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ABSTRACT 
 
The present investigation was carried out at the Agricultural Experimental and 
Research station, Faculty of Agriculture, Cairo University, Giza, Egypt during 
2008 and 2009 seasons. Twenty five cotton families, lines and cultivars were 
used. The balanced lattice design (5X5) with six replications was used as a basic 
design. All recommended agricultural practices were used. The studied trait was 
lint cotton yield (g/plot). The studied statistical procedures were traditional 
designs (randomized complete block design (RCBD), balanced lattice design (6-
replications) and partially balanced lattice with 2,3,4 and 5 replications). Also, 
non-traditional analyses of restricted maximum likelihood (REML) method as 
ordinary, spatial and meta models were proceeded, for all replication 
combinations.  All combinations from 6 replications were analyzed,  that is, 57 
combinations. Relative precision was calculated for each replication-
combination in each season. The highest one in relative precision for each 
combination was identified.  Non-traditional methods of statistical analyses were 
applied to the highest précised data sets. In both seasons, certain genotypes 
either in F3 or F6 was significantly higher for the studied traits than commercial 
cultivars under study. Based on the results obtained, either quintic or balanced 
lattices could be recommended instead of RCBD. In general, as long as the 
number of replications increase, the precision increases as in quintic and 
balanced lattices. The results were extended to detect the most précised REML 

models using four estimated parameters, that is, residual variance ), x2, 
deviance (DV) and Akaike information criterion deviance (AICD).  
 
 
Key words: Cotton yield trial, RCBD, Balanced and partially balanced lattice 
design, Relative precision, REML models, spatial model, meta model, C.V. and 
R.D. 

 
 
INTRODUCTION 
 
For all data sets, meta REML model was detected as the 
best REML model for increasing the precision of cotton 
field trials as compared with ordinary and spatial REML 
models. Except for 2-replications data set, either 
replication or replications and blocks alternative sub-
models revealed their importance in increasing the 
precision of experiments. Precision of REML models as 
compared with the traditional designs was included in the 
present study. In both seasons, except for 2-replication 

data set, highest (C.V. for all models except spatial model) 
and (R.D. for spatial model only) values were obtained for 
RCBD, followed by lattice design, ordinary-, spatial- and 
meta- REML models, respectively. Concerning 6-
replication data set, based on the averages of C.V. and R.D. 
estimate for the two seasons of study, the lowest C.V. and 
R.D. estimates were obtained for meta REML model. 
Results showed the effect of adjustment of genotype 
means  for  unexplained variability in ranks for selection of  

M. E. Shalaby2*, D. A. El-Kadi1, A. M. Al-
Naggar1 and M. M. Salem2 
 
1Agronomy Department, Faculty of 
Agriculture, Cairo University, Giza, Egypt. 
2Cent. Lab. For Design and Stat. Anal. Res., 
Cent. Giza, Egypt. 
 
*Corresponding author. Email: 
moonytato@yahoo.com 

 

 

https://www.google.co.uk/search?q=10.15413/ajsr.2015.0106


Academia Journal of Agricultural Research; Shalaby et al.      151 
 
 
 
the best genotype. 

Cotton is considered the main fiber crop with high 
industrial uses in Egypt, as well as in the world. 
Attainment of maximum yield of cotton from the unit area 
is greatly dependent upon appropriate environmental and 
cultural practices, as well as the high yielding cultivars. 
Cotton production systems are commonly oriented toward 
yield, which is recognized as a major ingredient of 
profitability. 

The production of cotton can be increased either by 
increasing cultivated area or by increasing yield per unit 
area. Currently, it is nearly impossible to increase cotton 
area due to competition with other crops and the 
restricted irrigation water supply, etc. Therefore, the only 
alternative way left is to increase its yield by better crop 
management techniques and introducing high yielding 
cultivars of resistance against biotic and abiotic stresses. 

Several researchers have studied and discussed the 
variation among Egyptian cotton cultivars for cotton yield 
and its components (Lasheen et al., 2003; Hassan et al., 
2005; El-Kadi et al., 2014). Also, they reported significant 
effects of genotypes (G), growing seasons (S) and the 
interaction (GXS) in Gossypium hirsutum genotypes 
(Soomro et al., 2008; Batool et al., 2010; Campbell et al., 
2012; Gul et al., 2014). 

In the design of experiments, the grouping or blocking of 
experimental units can be used to eliminate the effects of 
systematic changes in environmental conditions (the 
experimental units within a block are assumed to be as 
similar as possible). In field trials, a primary concern for 
improving the precision of the cultivar performance trials 
is reduction of the experimental errors. The experimental 
errors are controlled by suitable experimental designs, 
that, use of complete blocks for small number of genotypes 
or cultivars and incomplete blocks for relatively larger 
number of cultivars. 

The most common type of experimental design used in 
cotton performance trials is the randomized complete 
block (RCB); however, researchers also commonly use 
additional experimental designs, such as incomplete 
blocks, e.g., various lattice arrangements (Cochran and 
Cox, 1957). The RCB and other blocking designs assume 
that spatial variability can be accounted for by blocking the 
experimental units in a linear fashion. This assumption is 
not met under field conditions when the RCB design 
contains considerable within-block heterogeneity 
(Gusmao 1986 and Lin et al., 1993).  

Incomplete block and lattice designs account for spatial 
trends in the same fashion as the RCBD, but also account 
for a portion of the spatial variability within blocks by 
reducing a complete block into smaller incomplete blocks. 
In Pakistan, Masood et al. (2008) and Raza and Masood 
(2009) discussed the relative efficiency of lattice designs 
and concluded that the precision of experiments was 
significantly increased using lattice design in compared 
with randomized complete block design (RCBD). 
Meanwhile, in Egyptian cotton, El-kadi et al. (2011) and 

(2014) studied the comparison of the relative precision of 
the simple, triple and balanced lattice designs with RCBD. 
The highest estimates of relative precision of traits were 
detected for simple lattices while the lowest ones were 
detected for triple lattices.  

Although blocks often account for a large amount of 
variability in the field, a considerable variation within a 
block still remains unaccounted for. In field trials, it is 
unrealistic to assume independence of errors, a basic of 
classical analysis, because of the fixed proximity of 
experimental plots in the field layout. Therefore, 
appropriate experimental designs need to be 
supplemented with appropriate methods of statistical 
analysis. Furthermore, accounting variability in the field by 
new techniques (within each block or throughout the 
layout) has been reported by Patterson and Thompson 
(1971) and James and Stephen (2007). 

Several models of residual maximum likelihood (REML) 
method have been described by Hough et al. (2010), Mick 
(2010) and Piepho et al. (2012), e.g., ordinary REML, 
spatial REML and meta REML models. The ordinary REML 
model is designed to estimate the likelihood or probability 
of errors. This algorithm estimates the treatment effects 
and variance components in a linear mixed model, that is, a 
linear model with both fixed and random effects.  In 
general, the applied factors (treatments or genotypes) 
being fixed effects and the blocking factors being random 
components when using the REML method, however, are 
for the analysis of data from unbalanced experimental 
designs.  

Analysis of 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 design plays 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 (Resende et 
al., 2005). Spatial analysis can be used to control 
environmental variation by estimating the trend within 
blocks. The effect of interplot competition is also another 
important source of variation, which has an influence on 
the estimation of treatment contrasts. To reduce the effect 
of the variation from these sources and to improve the 
precision of comparison between treatments, a spatial 
model was proposed for incorporating trend effect and 
interplot competition. It is determined by a modification of 
the residual maximum likelihood of Gleeson and Cullis 
(1987). Spatial REML models are used with partially 
balanced lattice designs with different number of 
genotypes. Spatial model revealed higher precision than 
both RCBD and lattice designs (Malhotra et al., 2004).  

Gurevitch and Hedges (1993) explained that meta REML 
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Table 1: Pedigree of the twenty five cotton genotypes. 
 

No. Genotype F3 families No.  Genotype F6 Lines 

1 G88 XG89 15 G77 X Pima6 

2 G89 XG88 16 G89 X Pima6 

3 G70 X G90 17 G90 X Aust. 

4 G88 X G90 18 G83 X G75 X G80 

5 G89 X G70 19 G89 X G86 

6 G89 X G85 20 G84 XG74 X G68 

7 G90 X G89 21 G88 

8 G85 X G90 22 G86 

9 G90 X G85 23 G88 

10 G90 X G88 24 G90 

11 G89 X G90 25 G91 

12 G88 X G70   

13 G70 X G85   

14 G70 X G88   

 
 
model begins by representing the outcome of each 
experiment by a quantitative index of the effect size. Effect 
size is chosen to reflect differences between experimental 
and control treatments in the way that is independent of 
sample size and scale of measurement. An effect size can 
be determined by dividing the difference between the 
treatment and the control by the pooled standard 
deviation. 

Meta REML analysis has become an essential technique 
in ecology (Stewart, 2010), plant pathology (Madden and 
Paul, 2011) and animal science (Sauvant et al., 2008). Dore 
et al. (2011) recommended the more systematic use of 
meta analysis in agronomy. Meta analysis appears to be a 
promising approach for assessing the agronomic and 
environmental performances of cropping systems.   
The main objectives of the study were as follows: 
 
1. Lint cotton yield per plot and per feddan of 25 cotton 
genotypes. 
2. Estimate the relative precision of balanced and partially 
balanced lattice designs when using different replicate 
combinations in comparison the randomized complete 
block design (RCBD). 
3. Detect the most suitable REML models in comparison 
with the traditional methods. 
 
 
MATERIALS AND METHODS 
 
The experiment was carried out at the Agricultural 
Experimental and Research Station in Faculty of 
Agriculture, Cairo University, Giza, Egypt during 2008 and 
2009 seasons. Twenty five cotton (Gossypium barbadense 
L.) families, lines and cultivars were used as shown in 
Table 1. 

In both seasons, the balanced lattice design (5X5) with 
six replications was used. Plot size for each entry consisted 

of two ridges, each ridge of 3 m long, 0.6 m apart and 20 
cm between hills (plot size equals 3.6 m2). Hills were 
thinned to keep a constant stand of two plants per hill. All 
recommended agricultural practices for cotton in Egypt 
were followed. Lint cotton yield per plot in grams was 
estimated from five guarded hills of the first ridge (two 
plants/hill) (10 plants) in each plot (0.6 m2). Other five 
guarded hills from the second ridge were used to estimate 
other traits. 
 
 
Statistical methods and data analyses 
 
Evaluation of the twenty five cotton genotypes for lint 
cotton yield   
 
In both seasons, data of lint cotton yield (g/plot) were 
subjected to randomized complete block design (RCBD) 
analysis of variance.  

The combined data analysis was performed across the 
two seasons (2008 and 2009) after testing the 
homogeneity of error variances according to Cochran and 
Cox (1957) (Table 2). Comparisons among means of 
genotypes were proceeded using least significant 
difference (LSD) at 0.05 and 0.01 probability levels of 
significance. All statistical analyses were performed using 
Genstat (2000) programme.  
 
 
Relative precision of balanced and partially balanced 
lattice designs in comparison with RCBD 
 
Fifty seven lattice analyses were performed, that is, one for 
balanced lattice, 15 for simple lattice, 20 for triple lattice, 
15 for quadruple lattice and six for quintic lattice.  The 
precision of lattice designs relative to the randomized 
complete   block   design   wa s calculated as the ratio of the 
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Table 2: Mean performance of lint cotton yield (g/plot) for first and second season and lint cotton yield 
(kentar/feddan). 

 

No. Genotypes 
lint cotton yield (g/plot) Lint yield 

(kentar/feddan
) 

1st    season 2nd season Mean 

1      G88 XG89 62.9 68.4 65.7 9.20 
2       G89 XG88 84.0 96.5 90.3 12.64 
3       G70 X G90 73.4 75.4 74.4 10.42 
4       G88 X G90 83.0 94.5 88.9 12.45 
5       G89 X G70 63.2 64.3 63.8 8.93 
6       G89 X G85 69.3 67.2 68.3 9.65 
7       G88 X G89 75.2 78.9 77.1 10.79 
8       G85 X G90 83.1 95.4 89.3 12.50 
9       G90 X G85 77.9 84.5 81.2 11.37 
10     G90 X G88 76.8 82.2 79.5 11.13 
11     G89 X G90 63.7 65.0 64.4 9.02 
12     G88 X G70 57.6 57.9 57.8 8.09 
13     G70 X G85 58.1 59.8 59.0 8.26 
14     G70 X G88 44.4 50.5 47.5 6.65 
15     G77 X Pima6 53.6 60.5 57.1 7.99 
16     G89 X Pima6 69.5 67.9 68.7 9.62 
17     G90 X Aust. 54.3 63.7 59.0 8.26 
18     G83 X G75 X G80 60.3 74.8 67.6 9.46 
19     G89 X G86 62.4 59.8 61.1 8.55 
20     G84 X G74 X G68 60.3 73.1 66.7 9.34 
21     G80 63.4 65.3 64.4 9.02 
22     G86 78.0 84.6 81.3 11.38 
23     G88 62.5 71.4 67.0 9.38 
24     G90 82.2 93.1 87.7 12.28 
25     G91 66.2 76.5 71.4 9.99 
LSD(0.01) 9.67 9.51 9.59  

 

Estimates of lint yield (kentar/feddan) were calculated based on the average of the two seasons. 

 
 
two effective error variances (Cochran and Cox 
1957).Effective error variance (Ee´) for balanced lattice 
design is as follows:  

 
Ee´ = Ee[(1+kμ)  

 
where μ= adjustment factor (Eb-Ee)/ k(r-1)Eb 

 
Effective error variance (Ee´) for partially balanced lattice 
design is as follows:  
 
Ee´ = Ee[1+(rk/ (k+1)μ)  

 
Genstat (2000) programme was also used in all statistical 
analyses of this part of study. 

 
 
Precision of residual maximum likelihood (REML) 
models  

 
Gleeson and Cullis (1987), Sauvant et al. (2008) and Dore 
et al. (2011) proposed ordinary, spatial and meta models 
of REML, respectively, to improve the precision of 
comparisons between genotypes.  

Ordinary REML model: The yield of a plot is assumed to 
have been influenced directly by the treatment applied to 
it and indirectly by the treatments applied to each 
neighboring plot. A model taking into account trend effect 
only is presented as follows:  
 
Y = Bπ + Tδ + RTβ + e     
 
where; Y is an n-vector of plot yields. 
π is a b-vector of block effects within incidence matrix B. 
T is the corresponding design matrix.  
δ is a t-vector of treatment effects. 
R is the neighbor incidence matrix.  
β is a t-vector of competition effects. 
e is an n-vector whose elements represent local error. 
 
 
Spatial REML model: Taking into account the local 
variation in soil geometric and topographic properties, 
spatial REML model extends to incorporate trend effects as 
suggested by Sauvant et al. (2008). Thus, a neighbor model 
for incorporating both trend effect and interplot 
competition can be written as follows: 
  
Y = Bπ + Tδ + RTβ + ϵ + e 
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Where; ϵ is an n-vector of interplot competition. 
  
Meta REML model: In this model, the focus is not on 
establishing the statistical significance of outcome, but on 
analyzing the variation of the effect sizes found in the 
different factors. The random effects model for meta 
analysis assumes that study outcomes vary across factors, 
not only because of random sampling effects, but also 
because there are real differences between the factors. The 
complete model for meta analysis is as follows:  
 

δj = y0 + y1Zij + y2 Zij + ……..+ ypZpj + uj + ej  
 

where;  δj is the corresponding population value. 
Z1 ……Zp are studied factors which are included into sub-
models. 
Y1….yp are the regression coefficients. 
uj is the residual error term, which is assumed to have a 
normal distribution with variance σu

2 .  
ej is the sampling error for standard sub-model. 
 

For each REML model, three alternative sub-models 
(specific group effect) concerning replications, blocks and 
replications + blocks were compared with the standard 
sub-model (no group effect). Using Genstat package, 
estimated parameters for the 4 sub-models were residual 

variance (  deviance (DV), Chi square (2) tester and 
Akaike information criterion deviance (AICD).  
 

AICD=Deviance + 2q  
 

Deviance = - 2 log likelihood (sub-model); where q = 
variance covariance parameters which is not included in 
deviance. 
 Equations used in the statistical analysis for the three 
REML models have been presented and discussed by 
Gleeson and Cullis (1987) for ordinary model, Sauvant et 
al. (2008) for spatial model and Dore et al. (2011) for meta 
model.   

Based on the previous parameter estimates computed 
for the three REML models; the best model could be 
recognized as compared with the standard sub-models 
estimates. A gain in precision of different designs and 
statistical procedures could be detected according to 
coefficient of variation (C.V.) for traditional designs and 
untraditional method of ordinary and meta REML models 
and relative distance (R.D.) for spatial REML model 
estimates (Cochran and Cox, 1957; Prachi, 2012). REML 
models helped to increase precision as compared with 
classical analyses; via adjustment of the genotypes means 
and so their ranks could be changed. 
 
 

RESULTS 
 

Lint cotton yield (g/plot, and kentar/feddan) of the 
twenty five cotton genotypes 
 
Significant differences among genotypes were detected in 

both seasons. Also, combined analysis across seasons 
showed that mean squares due to seasons (S) and 
genotypes were significant. A similar trend of results was 
also reported by Lasheen et al. (2003) and Hassan et al. 
(2005).  

The means of lint cotton yield (g/plot) and lint yield 
(kentar/feddan) are presented in Table 2. Lint cotton yield 
(g/plot) varied between 44.4 and 84.0 g in 2008 and 
between 50.5 and 96.5 g in 2009. Based on the averages of 
the two seasons, lint cotton yield per plot in grams of F3 
families varied between 47.5 (g/plot) for (G70 X G88) and 
90.3 (g/plot) for (G89 X G88). However, F6 lines varied 
between 57.1 (g/plot) for (G77 X pima6) and 68.7 (g/plot) 
for (G89 X Pima6). The cultivar means varied between 64.4 
(g/plot) for (G80) and 87.7 (g/plot) for (G90). Based on 
averages of the two seasons, means of lint cotton 
(kentar/feddan) are shown in Table 2. Means varied 
between 6.65 and 12.64 (kentar/feddan). For F3 families, 
means varied between 6.65 for (G70 X G88) and 12.64 for 
(G89 X G88). Also, means of F6 lines ranged between 7.99 
for (G77 X Pima6) and 9.62 for (G89 X Pima6). However, 
cultivar means varied between 9.02 for (G80) and 12.28 
for (G90).  

Lasheen et al. (2003) and Malhorta et al. (2004) 
reported high degree of genotypic variation as compared 
with commercial cultivars. For the averages of two 
seasons, lint in both seasons, certain genotypes either in F3 
or F6 showed significantly higher means of lint cotton 
yield/plot than commercial cultivars under study. 
According to F3 and F6 values, selection for yield traits can 
only be effective if  desired genetic variability is present in 
the genetic stock. The present data is in agreement with 
results obtained by Ahuja et al. (2006) and Alishah et al. 
(2008). Further evaluation for F3 and F6 genotypes in more 
advanced generations could be recommended. 
 
 
Relative precision of balanced and partially balanced 
lattice designs compared with the RCBD 
 
This part of study includes the estimation of the relative 
precision of simple lattice (two replications), triple lattice 
(three replications), quadruple lattice (four replications), 
quintic lattice (five replications) and   balanced lattice (six 
replications) designs in relation to randomized complete 
block design. In each season, 15, 20, 15, 6 and one analyses 
were proceeded for simple, triple, quadruple, quintic and 
balanced lattices, respectively considering the trait studied 
lint cotton yield per plot. 

As shown in Table 3, in both seasons, the lowest 
estimates of relative precision were detected for triple 
lattice, while the highest estimates were obtained for 
quintic and balanced lattice designs. Based on the average 
of the two seasons, precision estimates varied between 
99.64% for triple lattices (20 analyses for each season) 
and 144.02% for quintic (six analyses for each season) 
lattices. Based on results obtained, quintic could be 
recommended    instead   of   RCBD.  In  general,  as  long as  
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Table 3: Relative precision estimates of lattice designs compared to RCBD for lint cotton yield (g/plot). 
 

Lattice designs No. Analyses 
First season  Second season General 

mean (%) Range(%) Mean (%)  Range(%) Mean(%) 

Simple- 15 68.12  - 100.22 100.09  99.90 – 100.89 100.01 100.05 

Triple- 20 77.98 – 100.79 99.07  62.00 – 100.77 100.21 99.64 

Quadruple- 15 62.66 – 136.82 127.03  75.66 – 151.15 107.02 117.03 

Quintic- 6 52.12 – 187.60 154.69  66.01 – 140.77 133.35 144.02 

Balanced- 1 120.93  155.32 138.13 

 
 
number of replications increase, the precision increases as 
in quintic lattices. 

Three replications are of less precision in determining 
treatment differences than four replications, but may be 
adequate for some management practice comparisons. The 
danger of starting with three replications is that if you lose 
data from one plot, you no longer have an effective trial 
(Roger et al., 1999).  In general, the highest estimates of 
relative precision was obtained for lint cotton yield/plot 
by quintic and balanced lattices (5 and 6 replications), 
while the lowest estimates of relative precision were 
detected for simple lattice.  

The purpose of using lattice designs is to provide more 
accurate estimate than the randomized complete block 
design when a large number of entries (genotypes) are to 
be tested and to retain as far as possible equal accuracy of 
comparison between every pair of entries in the test.  
Another advantage of lattice designs lies in the fact that 
they may also be analyzed as randomized complete block 
design (Cochran and Cox, 1957). Five data sets were 
analyzed with lattice designs and randomized complete 
block design to calculate the relative precisions of them. 
The relative precision of trials using lattice designs with 
different combinations for numbers of replications were 
more efficient as compared with RCBD (Cochran and Cox, 
1957; Patterson and Thompson, 1971; Abd El-Mohsen, 
1992; Raza and Masood, 2009; Abd-ElShafi, 2014). The 
results disagree generally with those of Abd El-Lattif 
(2007) and Abd El-Fattah (2012). 
 
 
Precision of REML models 
 
This part of study deals with the precision of REML 
models. The REML analysis describes more accurately the 
different layers of variation and provides a more 
appropriate and correct analysis (Harville, 1977; Smith 
and Graser, 1986; Meyer, 1989; Jonson and Thompson 
1995).  

The classical least squares analysis (ANOVA) method 
provides an integrative approach for REML; it is the 
primary step for REML method to estimate variance 
components. REML is a way of several simple models that 
contains fixed effects and random effects (Fung and Xu, 
2010). The random effects are assumed to be independent 

of each other and of the random error. Variance 
parameters of the random terms are estimated using 
residual maximum likelihood (REML), which provides 
estimates that are unbiased (or at least less biased) than 
those obtained by traditional designs and methods 
(Galwey 2006).     

The purpose of using REML is to provide a more 
accurate method than the traditional designs (RCBD and 
lattice designs) when a large number of entries 
(genotypes) are to be tested and to retain as far as possible 
equal accuracy of comparison between every pair of 
entries in the test (Cochran and Cox, 1957; Patterson and 
Thompson, 1971; Abd El-Mohsen, 1992; Raza and Masood, 
2009; Abd-El-Shafi, 2014). The following part of results 
and discussion section will only be concerned with data 
sets of partially lattices and balanced lattice designs having 
the highest relative precision when compared with RCBD. 
The results of this part of the study are presented under 
the following two sub-titles: 
  
a. Detecting the most précised REML models 
b. Precision of REML models compared with the traditional 
methods 
 
 
Detecting the most précised REML models      
 
In the present study, three models of REML were used, that 
is, ordinary, spatial and meta models. For each model, 
three alternative sub-models (specific group effect), that is, 
replications, blocks and replications with blocks, in 
addition to the standard sub-model (no group effect), were 
assigned for present the data of lint cotton yield per plot, 
lint cotton yield per plant, lint percentage (L%) and lint 
index. Furthermore, four estimated parameters, that is, 

residual variance ), 2, deviance (DV) and Akaike 
information criterion deviance (AICD) were used to detect 
the best REML model. 
Parameter estimates of the three REML models for 2-, 3-, 
4-, 5- and 6- replications data sets of lint cotton yield/plot 
in 2008 and 2009 seasons are shown in Tables 4 and 5, 
respectively. 
In both seasons, all parameter estimates of the standard 
sub-model and alternative sub-model are the same for 
ordinary and spatial sub-models.   
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Table 4: Parameter estimates of three REML models for the data of lint cotton yield (g/plot) using different number of replications in 2008 season. 

 

 

No 
replications(1) 

REML models Ordinary and spatial REML Meta REML 

           Parameters est.  

 

Sub-models(2) 
 DV 2 AICD  DV 2 AICD 

2 
Standard 57.65 19420.65 ------- 21251.23 58.91 18250.64 ---------- 20619.47 

Alternative 57.66 19419.56 1.09 21244.65 58.66 18249.56 1.08 20612.54 

          

3 
Standard 54.65 23712.56 ---- 27249.65 55.21 23688.21 ------------- 25489.21 

Alternative 54.21 23721.56 9.00* 27254.52 54.99 23688.26 0.05 25489.22 

          

4 
Standard 51.77 34218.65 ----- 40259.87 52.45 33129.89 ----------- 37456.56 

Alternative 49.98 34191.56 27.09** 40211.57 50.89 33088.56 41.33** 37412.56 

          

5 
Standard 42.56 41498.65 -------- 46498.54 43.66 39789.56 --------- 44856.74 

Alternative 41.45 41460.56 38.09** 46230.56 40.98 39666.89 122.67** 44790.56 

          

6 
Standard 41.74 57326.54 -------- 67869.56 43.65 57033.56 --------- 57068.68 

Alternative 41.00 57300.56 25.89** 67870.23 40.22 57000.87 32.69** 57029.21 
 

(1) Data sets of combinations having the highest relative precision in lattice analyses as compared with RCBD. 
(2) For each season , standard sub-model refers to no group effect (null hypothesis) and alternative sub-model refers to specific group effect (alternative hypothesis). 

 
 
 

However, higher  estimates and lower 
deviance and AICD estimates were detected for 
standard sub-model of meta model as compared 
with standard sub-model for ordinary and spatial 
models in 2008 and 2009 seasons. In the study of 
alternative sub-model in comparison with standard 

sub-model, estimates of  in alternative sub-model 
were lower in 2008 and 2009 seasons for ordinary, 
spatial and meta models, except for 2- replications 
data set of ordinary and spatial models in 2008 
seasons and 3- replications data set of meta REML 

model for 2009 season. However, the same   

estimates for 3- replications data set in 2009 were 
obtained. 

Deviance estimates of alternative sub-models 
were decreased as compared with the standard sub-
model, except for data set of 3- replications in 2008 
season. The same trend of results was detected for 
2009 season. Akaika information criterion (AICD), 
expressed in terms of deviance, was used to choose 
among ordinary, spatial and meta models. Where a 
lower value of AICD indicates a better model 
(Malhotra et al., 2004). 

The most effective alternative sub-model was 

concerned to the lowest estimates of   , deviance 

and AICD and significance of 2 as compared with 
standard sub-model. Standard sub-model of 2-
replications data set was detected for the three 
REML models in 2008. However, replications with 
blocks alternative sub-model was recorded for 2009 
season. For 3-replications data set, 
replications+blocks, was the effective alternative 
sub-model for ordinary and spatial REML models. 
Meanwhile, the effective sub-models for meta model 
were standard and alternative sub-models in 2008 
and 2009 seasons, respectively. However, the 
effective alternative sub-model of data set for 4- and 
5 -  replications  was  replications  with  blocks sub- 



Academia Journal of Agricultural Research; Shalaby et al.      157 
 
 
 

Table 5: Parameter estimates of three REML models for the data of lint cotton yield (g/plot) using different number of replications in 2009 season. 
 

 

No 
replications(1) 

REML models Ordinary and spatial REML Meta REML 

      Parameters est. 

 

  

Sub-models(2) 

 DV 2 AICD  DV 2 AICD 

2 
Standard-  55.28 16288.22 ------- 19920.03 56.24 15816.85 ---------- 19450.66 

Alternative- 55.19 16278.58 9.64** 19914.38 55.89 15804.40 12.45** 19442.21 

          

3 
Standard-  52.85 20566.94 --------- 26036.63 53.63 20486.06 -------- 25959.74 

Alternative- 52.34 20566.92 0.02 26038.61 53.63 20486.06 0 25961.74 

          

4 
Standard-  41.98 31051.83 ------- 38359.39 43.58 29727.77 -------- 37041.33 

Alternative- 40.48 31032.61 19.22** 38344.17 40.48 29715.90 11.87** 37033.46 

          

5 
Standard-  40.19 38148.28 --------- 47293.72 42.52 36433.84 --------- 45587.28 

Alternative- 38.56 38127.51 20.77** 47276.95 39.90 36423.62 10.22** 45581.06 

          

6 
Standard-  39.95 55661.71 --------- 66675.02 41.04 53464.65 ------ 64457.96 

Alternative- 39.69 55636.71 25.00** 66624.03 40.74 53448.82 15.83** 64446.13 
 

(1) Data sets of combinations having the highest relative precision in lattice analyses as compared with RCBD. 
(2) For each season,  standard sub-model refers to no group effect (null hypothesis) and alternative sub-model refers to specific group effect (alternative hypothesis. 

 
 
 

model. 
For data set of 6- replications set, the effective 

sub-model was replications for ordinary and spatial 
models in 2008. Meanwhile, replications+blocks was 
the effective alternative sub-model for meta REML 
model in 2008 and the three REML models in 2009 
season. In previous results of lint cotton yield/plot 
for all data sets, meta REML model was detected as 
the best REML model for increasing the precision of 
cotton trials as compared with ordinary and spatial 
REML models. Either replications or replications 
with blocks alternative sub-models revealed their 
importance in increasing precision of experiments  

 
 
 

except in cases that standard sub-model was the 
recommended. 

Generally, in the light of the previous results and 
discussions, for all data sets of the studied trait, meta 
REML model was detected as the best REML model 
for increasing the precision of cotton field trials as 
compared with ordinary and spatial REML models. 
Standard sub-model was concerned for almost 2- 
replication data sets of the different traits. Either 
replications or (replications with blocks) alternative 
sub-models revealed their importance in increasing 
precision of experiments.   

 
 
 
Precision of REML models compared with the 
traditional designs   
 
Although replications often account for a large 
amount of variability in the field, a considerable 
variation within replications still remains 
unaccounted for. In field trials, it is unrealistic to 
assume independence of errors, a basis of classical 
analysis, because of the fixed proximity of 
experimental plots in the field layout. REML pattern 
may be unique to a field due to variability in biotic 
and abiotic factors (Patterson and Williams, 1976;  
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Table 6: Means of the five highest yielding genotypes (g/plot) using randomized complete blocks design (RCBD), lattice designs (LD), and three 
REML models for lint cotton yield/plot in 2008 season. 

 

2-rep. data set with the highest lattice precision estimate 

Design/Model C.V. or RD 
The highest five genotype means 

1st 2nd 3rd 4th 5th 

RCBD 55.05 (23) 55.95 (2) 50.05 (4) 44.09 (24) 40.77 (9) 40.12 
Lattice design 49.50 (23) 54.65 (2) 53.86 (4) 51.94 (3) 40.50 (22) 38.18 
       
OM standard sub-model 40.83 

(23) 56.34 (2) 55.54 (4) 52.62 (3) 51.98 (22) 50.68 
SM standard sub-model 39.62 
       
MM standard sub-model 33.20 (23) 59.29 (2) 57.91 (4) 55.89 (3) 54.31 (22) 50.62 
       

3-rep. data set with the highest lattice precision estimate   

RCBD 55.40 (23) 51.72 (8) 50.63 (10) 41.83 (22) 41.76 (2) 40.18 

Lattice design 28.87 (23) 67.49 (8) 66.53 (10) 49.21 (22) 48.64 (2) 48.59 
OM replications+blocks  25.20 (23) 66.21 (10) 62.85 (8) 50.21 (22) 48.00 (2) 40.41 
SM replications+blocks  23.62 (23) 68.22 (8) 67.26 (10) 49.93 (22) 49.37 (2) 49.31 
MM  standard sub-model 17.05 (23) 77.52 (8) 75.26 (10) 49.66 (22) 49.52 (2) 46.36 
       

4-rep. data set with the highest lattice precision estimate 

RCBD 54.70 (23) 72.14 (2) 39.64 (8) 39.54 (9) 38.98 (24) 39.21 
Lattice design 37.98 (23) 109.15 (2) 54.07 (8) 51.41 (9) 44.15 (24) 42.89 
       
OM replications+blocks 27.76 

(23) 112.97 (2) 57.89 (8) 55.23 (9) 47.97 (24) 47.77 
SM  replications+blocks  24.86 
       
MM Replications+blocks  19.32 (23) 76.04 (2) 64.73 (8) 58.13 (9) 49.94 (24) 48.77 
       

 5-rep. data set with the highest lattice precision estimate    

RCBD 49.20 (23) 68.48 (8) 44.87 (2) 42.85 (10) 40.00 (22) 39.62 
Lattice design 33.21 (23) 101.94 (8) 54.73 (2) 50.68 (22) 44.44 (10) 44.23 
       
OM replications+blocks  26.18 

(23) 104.25 (8) 57.63 (2) 53.59 (22) 47.13 (10) 45.99 
SM replications+blocks  23.68 
       
MM replications+blocks  18.18 (23) 74.89 (8) 65.49 (2) 51.25 (22) 49.54 (10) 49.01 

       

6-rep. data set with the highest lattice precision estimate 

RCBD 445.50 (23) 162.47 (2)83.95 (4) 82.97 (24) 82.25 (8) 83.07 
Lattice design 41.89 (23)122.54 (2) 96.50 (8) 94.73 (4) 94.53 (24) 93.09 
       
OM replications  19.42 (23) 122.63 (2) 104.59 (8) 102.82 (4) 102.61 (24) 101.18 
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Table 6: Conts. 

 
SM replications  17.96      
       
MM replications+blocks                  14.99 (23) 128.04 (2) 128.66 (8) 103.16 (4) 99.10 (24) 98.54 

 

C.V., RD, OM, SM, and MM refer to coefficient of variation, relative distance, ordinary model, spatial model and  meta model, respectively 

 
 

Table 7: Means of the five highest yielding genotypes (g/plot) using randomized complete blocks design (RCBD), lattice designs (LD), and three 
REML models for lint cotton yield/plot in 2009 season. 

 

2-rep. data set with the highest lattice precision estimate 

Design/Model C.V. or RD 
The highest five genotype means 

1st 2nd 3rd 4th 5th 

RCBD 50.90 (23) 88.23 (2) 77.52 (4) 70.12 (3) 66.50 (22) 59.32 

Lattice design 45.12 (23) 91.12 (2) 90.21 (4) 88.12 (3) 86.86 (22) 80.15 

       

OM replications+blocks sub-model 41.33 
(23) 94.52 (2) 88.52 (4) 82.37 (3) 81.81 (22) 79.32 

SM replications+blocks sub-model 39.27 

       

MM replications+blocks sub-model 30.17 (23) 90.37 (2) 84.21 (4) 82.21 (3) 79.53 (22) 75.21 

       

3-rep. data set with the highest lattice precision estimate   

RCBD 49.49 (23) 90.99 (8) 87.52 (10) 85.52 (22) 80.23 (2) 77.20 

Lattice design 39.12 (23) 110.23 (8) 88.52 (10) 86.21 (22) 84.21 (2) 80.14 

OM standard sub-models 38.37 (23) 100.00 (8) 99.52 (10) 90.32 (22) 88.32 (2) 86.63 

SM standard sub-model  34.22 (23) 99.96 (8) 88.20 (10) 86.32 (22) 77.62 (2) 76.66 

MM standard sub-model 25.85 (23) 111.93 (8) 100.21 (10) 88.29 (22) 85.93 (2) 84.55 

       

4-rep. data set with the highest lattice precision estimate 

RCBD 45.58 (23) 99.85 (2) 98.23 (8) 89.23 (9) 77.52 (24) 72.56 

Lattice design 40.18 (23) 109.41 (2) 99.85 (8) 91.52 (9) 88.52 (24) 80.14 

       

OM replications+blocks sub-model 39.75 
(23) 133.89 (2) 111.85 (8) 88.26 (9) 85.69 (24) 80.14 

SM replications+blocks submodel 37.88 

       

MM replications+blocks sub-model 28.15 (23) 122.25 (2) 110.12 (8) 89.53 (9) 88.75 (24) 85.85 
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Table 7: Conts. 

 

5-rep. data set with the highest lattice precision estimate    

RCBD 41.87 (23) 88.86 (8) 81.52 (2) 63.89 (22) 55.85 (10) 54.36 

Lattice design 38.55 (23) 91.25 (8) 80.42 (2) 79.62 (22) 77.45 (10) 74.12 

OM replications+blocks sub-model 30.12 
(23) 142.15 (8)121.06 (2) 91.52 (22) 88.74 (10) 84.23 

SM replications+blocks sub-model 25.20 

MM replications+blocks sub-model 22.14 (23) 123.56 (8) 99.52 (2) 90.99 (22) 89.84 (10) 88.51 

       

6-rep. data set with the highest lattice precision estimate 

RCBD 42.17 (23) 180.52 (2) 165.21 (8) 120.58 (4) 99.27 (24) 99.00 

Lattice design 35.17 (23) 150.14 (2) 97.52 (8) 88.85 (4) 80.25 (24) 80.00 

OM replications+blocks sub-model  30.90  

(23) 148.55 

 

(2) 110.28 

 

(8) 100.02 

 

(4) 96.52 

 

(24)90.50 SM replications+blocks sub-model  22.79 

MM  replications+blocks sub-model  18.55 (23)160.25 (2) 124.96 (8) 123.29 (4) 100.59 (24) 99.59 
 

C.V., R.D., OM, SM, and MM refer to coefficient of variation, relative distance, ordinary model, spatial model and meta model, respectively. 

 
 
John and Williams, 1995). In the present study, 
three REML models, that is, ordinary-, spatial- and 
meta- REML models, have been applied to further 
reduce unexplained variation. Based on four 

parameters, that is,  deviance, 2 and  AICD, 
studied in the part of study (3.b), meta REML model 
(with replications or (replications+blocks) 
alternative sub-model) was effective. 

In this part of study (3.b), the recommended meta 
REML model was compared with lattice and RCB 
designs and other two REML models, that is, 
ordinary and spatial models in terms of the 
coefficient of variation (C.V.) and relative distance 
(R.D.). All data sets, that is, 2-, 3-, 4-, 5- and 6 data 
sets, were used in this part of study. Also, the 
comparisons of the genotypes rank based on means, 
that is, either unadjusted (RCBD) or adjusted 
(lattice design and REML models) were also 
included (Tables 6 to 7).  

Based on the data set of lint cotton yield (g/plot) 
in 2008 and 2009 presented in Tables 6 and 7, the 

highest C.V. values were obtained for RCBD, 
followed by lattice, ordinary-, spatial- and meta- 
REML models, respectively. Concerning 6-
replication data set, based on the averages of C.V. 
estimates for the two seasons of study, the lowest 
C.V. estimates were obtained for meta REML model 
(16.77%) as compared with 43.84 and 38.53% for 
RCBD and lattice design, respectively. Furthermore, 
the same trend of results was detected for other 
data sets. Therefore, meta REML model showed 
highest efficiency in reducing unexplained 
variations as compared with other experimental 
designs and models. 

Therefore, the aim is to specify the variance 
structure for the random model in such a way as to 
allow an investigation into changing variances 
across the levels of factors:  replications and blocks. 
To investigate whether the variance changes across 
the levels of a factor, we calculated the change in 
deviance between the constant variance and 
changing variance sub-models. 

Residual (or restricted) maximum likelihood 
(REML) is a relatively recent agricultural 
statistician’s toolbox, which provides an approach 
for the analysis of linear mixed models, such as 
unbalanced experimental designs, and the 
estimation of components of variance. 

Future developments of statistical methodology 
will be important in three areas of agricultural 
research; the analysis of ordinary, spatial and meta 
REML models with precision agriculture technique. 
In general, REML method was used in several 
aspects of science as medicine, quality of data for all 
kinds of science and in agricultural research for 
climate change and plant diseases. Furthermore, 
REML method was an effective analysis for mixed 
models for almost all sciences especially for varietal 
trials (Virk et al., 2009). 
Finally, based on results obtained for the different 
traits in part (3.a) of the present study, meta REML 
model (replications, blocks or both) was the most 
effective as compared with other REML  models and  
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other designs by the lowest values of parameter estimates 
of REML models. Also, in part (3-b), C.V. estimates (or 
relative distance (R.D.) estimates for the spatial REML 
model) indicate the importance of meta REML model as 
the recommended analysis in increasing the precision of 
field experiments as compared with ordinary and spatial 
models for REML method and RCBD and lattice designs for 
traditional analysis. A similar trend of results have been 
detected by several researchers (Mike, 2008; Mick, 2010; 
Dore et al., 2011; Madden and Paul, 2011).  
 
 
CONCLUSIONS 
 
In the light of results obtained in the four parts of the 
present study, the following conclusions could be drawn: 
 
1. Certain genotypes either in F3 or F6 showed significantly 
higher means of yield traits than commercial cultivars 
under study. Then further evaluation of F3 and F6 
genotypes in more advanced generations could be 
recommended.  
2. The relative precision of trials using lattice designs with 
different combinations for numbers of replications was 
more efficient as compared with RCBD. The highest 
estimates of relative precision were obtained using quintic 
and balanced lattices, while the lowest estimates were 
detected for simple lattice.  
3. Meta REML model was detected as the best REML model 
for increasing the precision of cotton field trials as 
compared with ordinary and spatial REML models. Either 
replications or replications with blocks alternative sub-
models revealed their importance in increasing precision 
of the experiments. Furthermore, meta REML model 
showed highest efficiency in reducing unexplained 
variations as compared with other experimental designs.  
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