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Abstract: Tree growth is influenced by environmental and genetic factors. 
Trees with different genetic material growing under the same environmental 
conditions have different growth pattern.   Adequate management requires 
good understanding of factors affecting tree growth. The aim of this study is 
to determine the factors that influences stem radial growth of juvenile 
Eucalyptus hybrids clones. The longitudinal data used in this study is 
obtained from Sappi land holdings in coastal Zululand of eastern South 
Africa. For the first two years of growth, measurements of stem radius were 
repeatedly obtained using dendrometer attached to 18 trees. Weekly 
measures of climatic data (temperature, solar radiation, relative humidity 
and wind speed) were simultaneously recorded with total rainfall from the 
site.  A fractional polynomial model under linear mixed modelling 
framework, that incorporates the covariance structure into statistical model, 
was used.  The results of the analysis indicate that the relationship between 
tree age and stem radius can be explained by a second degree fractional 
polynomial model. Subsequently, the model was extended to account for the 
effect of climatic variables. A significant difference was observed between the 
growths of the two clones. The results indicate that the effect of weather 
variables on stem radial growth depends on season. It is found that some 
weather variables (like temperature and solar radiation) that have positive 
effect in one season might have negative effect in another season.  In 
conclusion, although tree age is the primary determinant of stem radial 
growth, weather variables are also found to have significant effect.   
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1. Introduction 
 
Eucalyptus trees are woody plants that 

are essential and beneficial to humans. 
They are major sources of forest products 
and include commercially main woody 
plants for important oil production and the 

paper and pulp industry [22].  At the end of 
the twenty century, eucalyptus had become 
the most widely planted hardwood species 
in the world [33]. Most plantation trees are 
established and administered for profit; 
therefore, growth is an essential economic 
factor. Due to increasing wood consumption 
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and the development of pulp and paper 
production, plantations of fast growing tree 
species, managed with short rotations, have a 
growing importance for the sustainability of 
industrial wood raw material [22]. Eucalyptus 
trees are fast growing and can regrow from 
stumps after harvesting which makes 
multiple productions possible.   Climatic 
factors such as temperature [9] sunlight, 
rainfall [9], [25], humidity [9] and wind 
speed [36] contribute to the growth of plants.  
Understanding the relationships between 
climatic variables and the pattern of stem 
growth would be helpful to know the 
suitable climatic conditions for tree growth.    

Eucalyptus trees are among the most 
widely cultivated forest trees in the world 
[28]. Eucalyptus, together with species of 
Pinus and Acacia, species of Eucalyptus 
and Corymbia are among the trees most 
widely utilized to establish intensively 
managed plantations, particularly in the 
tropics and Southern Hemisphere [38].  
Among countries of the world, Brazil has 
the highest Eucalyptus plantation cover 
(about 3 million hectare (ha)), followed by 
India and China who have Eucalyptus 
plantation cover of 1 million and six 
hundred thousand hectare respectively.  
South Africa has the largest area of 
Eucalyptus plantation in Africa. About half 
a million hectare (ha) is covered with 
Eucalyptus plantation [39]. The country is 
also known for its commercial Eucalyptus 
plantation.  The majority of Eucalyptus 
plantations in South Africa (about 72%) are 
owned by companies and small growers [3]. 
Commercial planting of Eucalyptus has 
been operational for more than a century 
[38]. Therefore, in South Africa, Eucalyptus 
plantation has long been recognized as an 
important source of revenue.   

E. gradis species is the most widely 
commercially grown species in South 
Africa. According to [27], about 73.8% 
percent of the total commercial forestry is 
covered by this species. E. grandis is 

traditionally an indispensable pulpwood 
species due to its fast growth and well –
studied wood properties [32]. However, it 
is less resistance to drought and cold.  

On the other hand, slow growing species, 
Eucalyptus camaldulensis, can be 
adaptable in drought and cold conditions. 
The rapid demand for hardwood for forest 
industry, has necessitated South Africa to 
embark on expansion of hardwoods into 
colder sites where E. grandis might not 
survive. Using crosses of E. gradis with 
Eucalyptus camaldulensis and Eucalyptus 
urophylla was considered as one of the 
solutions to meet the need for commercial 
forestry sector. These hybrids are also 
found to be adaptable and perform better 
than E. gradis to poor sites [16], [22], [34]. 

Modelling juvenile tree growth is important 
in forest management to determine timber 
yield and long-term response of forest 
structure and dynamics to selective logging 
[2], [10], [13]. The greatest potential for 
improving growth rates is during juvenile 
development [37]. Appropriate juvenile 
development modelling is crucial for 
simulation models [12]. For a given species 
the average juvenile tree growth is usually 
expressed as a function of age. However, 
such average growth models assume a 
constant and negligible variability of the 
given species trees. The juvenile growth data 
have shown a high variability growth even 
with the same hybrid clone of trees.    
Understanding the relationship between 
weather variables and the stem radial growth 
would facilitate the prediction of wood 
properties for a given cite [19].   Studies that 
are available so far focus on growth rate and 
pattern of growth as a function of age [5], 
[17], [20], [24]. The study [19] consider 
daily measurements of stem radius and the 
longitudinal aspect of the data was not taken 
into account. The current study attempts to 
take into account the longitudinal nature of 
the data and study the relationship between 
stem radius and weather variables. 
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Therefore, the main objective of this paper is 
to study the effect of climatic factors on the 
radial measure using a longitudinal data 
modelling approach.  
 
2. Materials and Methods 
 
2.1. Data 
 

A dendrometer trial, which focused on 
the growth of a Eucalyptus grandis ×       
E. urophylla (GU) and an E. gradis ×       
E. camaldulensis (GC) hybrid clone, was 
established on Sappi landholdings at 
KwaMbonambi in the coastal Zululand 
area in the eastern part of South Africa. 
Sappi South Africa is a forest product 
company operating in the country 
including the province of Kwazulu Natal. 
The research site is located near the town 
of KwaMbonambi (28.53o S, 32.14o E,               
55 m AMSL) approximately, 200 km 
north-east of the city of Durban. On 
average, the site receives 1,000 mm of 
rainfall per year, and has a mean annual 
temperature of 21°C. Most annual rainfall 
is usually received in spring and summer, 
with dry winters [8], [19].  

The trial was designed to run over 
separate growth monitoring phases.  Each 
phase ended with the destructive sampling 
of study trees in order to measure several 
wood characteristics. The results presented 
in this study are based on the data collected 
only during the first of these phases of 
growth. The first phase ran from April 2002 
when trees are 39 weeks–old until August 
2003 when trees were 107 weeks old.  

Using dendrometers repeated 
measurements of stem radius were 
obtained, during this time, for a sample of 
18 trees, nine from each clone. A detailed 
soil survey of the site conducted in August 
2001 showed that the site was very 
uniform, thus minimizing the potential 
manifestation of unexpected or anomalous 
growth characteristics. Planting began on 

16 July 2001. The site preparation prior to 
planting, in April 2001, included the 
treatment of tree stumps from the previous 
rotation with herbicide (to prevent 
coppicing) and slash from the previous 
harvest was burned.  Each rooted cutting 
was established in pre-prepared soil pits 
between existing stumps, together with 
approximately 2 liters of water.  The two 
clones were planted in alternating columns 
of 7 × 24 trees at a 3 m × 2.5 m spacing.  
Within each column of trees for a 
particular clone, three plots of 12 trees 
(4×3), each with two surrounding tree rows 
were demarcated.  The plots were 
established in pairs, so that in any phase of 
the research a GU and a GC plot could be 
measured simultaneously.  Nine trees per 
plot were selected from each clone for 
intensive monitoring of radial growth [7], 
[8], [18], [19], [20]. From the 18 sampled 
trees (nine per clone), longitudinal data of 
1242 weekly average radial measurements 
were obtained.  

The response variable investigated in this 
study was the weekly stem radial growth, 
which is of interest because it can be used 
to understand the underlying processes of 
fibre development in fast-growing 
Eucalyptus plantations. In addition to 
radial growth, an automatic weather station 
was installed at a distance of 
approximately 200 m from the trial to 
record hourly temperature (ºC), relative 
humidity (%), solar radiation (mJ/hr,), 
rainfall (mm) and wind speed (m/s).  The 
weekly total rainfall and the weekly 
average of other climatic variables were 
obtained from the hourly data by 
cumulating and averaging the hourly 
measurements. 
 
2.2. Methods 
 

Cross sectional study may allow 
comparison among subpopulations that 
happen to differ in age, but it does not 
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provide any information about how 
individuals change over time.  The 
assessment of within subject changes in 
response over time can only be achieved 
within a longitudinal study [20]. A 
distinctive feature of longitudinal data is 
that observations within the same 
individual are correlated. Failure to 
account for the effect of correlation can 
result in an erroneous estimation of the 
variability of parameter estimates and 
hence in misleading inference.  This 
interdependence can be modeled using 
mixed models. The current data set 
consisted of repeated measurements of the 
same subjects over time, therefore, a mixed 
effects models approach was adopted [11], 
[23], [26], [35] in the analysis of the 
longitudinal data.   

Models for the analysis of such data 
recognize the relationship between serial 
observations on the same unit.  Since change 
in stem radial growth, which is a continuous 
response variable, is the main object of the 
study, it is of interest first to study the mean 
effect of time alone on the stem radial 
growth without correcting for climatic 
factors that can influence the pattern of 
response. We also adopted the fractional 
polynomial approach to the mixed model by 
using a polynomial regression model with 
parameters that are allowed to vary over 
individual trees, and which are therefore 
called random effects or tree-specific 
regression coefficients [14], [30]. Their 
mean then reflects the average evolution in 
the population of trees. 

 
2.3. Selection of a Preliminary Mean 

Structure 
 

The plot of an individual tree’s stem 
radial growth and the Loess smoothed 
curve suggest that the relationship between 
the radial measure and tree age is curved 
(Figure 2). The presence of curvature can 
be handled by using conventional 

polynomials. In most applications the 
choice is made between linear and 
quadratic terms, with cubic or higher order 
polynomials being rarely used or useful. It 
has long been recognized that conventional 
polynomials (which offer only few curve 
shapes) do not fit the data well. High order 
polynomials (sometimes even cubic 
polynomials) follow the data more closely 
but often fit badly at the extremes of the 
observed range of the independent. The 
[30] approach was adopted.  This is based 
on the fractional polynomials and a unified 
description and a degree of formalization.  
We considered a second degree fractional 
polynomial model of the form: 

 

qpfor
q

t
p

to ≠++ 21 ααα  
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The parameter α0 stands for the intercept 
while α1 and α2 are the slopes associated 
with power p and q respectively. The 
variable t stands for tree age. The powers p 
and q are chosen from among -2, -1,-0.5, 0, 
0.5, 2 and 3.  This set includes linear, 
reciprocal, square root, square and cubic 
transformations and their combinations. 
The best fit among the possible 36 
combinations of such powers is defined as 
that which maximizes the likelihood 
function. Such second degree fractional 
polynomials offer considerably more 
flexibility and accommodate many 
functions with single turning points as well 
as j shaped relationships (see for example, 
[15], [31]. The best fitting fractional 
polynomial curve for the current data is 
found to be the curve with powers p=1 and 
q=0.5. That is the linear term plus a square 
root of time. The preliminary graphical 
analyses also indicated that the intercept 
and growth patterns were different for 
different trees. Therefore, having a 
different slope for each tree, leads to 
subject- specific regression coefficients, 
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which represent the random effect in the 
mixed model.  The provisional model for 
stem radial growth as a function of time 
(tree age in weeks) is: 
 

18...,2,1

2/1
210

=

ε+′β+′β+β= ′′

i

ttY tiiiiti  (1) 

 
The dendrometer measurements began 

when the tree was about 39 weeks of age. 
The actual age, t, of the tree differs from 
the dendrometer age, denoted by t΄, by 39 
weeks. In other words, t’ = t – 39, where:  
t΄ and t are the dendrometer and actual 
ages, respectively, of tree i.  Yit’ is the 
radial measure of the ith tree at age t’i, β1i   

is the coefficient of time effect for the ith 
tree, β2i is the coefficient of the square root 
of time effect for the ith tree, εit’ is the 
mean zero deviation which represents the 
within-tree variability, β0i   represents the  

mean radial size of tree i at the beginning 
of dendrometer measurements, that is 
when  t’ = 0. The values β0, β1 and β2 and 
are the average intercept, coefficients of 
time and square root of time effects, 
respectively, of the population. After 
correcting for the effect of individual 
characteristics the individual coefficients 
can then be expressed as: 
 

ii b 000 +β=β   

ii b 111 +β=β   

ii b 222 +β=β   
 

For  the ith  tree, the terms b0i, b1i and b2i 
represent the random deviations of the 
intercept, coefficients of time and square 
root of time, respectively, from the 
corresponding population parameters 

10 ,ββ  and β2. Therefore, model (1) can 
be rewritten as: 
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equivalently to: 

 
tiiiiti tbtbbttY ′′ ε+′⋅+′⋅++′⋅β+′⋅β+β= 2/1

210
2/1

210      
 

The matrix form of model (2) is:  
ε++β= iiii bZZY  

where: 
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Model is a mixed model with fixed 

effects β and random effect bi. The random 
effects bi are  assumed to be normally 
distributed with mean vector 0 and (3×3) 
covariance matrix D where: 
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Likewise the vector of residuals εi is 
assumed to be normally distributed with 
mean vector 0 and (n × n) covariance 
matrix, Σi . Assuming the random effects 
and error terms are independent, the 
marginal distribution for the vector of 
responses of the ith tree, Yi is normally 
distributed with mean vector Ziβ and 
variance covariance matrix given by: 

 
∑+=

iiii ZDZV '  

 
3. Results and Discussions 
 

3.1. Exploratory Data Analysis 
 

Box plots of the stem radius with respect 
to each tree (the tree numbers are given 
during the experiment) are presented in 
Figure 1.  

Some variability in mean stem radius for 
different trees evidently observed.  

The between tree variability is clearly 
seen from this plot. Moreover, the within 
tree variability is not the same for all trees.  
The modelling process needs to take into 
account all of the information obtained 
during the visualization process.  

 

Fig.1. Box plot of stem radius expressed in micro meters for 18 trees 
 

The loess smoothing technique by [4] 
is used to study the functional 
relationship between radial growth and  
tree age. Figure 2 [20] shows that radial 
measurements were initiated at about 40 
weeks of age (when the dendrometers 
could be attached to the trees without 

causing damage).  It shows a sharp 
increase in the estimated mean response 
profile of the stem radius from the 
beginning (39 weeks) up to the age of 70 
weeks, and thereafter the rate of increase 
slows down for both clones. 
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Fig. 2. Loess smoothed curves of stem radial measure ( in micro meters) 
against time for both clones

 
3.2. Exploring the Covariance Structure 
 

 Random effects are effects that arise from 
the characteristics of individual trees. 
Therefore, these effects explain the 
stochastic variation between trees. On the 
other hand, measurements of stem radius, on 
successive occasions of the same tree, are 
most likely to be serially dependent. Hence, 
we cannot extract as much information from 
these dependent observations as we could 
from the same number of independent 
measurements. That is, serial correlations 
mask part of the within tree variation in the 
data. The possibility of measurement error 
cannot be ignored. That is, during data 
collection, measurement error is expected. 
Therefore, these three sources of variability 
were considered in further analysis.  

The covariance structure models all 
variability in the data which cannot be 
explained by set of explanatory variables 
[35]. An attempt to obtain residuals after 
removing all systematic trends was made. 
The analysis of such residual suggested that 
the variance of the response variable is not 
constant.  

For balanced longitudinal data, the 
correlation structure can be studied 
through the correlation matrix, or a scatter 
plot matrix.  In our case, we considered the 
weekly radial measure for some weeks to 
see how the correlations among repeated 
measurements of the data behave. The 
stem radial measures for weeks 39, 40, 41, 
60, 70, 100, 101 and 102 were considered. 
The estimated correlation matrix for these 
selected time points is presented as 
follows:
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54.054.054.050.061.0197.083.0
49.050.050.045.054.097.0190.0
30.031.003124.033.083.090.01
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The correlation between measurements 
at week 39 and week 40 is 0.9 indicating a 
strong relationship between the 
measurements of week 39 and week 40.  
On the other hand the correlation between 
the measurements of week 39 and week 
102 is only 0.3. This shows that there is a 
strong correlation between measurements 
that are at closer time points to each other. 
The correlation is dying as the length of 
time between two measurements increases.  

 The exploratory analyses suggested that 
the stem radial growth is increasing over 
time.  However, the rate at which it is 
increasing is different for the two clones.  
Moreover, the exploration of the 
covariance structure shows that there is a 
clear indication for the between tree and 
within tree variability. It was also 
established that the stem radius data is 
balanced and free from the problem of 
dropout. This paves the way for 
justifiability of likelihood based analysis. 
The above exploratory analysis suggested, 
the demand for a “tree effect” in the 
model, which is indeed the motivation for 
mixed effects models. The plot of an 
individual tree’s stem radius (not shown 
here) and the Loess smoothed curve 
(Figure 2) suggest that the relationship 
between the radial measure and tree age is 
curved. The multivariable fractional 
polynomial (mfp) package in R statistical 
software [1] was used to select the mean 
structure of the model used in this study.  
The best fitting fractional polynomial curve 
for the current data is found to be the second 
order fractional polynomial with powers m1 
= 0.5 and m2 = 1 [21], [30]. That is the linear 
term plus a square root of time. 
 
3.3. Selection of Random Effects  
 

The inferential focus of this study is on 
the mean response of the stem radial 
measure. In order to have a valid inference 
about the mean structure, the covariance 

structure must be incorporated into the 
statistical model. In this type of 
longitudinal data there are at least three 
possible components of variability: random 
effects, serial correlation and measurement 
error [6]. 

Following the selection of the mean 
structure, the selection of the random 
effects was performed. That is, the 
assessment as to which of the curve 
components (the intercept, time or square 
root of time), should have a random 
component was made. Initially, a linear 
mixed model was fitted, assuming the 
diagonal elements in Σi are all equal and 
the off-diagonal elements are zero. 
Therefore, the variance of the response 
vector Yit΄ depends on time only through 
the component ZiDZi΄. A hierarchical test 
procedure was followed to see if any of the 
random effects could be removed from the 
model. Hence the test begins with the 
inquiry as to whether or not the square root 
of time effect differs between trees. The 
formulation of the test of hypothesis at a 
specified α-level of significance is: 

 
Ho: d13 = d23 = d33 = 0 against the 

alternative: 
Ha: at least one of the di3 is different from 

0, i = 1, 2, 3. 
 

In the above d13, d23 and d33   are the 
covariance of random  intercept and square 
root of time random effect, the covariance 
of time coefficients and square root of time 
coefficients and the variance of square root 
of time random coefficients  respectively. 
The classical likelihood based inference 
cannot be applied for testing the above null 
hypothesis since  the null hypothesis (d33 

=0) is on the boundary of the parameter 
space. To avoid this boundary value 
problem the asymptotic mixture of chi-
squared distributions for the likelihood ratio 
test statistics was applied. This statistic is the 
difference of minus twice the logarithm of 



S. MELESSE et al.: Modelling the Effect of Tree Age and Climatic Factors ...  19 

the likelihoods under the null and the 
alternative hypothesis. A large value of this 
difference rejects the null hypothesis and 
favors the alternative hypothesis, that there 
is a significant improvement in the fit when 
the extra random effect parameters are 
included [21].   

The following random effect models 
were considered for testing: 
• Model 1: Intercept, time, square root of 

time; 
• Model 2: Intercept, time; 
• Model 3: Intercept, square root of time; 
• Model 4: Time, square root of time;  
• Model 5: Intercept only. 

  The test results (using the asymptotic 
mixture of chi-square distributions) yield 
p-values less than 0.0001. We conclude 
that model one (intercept, time and square 
root of time) is preferable model among 
models listed above. The estimated general 
positive definite covariance matrix for the 
selected model  is:  
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Investigation of standardized residuals 

indicates that the residual variability for 
the GU clone is larger than for the GC 
clone. A heteroscedastic model that allows 
different variances by clone was applied. 
Several variance functions discussed by 
[29] were applied for the variance of the 
within- tree error. Among the variance 

functions considered, a variance which is 
an exponential function of time was found 
to be the best fit.  

That means the two clones had different 
variances and their variance was a function 
of tree age.  The estimated standard error 
for the GC clone is about 76% of that for 
the GU clone. The estimate for fixed 
effects is similar to the estimates of the 
homoscedastic model. The estimates of 
fixed effects are presented in Table 1.  

As seen from Table 1, the interaction of 
time effect with clone GC was not 
significant and hence was removed from the 
model. The interaction between clone and 
the square root of time effect is significant. 
This indicates that the two clones have 
different coefficients for the square root of 
time. Therefore, the longitudinal growth of  
the GU clone is significantly higher than 
that of the GC clone.   

Further examination of residuals shows 
that the standardized residuals are small; 
suggesting that the mixed effects model 
with heteroscedastic variance is successful 
in explaining the radial growth curves.   
 The homoscedastic model and the 
heteroscedastic model are also compared 
using a formal test. The results of the 
formal test confirm that the heteroscedastic 
model explains the data significantly better 
than the homoscedastic model.  The 
maximum likelihood estimates for the 
fixed effects of the heteroscedastic model, 
after removing the interaction effect of 
clone and time, are presented in Table 2. 

 
Fixed effect estimates for heteroscedastic model              Table 1  

Effect Value Standard error t-value P-value 
Intercept -5547.85 812.91 -6.82 0.001 
Time -137.39 38.62 -3.36 0.001 
Clone (GC) 2738.96 1122.49 2.44 0.026 

time  5072.58 462.64 10.96 0.001 

time   ×  Clone (GC) -1514.95 648.76 -2.33 0.019 
Clone (GC)  ×  time 84.26 54.17 1.56 0.12 
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                                                                                                   Table 2 
Maximum likelihood estimates for the parameters of the fitted model 

Effect Parameter Estimated Value 
intercept 0β  -4762.79 

Time 1β  -94.44 

time  2β  4614.43 

clone (GC) 3β  1220.95 

× time×)(GCclone  4β  -618.06 
 

Therefore the fitted marginal model, or 
the average profile of the radial measure at  

tree age of  ‘t` for the two clones can be 
summarized as follows:  

   

cloneUGfor43.461444.9479.4762ˆ
cloneGCfor37.399644.9484.3541ˆ

ttY

ttY

t

t

′+′−−=

′+′−−=

′

′

 
 3.4. The effect of climatic variables  
 

The above fitted fractional polynomial 
models are extended to include the effect 
climatic variables and their interaction 
with clone. The effect of each climatic 

variable together with the interaction 
between clone and each climatic variable is 
considered in the modelling process.  The 
results of the fixed effect estimates are 
presented in Table 3. 

 
Fixed effect estimates for the model that includes the effect of weather variables    Table 3 

Covariates Value Standard Error t-value p-value 
Intercept -5764.61 669.58 -8.6 0.0000 
Time 45.45 24.26 1.87 0.0600 
Clone (GC) 2085.67 538.27 3.87 0.0010 

time  3095.81 322.69 9.59 0.0000 
Temperature 39.58 11.09 3.57 0.0004 
Rainfall 3.72 0.96 3.86 0.0001 
Relative humidity 15.40 4.98 3.09 0.0020 
Solar radiation 2381.09 246.63 9.65 0.0000 
Wind speed 818.52 67.27 12.17 0.0000 

time×Clone  -612.89 281.70 -2.18 0.0298 
Clone ×  Temperature -48.91 14.18 -3.45 0.0006 
Clone ×  Solar radiation -669.98 302.85 -2.21 0.0271 
 

The interaction effect of clone with each 
climatic variable is studied one by one. 

The hierarchical procedure is used to test 
for additional parameter in the model.   
Clone is found to have significant 
interaction with temperature and solar 

radiation. The interaction of clone with 
other climatic variables is not significant. 
Temperature appears to have an opposite 
effect on the radial growth of the two 
clones. The rest of the weather variables 
appear to have positive effect on the stem 
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radial growth. However, the above result is 
without considering the effect of season on 
the weather variables. 

The effect of weather variables might 
depend on season. The effect of  weather 

variables on stem radius is considered after 
including season as one of the factor that 
determine stem radial growth. The results 
of the model that include season are 
presented in Table 4.  

 
Fixed effect estimates for the model that includes the effect of season        Table 4 

Covariates Value Standard 
Error t- value p-value 

Intercept 2623.54 1576.26 1.66 0.0963 
Time 59.22 27.31 2.17 0.0303 
Clone (GC) 2177.79 578.60 3.76 0.0017 

time  3014.48 357.36 8.44 0.0000 
Temperature 33.46 24.57 1.36 0.1735 
Rainfall 22.95 2.83 8.12 0.0000 
Relative humidity -50.15 10.83 -4.63 0.0000 
Solar radiation 1274.96 285.45 4.47 0.0000 
Wind speed -371.84 163.67 -2.27 0.0233 
Clone × time  -612.31 285.85 -2.14 0.0324 
Clone × Temperature -54.63 9.06 -6.03 0.0000 
Clone × Solar radiation -609.67 195.40 -3.12 0.0019 
Season (Autumn) -6983.10 1553.89 -4.49 0.0000 
Season (Winter) -13145.67 1537.28 -8.55 0.0000 
Season (Spring) -2281.52 2044.41 -1.12 0.2647 
Temperature ×   Season (Autumn) 87.22 26.06 3.35 0.0008 
Temperature ×   Season (Winter) 58.71 26.56 2.21 0.0270 
Temperature ×   Season (Spring) -8.41 28.26 -0.29 0.7658 
Rainfall  ×  Season (Autumn) -16.84 3.60 -4.68 0.0000 
Rainfall ×   Season (Winter) -24.63 2.91 -8.47 0.0000 
Rainfall  ×  Season (Spring) -21.31 3.26 -6.54 0.0000 
Wind speed    Season (Autumn) 284.17 199.27 1.43 0.1541 
Wind speed  ×  Season (Winter) 730.49 180.05 4.06 0.0001 
Wind speed ×   Season (Spring) 255.05 255.19 0.99 0.3178 
Solar radiation ×   Season (Autumn) -489.65 363.35 -1.35 0.1780 
Solar radiation ×   Season (Winter) 6053.74 462.14 13.09 0.0000 
Solar radiation ×   Season(Spring) -459.05 386.76 -1.19 0.2355 
Relative humidity  ×  Season (Autumn) 50.57 12.33 4.10 0.0000 
Relative humidity  ×  Season (Winter) 92.67 11.79 7.85 0.0000 
Relative humidity ×  Season (Spring) 36.24 18.23 1.99 0.0471 

 
Rainfall and solar radiation have positive 

effect on stem radial growth during 
summer (Table 4). The effect on 
temperature is negative for GC clone while 
no significant effect of temperature is 
observed for GU clone in summer. Wind 

speed and relative humidity appears to 
have negative effect on the stem radial 
growth of both clones during summer. 

In autumn, the effect of rainfall, 
temperature, relative humidity and solar 
radiation on stem radial growth appears 
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positive for both clones. The effect of wind 
speed is negative on the stem radial growth 
for both clones in autumn.  In winter, 
temperature, relative humidity, solar 
radiation and wind speed have positive 
effect on the stem radial growth of both 
clones. The effect of rainfall on stem 
radius appears negative for both clones 
during winter. In spring, rainfall and solar 
radiation have positive effect on the stem 
radial growth for both clones.  Relative 
humidity and wind speed have negative 
effect on the stem radial growth for both 
clones in spring.  The effect of temperature 
on stem radial growth is negative for GC 
clone while no significant effect was 
observed for GU clone in spring. 
According to our results some weather 
variables have negative effect in one 
season and have positive effect in another 
season. For instance, temperature has 
positive effect on stem radial growth of 

both clones in autumn and winter. On the 
other hand, negative effect of temperature 
is observed in summer and spring for GC 
clone while no significant effect is 
observed for GU clone. 
 
3.5. Model Checks and Diagnosis 
 

The plots of the standardized residuals 
versus fitted values, by clone, were re-
examined to assess the adequacy of the 
heteroscedastic model (Figure 3).  The 
difference in variability of the residuals for 
the two clones has improved (less 
variability is observed). A possible outlier 
is observed for tree numbers 120 and 112 
which might need further attention. Overall 
the standardized residuals are small, 
suggesting that the mixed effects model 
with the effect of climatic covariates 
included  is successful in explaining the 
radial growth curves. 

  
 

 
Fig. 3. Plot of residuals versus fitted values by clone for the final model 

 
The assumption of normality for the 

within group errors was assessed using the 
normal probability plot of residuals. The 
normal probability plot of residuals is 
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shown in Figure 4. Close examination of 
the behaviour of the two plots [40] shows 

that the normality assumption is plausible.

 

 
Fig. 4. Normal probability plot of residuals by clone for the final model 

 

The investigation of the marginal 
normality of the corresponding random 
effects was also made.  The assumption of 
normality seems reasonable for all three 
random effects.  

The curves in Figure 2  suggest that the 
relationship between radial growth and age 
may be curvilinear (not linear).   Based on 
descriptive and graphical exploratory 
analysis, an appropriate preliminary mean 
growth model is identified. The selected 
preliminary mean structure (the 
relationship between the mean and tree 
age)  shows that radial measure is a 
function of linear time and the square root 
of time. Following the selection of mean 
structure, the selection of random effects 
resulted in the significance of all three 
random effects (namely, intercept, 
coefficients of time, and coefficients of 
square root of time). While selecting the 
unstructured covariance as covariance 
structure of random terms, a search for best 
structure for the covariance of the error 
component was made. The search resulted 

in the heterogeneous variance, which 
varies by clone and exponential function of 
square root of time, as the best fit. The 
growth pattern of the two hybrid clones is 
similar during the juvenile stage. The 
fractional polynomial models which were 
functions of tree age are extended to 
account for the effect of the climatic 
variables. Although tree age is the most 
important variable in determining the stem 
radial growth during the juvenile stage (up 
to two years), there is a significant effect 
of climatic variables on the stem radial 
change.   Most of the climatic variables 
have positive effect on the stem radius 
during the juvenile stage of tree 
development. It was found that 
temperature has opposite effect on the 
radial growth of the two clones.  The effect 
of temperature on the radial growth of GU 
clone is positive while it is negative for the 
GC clone. This could be primarily due to 
genetic variation between the two clones. 
Of course, this may entail further research 
in the area.   
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4. Conclusion  
 

It appears that the average profile of the 
GU clone is higher than that of the GC 
clone with the difference becoming very 
apparent after the age of 50 weeks. 
Although only one clone from each hybrid 
cross was considered in this study, the 
faster growth characteristics of the GU 
clone indicates the improved genetics of 
this hybrid cross and its potential to better 
exploit available resources, making it more 
economically viable hybrid cross as 
reported elsewhere [20], [21], [22]. Tree 
age is the most important determinant of 
stem radial growth.  Moreover, this study 
indicated that the effect of weather variable 
depends on season.   

In winter, temperature, relative humidity, 
solar radiation and wind speed have 
positive effect on the stem radial growth.  
In autumn, rainfall, temperature, relative 
humidity and solar radiation have positive 
effect on the stem radial measure. This 
study is based on data collected at the 
juvenile stage of the Eucalyptus trees. The 
application of the same technique to adult 
trees and comparison of the results shall be 
the subject of future work.  
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