
STATISTICAL MODELS FOR THE DETEOTION OF
CENES CONTROLLING QUANTITATIVE TRAET

LOCI EXPRESSION

Emilio A. Carbonell

IVIA, Apartado Oficial, 46113 Moncada (Valencia), Spain

1. INTRODUCTION AND BASIC CONCEPTS

The set of hereditary material transmitted from parents to off§pring is known as the genome, and

consists of molecules of DNA arranged in the chromosomes. The DNA itself is characterized by

its nucleotid sequence. DNA sequences therefore have lengths measured in base paírs. A physical

map is an ordering of features of interest along the chromosome in which the metric is the number

of base pairs between features. However, we are concemed with genetic mapping where the metric

itself is under genetic control.

Genetic map distances depend on the level of recombination expected between two points. An

individual receives one copy of each heritable unit from each parent, but the combination of units

at different locations the individual transmits to the next generation need not be one of the parental

sets. Recombination may have taken place during the proces s of meiosis, and recombination

between two elements on the same chromosome is more flkely the further apart are those elements-,

with a limiting value of 50%. . Although there is generally a monotonic relation between physical

and recombinational distances, ¡t is not a simple one. The distance over which one recombinational

event is expected to occur depends on the region of the genome.

Detailed maps have been developed in model species like Drosophila many years ago and more

recently in crop plants. These maps consisting of identifiable féatures on thegenome at known

locations or markers, can be used in the search for genes affecting traits of interest of discrete
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nature like human diseases. These traits are the easiest to use because there is little ambiguity over

which individuals had the disease.

Many important traits in plant breeding exhibit continuous variation (yield, maturity, biotic and

abiotic stress tolerance, etc.) and therefore are named metric, polygenic, or quantitative traits

(QTs). The genetic principles underlying their inheritance are basically the sarne as those affecting

Mendelian or qualitative traits, but since the segregation of the genes concemed cannot be

followed individually, new methods and concepts had to be developed. Why the segregation of

genes involved in the vanation of a QT in a population cannot be followed individually?. It is

mainly due to two cornmon weil accepted aspects of the genetic control of QTs: a), "many" loci

are invcilved, and b), the effect of the individual genes is "very smaIP compared to the

environmental effects. Consequently, a branch of the science of Genetics concemed with

quantitative traits grew up, the Biometrical or Quantitative Genetics.

In this discussion, the much more difficult task of searching for genes affecting quantitative, or

continuous, traits will be considered. The fact that these traits are controlled by more than one

1 gene, as well as by other non-genetic causes flke the environment, further complicated the search.

The immediate hope is that the possibility of identifying specific portions of the genome involved

in the variation of tffis QTs in order to enhance breeding programs. Moreover, the long term hope

is finding the location of these genes to characterize and manipulate them to our advantage. This

basic problem is a very old one, In fact, Sax (1923) introduced for the first time the concept of

using qualitative genes to locate genes of lesser effects controlling QTs. Thoday (196 1) used single

gene morphological markers to conduct detailed studies of QTs in Drosophila melanogaster. More

systematic attempts to resolve QTs into their individual genetic components were initially limited

by the scarceness of polymorphic qualitative markers that could cover large parts of the genome.

These limitations were partly overcome by the use of isozymes, later by the restrictíon fragment

length polymorphisms (RFLPs) which - have provided a major source of markers with many

desirable attríbutes and lately by RAPDs (random amplified polymorphic DNA), microsatellites and

other markers at the DNA leveL Thus, genetic or molecular markers (isozymatic loci, RFLPs and
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RAPDs, etc.) linked to loci affecting a quantitative trait of interest can be used to follow their

individual segregation and perform a kind of indirect selection named "rnarker assisted selection"

to improve these traits more efficiently. The availability of detailed linkage maps of molecular

markers makes it possible to dissect QTs into discrete factors, called, QTLs (Quantitative Trait

Loci) by Gelderman (197 5); and, when a high enough number of markers are scored in a family

segregating for a given polygenic trait, accurate estimates of genic effects and QTL locations can

be obtained.

Molecular markers, have been used to study many QTs in several species. Thus, great efforts have

recently been focused on the construction of saturated linkage maps based on molecular markers

to locate genes and QTLs affecting important traits by means of specific statistical methods. Four

types of experimenta¡ designs aré generally used in these studies: Fís, backcrosses, recombinant

iríbred lines and doubled haploid lines. The first two designs are the most frequently used for gene

mapping ma-Inly due to the less time involved in annual crops, but the last two allow unlimited

replications. Some annual crops have been extensively studied (tomato, com, etc.) others, like

perennial crops or forest trees due to their -inherent complexities flke long juvenile periods have

been much less studied.

Therefore, in this presentation we will. try to, explain and discuss the different statistical models seed.

for QTL analysis, the power of different approaches and some aspects of specifical applications

in almonds.

2. STATISTICAL NETHODOLOGIES

Genetic mapping of QTLs rests on the simple idea that genetic markers that tend to be transmitted

together váth specific values of the trait are likely to be close to a gene affecting that trait. In other

words, an association is sought between marker variants and trait values, with higher levels of

association suggesting closer genetic map distances.
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QTL analysis have been approached using different strategies depending on the number of markers

involved in the analysis. Early studies considered the relationship between a marker and a QTL;

later, models considered a pair of markers flanking the QTL and studied the association between

the QTL and the interval defined by the flanking markers. More recently, statistical methodologies

focus their attention to consider the whole linkage group considering afl markers of the group as

being associated with the QTL.

Although any type of classification of statistical approaches is always incomplete and biased, we

will try to describe the current statistical models organized according to the number of markers

studied and by the basic statistical methodology being employed.

2. 1. A marker at a time.

2. 1. 1. Linear models: Comparison of means and ANOVA

Traditional methods to estimate the association between a marker locus and a quantitative trait are

based. on a very simple and appealing approach: individuals are classified according to the genotype

of the marker; when the means for the quantitative trait for those groups are not statistically

different ¡t indicates that the classification into groups was somehow arbitrary as far as the

quantitative trait is concemed; therefore, the marker and the QTL are independent (i. e., no QTL

is linked with the marker). Conversely, if means are statistically different, it is an indirect proof of

the association between the grouping structure (the genetic marker) and the quantitative trait. So.

a group of statistical methodologies are based on the comparison of means or ANOVA approach.

Formally, the theory behind this intuitive approach is as follows:

Let us consider a population derived from a cross between two iríbred lines. Denoting by M the

marker locus and Q the locus involved in the expression of a quantitative trait. Consider two

codon-únant alleles for the marker locus and that both loci are linked, r being theit recombination

fraction (2r would be the probability of crossing over during meiosis) independent 'of the sex of the

parents from which the gametes were produced. Defining a and d after Falconer (1989) as the

genotypic value of the homozygote and heterozygote genotypes of the Q locus, the phenotypic
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value of an individual i could be expressed for a given QTL by the following linear model:

Y, = g. aX^., d (1-Xi')- El
	i= 1 ....... n	

(1) -

where X is a dummy variable taking values of +l (for the dominant hornozygote), 0 (for the

heterozygote) or -1 (for the recessive homozygote) in such a way that the expected genotypic

values are:
j

ILQ^Q^ Ii a
	

(X= - 1)	for QjQ,

liQ^ Q^ R d
	

(x = 0)	for Q,Q,

liQ^Q^ Ii - a
	

(X= - 1)	for Q2 Q2	(2)

and 11 is random variable that is assumed to be normally distributed with mean 0 and variance 13'

and includes, among other things, the effect of other QTLs affecting the trait. This general model

can be particularized for other mating designs.

Other authors, use and alternative but * equivalent model in terms of mean, additive and dominance

effects:

IIQ"Qj = 9 + a, + a, + d y
.	

(3)

F2 and backcross populations have been extensively studied by many authors. Most of them used

the ANOVA approach and presented the frequencies of the QTL genotypes (Table l), and the

expected values of the means and variances (Table 2) of the quantitative trait within each marker

genotypic class. lf both loci segregate independently (r = 0.5), the means of the quantitafive trait

for each genotypic marker class are both equal; therefore, a way to test if r = 0. 5
1 
is by testing- the

null hypc,thesis of equal class means by a mest using non-pooled variances because they are

different due to domúnance and/or linkage between the marker locus and the QTL; hence, itandard
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ANOVA procedures should be avoided in this case. Variances will be equal in the case of no

association (which is precisely what we want to test) or under no dominance of the tralt.

Moreover, even though the t-test is quite powerful for departures from non normality, it should

be recognized from the structure of table 2 that within each marker class we have a mixture of

normals where proportions are functions of the recombiantion fraction.

For the F
2 population, the contrasts of interest to estimate the genetic effects are:

gm,m 
1 - 

gm^v 
2 
=2 a (1 - 2r)

21tm,v 2 - ( lim^y, 
1 , 

jimv 
2 
)=2d( 1-2r)'

(4)

Therefóre, the estimates of the genetic effects are biassed due to the confounding effect of the

recombiantion fraction. Since the quantity in parenthesis is always equal or lower than one, the bias

in the estimate of the dominant effect is larger than that of the additive effect. Unless the QTL

shows a complete dominance (a = d), there is no way to distinguish between a QTL tight1y linked

having a small genetic effect from another with a large effect but loosely linked. Hence, this type

of approach could be considered as preliminary or exploratory to simply detect the presence of a

QTL. Therefore, to solve the mixture problem and to obtain uribiased estimates of both the

magnitude of the gene effects and the recombination fraction are needed, alternative statistical

methods should be used.

2. 1. 2. Maximum likelihood estimation

To have a separate estimate of the recombination fraction and the biometricál parameters of the

QTL, alternative methods have been developed. Maximum likelihood has been shown to be more

powerfúl than moments method for certain problems of estimation; however, ¡t requires that the

type of distribution be known. Many studies apply the central limit theorem and assume an

underlying normal distribution of the trait unless there is reason to assume otherwise.
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For a F2 population, the method is as follows: Let Y¡, Yj and Y, denote trait values for three

random individuals belonging to the maker genotypic classes M IMI, MIM2 and MM, respectively.

The likelihood of the entire population can be written as:

ni	n2	N3

L=nf(Y)][1f(Y fif(YK)
i_l	_jl	

^) 
K-1	 (5)

where L is the likelihood function; qY1) is the density function of Y¡; and N. is the total number of

individuals in the ith marker class. In turn, the density functions are:

f(yi) = (1 _ r)2f(Q1Q1) - 2r (P r)f(Q,Q2) - r2f(Q2Q2)

f(Y = r (1 - r)f(Q 1Q 1) - (l- 2r - 2r2)f(Q1Q2) - r (1 - r )f(Q2Q2)
(yj = (1 ~ r)2f(Q2Q2) - 2r (P r)f(Q,Q2) - r2f(Q1Q1)

(6)

That is, each density function is expressed as the sum of three disjoint events: sínce the linkage

between marker and QTL is incomplete, the individuals within each marker class are a mixture of

the three genoty
1 
pes at the QTL. In turn, the probability of each eYent is a set of conditional

probabilities: the product of the probability of having a particular genotype at the Q locus given

the genotype of the marker (calculated from table l), times the density of Y¡, conditional on the

fact that the individual has that genotype at the QTL (f(QQ». In order to obtain the form of the

latter density, the'underlying distribution of the genotypes at the QTL in the entire population (not

within a marker genotypic class) is assumed to be normal. The variánces include not orily

environmental variation but also genetic variation at other loci (QTL) affecting the quantitative

trait.

For, say, f(Q 1 Q, ) the conditional density will have the form :
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(Y - 1,12jj
f(Q1 Q1) = (2n 

oQIQI 
y 112 eXp [_ ' 

22o 
QIQI

(7)
In order to obtain the estimates of the recombination fraction and the means and variances, partial

differentials of the log of the likelihood function L for all seven parameters are set to zero and

solving the resultant equations. lf an analytical solution is not readily evident, iterative solutions

are available, but they tend to be cumbersome and time consuming and not necessarily provide

solutions.

The problem with the approachis the large amount of computational resources that are required.

Furthermore, because of the need to search the likelihood surface for each parameter separately

and ignorance of the interna¡ mathematical relationships among the parameters to be estimated, this

method could not guarantee that the estimates obtained were in fact maximum likelihood estimates.

2. 2. Pair of markers

The basic idea about using a pair of markers fianking the putative QTL was put forward by Lander

& Botsein (1986; 1989). Once a map of markers is available, we test whether a QTL lies in an

interval of known size between two adjacent markers.

lf the putative QTL is located within the interval defined by the two marker locus A and B with

known recombination fraction between them equal to p, we denote by r and r'the recombination

fractions to the left and right markers. If the distance between the two markers is very small, on e

may assume that the frequency of double cross-over is negligible; then p = r + ?. lf not, p = r + 1,

-2rr'8, where 8 is the coefficient of coincidence. Under no interference, 8 = 1, hence using the

Haldane function p = r + r'- 2rr'

This approach combines infonnation on afl markers into one likeiihood map. -The integration of all
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markers makes this method very appealing, giving detailed insight into the part of the genome

being investigated. The testing for the presence of a QTL (null hypothesis of	
H,:a-O

corresponding to the hypothesis that no QTL is linked), is given by the significance of the linear

model as shown in equation (1) using the Fisher-Snedecor F statistic.

When the QTL is located exact1y at one of the two markers defining the interval, the problem is

easily solved by standard regression procedures because in this case, the genotype . of the QTL is

the same as the marker; so, the values of X . in equation (1) are known. However, if the QTL is

located sornewhere between the fianking markers (which is the normal situation), these values

cannot be direaly obtained but only their probability distributions. In this case, the likelihood of

the parameters	
0.(ji,a,o 2)
	

based on the observations	Y-(Yl'Y2' ..... "Y,^	is given for a F2

population by:

L(011)=fl [G,(-l)z(y,1-1;0),G,(0)z(y,10;0)-G,(-I)z(Y,1,1;0)1

(8)

Where 
GO 

represents the probability distributions of X over the values of -1, 0, and +l given

the genotypes of the fianking markers for individual i. This probability is a function of p, r and r;

and, given that p is known and that ? can be expressed in terms of p and r assuming the Haldaríe

function (p = r + r' - 2rr'), this probábility has only r as unknown. Therefore, the recombination

fraction between the QTL and the left marker of the interval, r, is included in the likelihood through

Hence, for each value of r, a different likelihood will be obtained. Values of the

probabilities ^ for all combinations of genotypes of the markers are shown in Table 3. This

probability YA11 be calculated for each individual i according to the specific genotype of its markers.

The function
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z (yjx,;0) = (211 02 ) -1/2 eXp[_ (v, - Ii - a x, - d (1 _ Xi2»2

2o 2

(9)
denotes the conditional density of Y¡ given X i = xi (- 1, 0, or + 1) assuming normal distribution of

the trait. In order to obtain the maximum likelihood estimates of 6, the function LM may be

maximized through choices of E). This may be accomplished by using the EM algprithm (Dempster

et al., 1977) for a fixed r.

The E and M steps should be repeated for convergence of the estimatesofe.Once the parameters

are obtained, the most flkely position may be -estimated by the maximum values of the F statistic,

through all possible values of r varying along the intervals. The F values could be plotted against

r; then, the most likely position of the QTL is given by the value of r, say rm, which gives the

maximum of the curve provided ¡t is higher than a given significant threshold. Probability

statements when testing the hypotheses that certain effects are zero (such as a = 0 and/or d = 0)

can be established.

The effect of two linked QTLs on the estimation of the recombination fraction and the genetic

effects using the above model was studied with simulated data. Results from 100 simulations

consistently gave bimodal distributions for the higher heritability of the trait of 0.50 as shown in

Figure 1 (curve A for doubled h.aploids and curve B for backcrosses). For doubled haploids and

heritabilíty of 0.08, few cases showed a high1y significant unimodal distribution (curve C) like the

"ghost" QTL observed by Martinez & Curnow (1992), or a multimodal or plateaued curve (curve

D) indicating that QTLs could be found anywhere within a long range of values of the

recombination fraction with no clear location of the maximum of the likelihood function. M ore

frequently, a bimodal curve (curve E), flke in the high heritability case, indicated the presence of
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two QTLs- however, the predicted locations were biased in the sense that the leftmost QTL was

shifted to the right and the leftmost one to the left (see curve F for the comparison of predictions).

Therefore, implicit in the above methods is the fact that a single QTL is investigated at a time

and that it segregates independently from the remaining QTLs contributing to the quantitative

trait. The full model is actually a summation of the a, and d j effects over the total number of

QTLs 0 = 1, 2,....q) so that when a particular QTL is investigated, ¡t is assumed that its effect is

not influenced by the rest of the QTLs. Therefore, ¡t is not intended to resolve clusters of QTLs

but only those that are not too close to make tenable the assumption of indepenáent action on

the measured quantitative trait.

2. 3. All markers simultaneously.

Multiple regression techniques have been suggested to identify multiple QTLs linked to several

markers.

The basic procedure consists of assigning a coded value to each marker genotype and use stepw¡se

regression procedures to identify which markers are associated with the variation of the

quantitative trait The multiple regression model will contain quadratic terms to account for

dominance at the QTLs. The problems with this approach are those of the stepw¡se selection of

variables: several marked segments are usually available in the same chromosome for ,the analysis

of the QTL effects; these segments do not likely segregate independently. Since stepw¡se

regression procedures incorporate the variables into the model in a sequential manner, one by one,

the estimates of the effects of those QTLs which are already in the model may be biased by other

linked and unlinked QTL which may or may not be yet in the model. Some QTLs already in the

model may prevent the entrance of a new QTL in the model; therefore, some QTL may cover the

presence of another QTL that will remain undetected by the statistical methodology. Moreover,

the method may produce very different results depending on the path of selecti on followed by the

computer programs; i. e., if two variables have very similar F values to be in or out of the equation

and are highly correlated, the final equation may depend on which of the two-éaflables is chosen
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to enter in the equation.

Considering the genome as a whole, Rodolph & Lefort (1993) proposed . a method based on the

linear model that can be used in a very general genetic context. The purpose is to detect regions

displaying QTL effects rather than to detect isolated QTLs and estimate their effects. Their linear

model is actually an extension of the basic model in equation (1) summing over the set of m

markers, that is:

,^i - Ii
	

for M,(¡) = MIMI

m
E (Y,) = IL	5 j.

	
for M,(¡) = MIM2

for MU) = M2M2	
(10)	for an F2

where MM represents the value taken by the jth marker 0 = 1,... m) on individual i. Parameters 
ii

and P - are statistical effects associated with the markers and are related to the additive and
j

dominance effects,

The major advantage of the methods based on all markers simultaneously is the possibility of

making global tests, recovering the whole or a part of a chromosome. In doing so, the existence

of a set of linked QTLs can be detected. Conversely, the main characteristic of the interval mapping

methods is their sequential nature. This is the reason why they are not well suited for the detection

of closely linked QTLs, but they are more powerful in the case of an isolated QTL. Hence, a

compromise should be reached using both approaches. In fact, recently, a joint approach has been

propose d that makes the combined use of the conventional interval mapping with regression

methods in order to detect multiple QTLs. It was proposed by Jansen (1993) suggesting to fit one

QTL at a time in a given interval and simultaneously using some of the markers as cofactors to

eliminate the effect of additional QTLs. Similar idea was put forward by Zeng (1993, 1994) and

exp anded by Jansen and Stam ( 1 994) i n a very general method. The method e-x-~pToits two features,
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the use of additional parental and F 1 data, which fixes the j oint QTL effects and the environmental

error, and the use of markers as cofáctors which reduces the genetic background noise. By using

the EM algorithm, missing values of any kind (markers or quantitative traits) are easily estimated

making full use of the data.

Most methods are based on segregating populations derived from crosses of inbred lines. For many

species flús is not practicable, but crosses can be made between outbred lines. Haley et al. (1994)

used least-squares methods to regress trait phenotypes onto additive and dominance effects of

putative QTLs,in marker intervals. The work is for the situation of crosses between outbre d lines

in which the trait loci are segregating but in which the markers used are fixed for alternative alleles.

3. SAMPLE SIZE AND POWER STUDIES

The accuracy of any mapping procedure depends not only on the ability of the statistical method

to determine the location and to estimate the genetic effect of the QTLS. Other factors have ' a very

important influence on this accuracy as well: the heritability of the trait, the contribution of each

QTL to the total genotypic varíance, the number of QTLs, their interactions, their distribution over

the genome, theír distance to the markers, the statistical distribution of the random non-genetic

factors, the type of segregating population studied, its size, the genome size, the nuffiber of marker

loci employed, etc, Given the large number of factors, authors restrict thernselves to partial studies

investigating some of these factors at a time.

For the single marker approach, Soller et al. (1976) gave approximate formula to get the number

of individuals per marker class required to detect a given difference between the values of the

quantitative trait in each marker class. They assumed that the QT L was located exact1y on the

marker (which is quite unl.lkely to happen); for F2 they wrongly assumed constant variance of the

quantitative trait within the marker classes. According to their calculations they concluded that a

few thousand o,ffspring would be enough to detect ciose linkages involving QTLs contributing

about 1% of the total phenotypic variance of the -trait in the F 2 . Relaxing both assumptions Asíns

& Carbonell (1988) gave-the following formula for the number of individu-als- per homozygote
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genotype in a F2 population in order to detect the QTL at the 5% leve¡ and a probability of error

Type Il of 10%:

10.5 r (l- r), k 2 r (1-3r, 4r 2 - 2r	1 (1. !k 2)( I _ 1

N>-	
(P2r)2	

4	2	h2

k-	 h2where k is the degree of don-únance	a ), and	is the heritability of the trait. It is clear from

the formula that the number of offspring is a fu'nction of the unknown recombination fraction;

hence the maximum allowed recombination fraction should be stated in order to obtain the sample

size. As a practica] guide, Cowen ( 1988) indicated that the smallest additive effect a detectable is

in the range of 1/2 to 1/ 12 the size of the corresponding LSD at the 5% for the quantitative trait.

He used 100* recombinant inbreds or doubled haploid lines and 6 replicates. With S I lines, the

witffin, -population dominance effects d can be also detected. The smallest d detectable is 3-4 times

the above size.

The comparison between the maximum likelihood approach and the comparison of means seems

to be influénced by the poor convergence during maximum likelihood estimation when the effects

of the QTL are small and for recombination fractions approximately 0.5.

For the interval mapping approach, Carbonell et al. (1993) used 100 replicated sets of 250

simulated individuais to investigate Ihe power of the interval mapping to detect and estimate the

genetic effects of several QTLs. The simulated individuals had eight linkage groups with six

markers each separated by 20 cM distance. Six unlinked QTLs were involved in the expression of

the quantitative trait, with different gene action under the assumption of dominance in some QTLs

or a completely additive model. They concluded that doubled haploid populations could be used

with smaller sample sizes because they show much higher power than backcrosses. Moreover,

more accurate estimates of the location of the QTL and with less variance were obtained. This
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result could be expected from the fact that the model uses more spread-out values (+ 1 and - 1 ) than

backcrosses (0 and -1), and that the absolute difference between the means of both hornozygous

genotypes is larger than that between the heterozygous and the recessive hornozygous genotypes.

When dwúnance is present backcrosses not only give biased estimation of the effects, because

additive and dominant effects are completely confounded in this mating design, but also some QTL

could not be detected due to similar the genotypic values of the hornozygote and the heterozygote

at those loci. That could be the case for complete dominance when the F, population is

backcrossed with a "high" producing parental line and also when, independent of the direction of

the backcross, the recurrent parental line had the "high" allele at some QTL. For doubled haploids,

the power of detecting a given QTL is clearly related to its relative contribution to the heritability

of the character; i. e., proportional of to the square of its additive value	The higher its

contribution, the higher the probability of being detected. Even QTLs having small effects were

identified by the model; the power of the test was about 90% for heritabilities of the QTL as low

as 5%. To obtaín similar power for backcrosses, the heritability attributable to the individual QTL

should ' be around 14%. For a given type of gene action, a is difficult to compare with F2

populations results (Carbonell et al., 1992) because two different criteria were used for this

population but ¡t seems that doubled haploids have a similar power than F2 . In fact, similar values

of 5% for the heritabilities of the QTL were obtained by van Ooíjen (1992) for this type of

population. However, if dominance is present, doubled haploids will only detect the additive

component of a particular QTL. This fact could be of an extreme importance for QTLs showing

overdominant effects or to design the most efficient breeding strategY in order to exploit the non-

additive variation hidden in some QTLs. The major technical advantage for doubled diploids,

independent of any effect of replicati(in on the required number of offspring, lies in the fact that

the lines can be reproduced independently and continuously evaluated with respect to additional

quantitative traits and markers with afl the information being cumulative (Burr et al., 1988). If the

effect of replication is taken into account, replicated progenies can bring about a major reduction

in ¡he number of individuais that need to be scored. Reductions are the greatest when heritability

of the trait is low, but are much less when heritability is moderate to high under the assumption of

codominance at all QTL (Soller & Beckmann, 1990).
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Regarding the statistical approach ¡t is interesting to compare the classical "single marker"

methodology with the interval mapping. The methodologies based on the study of all markers

simultaneously are much more specifically designed for the case of multiple linked QTLs.

Lander & Botsein (1989) concluded that even in the worst case where the QTL is located in the

míddle of the interval, interval mapping decreases the number of offkpring by a factor of (I - p) as

compared with the single marker approach; so for maps having markers at distances of 10, 20, 30

and 40 cM, the savings are about 9%, 16%, 23% and 28%, respectively (assuming the Haldane

mapping function). However, Knott & Haley (1992) compared bóth maximum likelihood

procedures for simulated F2 data and found that the use of flanking markers only provides

substantially more power for QTL detection when markers are widely spaced and the QTL effects

are large; however, interval mapping has the additional advantage of correaly positioning the QTL

and estimates its effect on the average. The estimates obtained using single markers are not close

to the simulated values with both the distance from the nearest marker and the additive effect

overestimated. In this comparison, the authors have ignored the problem of the level of significance

of the comparison and did not give the exact distributions of the test statistics they used. Similar

results were obtained by Rebai et al. (1994) when analytically compared the power of the

maximum likelihood using interval mapping and the ANOVA approach for backcross populations.

They showed that the ANOVA test is less powerful for all non null values of the distance between

the fianking markers- however, for small intervals (distances from 0 to 30 cM) the difference in

power between the two tests do not exceed 5%. For large intervals and quite large QTL effects,

the advantage of interval mapping is 10% to 30%. For simplicity in the analytical derivations, their

approach assumed absence of double crossing over; therefore, the results for large intervals would

be approximate and conclusion should be taken with caution. For small effects of the QTL (less

than 1% of the phenotypic variance) powers of the tests are close to the significance level and

could not be compared.

Single marker methodologies based on ANOVA and comparison of means are much more simple

to implement using standard statistical computer packages but they can-b-e—only used to the
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detection of several unlinked QTLs. They can be used as an exploratory phase of the study where

we are simply interested in the detection of association. If an estimate of the localization of the

QTL and an uribiased estimation of effect is required, interval mapping should be used although

previous mapping of the markers is needed. lf precise estimation of the recombination fraction

between the flanking markers is not available, Knott & Haley (1992) found that the use of an

incorrect value for the recombination frequency between the fianking markers, does not affect the

ability to map the QTL as long as the order of the markers along the chromosome is correct. On

the other hand, when a QTL is located in the distal part of the linkage group not fianked by

markers, the maximum of the LOD score is likely to arise in the interval ne'ar to the QTL, or even

at the position of the marker; that will result in a mislocalization of the QTL and an under-

estimation of its effect. Therefore, as Rodolphe & Lefort (1993) conclude, the comparison between

results obtained from different statistical methods can give an interesting insight especially on the

number of QTLs; if the purpose is a precise dissection of the genetic determinism of the trait under

study, this cannot be achieved with only one experiment; the search for QT1,s should be an iterative

process. The multimarker model enables the experimenter to focus on the interesting segments

detected. New experiments must be made, with more markers on these segments and more

individuals in order to get more recombinant genotypes between these closely linked markers.

These new experiments can be analyzed using different models and methods adapted to specific

situations and purposes. Then, simultaneous use of several methods should lead to bettei efficiency

in QTL technology.

4. PERSPECTIVES AND FURTHER REMARKS

In the preceding sections, it has been shown that there are still some unsolved'mátters that deserve

further research. They are mairíly related to the presence of closely linked and interacting QTLs,

the development of efficient ways to detect QTL showing small effects, unveiling QTLs masked

by other QTLs having very large effects, the presence of epistatic effects, methods not only

directed towards increasing the power of the designs but also to decrease the probábility of false

positives, better knowledge of the distributional properties of the test statistics-being used, models
1
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for non-normally distributed traits, models for populations of allogamous plants, etc.

There has been a fast development of techniques in the areas of genetic markers and pollen-derived

hornozygous plants. Both technologies assisted by specific statistical methods provide powerful

means for QTL identification. Carbonell et al. (1993) concluded for interval mapping that doubled

haploid populations will allow to conduct experiments with less number of individuals because,

similar to F2 populations, they show much higher power than backcrosses and the estimates are

more accurate. However, if dominance or overdominance play an important role at some QTLs,

this information will not be unveiled using the doub led haploid design. As it has been discussed

previously there are still left several situations where location of QTLs may fail or even providing

false positives; therefore, further research efforts have to be focused on the statistical methods.

Sometimes, it may be a problem not related to the statistical model itself but to the experimental

design usid. If the purpose is a precise dissection of the genetic determinism of the trait under

study, we do not believe it can be achieved with only one experiment or methodology; QTL

analysis has to be an iterative process.

In addition to QTL location and estimation of gene effects, important aspects of QTL analysis have

been recently studied. Therefore, there is a considerable body of knowledge that should enable us

to deeply investigate other well known and important phenomena related to the nature of

quantitative variation such as: pleiotropy, gene interactions, heterosis, transgressive segregations,

and genotype by environment interaction. Very recently, several authors have focused studies

t0wards these subjects (de Vicente & Tanksley, 1993; Bretó et al., 1994; Asíns et al., 1994) and

we will discuss now some of these aspects.
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5. APPLICATION TO STUDY THE INTERACTION GENOME BY

ENVIRONMENT IN ALMONDS (ASÍNS ET AL., 1994)

The genotype by environment interaction (G x E) is the differential genotypic expression across

environments. This interaction reduces the association between genotypic and phenotypic values

and may cause selections from one environment to perform poorly in another, thereby for^ing plant

breeders to examine genotypic adaptation. In addition, the sampling problems associated with

yearly variation suggest a necessary testing for many crop cycles. To save time, breeders opt to

substitute temporal with spatial variation, assuming that- testing over a wide geographic range can

ensure a parallel degree of temporal buffering capacity in the germplasm.

QTL analysis based on genetic markers could be used as an approach to study G x E, and even

more, to gain stability by designing a marker assisted selection scheme that takes into account all

the QTLs involved in the trait for the different environments.

The objective of the investigation was to study the effect of years on QTL detection for 15 traits.

The plant material consisted of 123 seedlings established in 1896 that had been derived by hand

pollination of emasculated flowers of the Spanish almond variety "Ramillete" with pollen of the

Italian variety "Tuono". Fifteen traits were evaluated in 1989 and 1990, and six of them also in

1991 according to Table 4.

The association of isozymatic markers and traits recorded as categorical variables was studied by

chi-square contingency tables and by one-way ANOVA and t contrast for the remaining variables.

These results are shown in Tables 5 and 6.

At least 22 putative QTLs were detected. Only 3 (or 5 at 10% significance) of them behave

somehow homogeneously through the years, none of them were associated with traits recorded

as categorical variables. Three factors may be involved in this lack of stability: l), the test statistic

used to detect association being dependent on the character definition of variables; 2), the

contribution of the QTL to the total genetic variability of the character; and S)--, —a differential gene
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expression depending on the year, i. e. due to G x E. The first two facto factors are close related.

As ¡t has been shown (Carbonell et al,. 1992), the power to detect a given QTL is related to its

contribution to the heritability of the trait. Thus, with respect to moderate heritabilities (Dicenta

et al., 1993a, b), if specific the contribution of the QTL is low, it may remain undetected. That

could explain the cases Rke rugosity of the seed, RS, (tables 4 and 5) and percentage of the kernel,

PK, (tables 4 and 6). If heritability is low and the statistical test is not very powerful, it is a matter

of chance that the association is detected or not. This could have happen in case like the QTL

detected for the color of the tegument, CT. Most cases in which there is a lack of stability in QTL

detection involve traits whose heritability estimates change drastically from one yéar to another like

yield intensity, YI, and number of double kernels, ND, and duration of flowering, DF, and/or

whose correlation coefficients between years are low, like YI (from -0. 14 to 0.28), kernel weight,

KW, (0.36), and DF (from 0.00 to 0.24). This suggests that there are important differences in the

number and/or the relative contributions of the genes controlling the quantitative trait that are

dependent on the year (G x E).

It ¡s noteworthy that the variation for three traits related to yield (Y1, KW and PK) in 1990 was

associated to segregation at Prx,-2. Temperature records showed that the winter of that year

(December 1989 to February 1990) was the warmest, Nkith no under OT temperatures. Therefore

¡t is not due to resistance to adverse conditions but a matter of genotype by environment

interaction playing an important role in the determination of the phenotypic value of the plant.

Most associations found in 1989 were also found in 1990; however, none of the associations

found in 1991 were found in the other years. The coldest winter was that from December 1990

to February 1991 with temperatures of -3'C. Similarly, the lowest values of the coefficient of

correlation per trait among years were between 1991 and 1989 or 1990 (data not shown). Winter

temperature regimes affect flowering times and the duration of flowering. The way these traits

become affected must be a change in gene expression: one or several QTLs linked to Got-2 are

involved in IF, Nff and FF in 1989 and 1990, while other(s) linked to Prx,-2 are specially relevant

for those traits in 199 1. This difference might be just a difference in the leveLof-gene expression
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at the QTLs involved in such a way that the final result is a change in their genic effects (losing

or gaining importance in their contribution to the genotypic value of the trait).

Given that a cornmon marker was associated with several traits, correlation coefficients among

those traits per year were studied. High correlations (about 0.7) were found ainong IF, W and

FF for the three years; DF and FF for 1989 (0.7 l), and DF and IF for 1991 (-0.73). On the basis

of these data and the simultaneous change of association of IF, Nff and FF with other marker loci

being dependent on the year, the-se traits must involve many QTL in cornmon (QTLs with

pleiotropic effects).

Hence, it has been shown that it is possible, not only to measure but also uncover the differential

gene expression involved in G x E using the methodologies developed for QTL analysis and it is

an essential step to establish the marker assisted selection scheme and to dissect the quantitative

trait itself
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Table 1. Frequencies of QTL genotypes within each genotypic class of the marker for an F2
population.

Markers	QIQI	 QIQ2	Q2Q2

mimi,	 2p(1-r)	 r2

-MIM2	 (1-2r-2r2)	 P<I-r),

m2m2	 r2	 2p(1-r)	 (I-rv
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Table 2. Means and variances of the QTL within each genotypic marker class for F2

populations.

Marker genotype	Means	Variances 
lay

mimi	
li-a(1-2r).2d?^l-r)	 2a'P(I-r)+2d 

2M
-4a&(P3r,2r2)

MIM2	p-¿kl-2r.2r2)	 2a2p(pr).2d2M

m2m2'	
p-a(1-2r)-2dp(I-r)	 2a2p<I-r>2d 2rU~ 1-3r,2r2)

(a)	
u-1-3r.4r 2 

-2r3
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Table 3. Marginal marker genotypic frequencies and expected and conditional frequencies of

the two types of QTL genotypes given the genotypes of the fianking markers for a doubled

haploid population.

Conditional frequencies

Under Haldane's	1 Under no double

Marker

AIBI/AIBI

AIB2/AIB2

A2B,/A2B,

A2B2/A2B2

Marginal	QIQI

(1 -p)/2	(1 - S)

p/2	(1 - t)

p/2	t

(1-p)/2	S

Q2Q2	QIQI	Q2Q2

S	 1	0

t	r'/p	r/p

(1 - t)	r/p	r/p

(1 - S)	0	1

p is the recombination fraction between the markers, s = rí'//1 - p), t = r(1 - r')/p, (assuming

Haldane's function); and r and r' are the distance of the putative QTL to the left (A) and right

(B) marker, respectively
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Table 4.- Coding, heritabilities and mean values of the traits (taken from Dicenta and Garcia

1993)

Mean values	 h 2

Traits	 Code Years Ramillete Tuono	1989	1990	1991

Inifial Flowering	IF	3	39.3	54.7	0.95±0.06	0.57±0.05	1.03±0.07

Maxímum Flowering	MF , 3	46.0	59.0	0.80±0.08 0.71±0.08 .1.12±0.06

Final Flowering	FF	3	52.0	64.7	0.87±0.07	0.53±0.07	0.97±0.07

Durafion of Flowering	DF	3	12.7	10.0	0.93±0.11	0.08±0.15	0.58±0.13

Maturation Date	MI)	2 223.5	214.5	0.61±0.07	0.88±0.08

Durafion of Maturation	DM	2 170.5	150.0	0.56±0.08	0.89±0.12

Percentage of Failures	NF	2	2.0	0.6	0.60±0.29	0.27±0.18

In-shell Weight	SW	2	3.4	2.8	1.25±0.13	0.90±0.10

Kernel Weight	KW 2	1.0	1.0	0.78±0.18	0.60±0.12

Percentage of Kerneis	PK	2	30.6	35.7	0.55±0.14 0.54±0.11

Number of Double Kerneis ND 2	0.4	3.0	1.19±0.45 0.19±0.38

Flower Density	FD	3	4.3	3.3	0.72±0.23 0.65±0.16	0.24±0.27

Density of Y¡eld	DY	3	4.3	3.0	0.94±0.15 0.42±0.12	0.00±0.19

Auto compatibility	AC	1	NO	YES

Rugosity of the seed	RS	2	1.0	2.5	0.56±0.11	0.64±0.11

Color of the seed	CS	2	2.5	1.5 0.26±0.14	0.37±0.13
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Table 5.- Probabilities of the chi-square statistic calculated to compare the distributions of traits

regarding the marker genotypes. *indicates probability lower than 0.05.

Traits
------------------------------------------------------------------
Marker	Year - FD DY AC RS Cs
-------------------------------------------------------------------

Pgrn-2	1989 0.27 0.68 0.28 0.75 0.02*

1990 0.47 0.49	0.64 0.11

1991 0.28	0.93

Pgi-2	1989 0.79 0.57 0.96 . 0.20 0.07

1990 0.81	0.40	0.93 0.13

1991 0.25 0.35

Prxc-2	1989 0.58 0.10 0.23 0.02* 0. 13

1990 0.15 0.03*	0.27 0.03

1991 0.69 0.74

Got- 1	1989 0.34 0.97 0.89 0.46 0.36

1990 0.91	0.68	0.14 0.15

1991 0.62 0.30

Got-2	1989 0.77 0.49 0.11 0.31 0.04*

1990 0.80 0.21	0.18 0.23

1991 0.54 0.73
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Table 6.- Probabilities of the F statistic obtained from the one-way ANOVA to test the

association of the quantitative trait with a marker. * and indicate probability lower than 0. 05

and 0.01, respectively.
0

IF MF FF DF MD DM NF SW KW PK ND

Pg -2 1989 0.07 0.32 0.73 0.23 0.16 0.12 0.18 0.17 0.03* 0.89 0.23

1990 0.05* 0.10 0.51 0.06 0.57 0.45 0.61 0.28 0.02*—0.68 0.12

1991 0.58 0.11 0.25 0.60

Pgi-2 1989 0.08 0.06 0.72 0.23 0.21 0.16 0.87 0.05*0.04 0.39 0.73

1990 0.27 0.20 0.48 0.52 0.85 0.92 0.82 0.03*0.27 0.13 0.74

1991 0.25	0.15 0.28 0.51

	

Prx,-2 1989 0.79 0.33 0.51	0.25 0.21 0.13 0.49 0.72 0.40 0.56 0.21

1990 0.36 0.33 0.13 0.51 0.34 0.70 0.23 0.08 0.02* 0.01**0.81

1991 0.00**0.01**0.02* 0.04*

Got-1 1989 0.21 0.34 0.07 0.36 0.89 0.51 0.58 0.64 0.20 0.81 0.18

1990 0.18 0.08 0.00**0.07 0.95 0.34 0.60 0.92 0.27 0.99 0.03*

1991 0.05* 0.23	0.11	0.11

Got-2 1989 0.04* 0.06 0.00**0.08 0,48 0.06 0.58 0.41 0.86 0.25 0.30

1990 0.00**0.00**0.00**0.91 0.22 0.03* 0.39 0.70 0.90 0.35 0.88

1991 0.51	0.84 0.96 0.22
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Figure Legends

Figure 1. Typical results found for two linked QTLs actually located at 42 and 82 cM from

the leflmost marker. Curve F involving a single QTL at 82 cM is included for comparison

purposes.
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