent parent genetic background. 
After two backcrosses, for example, progeny are expected to have recurrent parent alleles at on average 
87.5% of loci unlinked to the target gene. However, variation around this average proportion exists among 
the progeny, and “background markers” can identify those progeny that are most similar to the recurrent 
parent. This can reduce the number of generations needed to obtain a genotype with 98 or 99% genetic 
similarity to the recurrent parent for a fixed sample size (Frisch et al. 1998). 

A fine example of marker-assisted backcrossing that used markers for all three of these objectives was 
performed by Chen et al. (2000). They backcrossed the Xa21 gene, which confers resistance to a wide 
spectrum of bacterial blight races, into the most popular rice line in China. During three backcross 
generations they selected for donor alleles at two markers tightly linked to Xa21 and for recurrent parent 
alleles at flanking markers outside of the gene region to reduce linkage drag. In the third backcross 
generation, they used background selection on 128 RFLP loci to recover a line essentially identical to the 
recurrent parent cultivar, but possessing the Xa21 allele. 

Since marker-assisted backcrossing is a relatively simple procedure, probabilities of program success can 
be calculated and more efficient breeding strategies can be identified using simulations. For each 
backcross progeny selected, the probability of losing the target allele by recombination when selection is 
performed on a linked marker locus is simply equal to r, the recombination frequency between marker 
and target loci. If this is continued for t generations of backcrossing, the probability of losing the target 
allele by recombination is 1 - (1- r)

t
. For example, if the marker locus exhibits 10% recombination with the 

target gene, there is a 10% chance of losing the target allele each generation, and a 27% chance of 
losing the target allele after three generations of backcrossing. Tightly linked markers, of course, do much 
better: three generations of backcrossing and selection on a marker locus with 1% recombination with the 
target gene has only a 3% chance of losing the target allele. Identifying very tightly linked markers can be 



a laborious process, however, so selection on a pair of markers flanking the target locus can also 
effectively identify genotypes with the target allele, even if the flanking markers are not very tightly linked 
to the target locus. If marker loci A and B flank the target locus, one would select backcross progeny that 
have both A and B alleles from the donor parent. The probability of losing the target allele with flanking 
marker selection is equal to the probability of selecting a double recombinant progeny from among the 
doubly heterozygous backcross progeny. If the flanking loci have recombination frequencies rA and rB, 
respectively, with the target locus, the probability of losing the target allele due to double crossovers 

within the selected region (ignoring crossover interference) is: . This probability can 
be much lower than the probability of losing the target allele based on selection for a single marker locus. 
For example, if the flanking markers each have 10% recombination frequency with the target locus, there 
is only a 1.2% chance of losing the target allele after a single generation. In any case, with tighter linkage, 
the chance of losing the target allele and the amount of linkage drag are reduced.  

Codominant markers are most useful for marker-assisted backcrossing because selection among 
backcross progeny involves selection for heterozygous progeny. If a dominant marker, such as an AFLP 
band, is used for selection, it will be informative during backcross generations if the dominant allele 
(conferring band presence) is linked to the donor parent allele. If the recessive allele (conferring band 
absence) is linked to the donor parent allele, then all backcross progeny will either be heterozygous or 
homozygous for the dominant allele that produces the marker band, so the marker will be useless for 
selection among backcross progeny. Progeny testing of each individual in each backcross generation 
would be required to identify those segregating for the recessive marker allele, thereby doubling the 
number of generations required to perform the backcrossing procedure. 

Frisch et al (1998) used simulations to compare several different backcrossing strategies in terms of how 
quickly they recovered a large proportion of the recurrent parent genotype. They found that recovery of 
97% or more of the recurrent parent genotype was accomplished in one or two generations less with 
MAS than traditional selection. They also found that screening more than 20 individuals per generation or 
more marker loci than about one per 20 cM had little effect on rate of recovery of the recurrent parent 
genotype. They recommended a four-step selection process to quickly recover the recurrent parent 
genotype as follows: (1) select individuals carrying the target allele, (2) select individuals homozygous for 
recurrent parent genotype at loci flanking the target locus, (3) select individuals homozygous for recurrent 
parent genotype at remaining loci on the same chromosome as the target allele, and (4) select one 
individual that is homozygous for recurrent parent genotype at most loci (across whole genome) among 
those that remain.  

While MAS may provide greater relative selection efficiency, MAS programs also require greater 
economic efficiency than traditional backcrossing to justify their implementation. Morris et al. (2003) 
compared costs of marker-assisted and traditional backcrossing of a single major gene into an elite line 
and found, as expected, that MAS was faster but cost more than traditional selection. They concluded 
that, “the cost-effectiveness of DNA markers depends critically on four parameters: (1) the relative cost of 
phenotypic vs. genotypic screening, (2) the time savings achieved using MAS, (3) the size and temporal 
distribution of benefits associated with accelerated release of improved germplasm, and (4) the 
availability to the breeding program of operating capital. All four of these parameters can vary significantly 
between breeding projects…” (Morris et al. 2003). Their last point indicates why private industry has 
adopted MAS more rapidly than public sector programs, and why breeding programs in developed 
nations and internationally funded programs have adopted MAS more rapidly than public programs 
funded by developing nations. 

A potential drawback of marker-assisted backcrossing of major disease resistance genes is the 
widespread deployment of a few resistance genes, resulting in faster evolution of pathogen virulence to 
these genes. For example, the bacterial blight resistance gene, Xa21, has been backcrossed into rice 
cultivars that are widely grown in China and India, and also into IRRI’s elite new plant type lines that are 
widely adapted (Chen et al. 2000; Sanchez et al. 2000; Singh et al. 2001). Xa21 is a highly desirable 



allele because it confers resistance to most known races of the pathogen (Chen et al. 2000; Singh et al. 
2001), but the global scale of the deployment of this resistance gene increases the selection pressure for 
virulence in pathogen populations, which could lead to rapid spread of pathogen types able to overcome 
the resistance gene (Holland 2001a). One way breeders are trying to protect this valuable gene is by 
pyramiding it with other resistance genes, such as xa5 and xa13, also with MAS (Huang et al. 1997; 
Sanchez et al. 2000; Singh et al. 2001). 

More fundamentally, marker-assisted backcrossing is a limited use of marker technology because 
backcrossing is the most conservative of breeding methods (Lee 1995). Backcrossing improves current 
cultivars only at a few genes at a time. Backcrossing alone will not produce new combinations of alleles 
that are needed to generate improvements in multiple quantitative traits. Instead, “forward crossing” 
techniques that attempt to recombine alleles throughout the genome are needed for progress to occur for 
multiple traits. 

Marker-assisted selection in “forward crossing” programs 

Eagles (2001) reviewed the use of DNA markers in wheat breeding programs in Australia and observed 
that they regularly use 19 marker assays in cultivar development programs. The markers are linked to or 
diagnostic for disease resistance, abiotic stress resistance, or grain quality traits. A good example is MAS 
for two Cre genes, conferring resistance to cereal cyst nematode. “Although expensive, implementation 
was considered cost-effective because of the importance of the disease to wheat production in southern 
Australia and the high cost and unreliability of the bioassay,” (Eagles et al. 2001). Koebner and Summer 
(2003) suggested that the most appropriate targets for MAS in wheat breeding programs currently include 
Fusarium head blight (which is difficult to evaluate phenotypically), rust resistance, and virus resistance. 
Quality traits may be future targets, but MAS in forward crossing is expected to be most useful for a 
relatively small number of genes, primarily those affecting traits that are difficult to phenotype. 

Another good candidate for widespread use of MAS in forward crossing programs is soybean cyst 
nematode resistance. MAS for this trait seems to be better than conventional selection because the 
phenotype is very difficult to score, the trait causes economically important yield losses, the genetics of 
resistance are relatively simple (one major gene, rhg1, is needed for resistance, although additional minor 
genes may also be necessary), and a tightly linked (1 – 2 cM) marker for this gene was found to be highly 
predictive across three populations (Young 1999). 

Examples where MAS has been, or is expected to soon be, an important part of mainstream forward 
crossing breeding programs have in common two important factors. First, the markers are tightly linked to 
a small number of loci with relatively large effects on traits that are difficult or costly to accurately 
phenotype. Second, specific marker alleles are associated with desired alleles at target loci consistently 
across multiple breeding populations. This second point is key because it eliminates the need to establish 
the linkage phase between markers and their target alleles in every population. Markers must be 
consistently diagnostic for target alleles to implement MAS in forward crossing programs where many 
crosses are made annually between constantly changing sets of breeding parents. Unfortunately, these 
two situations are not expected to be generally applicable for most traits and most populations (Luby and 
Shaw 2001). 

The soybean cyst nematode example illustrates a typical situation where a marker allele for a favorable 
trait is expected to be consistent across breeding populations. The resistance allele rhg1 was introduced 
to the relatively narrow North American soybean breeding gene pool from a small number of exotic 
germplasm lines (Cregan et al. 1999). Therefore, marker alleles tightly linked to the resistance allele in 
the original mapping populations will also be linked to the resistance allele in other populations derived 
from the same exotic lines. Resistant progeny lines developed from such crosses will also tend to have 
the same marker allele as their resistant parent, so the marker will be useful in most future populations 
made by crossing adapted resistant lines to adapted susceptible lines. It is possible for resistant and 
susceptible elite lines to have an identical in state marker allele, in which case the marker would be non-
informative in crosses between the pair of lines. The ability to discriminate resistant from susceptible 
genotypes can be increased by using marker loci with many alleles (such as simple sequence repeats, 



SSRs) and by identifying multiple marker loci closely linked to the target gene, permitting discrimination 
on the basis of the haplotype of several markers rather than just the genotype at one marker. For 
example, Cregan et al. (1999) developed two SSR markers tightly linked to the rhg1 gene. Neither marker 
alone could distinguish all resistant from all susceptible genotypes, because of identical in state alleles 
shared by some resistant and susceptible lines, but the two markers together could discriminate almost 
all resistant and susceptible lines. One resistant cultivar carried the susceptible allele at both loci, 
presumably due to recombination between marker and resistance loci during line development. Thus, 
recombination can change the linkage phase between markers, but if MAS is used first to select 
putatively resistant lines, followed by phenotypic evaluation of resistance, the linkage phase will remain 
intact in all selected progeny. Therefore, MAS can be self-reinforcing, ensuring that the same set of 
markers will be effective in future crosses. 

The relative success of markers for cereal cyst nematode resistance and for boron toxicity tolerance in 
the Australian wheat breeding programs also illustrates the importance of gene pool-wide linkage 
disequilibrium (LD) between markers and trait loci for the success of MAS. LD exists when alleles at 
different loci occur together in genotypes more frequently than expected by chance (Flint-Garcia et al. 
2003). Markers for two cereal cyst nematode resistance genes derived from a landrace and a wild relative 
of wheat (Ogbonnaya et al. 2001) are being employed successfully to pyramid the two resistance genes 
in the same cultivar (Eagles et al. 2001). In contrast, markers identified for major boron toxicity tolerance 
genes within crosses of cultivated wheat (Jefferies et al. 2000) have not been as useful for cultivar 
development (Eagles et al. 2001). Although MAS should be efficient for both traits because they are 
difficult to score phenotypically, the nematode resistance markers are more useful because they are 
tightly linked to the target genes and derived from germplasm sources outside of the elite Australian 
wheat gene pool (Ogbonnaya et al. 2001), increasing their level of LD between with the resistance genes 
across all crosses. In contrast, the boron tolerance genes were mapped within a cultivated wheat cross. 
Since the alleles mapped at the boron tolerance and marker loci have been in the same gene pool for a 
longer time, there has been greater opportunity for recombination between them. As a result, there is a 
greater likelihood that the LD between markers and tolerance loci observed within the mapping population 
will not be maintained across populations. Indeed, the marker alleles associated with boron toxicity 
resistance in the mapping population have been observed in many susceptible lines in Australian wheat 
breeding programs (Eagles et al. 2001). 

The probability of consistent LD between marker loci and major resistance genes across populations in 
the examples given was increased in several ways. First, the markers are tightly linked to the target gene. 
In some cases where MAS is being employed successfully, e.g., the wheat cereal cyst nematode 
resistance genes (Ogbonnaya et al. 2001), the Xa21 locus in rice (Chen et al. 2000), and grain storage 
protein subunits in wheat (Eagles et al. 2001), the markers identify the alleles directly. In these cases, 
since the markers are part of or products of the target genes themselves, LD between marker and target 
gene is complete. Second, the original sources of resistance are distinct from the elite germplasm pools 
that breeders were using for forward crossing, making the resistance-associated markers consistently 
useful. Third, the markers can be verified as being diagnostic for the resistance alleles by comparison of 
the marker genotypes to the previously known phenotypes of cultivars and breeding lines. Unfortunately, 
this will not be possible for many polygenic traits, such as yield. 

Once consistently useful marker loci are identified, MAS can be highly effective in these instances 
because the resistance phenotypes are not only affected by genes with major effects, but also by the 
environment. Thus, MAS can be implemented on a single-plant basis (such as in F2 populations) where 
conventional selection would not even be attempted because of the extremely low heritability of the trait 
on a single-plant basis. Bonnet et al. (2004) demonstrated that selection for F2 plants that are either 
homozygous or heterozygous for the desired alleles at several marker loci (“F2 enrichment”) is an efficient 
method to reduce the number of lines that require extensive phenotypic evaluation in later generations. 

Although currently MAS is used less in forward crossing than in backcrossing programs, forward MAS 
should become more common after novel alleles have been introgressed from exotic germplasm or wild 
relatives into elite genetic backgrounds. Marker-assisted backcrossing may be an important first step for 
implementing MAS in forward crossing programs for some traits. The introgression lines resulting from 



backcrossing programs can be used as parents in crosses with other elite germplasm to improve the 
genetic background for multiple traits. At the same time, markers can be used in these populations to 
select for the linked major genes that were introgressed into one of the parents by marker-assisted 
backcrossing.  

Challenges of implementing marker-assisted selection for polygenic traits 

Many important agricultural traits, including yield, are under polygenic control with considerable 
environmental influence and genotype-by-environment interaction on trait expression. Such traits are the 
most difficult to breed for, typically requiring large-scale, multi-environment testing in order to make 
progress from selection. DNA markers could have a great impact on plant breeding if they could be used 
to aid selection for quantitative traits. There have been some successful uses of MAS for polygenic traits 
in plants (Johnson and Mumm 1996; Schneider et al. 1997; Stuber 1998; Tanksley et al. 1996; Yousef 
and Juvik 2001). Unfortunately, there are at least as many examples where MAS was not sufficiently 
better than conventional selection to justify its cost (Beavis 1998; Eathington et al. 1997; Stromberg et al. 
1994; van Berloo and Stam 1999; Willcox et al. 2002). 

Why is MAS not more generally effective, and are there situations in which MAS for polygenic traits will be 
more efficient than phenotypic selection? Barriers to implementing MAS for polygenic traits include 
problems in accurately localizing and estimating the effects of the quantitative trait loci (QTL), the difficulty 
of improving the already substantial gains from selection when heritability is high, inability to infer QTL 
effects from one breeding cross to another, and difficulty in integrating QTL mapping procedures into 
efficient breeding methods. Some of these difficulties are currently intractable for breeding programs in 
general, but may be solvable for specific breeding circumstances. Future research goals will include 
attempting to solve the difficulties of QTL mapping and cross-population inference. 

Accuracy of QTL Mapping 

The first major difficulty in implementing MAS for polygenic traits is the limited accuracy of QTL position 
and effect estimates for these traits. Since QTL do not have discrete phenotypic effects, they cannot be 
mapped as Mendelian loci; instead their chromosomal positions are typically inferred by calculating the 
likelihood of observing the phenotypic data conditional on a QTL position, repeating this calculation for 
many positions, and choosing the QTL position and effect with the highest likelihood. Although specific 
maximum likelihood locations can be stated, there is always a good possibility that the QTL is not located 
precisely at the maximum likelihood position. Exact confidence intervals for QTL positions are not easily 
obtained (Visscher et al. 1996), but typical approximate confidence intervals for QTL positions are on the 
order of 20 cM (Dekkers and Hospital 2002; Kearsey and Farquhar 1998; Lee 1995). The size of QTL 
confidence intervals cannot be reduced simply by increasing marker density beyond about 10-cM 
spacing. Instead, improved resolution of QTL positions requires increased mapping population sizes or 
the creation of near-isogenic lines with overlapping introgressions near the QTL (Stuber 1998; Zamir 
2001). 

Inaccurate QTL localizations result in the need to select for marker loci covering large genomic segments 
to be certain that target QTL alleles are retained in selected progeny. This has the unfortunate effect of 
maintaining potentially unfavorable linkages between QTL that affect one or more target traits. For 
example, fine-mapping a region that appeared to contain one major QTL for yield in maize revealed that 
there were at least two yield QTL in the region tightly linked in repulsion phase (Graham et al. 1997). 
Therefore, selection for the region encompassing both QTL (which would have been the logical procedure 
if fine mapping had not been performed) would actually limit response to selection by maintaining linkage 
between favorable and unfavorable alleles in the region. In comparison, phenotypically based selection 
methods would provide more opportunity to recover a rare recombinant genotype that had favorable 
alleles at both linked QTL. This same principle can be extended to genome regions affecting multiple 
traits, as correlated traits are often affected by linked QTL. Unfavorable QTL linkages may be maintained 
via MAS if a large chromosomal region must be selected. 



The differences between the phenotypic effects of the alleles at a QTL are also poorly estimated with 
typical QTL mapping procedures. Unless huge numbers of genotypes are sampled from a mapping 
population, effects of QTL even on different chromosomes are not independent. This prevents accurate 
simultaneous estimation of multiple QTL effects. The result is that in any one sample of progeny from a 
mapping population, too few QTL are identified as significant, and the effects of those QTL that are 
identified are overestimated (Beavis 1998). The problem gets worse as heritability and population size 
decrease and the true number of QTL increases (Beavis 1998). For example, simulation studies indicate 
that if 10 loci affect a trait of 30% heritability and a population of 100 F2 progeny is used for mapping, 
each true QTL will be identified as significant with only 9% probability, and the variance explained by 
each QTL that is detected is overestimated by 5.6 times its true value (Beavis 1998)! The problem is 
much worse if 40 QTL, each with a small effect, are segregating. Very large population sizes (on the 
order of 1000) are required to obtain reasonably accurate QTL position and effect estimations. Thus, 
despite the frequency of reports of small numbers of QTL with fairly large effects underlying grain yield in 
maize when fewer than 300 progeny are tested (Beavis 1998), the largest-scale yield QTL mapping study 
in maize based on nearly 1,000 progeny families tested in 19 environments discovered 28 QTL for yield, 
all with small effects (Openshaw and Frascaroli 1997). Similarly, Utz. et al. (2000) reported that QTL 
models explaining about 30% of the genotypic variation for maize grain yield in mapping populations of 
230 families only explained about 15% of the genetic variation in independent samples of progeny from 
the same population. 

These results suggest that, first; prediction of relative efficiency of MAS based on QTL results from typical 
population sizes can be greatly misleading (Bohn et al. 2001; Dekkers and Hospital 2002). Second, if 
many QTL remain undetected, the potential gain from MAS will be reduced. The problem of poor QTL 
effect estimation seems to be even more important than the problem of estimating QTL positions. 
Bernardo (2001) simulated MAS when the positions, but not the effects, of all of the genes controlling 
yield were known without error. When only a few (e.g., 10) genes affected yield, marker information was 
helpful and contributed to improved gain from selection, and the relative efficiency of MAS increased as 
heritability decreased. But if 50 or 100 loci affected yield, then selection on gene information was no 
better and sometimes worse than phenotypic selection. The problem was that gene effects for many loci 
could not be reliably estimated even from populations of 500 to 2000 progeny. Gene effect estimates 
have a high variability and when the true effects are small, they are estimated so poorly as to lead to 
worse prediction of genotypic values than phenotype data alone would provide.  

All of these difficulties increase if epistasis is important. Epistasis causes the allelic effects of one QTL to 
depend on the genotype at a different locus (Holland 2001b). Accurate characterization of epistatic QTL is 
more difficult because it requires estimation of QTL main effects plus their epistatic interaction effects with 
other QTL. Epistasis also complicates the use of MAS because specific combinations of alleles are the 
ideal targets of selection (Holland 2001b). Although the relative importance of epistasis is still debated, 
epistasis has sometimes reduced gains from MAS below what was predicted (Holland 2001b). 

Limits to relative efficiency of MAS imposed by trait heritability 

Lande and Thompson (1990) showed that MAS is most effective when breeding values are predicted by 
an index of QTL genotypic values (inferred from linked marker genotypes and QTL effect estimates) and 
phenotypic values. As heritability increases, phenotypic data improve as estimators of genotypic values, 
and the relative weight placed on marker scores compared to phenotypes decreases in the selection 
index. Numerous theoretical or simulation comparisons of MAS and phenotypic selection have 
demonstrated that generally there is little advantage to MAS for traits of heritability around 50% or more 
(Edwards and Page 1994; Hospital et al. 1997; Knapp 1998; Lande and Thompson 1990; van Berloo and 
Stam 1998). This is true even without accounting for the additional cost of MAS and even if QTL effects 
and positions are estimated perfectly. The reason is that when heritability is high, gain from phenotypic 
selection approaches the maximum possible given the genetic variance, leaving little room for additional 
improvement by the use of markers. It is perhaps not recognized widely that heritability for complex, 
polygenic traits such as maize grain yield, although nearly zero on an individual plant basis, is often 
greater than 50% on a family mean basis when measured in well-defined target environments (Eathington 
et al. 1997; Openshaw and Frascaroli 1997). Although there is generally an upward bias in these 



heritability estimates, it is certain that heritability on a family mean basis can be increased experimentally 
by increasing the number of replications and environments in which progeny families are tested and by 
improving experimental precision (Holland et al. 2003). Most traditional plant breeding programs are 
actually quite efficient at estimating breeding values of quantitative traits by multi-environment phenotypic 
evaluations. 

Because increasing trait heritability requires time-consuming and expensive field testing, it is tempting to 
think that this stage of the breeding process could be more replaced by selection on markers. 
Unfortunately, in order to conduct MAS using current procedures, one already must have mapped QTL in 
the population, and large-scale experiments and good phenotypic data are required to accurately map the 
QTL (Beavis 1998). Increasing the numbers of progenies, replications, and testing environments in the 
mapping stage will increase the family mean heritability and permit more accurate identification of QTL 
positions and effects, thus improving the effectiveness of MAS. Once the effort has been expended to 
collect good phenotypic data and improve the trait heritability, however, phenotypic selection based on 
family mean values will also be highly effective (Dekkers and Hospital 2002; Moreau et al. 2000; van 
Berloo and Stam 1998). This is the “catch-22” of MAS for polygenic traits: If phenotypic data are 
poor indicators of genotype values, it is difficult to adequately map QTL to implement MAS, but if 
phenotypic data are good, MAS is not needed to make genetic improvement.  

Whereas the simulation studies cited above found that MAS was really useful only for traits with 
heritability lower than 50%, they assumed that all QTL positions and effects were accurately identified. In 
reality, this would not be true, and would be less so with lower heritabilities. When costs and potential 
inaccuracies of QTL mapping are simulated as part of the MAS process, MAS is substantially more 
efficient (>1.2 times) than phenotypic selection only when heritability is below 40% and the true number of 
QTL is small (e.g., 5) (Moreau et al. 2000). If more QTL affect the trait, their average effects are smaller 
and MAS often becomes less efficient than phenotypic selection when markers cost more than evaluation 
plots. MAS becomes relatively more efficient as heritability decreases, but only if investment in the 
program increases, permitting more genotypes to be analyzed (Moreau et al. 2000). This may explain 
why MAS is adopted faster by commercial breeding programs with greater access to capital resources 
than public programs. 

Two experiments to test the effectiveness of MAS in early-generation testing in maize illustrate the limits 
on the relative efficiency of MAS imposed by heritability (Eathington et al. 1997; Stromberg et al. 1994). In 
both experiments, F2 plants were crossed to a tester and their hybrid progeny evaluated for grain yield in 
multiple environments. Inbred lines were derived from each F2 plant, crossed to the same tester, and the 
testcross hybrids were evaluated in a later year. Early generation testing is effective if selections based 
on the F2 generation result in selection of inbred lines that make superior hybrids in combination with the 
same tester. In the first experiment, neither conventional phenotypic selection nor MAS improved grain 
yield (Stromberg et al. 1994). In this case, the F2 testcrosses were conducted in multiple locations in one 
year, which happened to be a severe drought year (Stromberg et al. 1994). Thus, neither the phenotypic 
data per se, nor the QTL information derived from that data, were indicative of performance in more 
typical production environments. This result illustrates that it is critical to obtain phenotypic data that are 
representative of performance in target environments with adequate environmental sampling, or 
genotype-by-environment interactions will hinder gain from selection with or without the use of markers. 
Adding markers to poor quality phenotypic data is not effective (Luby and Shaw 2001). In the second 
experiment, lines were tested in multiple locations and years, leading to higher heritability for grain yield 
(77%), but in this case, selection of the top 10% of families using MAS was not better than selection 
based on early generation phenotypes for predicting yield potential of the later generation lines 
(Eathington et al. 1997). This illustrates the converse principle, that when phenotypic data are very good 
and heritability is high, markers add little to gain from selection based on phenotype alone.  

These examples illustrate that when MAS for polygenic traits is implemented in the same way as current 
conventional breeding methods, it is often not much more efficient than phenotypic selection. Once 
markers have been associated with target traits in a population, however, the markers can be used at any 
point in later generations, even when phenotypic selection is not effective. For example, MAS for 
polygenic traits can be conducted in off-season nurseries or greenhouses where the target trait cannot be 



accurately phenotyped because of genotype-by-environment interactions. In fact, Hospital et al. (1997) 
demonstrated that MAS can be substantially more efficient than phenotypic selection on a yearly basis if 
MAS can be implemented in more generations per year, as in off-season nurseries. In such cases, MAS 
is even more efficient for high heritability traits, because the QTL can be identified with greater precision, 
improving the response to MAS in the offseason nursery where phenotypic selection cannot be accurately 
conducted. Similarly, MAS can be applied to select among individual plants within lines in pedigree 
breeding programs, even if single-plant phenotypes are not useful for conventional selection.  

Integrating QTL mapping into large-scale breeding programs 

Current MAS methods for polygenic traits involve mapping QTL in one population and applying that 
information for MAS in the same population. MAS for polygenic traits has been integrated with varying 
levels of success into the following breeding methods: early-generation testing (Eathington et al. 1997; 
Stromberg et al. 1994), recurrent selection (Yousef and Juvik 2001), selection of progeny pairs with high 
probability of producing the target genotypes from intermating (van Berloo and Stam 1999), selection for 
a target genotype (Stuber 1998) or “genotype building” (Dekkers and Hospital 2002), and introgression of 
exotic germplasm into elite lines using advanced backcross inbred selection (Tanksley et al. 1996; 
Tanksley and McCouch 1997; Zamir 2001). These applications have all been conducted in populations 
segregating for at most two alleles per locus, or in other words, within one or a few populations derived 
from biparental crosses. In contrast, plant breeders typically make many, often hundreds, of crosses each 
season to produce new breeding populations. Thus, even when MAS for polygenic traits has been 
successful, it has not been conducted on the scale of a whole breeding program. Repeating QTL 
mapping experiments for every breeding population in a program is simply not practical.  

To scale up MAS for application across a whole breeding program will require methods to integrate QTL 
information across numerous populations (Beavis 1998; Dekkers and Hospital 2002). Instances where 
this has been achieved with markers for oligogenic disease resistances were discussed previously, but 
appropriate theory for polygenic traits is only beginning to be developed (Jansen et al. 2003). Polygenic 
traits like yield present additional complexity because, unlike oligogenic disease resistance, selection for 
yield is usually conducted exclusively in crosses between elite lines from a restricted germplasm pool. 
Within this germplasm pool, it is likely that most of the QTL with large effects have been fixed, leaving 
only minor effect QTL segregating (e.g., Openshaw and Frascaroli 1997). Favorable alleles tend to be 
dispersed across numerous lines and genotypes with very different QTL allelic composition may have 
similar yield potentials, resulting in genetic heterogeneity for yield. As a result, QTL mapped in one 
population may have little relevance to those mapped in other populations. Further, favorable QTL alleles 
will tend to be in repulsion phase LD with each other (Graham et al. 1997). Favorable QTL alleles that 
can be detected may represent regions where the net yield effect of alleles at several linked genes are 
positive. Conversely, regions with no detectable QTL may actually contain several genes linked in 
repulsion phase whose allelic effects cancel each other out. This genetic heterogeneity may be a critical 
impediment to MAS for polygenic traits within elite germplasm pools. At worse, MAS for polygenic traits 
may be limited to introgression programs where rare favorable alleles with relatively large effects may be 
introduced into adapted populations from exotic germplasm sources (Tanksley and McCouch 1997; Zamir 
2001). At best, marker-QTL linkage estimates will have to be updated regularly to account for 
recombination occurring between many linked QTL as well as between QTL and markers. An added 
benefit of QTL effect updating should be improved gains from selection on epistatic QTL, since their 
effects depend on frequencies of alleles at other QTL, which will fluctuate over cycles of selection 
(Podlich et al. 2004).  

One approach to applying QTL information across a whole breeding program is single large-scale MAS. 
This involves creating mapping populations by crossing each elite breeding line in the cultivar 
development program to a common tester line, mapping QTL within each population cross, then using 
this QTL information to make marker-assisted selections in early generation populations derived from 
intermating the elite lines (Ribaut and Betran 1999). This method has the advantage of requiring only n 
mapping populations, where n elite lines are used, to apply QTL information to n(n-1)/2 selection 
populations. A drawback to this method is that a substantial proportion of the important QTL for 



complementary favorable and deleterious traits segregating in the selection populations may not be 
segregating in the mapping populations. 

A more general approach will be to identify and select on the actual genes underlying QTL or on markers 
that are so tightly linked to important QTL that they remain in LD with the QTL across a wide spectrum of 
breeding crosses (Dekkers and Hospital 2002). Identifying the actual QTL genes themselves is still 
exceedingly difficult, and only a handful of examples exist of QTL that have been resolved to specific 
DNA sequences (Paran and Zamir 2003). QTL have been cloned by several approaches, including 
transposon tagging, map-based cloning, and candidate gene association analyses (Buckler and 
Thornsberry 2002; Paran and Zamir 2003).  

Association mapping could be used for higher-throughput QTL cloning by identifying correlations between 
candidate gene sequence variation and phenotypic variation in breeding lines, without requiring special 
population development for mapping. To minimize false positive associations that arise due to similarities 
in genetic background, population structure can be estimated with random background markers and 
included in the analysis (Buckler and Thornsberry 2002). The extent of LD around candidate genes is the 
main factor determining resolution of association mapping (Buckler and Thornsberry 2002). If substantial 
LD extends over regions covering many genes, it will not be possible to statistically separate the effects of 
those genes. The extent of LD in plant populations is not well known. In a diverse sample of maize 
germplasm, historical recombinations around most genes reduce LD to near zero within 2 kb (Flint-Garcia 
et al. 2003), but within a restricted sample of elite maize germplasm, significant LD extends beyond 100 
kb in some regions (Rafalski 2002). Populations that have undergone extensive bottlenecks will tend to 
have more extensive LD (Rafalski 2002). LD can therefore often be decreased in a population sample by 
including exotic germplasm in the study, but the candidate gene associations discovered in such samples 
may reflect variation between adapted and exotic germplasm, rather than the important QTL variation 
within elite germplasm. Association mapping may also be more difficult in self-pollinated species because 
their reduced opportunities for recombination will result in greater LD (Garris et al. 2003; Hagenblad and 
Nordberg 2002).  

Association mapping can be combined with traditional QTL mapping approaches to take advantage of the 
strengths of the two approaches. Association mapping can be used with already existing breeding lines, 
does not require new population development, and can have higher resolution if historical LD around the 
candidate gene is less than LD in mapping populations. Traditional QTL mapping does not require 
candidate genes and uses specific populations that greatly reduce the potential for discovering false-
positive associations due to population substructure that occurs in association tests. Joint linkage and LD 
mapping has been employed in animals to improve the resolution and statistical power of QTL mapping 
over either approach alone (Farnir et al. 2002; Meuwissen et al. 2002). At each genomic position tested 
for QTL effects, the parents of several mapping populations were grouped according to their identity by 
descent (IBD) based on identity in state (IIS) of marker haplotypes surrounding the QTL position. Within 
mapping populations, probability of progeny alleles being IBD with particular parental alleles was based 
on IIS of marker haplotypes surrounding the QTL and the known pedigree relationship of progeny and 
parent. In this manner, the phenotypic effects of various allelic classes could be estimated across 
mapping populations. Jansen et al. (2003) developed theory to combine QTL information across plant 
mapping populations based on haplotype sharing of their parent lines. This method could be joined with 
association mapping and pedigree-based linkage analysis by, first, genotyping mapping population 
parents and key ancestral breeding lines at high density to predict their probability of having IBD QTL 
alleles at any region based on haplotype sharing. Next, mapping population progeny and other breeding 
lines could be genotyped at lower density. The probability that a genomic region in a mapping or breeding 
line belongs to a particular IBD group can then be assigned based on its marker genotype and known 
pedigree relationship to the densely genotyped mapping parents or ancestral lines. This should be easier 
to accomplish in many plant species than in animals since highly homozygous lines are often used as 
parents, making the linkage phase between markers and QTL in those parental chromosomes certain. As 
in association mapping, background marker genotypes of the key ancestral lines, breeding lines, and 
mapping parents can be used to adjust the QTL estimates to reduce false positive associations due to 
population structure among the lines. The resulting data set may be severely unbalanced because 
different lines and populations were tested in different environments, but this problem can be addressed 



using mixed models analysis and best linear unbiased prediction (Bernardo 2002; Holland et al. 2003). A 
great advantage of this method would be that previously collected phenotypic data on breeding lines 
could be used for QTL mapping, as long as remnant seed is available for DNA analysis. Furthermore, 
breeding values of lines based on their phenotype and QTL genotype can be obtained from the same 
analysis used for QTL mapping (Bernardo 2002). 

In populations and genomic regions where LD decays rapidly, it should be possible to identify specific 
sequences underlying phenotypic effects (Buckler and Thornsberry 2002). Having identified the specific 
sequence variants that underlay the QTL, one could then use allele-specific markers to select for 
favorable QTL variants. Allele-specific markers for the QTL genes themselves could be used across 
existing populations and in newly developed populations without requiring additional mapping. This 
should be effective as long as the phenotypic effects of the gene are consistent across genetic 
backgrounds, i.e., if epistasis is not important for the expression of the QTL. These ideal types of markers 
could be easily integrated into breeding programs at any phase of cultivar development. 

In populations where LD does not decay rapidly, fine mapping of QTL will be hindered, but haplotype 
information from markers may be useful to combine QTL information across populations, even if the 
markers are not directly at the QTL (Jansen et al. 2003). In either case, the fact that LD can vary among 
populations or germplasm pools indicates the importance of defining the reference population for 
association analysis and further use of LD in MAS. Furthermore, when markers and QTL are in linkage 
equilibrium across populations but in disequilibrium within populations, the phase of LD must vary across 
populations. In such cases, LD information could perhaps still be used to obtain the probability that a line 
possesses a particular QTL allele, conditional upon both the surrounding marker genotypes and the 
population to which the line belongs. Such conditional probabilities would also be necessary when genetic 
heterogeneity results from the association of different alleles with similar phenotypic effects in different 
populations. This may occur even for oligogenic traits. For example, Garris et al. (2003) reported that 
different haplotypes surrounding the xa5 gene were associated with resistance in different ecotypes of 
rice. Similarly, Yu (2000) noted that markers for bacterial blight resistance genes were often restricted in 
utility to one gene pool, or even one race within a gene pool, of common bean because marker-gene LD 
was gene pool specific. These types of problems will only be more common for polygenic traits. 

The adoption of MAS as a general breeding strategy for polygenic traits in plants is currently hindered by 
numerous difficulties. These include genetic heterogeneity for polygenic traits; the expense of applying 
high density marker assays across many populations; limited knowledge of how LD varies among 
species, populations, and genomic regions; lack of specific statistical approaches to combine disparate 
sources of phenotypic and genotypic data; and the computational difficulties that will arise when complex 
data sets are analyzed. The cost and difficulty of implementing such approaches means that if they are to 
be used, large private breeding programs probably will adopt them first. How much additional gain from 
selection such approaches will provide, and if they will be cost effective are unknown. Fortunately, 
conventional phenotypic selection is effective for most important agronomic traits and can be relied on for 
incremental improvements for the foreseeable future. 
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