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Summary. A model for the effects of  single gene (SG), 
polygenes (PG) and their interaction on quantitative 
traits was developed. It is a mixed model where the SG 
is a fixed effect and the PG is a random effect. A two- 
way factorial experiment, in which the SG and the PG 
are the main effects, is proposed. The experimental 
material is comprised of  F3 families derived from F2 
plants heterozygous for the SG. For this experiment an 
ANOVA table with expected mean square is proposed, 
which facilitates estimation of  the components of  the 
model and testing o f  their significance. A detailed 
method for the interpretation of  results from such an 
experiment is proposed, with emphasis on the analysis 
of  the S G •  interaction. Theoretical and applied 
aspects of  SG x PG interaction is discussed. 
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Introduction 

Many quantitative traits are known to be controlled by 
one or more major genes as well as by polygenes (PG) 
(Falconer 1981; Mather and Jinks 1971), the former 
having a relatively large effect on the trait under study 
and the latter, a small effect (Thoday 1977). In this 
paper the term 'single gene' (SG) is used, and refers to 
any identifiable gene, irrespective of  its relative effect. 
Investigations concerned mainly with major genes often 
refer to polygenes as 'genetic background'  or 'modifier 
genes' (Falconer 1981; Mather and Jinks 1971). 

* This paper is part of a Ph.D. Thesis of the senior author to be 
submitted to the Hebrew University of Jerusalem 

Several experimental methods for estimating the effects of 
SG on quantitative traits have been reviewed by Gilbert 
(1985b), some of which also estimate the PG variation. None 
are capable of estimating the SGxPG interaction, as they 
assume this component to be non-existent, but evidence for 
such interaction has, however, been reported (Habgood and 
Uddin 1984; King 1955; Vasal et al. 1979). 

Many SG are of great importance in breeding programs as 
they have a desired effect on important characters, e.g. 
'opaque-2" which improves the nutritional value of maize 
kernels (Vasal et al. 1979), 'nor'which increases the shelf-life of 
the tomato fruit (Kopeliovich et al. 1979; Ng and Tigchelaar 
1977) and "Rhtl' and "Rht2" which reduce the height of wheat 
plants (Gale 1979). However, such SG frequently have un- 
desirable effects on other important traits which are also con- 
trolled by PG. In many cases these effects threaten to 
jeopardize the SG utilization. Vasel et al. (1979) demonstrated 
that it is possible to overcome the adverse effect of "opaque-2" 
on grain yield by selection for favourable modifier genes. 
Similarly, it was suggested that the adverse effect of "lys3" in 
barley could be overcome by manipulation of the genetic 
background (Tatlberg 1982). This procedure may help in over- 
coming the adverse effects of "nor" on fruit color and taste in 
tomato, and facilitate its utilization in breeding for fruit 
firmness (Kopeliovich et al. 1979; Ng and Tigchelaar 1977). 
Thus, information concerning the interrelation between the SG 
and the PG is important in many cases for breeding. 

The purpose of  this paper is to propose a model 
which combines the effects o f  a single gene as a 'fixed 
effect', polygenes as a ' random effect', and elucidates 
the interaction between them. An experimental design 
which facilitates the estimation o f  components o f  the 
model is suggested, and the methods for interpreting 
the results of  such an experiment are given. Special 
emphasis is put upon detailed analysis of  the inter- 
action. 

The genetic model 

The genetic effects on the trait under study are the SG, 
PG and the SG x PG interaction. 
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The single gene 

The SG is assumed to have two alleles (S, s) and three 
genotypes (SS, Ss, ss). No assumptions are made  
regarding the degree of  dominance.  The effect of  the 
SG can be est imated from the means  of  the groups of  
individuals  sharing the same SG genotype. The indi- 
viduals '  single gene genotype (SGG) should be clearly 
identifiable by its effect on the character  being studied, 
or on other  traits, through ple iot ropy or close l inkage to 
one or two marker  genes. In addit ion,  progeny tests 
may be used to distinguish between the heterozygotes 
and the dominant  homozygotes.  The effect of  the SG is 
'fixed' as our  aim is to estimate the means  of  the three 
possible ' levels '  (genotypes) of  the SG (Searl 1971). 

The polygenes 

The PG in this model  are numerous  enough to warrant  
the continuous and normal  distr ibution of  the geno- 
types in the populat ion.  No assumptions are made  as 
to dominance  or other interactions between PG. The 
variation among the PG is obta ined by random 
sampling of  groups of  relatives or families from a 
populat ion segregating for the PG. Thus, the families 
are a random sample  of  all possible combinat ions  of  
the PG, and the family mean represents a certain poly- 
genic constitution of  its common ancestor. The PG in 
the model  is considered a ' r andom effect', as our aim is 
to estimate the variance of  the PG combinat ions  under  
study. 

The interaction between the single gene and the polygenes 

In cases where the effect o f  the SG differs in various 
PG constitutions, as expressed in different families, and  
similarly, where the effect o f  the PG varies with the 
SGG, interact ion between the SG and some or all of  
the PG exists. The interaction effect can be studied by a 
two-way factorial design of  the S G G  and the families. 
It is essential that each family should include all levels 
of  the SGG. 

The genetic design and statistical procedures 

The estimation of the components of the genetic model 
mentioned above is achieved by using a two-way factorial 
design. One factor is the PG variation, obtained from dif- 
ferences between families, and the other factor, orthogonal to 
it, is the SG with its three possible genotypes. Consequently, 
the design allows us to identify and quantify the SGX PG 
interaction. 

The individuals in the experiments may either be arranged 
at random, or in two levels resembling a split-plot design. In 
the latter, the families are arranged in several main plots 
(replicates), whereas the SGG are arranged in a pattern 
resembling the secondary plots. To avoid complications in the 
statistical analysis, a balanced structure is highly recom- 
mended. In populations segregating for the SG, the above can 

be achieved by planting an extra number of individuals in 
each family, and sampling at random an equal number of 
individuals for each SGG within each family. A detailed 
example of an experiment suitable for self-pollinating plants, 
which follows the above structure, is given below. 

F3 families derived from single gene heterozygotes 

In this experiment the population to be investigated is com- 
prised of individuals, each belonging to a specific F~ family, 
which segregates for the SG. Each F~ family is derived from a 
single selfed F2 plant heterozygous (Ss) for the SG. The 
parents of the F1, from which the F2 source population arises, 
must differ in SGG. Furthermore, to obtain maximum diver- 
gence in the PG they should differ widely in the PG for the 
character under study. When the parents are not homozygous 
in all PG, it is advisable to derive the source F2 population 
from a single F1 individual. The traits under study in indi- 
viduals of the F3 generation are measured and their SGG is 
determined. 

When a more detailed investigation of the polygenic 
system is desired, the parents and F1 populations of the F3 
under study can be included in the experiment, and each of 
the above populations should be arranged at random or in 
split-plots according to the design chosen. 

The model of the design and the analysis of variance are 
presented for both random and split-plot designs. 

The random design 

Yijk is the performance of the k-th individual from the j-th 
family with the i-th SGG. 

Yijk= U + Si+ Pj + S • Pij+ Wijk, (1) 

where U is the general mean, Si is the SG effect of the i-th 
.genotype, with three possible genotypes, (i = 1 (SS), i= 2 (Ss), 
1=3 (ss)), Pj is the effect of the j-th family (j = 1 to p, the num- 
ber of families sampled), S • Pij is the effect of the interaction 
between the j-th family and i-th SGG, Wijk is the effect of the 
k-th individual within the ij-th SG• PG combination (k= 1 
to n). Si is a 'fixed effect' with a zero mean; Pj is a random 
effect with a zero mean and variance ~p; S x P  has zero mean 
variance ~p  and for each family the sum of the SG effects is 
zero (Scheffe 1959). 

The split-plot design 

Yijlk is the performance of the k-th individual from the l-th 
plot of the j-th family with the i-th SGG. 

Yijlk= U + Si+ Pj+ RjI+ S X Pij+ S X Rijl+ Wijkl. (2) 

Where U, Si, Pj, SxPij ,  are as in (1) with p families, each 
having r plots with n individuals for each SGG within each 
plot. Rjl is the random effect of the plots within each family 
having a zero mean and cr~ variation. S x Rijl is the interaction 
between the i-th SGG and the 1-th plot within the j-th family 
(1= 1 to r). It has zero mean, variance ~r ,  and for each plot 
within family the sum of the SG effects is zero (Scheffe 1959). 
Wijkl is the effect of the k-th individual within the j x 1-th plot 
and the i-th SG combination, random in nature with a zero 
mean and ~ .  

Interpretation of results 

General 

There are a number  of  possible paths in interpret ing 
the results, depending on the presence and nature of  



Table 1. ANOVA for Fs families in a random design 

Source df E (MS) a 
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Mean (U) 1 
Between Fs families (P) p -  1 
Single gene (S) 2 
Interaction (S • P) 2 (p- 1) 
Within families-SSG (W) 3p (n-l)  

O~w + 3n~p + 3pnU 2 
O~w+3n@ 
O~w + n~p + (pn/2) Z Si 2 
Oaw + n~p 
O~w 

a The expected mean square derived following Cornfield and Tukey (1956) 

Table 2. ANOVA for Fs families in a split-plot design 

Source df E (MS) a 

Mean (U) 1 
Between Fs families (P) p-1 
Plots within families (R) p (r-1) 
Single gene (S) 2 
Interaction (S • P) 2 (p- 1) 
Interaction (S • R) 2p (r-l)  
Within plots SGG (W) 3pr (n-1) 

~w + 3n~ + 3nr~ + 3pnrU z 
Oaw + 3n~ + 3nr~p 
O~w+3n~ 
Oaw + n~r + nras2p + (pnr/2) Z Si 2 
Oaw + nO~sr + nrO~sp 
~w + n~r 

The expected mean square derived following Cornfield and Tukey (1956) 

TESTING THE "'I 
INTERACTION YES 
FOR A TREND 

FOR TRENDED RANDOM INTERACTION I 
INTERACTION VARIANCE ] 
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Fig. 1. Flow chart for the interpretation of the ex- 
perimental results of F3 families derived from single 
gene heterozygotes 

the S G •  interaction. These are described in Fig. 1 
and the use of  graphical representations as well as of  
statistical analyses are illustrated and their importance 
discussed. 

1 Test for single gene • interaction 

The significance o f  the SG • PG interaction is tested by 
the use of  ANOVA (Table 1 or 2). First, the assump- 
tions of  the ANOVA should be tested, in particular 
normality and homogeneity o f  variance (Scheffe 1959; 
Sokal and Rohlf  1981). In the random design the F test 

for the interaction is performed on the mean square of  
the interaction (S•  P) divided by the 'within families 
SG' mean square (W). In the split-plot design, the mean 
square of  the interaction between the SG and 'plots 
within families' (S • R) gives the appropriate error for 
the F test o f  the S G •  PG interaction. 

2 Interpretation of interaction 

Testing the interaction for a trend. The nature of  the 
interaction may be random or follow one of  various 
trends. Analysis of  its nature should therefore employ 
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graphical representations as well as model-fit t ing tech- 
niques. The graphical presentation in Fig. 2B is an 
example of  random interaction. Examples  of  inter- 
actions which follow certain trends can be seen in 
Figs. 2C, D. It appears that the graphical presentation is 
the best tool to determine whether  the interaction is 
random or not, al though some statistical procedures 
can be followed, e.g. rank correlation or Runs Tests 
(Sokal and Rohlf  1981). Theoretically, the interaction 
can both partially be random, and follow a certain 
trend (Mather  and Jinks 1977). Therefore, if no clear- 
cut answer regarding a trend in the interaction is 
apparent,  an at tempt  to fit a model  for trended inter- 
action is recommended.  Furthermore,  it is possible that 
not all three S G G  are involved in the interaction, which 
can be detected by removing the SGG, one at a time, 
from the ANOVA. This approach can also be used in 
the following steps of  the analysis o f  the interaction. 

Fitting a model for trended interaction. The objectives of  
fitting a model  for the interaction are to understand the 
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Fig. 2A-D. Expected results for the Fs families experiment. 
The SG x PG interaction is absent (A) or random (B), with a 
non-linear (C) or linear (D) trend. The means of the within 
family SGG, SS (o), Ss (s), ss (A), are plotted against the 
family mean; the expected means without interaction are the 
lines ( ), ( - -  -) and ( . . . . .  ), respectively 

nature of  the interaction, as well as to predict its effect. 
These two objectives, however, may  at times yield dif- 
ferent models. In the former, a biologically sound 
model is fitted through which the nature of  the inter- 
action can be understood, as for example,  the use of  a 
log transformation or a square root (Falconer 1981; 
Mather and Jinks 1977). The prediction objective may  
yield a model  which will give the best fit, yet have no 
clear-cut biological interpretation. 

When interaction is due to the lack of  additivity of  
the SG and the PG, but the means of  the SGG are in 
consistent order within the families, which are ranked 
in the same order in all three SGG, transformations can 
serve as a tool to remove the interaction and also 
model  it (Scheffe 1959). This information can be ob- 
tained either from the graphs or from rank correlations 
between the S G G  along the families. The possible 
transformations should be strictly increasing, in order 
to preserve the original relative rank of  the data 
(Scheffe 1959). A transformation is chosen which either 
removes the interaction, or reduces it while leaving the 
residual interaction random. 

Random interaction. When the interaction is random in nature, 
it is meaningful to estimate its variance, from the ANOVA 
(Table 1 or 2), where ~p  is the estimate of the interaction 
variance. Its relative magnitude, in comparison with other 
sources of variance, can express the importance of the interac- 
tion in addition to its statistical significance. The variance be- 
tween and within families in each SGG should then be tested 
for homogeneity. If not homogeneous, variance components 
should be estimated separately in each of the three SGG. If 
there is homogeneity, then t~p and t~w, the between and within 
families variances, can be used for further polygenic inter- 
pretations. 

3 Analysis ofpolygenic variation 

The analysis of  PG can be performed according to con- 
ventional methods (Mather  and Jinks 1971; Mather  and 
Jinks 1977; Cahaner  and Hillel 1980). Here, only those 
points which need modification will be presented. The 
Joint Scaling Test can be performed only if the parents 
and the F1 were included in the experiment.  Otherwise, 
estimation of  components  of  genetic variance and 
heritability is based on the assumption that no inter- 
action between the polygenes exists. 

Joint scaling test. For the Joint Scaling Test (Cavalli 
1952; Mather  and Jinks 1977), modified coefficients 
should be used to incorporate the single gene into the 
model. These are shown in Table 3, where d *, h *, D *, 
H*,  are the additive and dominant  effects for the SG 
and for the PG, respectively. 

Estimating the components of genetic variance and 
heritability. The components  of  genetic variance can be 
estimated by using the variance between and within the 



Table 3. The coefficents for Joint Scaling Test for F~ popula- 
tion 

Single gene Population Coefficents 

m d* h* D* H* 

SS P1 1 1 0 1 0 
ss P2 1 - 1 0 - 1 0 
Ss F1 1 0 1 0 1 
SS F3 1 1 0 0 1/4 
Ss F3 1 0 1 0 1/4 
ss F3 1 - 1 0 0 1/4 

F3 families which can be obtained from the ANOVA 
table. Following Mather and Jinks (1977) it can be 
stated: 

Variance between F3 families: 

VlF3= 1/2 D +  1/16 H =  ~p. (3) 

Variance within F3 families: 

V2F3 = 1/4 D +  1/8 H + E w =  t~w. (4) 

A heritability estimate (in between 'narrow sense' and 
'broad sense') can be obtained following Cahaner and 
Hillel (1980). 

h~, = 3 t~p/2(t~]r ~p) (5) 

The environmental variance, Ew, can be estimated from 
the variance within the parents and the Fa populations 
if they were included in the experiment, as seen in (6). 

Environmental variance: 

Ew= 1/4 Vpl+ 1/2 VFI-~ 1/4 Vp. (6) 

A perfect fit solution can yield estimates of  the variance 
components D and H from (3), (4) and (6), facilitating 
estimates of the 'narrow sense' and 'broad sense' 
heritability values. 

4 Estimating single gene effects 

The mean of each SGG is calculated with its standard 
error SE=(MSW/pn)  ~ when there is no interaction, 
and SE=(MSSP/pn)  ~ when there is significant inter- 
action of random nature. In the absence of S G •  
interaction, the probability that an individual of  a given 
SGG will have certain larger or smaller values, can be 
calculated by using the SGG mean and t~w from the 
ANOVA. In the presence of  random interaction the 
variance estimate used is ~p .  

In cases where the interaction is trended, and a 
suitable transformation which removes the trend is not 
found, a generalized interpretation of SG effect should 
be avoided. Any conclusion as to the effect of the SG 
should be drawn separately for each family, or groups 

381 

of families, as is done in the fixed effect model with 
significant interaction. 

In simple cases, when a straightforward interpreta- 
tion of the transformation is possible, the conclusion 
can be based on the transformed data, and the chosen 
transformation may indicate the nature of the inter- 
action. If  for example, a log transformation was chosen, 
the multiplying factor of each genotype can be esti- 
mated from the antilog of the SGG mean. In more 
complicated transformations, however, the transformed 
variables should be used for the analysis and for the 
prediction of certain values, such as the confidence 
interval or selection limits. These values should then be 
subjected to reverse transformation in order to allow 
prediction in terms of the original variable units. 

Discussion 

The mixed model for SG, PG and their interaction was 
presented, and an experiment, comprised of F3 families 
derived from SG heterozygotes, was suggested in order 
to estimate the components of  the model and to test 
their significance. A detailed interpretation of results 
was proposed, with special emphasis on analysis of  the 
interaction. 

The experimental  population 

The model can be applied to organisms with mating 
systems other than self-pollinating plants, e.g. cross- 
pollinating plants, dioecious animals and plants, and 
haploid organisms. It can also be applied to popula- 
tions other than F~ families, such as half-sibs, full-sibs, 
F, families segregating for the SG, F2 of North Carolina 
design II, double cross, etc. (Mather and Jinks 1971). 
These populations can be used if they provide the two- 
way factorial layout, which is essential for the evalua- 
tion of the interaction. 

For maximum reliability and relevance of the esti- 
mates of the SG • PG model, the segregating popula- 
tion should contain the maximum relevant PG varia- 
tion. In the F~ families experiment this can be achieved 
by choosing parents with maximum divergence for the 
initial cross. To ensure that the SG has two segregating 
alleles, the parents should be homozygous for alternative 
alleles of the SG, or, if  not available, the F2 population 
should be derived from a single heterozygote (Ss) F1 
plant. 

Inclusion of the parents and F1 populations in the 
experiment facilitates a more detailed polygenic 
analysis, which includes the Joint Scaling Test (Cavalli 
1952); and estimation of additive and dominance 
genetic variance components, as well as the environ- 
mental variance component (Mather and Jinks 1977). 
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Their inclusion should depend on the objectives o f  the 
research, since they are not essential for the estimation 
of  the interaction and the SG effect. 

Organizing the experiment 

The random design yields a better estimate o f  the com- 
ponent of  variance between families, whereas the split- 
plot design has greater ability to detect S G •  PG inter- 
action. The split-plot design also provides an estimate 
for the interaction between the SG and plots within 
families, which is also an estimate o f  the SG by 
environment interaction. Furthermore, a split-plot ex- 
periment is technically easier to perform, and in most 
cases resembles, more closely, the conditions under 
which plant breeding activities are carried out. Both 
designs can also be arranged in blocks, which facilitates 
detection of  other interactions, such as families by 
block, in addition to reduction in the residual variance. 
Further theoretical and simulation studies are required 
to explore the relationship between the genetic parame- 
ters, the experimental size, and the power of  the 
analysis. 

The single-gene polygene interaction 

The SG• PG interaction is included in the suggested model, 
and its presence tested by the proposed experiment. Further- 
more, its nature may be analyzed by using the suggested inter- 
pretation of results. This component was not included in other 
models suggested for the estimation of major gene effects and 
polygenic variation, as its absence was assumed (Gilbert 
1985b; Hasstedt 1982; Morton and MacLean 1974). Gilbert 
(1985 a) did not attempt to use available methods (Mather and 
Jinks 1977) to detect non-allelic interactions. 

The current models and experimental design dealing with 
genetic interaction for quantitative traits (Mather and Jinks 
1971) estimate the average effects and variance of epistasis, 
which is usually separated into three components: the additive 
by additive, the additive by dominance, and the dominance by 
dominance. The ability to study the involvement of the SG in 
the genetic interaction in detail, as presented in this paper, 
may improve the understanding of genetic interaction of 
quantitative traits. 

Estimating the effect of  a single gene 

The generality of  the estimate o f  the SG effects largely 
depends on the variation in the polygenic constitutions 
on which the estimate is based. A widely used method 
to obtain those estimates is that of  the isogenic-lines, in 
which there is only one polygenic constitution. How- 
ever, generalized conclusions are usually drawn on the 
effect of  the SG in the species. Although this is ap- 
propriate only in the absence o f  interaction between 
the PG and the SG, this condition is seldom checked. 
The suggested experimental procedure, and the under- 
lying model, facilitate estimation of  the SG effect over a 
wide range o f  polygenic constitutions, thus giving a 
more robust estimate. The generality of  the SG esti- 

mates in the suggested experiment depends on how 
well the relevant PG variation is represented in the F~ 
base population. Other genetic designs, such as double- 
cross, may produce a wider PG variation, and hence 
yield a more generalized estimate for the SG. 

The suggested experiment provides an appropriate 
test for the reliability of  the SG effect, as it is able to 
detect and measure the interaction. In the case o f  
random interaction, its mean-square serves as an ap- 
propriate error term for the SG effects. In the case of  
trended interaction, there is no certain reliable SG 
estimate, as its effect varies in different PG constitu- 
tions. 

As a method to estimate SG effects, the suggested 
experimental procedure has also a practical advantage 
over the isogenic-lines, since the former requires only 
three generations to reach the experimental phase, 
while the latter needs at list six generations to establish 
isogenic-lines (BCs). 

Possible application of the model 

Information about the interrelation between the SG and PG 
obtained from the suggested experiment could assist in 
choosing the breeding strategy for traits affected by both, and 
could indicate whether one could overcome or improve the 
effect of the SG by manipulating the PG. Furthermore, the 
analysis of the interaction would show in which SGG selection 
for the desired PG should be performed. In the absence of 
interaction, the selection would be equally efficient in all three 
SGG. On the other hand, when interaction is present, optimal 
selection for the desired PG should be performed in a specific 
SGG. 
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