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��ABSTRACT: Analysis of plant field experiments should be based on realistic approaches 

taking into account the biological process associated with the evaluated trait as well as the 
environmental influences. There are at least three underlying assumptions in the classical 
block model of analysis. Firstly, that the environment associated with plots in a block is 
constant (or nearly so). Secondly, that the response on a plot due to a particular treatment 
does not directly affect the response on a neighbouring plot. Thirdly, the residual errors are 
independent. The first assumption is concerned with  environmental  effects and is often 
called spatial trend, whilst the second assumption is concerned with treatment effect and is 
referred to as interference. The third assumption is concerned with spatial correlation.  
Adjustments for these three effects are likely to improve the analysis and reduce bias. This 
paper aims at accounting simultaneously for trend, interference and correlation in field trials 
of forest trees. The objectives are the comparison and extension of alternative models, the 
quantification of competition levels in these species and the inference about the need for 
more complex models in routine data analysis in these crops. Several models including 
traditional block, spatial (autoregressive row and column effects), phenotypic competition, 
phenotypic competition + spatial, genotypic competition + spatial models were applied on 
two data sets, one concerned with a Eucalyptus species and the other referring to Pinus. 
Results showed that the genotypic competition + spatial model, including the genetic 
competition effect and a balance between residual competition effects and environmental 
trend considers explicitly the genetic competition and allows for the covariance between 
variety and competition effects. It encompasses the whole correlation pattern and tends to be 
more precise than a phenotypic competition model. Results revealed the inconsistency and 
inadequateness of the covariate approach for modelling competition and trend 
simultaneously, which is a well known result for modelling competition effects alone. 
Adjusted REML methods provide precise fitting of phenotypic competition models and 
improve the estimation of the variance and competition parameters. Phenotypic competition 
addresses largely the same source of variation as the autoregressive parameters. General 
models with genotypic competition + spatial terms are often a usual first model to fit as this 
will indicate if a more limited model is appropriate. 
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1 Introduction 

Analysis of plant field experiments should be based on realistic approaches 
taking into account the biological process associated with the trait evaluated as well as 
the environmental influences. Experimental designs play a key role in providing 
reliable data sets for analysis. However, the local control schemes relying on block 
can be inefficient in accounting for all environmental gradients and trends and even 
the incomplete blocks do not provide a complete evaluation of the environmental 
effects. The spatial dependency within blocks, due to fertility and other environmental 
effects, should be considered through appropriate models of spatial analysis. 
Additionally, competition effects of neighbouring plants can also cause bias in 
treatment comparisons, due to interference of one genotype on phenotypic response of 
a neighbour plant or plot. So competition models should be also employed aiming at 
evaluation of interference effects.  

There are at least three underlying assumptions in the classical block model. 
Firstly, that the fertility associated with plots in a block is constant (or nearly so). 
Secondly, that the response on a plot due to a particular treatment does not directly 
affect the response on a neighbouring plot. Thirdly, the residual errors are 
independent. The first assumption is concerned with an environmental  effect often 
called spatial trend, whilst the second assumption is concerned with  treatment effects 
and is referred to as interference. The third assumption is concerned with spatial 
correlation . The trend effect is of common occurrence and correction for it is likely to 
increase heritability and precision estimates, as it is an environmental effect. The 
interference can depend on the biology of the species and its adjustment is likely to 
reduce the heritability estimates, as it is concerned with treatment effects. 
Adjustments for both effects are likely to reduce bias. Experimenters should know 
about the competition effects in the species of interest to assist in choosing between 
models with or without competition effects. In forest trees, competition effects depend 
mainly on age of measurement. Under competition effects, the best genotypes tend to 
exhibit overestimates of their superiority due to greater aggressiveness over the worst 
genotypes which exhibit sensitivity to competition.  

An important feature of the plant interference and spatial trend effects is their 
influence on the fitted models. Spatial trend generates positive auto-correlation 
between neighbouring plants or plots and plant interference due to competition 
generates negative auto-correlation between them. The fitting of spatial models can 
reveal the need for competition models. High (say > 0.3) positive auto-correlation 
coefficients estimates obtained in spatial analysis reveal that spatial trend is 
predominant over competition and negative or near zero auto-correlation coefficients 
estimates reveals strong competition effects probably together with spatial trend. 
Also, firstly fitting a competition model can reveal the significance of such effects. In 
some circumstances, modelling only one of the effects, can be inappropriate. So the 
two effects should be modelled together.  

Spatial correlation has been well accommodated through the residual 
autoregressive models of Cullis and Gleeson (1991) and Gilmour, Cullis and Verbyla 
(1997). Models for competition in plants have been proposed  by Pearce (1957), Mead 
(1967), Draper and Guttman (1980), Kempton (1982), Besag and Kempton (1986), 
Stringer and Cullis (2002) and Stringer, Cullis and Thompson (2005). Where both 
spatial variability and interference are important, a joint modelling approach is 
needed. Durban et al.  (2001) presented a method which combines smoothing splines 
to model trend with the phenotypic interference model for competition. Stringer, 
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Cullis and Thompson (2005) developed  a broad approach for early generation 
sugarcane trials which was based on both the genotypic and phenotypic interference 
models and allows for random variety effects and correlated error structure.   

This paper explores the models initially given in Stringer, Cullis and Thompson 
(2005) and aims at accounting simultaneously for trend, interference and correlation 
in field trials. We outline some of the underlying considerations and further test the 
models on two data sets from tree species. The objectives are the comparison and 
extension of alternative models, the quantification of competition levels in these 
species and the inference about the need for more complex models in the routine of 
data analysis in these crops.  

2 Competition models 

2.1 Phenotypic Interference 

Kempton (1982) presented the following model for competition. 

ijjiij XY εβτ ++= , (1) 

where: 
ijY : observed value of genotype i in plot j; 

iτ  : fixed effect of treatment or genotype i; 

β   : competition coefficient, common to all genotypes; 

jX : mean of the neighbouring plots of genotype i in plot j; 

ijε  : error independently and normally distributed with zero mean and variance 2σ . 

The model assumes observations adjusted for the general mean and ignores the 

block effect. The covariate X is given by �
=

=
p

i
jij pYX

1*
* / where jiY * is the observed 

value of genotype i* in a plot neighbour to plot j and p is the number of neighbouring 
plots considered.  

The iτ effect represents the genotype effect expected when the variety is grown 
under the competitive stress of the trial. Its performance in monoculture is estimated 
by )1/( βττ −= iic , where icτ is the corrected effect of genotype i. Since β is 

negative, it can be seen that the performances of the best treatments are reduced after 
the correction for competition. This is because under competition the more aggressive 
varieties tend to have their performances overestimated in detriment of the more 
sensitivity varieties. If the experimenter is interested in assessing comparative varietal 
performance in monocultures, this correction should be made. The differences 
observed between performances of genotypes in the trials and in commercial 
plantings arise partially because the allocation of varieties in trials are not balanced 
for neighbouring varieties, but largely because a selected variety is likely to be highly 
competitive in the trial and therefore plants are liable to show natural depression in 
yield when grown as a monoculture. The competition effects increase the range and 
variability of genotype effects as they amplify the values of the more aggressive 
genotypes. The correction using factor )1( β− causes shrinkage in genotype effects, 
leading to more realistic results. 
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The parameters can be estimated simultaneously by least square through the 
following set of equations. 

� −=
j

jiji XYng )ˆ()/(ˆ βτ ; ��
=

−=
n

j
jj

n

j
iij XXY

1

2 )/()ˆ(ˆ τβ .  

The summation in equation for iτ extends only over the set of plots j containing 
genotype i (n/g plots, where n is the total number of plots in the trial and g is the 
number of genotypes or treatments).  In the equation for β̂ , all plots are used, as the 
competition coefficient is common for all genotypes. β is a regression coefficient 
relating the residuals with the mean value (as a covariate) of the neighbouring plants 
or plots. 

This least square approach is valid when the covariate is another variate different 
from the main trait of interest, for example, the main trait being the yield and the 
covariate being the plant height. However, when the covariate is defined to be the 
same as the main trait (for example, both being yield), the least square approach 
produces an invalid estimate of β (as the competition coefficient appears in both the 
mean and variance of y). An efficient estimation can be performed using maximum 
likelihood.  

The same model can be re-written by considering only two plants or plots as 
neighbours: 

ijjtjsiij YYY εβτ +++= −+ )()2/1( 1,1, , (2) 

where 1, +jsY  and 1, −jtY are the performances (for the same trait) of genotypes s and t in 

plots neighbouring genotype i.  
In matrix notation, model (2) can be re-written as (Besag and Kempton, 1986): 

εβτ +++= WyZXby , (3) 

where W is an n x n weight or regressor matrix which has the off-diagonal elements 
(j, j ± 1) or the principal off-diagonals equal to (1/2), otherwise zero; b is a vector of 
design features such as blocks, with incidence matrix X. 

2.2 Genotypic interference 

Draper and Guttman (1980) have ignored the errors in sY and tY and used the 
model (2) as  

ijtsiijY εττβτ +++= )()2/1( . (4) 

This model considers that the competition has more to do with the genotype rather 
than with the phenotype of the plants. This makes sense, since the aggressiveness and 
sensitivity of the genotypes are likely to be due to genetic causes and also to depend 
on other traits such as height, canopy size and tillering ability. In such model, the 
regression coefficient relates the genetic effect of the neighbours to the residual value 
of each central plant. 

Pearce (1957) considered a model of plot interference in which each i treatment 
has a direct iτ  effect on the plot to which it is applied and a neighbour iφ  effect on 
each neighbouring plot. Genotype competition can be considered in this way, as the 
causes of competition are often unknown.  Following Besag and Kempton (1986), the 
model is of the form: 
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εφτ +++= NZZXby , (5) 

where φ is a vector centred on neighbour treatment effects (indirect effect produced 

on neighbours), which are genotypic and not phenotypic; N is the neighbour incidence 
matrix of dimension n x n, composed of 0 and 1. 

It can be seen explicitly from model (5) that competition effects are concerned 
with treatment effects (depends on Z matrix) and not residual ones. For this reason, 
the auto-regressive approach for the residuals only can be inappropriate to account for 
interplant or interplot competition. 

Draper and Guttman (1980) included a special case of model (5) in 
which ii λτφ = , where λ  is a coefficient of interference, common to all genotypes. 
The model is: 

ελττ
ετ

+++=
++=

NZZXb

HXby
, (6) 

where ZNIH )( λ+= , so that the model is non linear in τ and λ . The treatment 

effect for pure stand planting is given by ii v τλτ )1(* += , where v is the number of 
neighbours considered. 

 The elements of iφ  in model (5) can be positive or negative depending on the 
aggressiveness of each treatment. If negative (for aggressive varieties), the absolute 
value of iφ should be subtracted from iτ  through iii vφττ +=*  giving the treatment 

effect for pure stand planting. If positive (sensitive variety), iφ will be summed in the 

expression for *
iτ . The neighbouring effect is not always correlated (negatively) to the 

trait being evaluated as it can depend on other traits such height and vigour of the 
plants. In cases in which iφ is unrelated to iτ , models (1), (2), (3), (4) and (6) are 
inadequate as they consider a unique competition coefficient for all genotypes. So, 
model (5) tends to be better as it permits the neighbour genotypic effects to be 
individually specified. Also, a ranking based on the component iφ can be performed 
aiming at the selection of low-competition and high-production varieties for high-
density planting.  

2.3 Joint modelling of competition effects and spatial variability 

Stringer and Cullis (2002) developed an approach to joint modelling of spatial 
variability and interplot competition. They put together the methods developed by 
Gilmour et al. (1997) for modelling spatial correlation and the genotypic competition 
model (5) of Besag and Kempton (1986) for modelling interference. The model is of 
the form: 

ηξφτ ++++= NZZXby , (7) 

where ξ and η  are random vectors of correlated and non-correlated errors, 
respectively. 

The competition was modelled as part of the treatment structure and the trend in 
only one dimension was modelled as part of the structure of errors. Stringer and 
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Cullis (2002) assumed iτ and iφ as random effects. In this case, there is a covariance 

between iτ and iφ . The covariance matrix between them is: 

�
�
�

�
�
�
�

�
=

φφτφ

τφττ

gg

gg
G ,  

where ττg is the variance component for the direct genotypic effects, φφg  is the 

variance component for the on neighbour genotypic effects and τφg is the covariance 

component between the direct and on neighbour genotypic effects. 
According to model (6) of Draper and Guttman (1980), the variance-covariance 

matrix G is given by: 

��
�

�
��
�

�
=

ττττ

ττττ

λλ
λ

gg

gg
G 2

11

1 .  

Stringer and Cullis (2002) advocated a sequential approach, commencing by 
modelling correlation, then checking the variograms and auto-correlations, and finally 
undertaking the modelling of the competition. In forest trees, neighbours in several 
positions (northern, southern, eastern, western and diagonals) should be evaluated one 
at a time or at the same time. This full model and nested models within it can be used 
to infer about the significance of specific neighbour positions. The final model kept 
must allow for the covariance between the random effects remaining.  

2.4 Phenotypic competition and spatial model 

The simultaneous model for phenotypic competition approach of Kempton 
(1982) together with the spatial analysis of Cullis and Gleeson (1991) and Gilmour, 
Cullis and Verbyla (1997) is given by 

ηξβτ ++++= WyZXby , (8) 

where W is an n x n weight or regressor matrix which, in conjunction with y, provides 
the average value of the neighbours as a covariate.  

It is not possible to use ordinary residual maximum likelihood (REML) for the 
phenotypic competition model of Kempton (1982), as the competition coefficient 
appears in both the mean and variance of y. However, a generalisation of REML can 
be applied for estimating the parameters of the model. The generalisation involves 
adjusting profile likelihood (through the adjusted profile score) for the parameter of 
interest in a general class of models. Such adjustment can be done by using the 
method of McCullagh and Tibshirani (1990), which remove bias from maximum 
likelihood estimates. 

The inference in the presence of nuisance parameters is a difficult problem in 
statistics. From the likelihood perspective, the simplest approach is to maximise out 
the nuisance parameters for fixed values of the parameters of interest and to construct 
the so-called profile likelihood. In other words, such solution refers to replacing the 
nuisance parameters in the likelihood function with their maximum likelihood 
estimates for fixed values of the parameters of interest. This gives the profile 
likelihood, which is then treated as an ordinary likelihood function for estimation and 
inference about the parameters of interest. Unfortunately, with large numbers of 
nuisance parameters, this procedure can produce inefficient or even inconsistent 
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estimates. The inherent problems in the use of profile likelihoods are biased 
parameters estimates and optimistic estimates of standard errors. 

Modifications to the profile likelihood with an aim to alleviate these problems 
have been proposed. Barndorff-Nielsen (1983, 1986) proposed the modified profile 
likelihood, which is closely related to the conditional profile likelihood proposed by 
Cox and Reid (1987) in which they suggested a likelihood ratio test constructed from 
the conditional distribution of the observations given maximum likelihood estimates 
for the nuisance parameters. McCullagh and Tibshirani (1990) proposed a simpler 
alternative approach named adjusted profile likelihood. Their method depends on the 
observation that the score function computed from the full log-likelihood function has 
(i) zero expectation and (ii) variance equal to the negative of the expected derivative 
matrix. A score function that has property (i) is said to be unbiased, while if it has 
property (ii) it is said to be information unbiased. By association, it can be said that a 
likelihood function is unbiased/information unbiased if its score function is 
unbiased/information unbiased. In contrast to the score function computed from the 
full log-likelihood, the score function computed from the profile log-likelihood is, in 
general, neither unbiased nor information unbiased. McCullagh and Tibishirani’s idea 
is that the profile log-likelihood score function be centred and scaled so that it too is 
unbiased and information unbiased (Durban and Currie, 2000). 

McCullagh and Tibshirani (1990) concentrated on giving asymptotic formulae 
for their corrections in a very general setting. Durban and Currie (2000) gave 
expressions for the adjustments for a general non-linear normal regression model. In 
its more general form, the model allows both the mean and the variance of y to 
depend on the parameter of interest. An example of this general form is a regression 
model with autoregressive terms such as the phenotypic model of competition. The 
adjustment for the profile likelihood for such model improves the estimation of the 
variance and competition parameters. 

According to the phenotypic competition model expressed as 

εβτ +++= WyZXby , 

we can write  

ετ ++= ZXbDy , where WID β−= . 

Under these circumstances, 

ετ 111 −−− ++= DZDXbDy ,  

where )',(~ 1121 −−− VDDXbDNy σ ; *),0(~ 2GN στ ; ),0(~ 2 RN σε ; 
RZZGV += '* . 

Considering b as a nuisance parameter and ),,( 2στβθ = as parameters of 

interest, the log-likelihood of ),(~ 2VXbNDy σ is given by 

 
)()')(2/1('log)2/1(

log)2/(2log)2/();,(
1211

2

XbDyVXbDyDVD

nnyb

−−−

−−−==
−−− σ

σπθ��
  

Taking the derivative of this log-likelihood with respect to b and equating to 
zero gives the maximum likelihood estimate of b which is given by  

DyVXXVXb 111 ')'(ˆ −−−= . 
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According to McCullagh and Tibshirani (1990), the profile log-likelihood is 
obtained by replacing the nuisance parameters by their maximum likelihood 
estimates. Substituting DyVXXVXb 111 ')'(ˆ −−−= into );,( ybθ�� = gives the 
profile log-likelihood p� , which by ignoring constants, is equivalent to 

PDyDyVnD

PVPDyDyDVDnyp

'')2/1(log)2/1(log)2/(log

'')2/1('log)2/1(log)2/();(

22

2112

σσ

σσθ

−−−=

−−−= −−
�

where 11111 ')'( −−−−− −= VXXVXXVVP . 
From this profile log-likelihood, adjusted profile score equations can be 

obtained. The adjusted profile score equations for the variance parameters are 
equivalent to the REML score equations based on Dy. The residual log-likelihood 
based on Dy is given by 

PDyDyXVXVDpn '')2/1('log)2/1(log)2/1(loglog]2/)[( 212
Re σσ −−−+−−= −
� . 

A key difference between this and the residual log-likelihood on y is the 
additional term Dlog . So, REML on Dy can be obtained by using the standard 

algorithms used in ASREML (Gilmour et  al., 2002) and GENSTAT (Thompson and 
Welham, 2003), but Dlog should also be obtained and added in the log L.  

The presence of the competition coefficient (parameter of interest) in both the 
mean and variance of y leads to difficulties. However, McCullagh and Tibishirani’s 
adjustments apply well in this situation and the resulting adjusted profile likelihood 
equals the residual maximum likelihood (REML) of Patterson and Thompson (1971). 
The adjusted profile score equations are equivalent to the REML score equations 
based on the adjusted response Dy . In practice, D is replaced by its estimate. The 
adjusted score produces both a REML type adjustment to the estimates of variance 
components and an adjustment to the estimate of β, removing its bias.  

In the context of model (8), the competition parameter and variance components 
were estimated as follows: (i) obtaining of REML on Dy for several given values of 
β ; (ii) obtaining of (Log|D|) for given values of β; (iii) obtaining of the profile 
likelihood (LogL+Log|D|) for a range of  β.  

3 Application and estimation/prediction procedure  

Two data sets were used: (i) diameter of the trunk evaluated in 13-years-old 
Pinus caribaea var. bahamensis trees evaluated in a lattice design with 121 treatments 
(half sib families), six replications and six plants per plot; (ii) circumference of the 
trunk in 18-years-old Eucalyptus maculata trees evaluated in a complete block design 
with 25 treatments (half sib families) and 36 replications in single tree plots. 

Variance components associated with several models were estimated through the 
REML procedure (Patterson & Thompson, 1971; Thompson and Welham, 2003).  All 
models were fitted using the ASREML software (Gilmour and Thompson, 1998; 
Gilmour et al. 2002) which uses the REML procedure through the average 
information algorithm and sparse matrix techniques (Gilmour, Thompson and Cullis, 
1995; Johnson and Thompson, 1995; Thompson et al., 2003). The GENSTAT 
software (Thompson and Welham, 2003) was also used to calculate some of the 
required determinant terms. 
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4 Results  

4.1 Genotypic and phenotypic competition models in Eucalyptus  

Table 1 presents comparative results from a series of models applied to the 
Eucalyptus data set. 

Table 1- Residual log-likelihoods (Log L) and estimates of the genetic variance 

among treatments ( 2ˆτσ ), residual variance ( 2σ̂ ), heritability ( 2ˆ
adjh ), 

competition coefficient ( β̂ ) and auto-correlation coefficients associated to 
columns (ARc) and rows (ARr). Eucalyptus data set with several models 

Model Log L 2ˆτσ  
2σ̂  2ˆ

adjh  β̂  ARc ARr 

(a) Block -2940.18 37.25 601.44 0.233 - - - 
(b) Spatial -2935.12 35.80 596.61 0.226 - -0.10** 0.10** 
(c) Comp.(1) (Pr.(2)) -2934.30 36.28 590.72 0.231 -0.10** - - 
(d) Comp.+Spatial (Pr.) -2933.38 35.83 588.00 0.229 -0.10** -0.05ns -0.04 ns 
(e) Comp. (Cov.(3)) -2932.19 34.82 585.97 0.224 -0.25** - - 
(f) Spatial+Comp. (Cov.) -2927.19 30.34 644.52 0.180 -0.52** 0.21** 0.21** 
(g) Spatial + G Comp. -2935.12 35.80 596.61 0.226  -0.10** 0.10** 

(1)Comp.=Competition, (2)Pr.=Profile, (3)Cov.=Covariate,  
 
The spatial model showed to be better than the block model in terms of the 

residual log-likelihoods. Both models fitted only the replication effect as fixed. Block, 
spatial, competition (using profile likelihood) and competition + spatial (using profile 
likelihood) models gave basically the same results in terms of the residual variance 
and heritability. Adjustment for competition did not reduce the heritability estimate. 
This is because competition is only at the residual level (discussed later) in this data 
set, i.e., it is an environmental effect. Competition model (3) taking the average of the 
four neighbours (horizontally and vertically) as a covariate (fixed effect) and 
treatment effects as random, confirmed the significance of the competition effects 

( β̂ = -0.25). Also, it gave the same heritability as the traditional and the spatial 
models. However, the ordinary REML procedure applied here is not adequate because 
the competition coefficient appears in both the mean and variance of y and thus 
cannot be fitted as a covariate. The procedure of profile likelihood provides an 
adjustment and precise fitting for such model which improves the estimation of the 
variance and competition parameters. The competition coefficient estimate changed 
from -0.25 with ordinary REML to -0.10 with the profile REML.  

For the competition + spatial model, the ordinary REML procedure using a 
covariate gave very different results concerning to Log L, residual variance and 
heritability. The competition coefficient and auto-correlation parameters estimates 
were considerably higher than those obtained with the REML profile. This difference 
reveals the importance of using the more accurate REML profile procedure. The 
competition + spatial model using a covariate (model (8)) gave a much higher 
competition coefficient (-0.52 against -0.10 of the profile REML) and the auto-
correlation parameters were positive and high (0.21 and 0.21) . 

The genetic competition + spatial model gave the same results as the spatial 
model, revealing no significance of genetic effects for competition (Table 1). So, the 
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plausible competition coefficient is -0.10 and, alternatively, competition effects can 
be accounted for by the spatial model. It can be seen that the auto-correlation 
parameters estimates with the spatial model were also -0.10. When applied on 
neighbours in rows and columns separately, both estimated competition coefficients 
were about -0.10, i.e., identical to the values obtained for the auto-correlation 
parameters. This shows that, with no genetic competition, the spatial model and the 
phenotypic competition model are modelling the same effects, named a balance 
between residual competition and residual environmental correlation. Residual 
competition and environmental correlation are confounded effects and cannot be 
separated. However, there is no practical need for such separation. The spatial model 
and the phenotypic competition model differ only in the presence of competition at 
genetic level (case of the Pinus data set, discussed later). 

A comparison involving the traditional, spatial and competition models in terms 
of variety ranking is presented in Table 2. It can be seen that the three models 
produced very similar ranking and predicted treatment or variety effects. The same 
varieties can be selected by the three models with selection intensities of 20% (best 5 
selected) or 50% (best 13 selected). This result is expected with low competition 
coefficients such as that (-0.10) obtained in the present work. Using simulations, 
Kusnandar (2001) reported that competition models did not perform any better when 
the magnitude of competition parameters was small (between 0.0 and -0.10). 
According to the author, competition models turned more efficient with competition 
parameters higher than -0.3. 

Table 2 - Comparison involving the traditional (block), spatial and competition 
models in terms of variety ranking and predicted variety effects. Eucalyptus 
data set 

Variety Ranking Variety Predicted Effects Varieties 
Comp..(1) Spatial Trad..(2) Comp. Spatial Trad. 

579 1 1 1 10.26 10.12 10.78 
565 2 2 2 8.104 8.281 8.153 
572 3 3 3 6.854 6.993 6.933 
580 4 5 4 5.042 4.522 5.263 
577 5 4 5 4.786 4.954 4.653 
573 6 7 6 2.384 1.509 2.558 
576 7 12 7 2.136 2.453 2.194 
584 8 8 10 1.556 1.858 1.438 
561 9 9 9 1.552 1.620 1.490 
562 10 6 8 1.334 1.276 1.553 
581 11 10 12 1.184 0.975 1.110 
563 12 11 11 1.166 2.407 1.122 
574 13 13 13 0.629 -0.122 0.680 

(1)Comp.=Competition, (2)Trad.=Traditional 

The variety effects should be corrected by using the expression )ˆ1/( βττ −=c . 

In this case, the competition coefficient was –0.10 and so the variety effects for the 
competition model (and also for the spatial model) in Table 2 should be divided by 
1.10 or, equivalently, multiplied by 0.91. This is equivalent to multiplying heritability 
at treatment mean level by 0.91. For the traditional analysis such heritability is 0.69 
and for the competition model it is 0.69 as well. Multiplying this last value by 0.91 
gives 0.63, which is smaller and more realistic than the 0.69 obtained through the 
traditional analysis. So, the use of competition and spatial models in this case will 
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therefore be of more importance in the estimation of genetic gains rather than of 
varietal selection. 

The competition models using profile likelihood in Eucalyptus gave coherent 
results in terms of the non-significance of autoregressive terms in the joint model 
spatial + phenotypic competition. This is as expected, since the adjustment for 
competition effects addresses largely the same source of variation as the 
autoregressive parameters when there is no competition at the genetic level. In this 
situation, the phenotypic competition model and the spatial model are likely to give 
the same results. In absence of genetic competition, the phenotypic competition 
method turns into the Papadakis method and is expected to produce the same results 
as the approaches of Papadakis (1937), Bartelett (1978) and Kempton and Howes 
(1981) for fertility trends. As the two dimensional separable autoregressive model 
encompasses the Papadakis method (Gilmour et al., 1997), the phenotypic 
competition model and the spatial model are expected to produce the same results in 
absence of genetic competition. Such results were not achieved by using the ordinary 
REML procedure. It is also important to mention that the use of the profile likelihood 
is an improved procedure over the Papadakis method. When fitting the Papadakis or 
the two dimensional separable autoregressive methods, a mixture of residual 
competition and local environmental trend is being modelled. Correll and Anderson 
(1983) found that the Papadakis term and the intervarietal competition were 
effectively uncorrelated. This is expected as the residual and genetic components of 
competition are likely to be independent effects. 

In parametric terms, the competition effect of a plant i is given by iiic γφ += , 

where iφ is the genotypic competition effect and iγ is the residual competition effect. 

The parametric model for the total residual effect is given by iiiie ηξγ ++= and so 

the parametric model for the phenotypes (in terms of a vector) can be decomposed 
into ηξγφτ +++++= NZZXby . The phenotypic competition model treats 

elements iφ , iγ , iξ and iη  altogether as  iiii ηξγφ +++ . The autoregressive 

spatial model considers iiiie ηξγ ++= . From these formulas it can be seen that 

the phenotypic competition and autoregressive spatial models are identical in absence 
of genetic competition. In general, the following models are optimal (in terms of 
considering all the specified effects in the model for phenotype) in the following 
situations: (i) Autoregressive Spatial Model: optimal in absence of competition at the 
genetic level; (ii) Phenotypic Competition Model via Profile Likelihood: optimal in 
any situation; (iii) Phenotypic Competition + Autoregressive Spatial Model via 
Profile Likelihood: optimal in any situation, as it tends to be equivalent to (ii); (iv) 
Genotypic Competition + Autoregressive Spatial Model: optimal in any situation; (v) 
Genotypic Competition Model: optimal in absence of residual competition and local 
environmental trend. 

It can also be pointed out that competition models are only needed when such 
competition has a genetic base. Without genetic competition, the traditional and/or 
autoregressive spatial models are sufficient. So, it is recommended to verify the 
significance of genetic competition effects as a first step in the analysis. This can be 
done by fitting the genotypic competition as a random effect and doing a REML 
likelihood ratio test for it. The result will guide the statistician to better model choices 
for further analysis. In the presence of genetic competition, there are two options: (a) 
use of a simultaneous model for genetic competition and for residual correlation (via 
autoregressive spatial model); (b) use of a phenotypic competition model using profile 
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likelihood. The phenotypic model in (b) implicitly considers three effects: genetic 
competition, residual competition and environmental trend. The model in (a) 
explicitly considers the genetic competition and also allows for the covariance 
between treatment and competition effects. So, such model tends to be more precise 
and should be the choice for practical applications.   

4.2 Genotypic and phenotypic competition models in Pinus  

For Pinus, genotypic and phenotypic competition models were applied. Results 
are presented in Table 3. 

Table 3 - Residual log-likelihoods (Log L) and estimates of the genetic variance 

among treatments ( 2ˆτσ ), residual variance ( 2σ̂ ), heritability ( 2ˆ
adjh ), 

competition coefficient ( β̂ ) and auto-correlation coefficients associated 
with columns (ARc) and rows (ARr). Pinus data set 

Model Log L 2ˆτσ  
2σ̂  2ˆ

adjh  β̂  ARc ARr 

(a) Block -6584.67 1.0403 18.255 0.2156 - - - 
(b) Spat.(1) -6559.19 0.9621 17.891 0.2040 - -0.10* -0.13* 
(c) Comp.(2)+Spat. (Pr.(3) -6512.25 1.1174 16.975 0.2470 -0.18* -0.03 ns -0.05 ns 
(d) Comp. (Cov.(4)) -6498.27 1.1795 16.960 0.2600 -0.23* - - 
(e) Spat.+Comp. (Cov.) -6496.79 1.1497 16.945 0.2541 -0.22* -0.01ns -0.04ns 
(f) Gen.(5) Comp.-North. -6574.99 0.9837 18.192 0.2186 - - - 
(g) Spat.+Gen. Comp.- 
      North -6547.81 0.9837 17.831 0.2091 - -0.10* -0.13* 

(h) Spat.+Gen. Comp. 
      North (Corr. With G) -6543.87 0.9476 17.779 0.2024 - -0.10* -0.13* 

(1)Spat.=Spatial, (2)Comp.=Competition, (3)Pr.=Profile, (4)Cov.=Covariate, (5)Gen.=Genotypic 
 

The spatial model gave better fit than the traditional (block) model and revealed 
the presence of competition according to the significant negative auto-correlation 
coefficients for columns and rows. The presence of competition was confirmed by the 
significance of the phenotypic competition coefficient in (c) from Table 3, in a model 
which includes also spatial errors. This model, fitted via profile likelihood, gave no 
significance for the spatial autocorrelation parameters. The phenotypic competition 
models were also fitted using the covariate approach (models d and e in Table 3). As 
expected the competition coefficients were overestimated by the covariate approach. 
It can be seen that the phenotypic competition model differs from the spatial model 
only in the presence of competition at genetic level. This occurred in the present data 
set (autoregressive competition parameter higher than the autoregressive spatial 
parameters) but not in the previous one. 

Considering competition at both levels, genotypic and residual, can be a better 
approach. This was done according to models (g) and (h). Firstly, a model without the 
spatial term, but including all the eight competitors was evaluated. This model 
revealed significance only for the northern neighbours at the genotypic level. So a 
genotypic competition model including only the northern neighbours was fitted in (f) 
from Table 3. This model proved to be intermediate between the traditional and 
spatial models (a) and (b), respectively, as can be seen from the residual log-
likelihoods. So, the competition at the residual level proved to be higher than that at 
genotypic level. 
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Modelling competition simultaneously at the genotypic (northern neighbours) 
and residual levels according to model (g) gave a better fit and showed the same 
values for the auto-correlation coefficients for columns and rows as in the spatial 
model in (b). This confirms that the spatial analysis was modelling competition only 
at residual level and that this is not sufficient in this case, as competition is also due to 
genetic causes. 

A more complete model allowing for the covariance between direct and on 
neighbours effects was fitted as (h) in Table 3. This model gave a better fit than the 
model (g) without such covariance. It also gave a smaller heritability estimate as 
expected under competition adjustment and proved to be modelling competition 
adequately at both genotypic and residual levels. The same model revealed a negative 
genetic correlation between direct and on neighbour effects, of magnitude –0.68. This 
reveals the same tendency as observed by the phenotypic competition coefficient. The 
model also showed an adjusted heritability of 7.4% for the indirect effect on northern 
neighbours, i.e., heritability of the competition effects. The significant effects of only 
northern neighbours are likely to be due to shading according to the sun’s position in 
the region.  

An explicit comparison between the phenotypic spatial (c) and genotypic spatial 
(h) models cannot be made as they contain different fixed effects. Theoretically and 
conceptually the genotypic model is more complete. The models in (c) and (h) were 
compared in terms of variety ranking and genetic gain. Taking the model (h) as the 
best or correct one, the following coincidence (with selection by model h) rates with 
selection of the best 10% varieties were verified: 91.7% for model (c), 83.3% for 
model (b) and 75.0% for model (a). So, the selection efficiency of the phenotypic 
model of competition was close to that of the genotypic model. However, the 
estimated genetic gains were 5.68% for the phenotypic model and 4.37% for the 
genotypic, which means an overestimation of 30% according to model (c), as 
expected due to the higher heritability estimate provided by such model. Table 4 
shows the negative genetic correlation between direct and on neighbour effects 
obtained with model g. The high and negative on neighbour effects of the best three 
varieties show that they are very aggressive and had their real value overestimated in 
the models without genetic competition. This shows the inefficiency of simple spatial 
and non-spatial models when there is genetic competition. 

Table 4 - Predicted random effects for the best varieties by the genotypic competition 
+ spatial model. Pinus data set 

Variety Ranking Based on Total Effects 
Varieties 

Direct ( iτ ) Indirect ( iφ ) Total ( iτ + iφ ) 

98 3.251 -1.238 2.013 
96 2.034 -0.646 1.388 
70 2.018 -0.932 1.086 
20 1.061 -0.203 0.858 
25 1.447 -0.745 0.702 
66 0.839 -0.158 0.681 

106 0.842 -0.186 0.656 
99 1.046 -0.406 0.640 
69 0.735 -0.176 0.558 
21 0.504 0.044 0.547 
45 0.612 -0.060 0.546 

107 1.044 -0.499 0.544 



 

Rev. Mat. Estat., São Paulo, v.23, n.2, p.7-22, 2005 20 

As a final conclusion, it can be pointed out that the genotypic competition + 
spatial model, which includes the genetic competition effect and a balance between 
residual competition effects and environmental trend, tends to be more precise than 
the phenotypic competition model. Additionally the former model allows for the 
covariance between variety and competition effects.  
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Modelagem conjunta dos efeitos de competição e variablidade espacial em 
experimentos florestais de campo. Rev. Mat. Est., São Paulo, v.23, n.2, p.7-22, 2005. 

��RESUMO: A análise dos experimentos de campo com plantas deve ser baseada em 
abordagem realista levando-se em consideração o processo biológico associado ao caráter 
avaliado bem como as influências ambientais. Existem pelo menos três suposições 
associadas ao modelo clássico de análise em blocos. Primeiro, que o ambiente associado às 
parcelas são constantes (ou pelo menos aproximadamente). Segundo, que a resposta em 
uma parcela, devida a um determinado tratamento, não afeta diretamente a resposta em 
uma parcela vizinha. Terceiro, que os resíduos são independentes. A primeira suposição 
está associada a um efeito ambiental denominado tendência espacial, enquanto a segunda 
está associada ao efeito de tratamento e é chamada de interferência. A terceira suposição 
está associada à correlação espacial. Modelos que permitem ajustes para esses efeitos 
podem melhorar a análise e reduzir vícios. Este trabalho objetiva considerar 
simultaneamente a tendência, a interferência e a correlação em experimentos florestais de 
campo. Os objetivos são a comparação e extensão de modelos alternativos, a quantificação 
dos níveis de competição nessas espécies e a inferência sobre a necessidade do uso de 
modelos mais complexos na rotina de análise de dados em tais espécies. Os seguintes 
modelos foram aplicados em dois conjuntos de dados (um com eucalipto e outro com pinus): 
modelo clássico de blocos, modelo espacial (com efeitos autoregressivos de linhas e 
colunas), modelo de competição fenotípica, modelo de competição fenotípica + espacial, 
modelo de competição genotípica, modelo de competição genotípica + espacial. Os 
resultados revelaram que o modelo de competição genotípica + espacial, incluindo os 
efeitos genéticos de competição mais um balanço entre os efeitos de competição residual e 
de tendência ambiental, considera explicitamente a competição genotípica e ainda permite o 
ajuste da correlação entre os efeitos diretos e de interferência (efeitos indiretos nos 
vizinhos) dos tratamentos. Tal modelo incorpora todo o padrão de correlação e tende a ser 
mais preciso do que o modelo de competição fenotípica. O modelo de competição fenotípica 
considera basicamente as mesmas fontes de variação que os parâmetros autoregressivos do 
modelo espacial. O modelo completo de competição genotípica + espacial deve ser ajustado 
inicialmente. Dependendo da significância dos vários efeitos, modelos mais simplificados 
poderão ser indicados.  

��PALAVRAS-CHAVE: Modelos de competição; tendência ambiental; interferência entre 
parcelas; modelos mistos; REML; BLUP; eficiência seletiva; perfil de verossimilhança.  
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