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Abstract 

To test whether radial variation of wood specific gravity (WSG) is controlled by tree age or tree size in teak (Tectona 
grandis L.f ) plantation trees, opposing different-length pith-to-bark strips which represents the differential lateral 
growth rate was compared using mixed-effects model which considers the heterogeneity of variances and depend-
ency in the data to gain insight into the stochastic processes that govern the wood formation process. Various models 
were tested in devising an appropriate radial WSG model. Models that accounted for serial correlation in WSG data 
performed better than the simple structure that assumes zero correlation between measurements. The autoregressive 
plus random tree effect structure performed better in describing the radial variation pattern. The variability of the data 
related to random fluctuations during tree development and the wood formation process is modeled by the autore-
gressive parameter revealing the intrinsic complexity of wood formation. Since they cannot be attributed to observed 
factors, models should consider temporal or serial correlations when assessing wood quality. The results revealed 
that tree age is a decisive factor in controlling the WSG of wood, while tree size is statistically less important. Further-
more, the core wood production period varies with the growth rate. It is shown that the core wood area decreased 
with slow growth. Findings presented here appear to provide the first demonstration of radial variation in WSG with 
respect to growth rate and age for planted teak growing in Ghana.

Keywords Tectona grandis, Tree age, Tree size, Growth rate, Radial variation, Xylem maturation, Wood specific gravity, 
Linear mixed model, Temporal autocorrelation

Introduction
Teak (Tectona grandis L.f ) is a tropical pioneer species 
growing on more than 260,000 hectares in Ghana [1] and 
accounts for approximately 70% of the exotic species in 
the plantation base [2]. Teak in Ghana has been reported 
to be genetically associated with those in central Laos 
[3]. Teak is the most commercially important plantation 
tree species in Ghana, grown in even shorter rotations 
to keep up with timber demand and reduce restoration 
costs. However, there is a concern that this practice will 
produce trees with a large volume of core wood, which 
will affect usable timber. Lachenbruch et al. defined core 
wood as wood close to the pith with relatively large radial 
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wood property gradients, and outer wood as wood lying 
outside the core wood with more uniform wood proper-
ties [4]. Core wood is characterized by a low wood spe-
cific gravity (WSG), a high microfibril angle, and short 
fibers, which causes problems in processing and utiliza-
tion [5]. The need for sustainable plantation resources 
is amplified by increasing their economic value by pro-
viding them as suitable for building, construction, and 
high-value-added products such as furniture. Therefore, 
it is important to clarify when and where wood matura-
tion occurs and what is the controlling factor is for xylem 
maturation. Knowing what, when and where xylem mat-
uration occurs can be critical to the successful develop-
ment of plantations [6].

Tree growth is a classic spatiotemporal process. The 
vertical dimension exists due to the primary growth 
from the apical meristem and the horizontal dimension 
exists due to secondary growth from the cambium. How-
ever, how these processes are spatially and temporally 
remains unclear. Tree development involves two types of 
processes at the cellular level: an increase in cell number 
through division and a change in size through growth, 
resulting in an increase in height and diameter over 
time. As part of the tree growth process, there is some 
interdependence between the cambium sheaths within 
the trunk [7] since cambium initials are always formed 
in the preceding growing season [8]. These correlations 
should be viewed as physiological growth correlations 
rather than mathematical correlations [9]. This provides 
the physiological basis for autocorrelation in the tree 
growth process. Analysis of the variation (variance) over 
time in the wood properties assessed must allow mod-
eling of the changes in variances and correlation (covari-
ance) with tree age. This modeling process provides a key 
understanding of the physiological control of wood for-
mation [7]. After a period of tree growth, the young cam-
bium, which forms the core wood, gradually ceases, and 
the mature cambium which produces the outer wood, 
is formed thereafter. This has been termed radial shift 
[10–13]. Trees undergo physiological and morphologi-
cal changes through ontogeny. However, the physiologi-
cal relationships between the life stages of teak trees are 
poorly understood, although this species is of great eco-
logical and economic interest [14]. The factors known to 
cause cambium maturity are spatial, temporal, and/or the 
interaction of both (spatial temporal).

WSG has been described as a function of cell size, 
shape, proportion, and thickness of cell walls at the 
anatomical level [15, 16]. A direct relationship between 
WSG and tree growth or productivity is expected [13, 
14]. Thus, the radial pattern of the WSG of a tree offers 
a record of changes in the biomass allocation during 
growth and development. This record can tell us whether 

the WSG is controlled spatially or temporally. Clarifying 
the spatial and temporal factors in WSG variation can 
give us the requisite knowledge needed to manipulate the 
pattern of wood development, particularly in the case of 
core wood which affects the value and utilization [4].

Longitudinal analysis of data using ordinary least 
squares assumes that the error term is independent [17]. 
This leads to biased estimates of the model parameters 
and reduces the efficiency of the estimated parameters, 
leading to invalid statistical conclusions [18–20]. This 
challenge has increased the popularity of mixed-effects 
models for analyzing longitudinal data due to their flex-
ible variance–covariance structures that allow for hetero-
geneity of variance and dependence within observations 
[21, 22]. The estimated variance–covariance matrix 
allows valid tests for the significance of mean values 
[7, 23]. The covariance model is the level of association 
between consecutive wood increments within a core [24, 
25]. However, few studies have evaluated the autocorrela-
tion between errors between successive wood increments 
for temperate species [26–30], but none for tropical 
hardwoods. Therefore, since the radial variation of WSG 
is based on repeated wood increments at different time, 
it becomes imperative to model the temporal autocor-
relation in the data. With the mixed modeling approach, 
unbiased insights can be gained. Therefore, the objectives 
of this study were to determine: (1) to develop a model 
describing the radial variation in teak WSG by determin-
ing an appropriate variance–covariance structure; (2) 
to clarify the effects of age and size on radial variation 
in teak WSG; and (3) to discuss the broad physiological 
control in teak WSG using the appropriate correlation 
structure from the mixed modeling approach. Effective 
utilization of woody material requires reliable informa-
tion on the quality distribution (proportion and size 
of the core wood and outer wood) in a harvested stem. 
In addition, we subjected our data to Bayesian analy-
sis, which assumes that model parameters come from a 
broader distribution and do not rely on large sample the-
ory [31]. This was done to solve the small sample problem 
in this study [32]. As a guide this work and based on the 
literature [6, 12, 13, 33], our working hypothesis is that 
age-dependent radial increases should lead to slopes that 
are steeper in the short radius than in the long radius.

Materials and methods
Three straight-bole 18-year-old T. grandis trees were 
randomly selected from a private plantation with a spac-
ing of 3  m by 3  m in Dormaa Ahenkro, Bono Region, 
Ghana. 10-cm-thick discs were sampled from each tree 
every meter starting at 0.3 m from the ground level. From 
these discs, two radii being the opposite sides of the 
tree were selected randomly (see Fig. 1). The discs were 
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eccentric by at least a factor of 1.3. Subsequently, a strip 
approximately 1–2  cm wide was cut from the disc. The 
strips were conditioned for several months at 20 °C, 65% 
relative humidity until achieving 12% dry-base moisture 
content (MC). Then, the strips were cut into two 1-cm 
segments (from the pith to the bark) collected from the 
opposite sides. The air-dried specific gravity (weight at 
12% MC / volume at 12% MC), here referred to as WSG, 
was measured with an electronic densimeter (Alfa-
Mirage MD-300S) calibrated to compensate for the water 
temperature (as water is 1 g/cm3 at 4 °C). Each disc was 
analyzed as two separate halves, referenced as disc long 
and disc short, separated by the pith. Each disc was then 
divided into 10 consistent parts over the radius and the 
mean value for each fraction was calculated using the 
relative distance approach [34–37]. The relative radial 
distance (RRD) approach has been used to clarify xylem 
maturation. This was done as it was very difficult to dis-
tinguish the annual rings. Using this method, wood strips 
of different lengths were standardized. The ages at given 
RRD along a radius were unknown, so we assumed that 

RRDs along the radius were the same age, for example, 
at 1% RRD from the pith on both short and long radii 
the wood should be the same age. To clarify whether 
the radial WSG pattern is controlled spatially or tempo-
rally, the two sides at a height level of the same tree were 
evaluated using linear mixed models [13]. The different-
length radii at the same sampling height of a tree repre-
sent growth rate differences in tissues that are uniform 
in genetic makeup, cambial age, height in the tree, and 
microenvironment, although aspect and illumination can 
differ [38]. These differences reflect how trees respond 
to local environmental conditions and the orientation of 
the stems for better access to light may lead to eccentric 
growth [39]. The total number of observations was 360 (3 
trees × 2 radii × 6 replicates × 10 RRD levels).

Statistical analysis
The resulting data constitute spatiotemporal repeated 
measures on the tree, with RRD as a time factor and 
aspect as a space factor. Observations from the same 
unit (tree, disc, and age) tend to be spatially and/or 

Radius 1 Radius 2

1 2 3 10…10 23 1…0.3

1.3

2.3

3.3

4.3

5.3

Sampling height positions from a tree (m)

Wood cross section

Repeated measures data

Relative radial distance (RRD)

Yt-1                                    Yt                                Yt+1

Xt-1                                    Xt                                Xt+1Process 

WSG Data 

Fig. 1 Schematic diagram of sample preparation and repeated measures data illustration
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temporally correlated [17, 40]. In the mixed model, the 
correlation structure of the dependent variable is consid-
ered by allowing the parameters to vary randomly from 
one individual to another around the fixed population 
mean [41]. The analysis of experimental data with mixed-
effects models requires decisions about the specification 
of the random-effects structure [42]. This implies that in 
a repeated measures modeling, the best covariance struc-
ture describing the correlation among the repeated meas-
ures should first be identified. A mixed linear model for 
expressing the WSG of wood for a specific aspect/radius 
following [43] is as follows:

where Yi = vector of observations, β = p × 1 vector of 
fixed effects with incidence matrix X; p = number of 
levels for fixed effects. Ui = q × 1 dimensional vector of 
random effects with corresponding design matrix Zi; 
q = number of levels for random effects. εi = n × 1 vec-
tor of residual effects. R = variance–covariance matrix of 
errors. G = random-effects covariance matrix.

The expected value and variances are E[Yi] = Xβ, var 
[Ui] = G = σ 2

b A and var[e] = R = σ 2
e I for A the numerator 

relationship matrix and I an identity matrix.

Model development
The longitudinal data (time series) of WSG were ana-
lyzed using linear models to determine the effects of the 
differential growth rate on radial trends. In model devel-
opment, it is imperative to find a parsimonious model 
that specifies the covariance structure of the data and to 
obtain unbiased statistical tests of fixed effects. Hence, 
our major focus is on modeling the covariance structure 
following [44].

Conceptually, the design is a split plot in which trees 
and aspects are the main plot treatments and radial posi-
tions (cambial age) the minor plot treatments. The effect 
of RRD and the differential growth rate on the WSG was 
examined using a mixed-model approach with repeated 
measures [45, 46] as follows:

where Yijk is the SG measured in RRD k on the jth tree 
assigned to the ith radius (growth category); μ is the over-
all mean effect; αi, τk, (ατ)ik are parameters corresponding 
to the fixed effects of radii i, RRD k and the interaction 
of i radii and RRD k, respectively; dij is the random effect 
of the jth tree within ith radii; dij is normally distributed 
random variable with mean zero and σ2

d correspond-
ing to tree j in radii i, and eijk is a normally distributed 

(1)
Y i = Xiβ + ZiUi + εi,

Ui ∼ N (0, G),

εi ∼ N (0, R),

(2)Yijk = µ + αi + dij + τk + (ατ)ik + eijk ,

random variable with mean zero and variance σ2
e, inde-

pendent of dij, corresponding to tree j in radii i at RRD k. 
We used the MIXED procedure of the SAS software [47] 
to fit the model with a restricted maximum likelihood 
(REML) method. Degrees of freedom were determined 
using the between–within method. The homogeneity 
and normality of the residuals were checked to ensure 
that assumptions were met. We determined the statisti-
cal significance (α = 0.05) of fixed effects with the F-test. 
The variables components of random effects and their 
standard errors were expressed as a percentage of the 
total variation of all random effects. As a result of small 
tree replication, the results of the Z-test must be consid-
ered indicative only [45]. Moreover, a quadratic evolu-
tion of WSG for each radius, with tree-specific intercepts 
and with correlated errors within radii was modeled as 
follows:

where t is the RRD = 0.1, 0.2, …, 1; εij is the random error 
term associated with the jth rrd of the ith radii, and it is 
assumed that εi ~ N(0, Σ), where the bold character of 
εi denotes the vector of {εij} specific to the ith radii, and 
Σ is a symmetric positive definite variance–covariance 
matrix. Graphical techniques were used to check for nor-
mality and homoscedasticity of the residuals. We used 
PROC BGLIMM of the SAS software [47] to generate the 
model parameter estimates with their associated errors 
and the random-effects variance based on Hamiltonian 
Monte Carlo algorithm. The model ran for 500 burn-in 
iterations and  505 sampling iterations, saving every 100th 
iterations for a total of 5000 generated posterior distri-
butions of the model parameters. Along with the WSG 
estimates computed from the fitted model and applied to 
new data, a prediction uncertainty interval was also con-
structed, represented here by the range between 2.5 and 
97.5% of the estimated distribution density.

Results and discussion
WSG mean and variability
Table  1 gives the descriptive statistics of the WSG val-
ues for each radius. Figure 2 shows the WSG distribution 
across the radial direction for each growth category. The 
pooled mean WSG value was 0.666, ranging from 0.610 
to 0.715 between trees with a coefficient of variation 
(CV) of 11.23%. WSG increased with height from 0.673 
at 0.3 m to 0.704 at 5.3 m. This translates to an increase 
in WSG of about 11.6% from bottom to top. However, 
at 2.3  m height level, WSG was strikingly low (0.625). 
With radial variation, WSG increased from pith to bark 

(3)
Yij =(βA0

+ bi) + βA1
t + βA2

t2 + εij(t)

in radius 1 or (βB0 + bi) + βB1 t

+ βB2 t
2
+ εij(t) in radius 2,
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across all height levels, averaging 0.603 to 0.687 from pith 
to cambium representing about 14% increase in WSG 
with time. Spatially, the radial dimension showed higher 
variation than the axial dimension in WSG. The results 
presented here are similar to those described in the lit-
erature [48]. Our mean WSG value was higher than those 
reported [49–51] but similar to those reported [52, 53].

Table  2 gives the Pearson correlation between WSG 
measured at different radial positions. REML covari-
ance and correlation are printed above and below the 
bold highlighted diagonal, respectively, of the matrix in 
Table 3. The correlations between WSG at RRD 1 and 
later times are in the first column of the matrix. Cor-
relation generally decreased over time. Covariance and 
correlations between adjacent WSG measurements on 
the same strip are more correlated at later time peri-
ods than at earlier times, for example, the covariance 

and correlation between adjacent WSGs of RRD 9 and 
10 are 0.0049 and 0.8609, respectively, which are much 
larger than their corresponding covariance and corre-
lation between adjacent WSG measurements of 0.0021 
and 0.6932 at RRD 1 and 2. The correlations of the 
WSG formed in the early ages of the tree (RRDs 1 and 
2) decreased rapidly with the WSG formed later. This 
indicates the phase where the trees are growing faster 
(high annual increment). The low correlation of RRD 
1 with later ages suggests that early growth is prob-
ably not a good predictor of later WSG. Additionally, 
the low correlations of RRD 1 with later ages suggest 
that whatever causes these early differences, they do 
not persist and are not scaled up as the trees grow. The 
temporal positive-to-negative and negative-to-positive 
shifts in the correlations may indicate intrinsic differ-
ences in the underlying wood formation processes 
during the young and adult growth stages. The correla-
tions increased substantially after RRD 4. The strength 
of correlation increases from RRD 5, implying that the 
WSG changes only slightly after RRD 5. From RRD 5, 
the tree can be said to have entered the mature phase. 
The stability of the correlation implies that no mean-
ingful change in genotypic ranking is expected to occur 
after RRD 5. The results indicated that the most rapid 
change within the trajectories occurred before RRD 
5. This is approximately the termination point of the 

Table 1 Descriptive statistics of the WSG between the two radii

Radii 1 and 2 stand for the fast growth category and slow growth category, 
respectively

Std Dev standard deviation, Std error standard error

Radii Mean Variance Std Dev Std error

1 0.67 0.01 0.08 0.01

2 0.66 0.01 0.07 0.01

Fig. 2 Contour plot visualizing the WSG variation with RRD per radius
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juvenile core wood as the tree starts to produce high 
WSG. The correlation matrix can be seen as the pat-
tern of cambial activity during tree growth. The diago-
nals are the estimated variances of the errors associated 
with each RRD measurements. Note that they increase 
marginally from 0.0026 at RRD 2 to 0.0062 at RRD 6. 
After RRD 6, the variances stabilized (Fig. 3). This trend 
is consistent with most growth data, and so the covari-
ance structure models that we consider for these data 
should accommodate heterogeneous variance with 
time, however, it is reasonable to assume homogenous 
variances across time. The phenomenon may be due 
to the initial fast growth of the tree at a younger age 
resulting in wider volume increments (growth rings), 
low correlations, and high variation. At later stages in 
the tree’s life, high WSG is produced, slowing down 
growth resulting in smaller wood increments and hence 
high correlation and low variation. Adult slow growth 
produces relatively uniform wood in its wood anatomy 
while young fast growth produces more complex wood 

Table 2 Observed WSG correlation between relative radial distance groups (Pearson correlation)

RRD relative radial distance, correlation below diagonal, P-value in the upper triangular part of the matrix

RRD1 RRD2 RRD3 RRD4 RRD5 RRD6 RRD7 RRD8 RRD9 RRD10

RRD1 1  < 0.0001 0.2176 0.4085 0.9970 0.7674 0.4434 0.4738 0.3628 0.6625

RRD2 0.6930 1  < 0.0001 0.0005 0.0936 0.3478 0.8260 0.9592 0.8947 0.8354

RRD3 0.2106 0.6976 1  < 0.0001  < 0.0001 0.0042 0.0440 0.0565 0.0876 0.1819

RRD4 0.1420 0.5476 0.8777 1  < 0.0001  < 0.0001  < 0.0001 0.0002 0.0004 0.0046

RRD5 − 0.0006 0.2836 0.6927 0.9241 1  < 0.0001  < 0.0001  < 0.0001  < 0.0001  < 0.0001

RRD6 − 0.0511 0.1611 0.4658 0.7392 0.8831 1  < 0.0001  < 0.0001  < 0.0001  < 0.0001

RRD7 − 0.1318 0.0379 0.3377 0.6199 0.7833 0.9272 1  < 0.0001  < 0.0001  < 0.0001

RRD8 − 0.1233 − 0.0088 0.3207 0.5826 0.7575 0.8376 0.9218 1  < 0.0001  < 0.0001

RRD9 − 0.1562 − 0.0229 0.2888 0.5621 0.7465 0.8138 0.8471 0.9435 1  < 0.0001

RRD10 − 0.0753 − 0.0359 0.2276 0.4611 0.6416 0.7514 0.8539 0.8580 0.8551 1

Table 3 REML covariance and correlation estimates for unstructured covariance structure for WSG repeated measures data

This can be seen as the evolutionary variance–covariance of the lateral meristem. Variances on the diagonal bold values, covariances above diagonal bold values, 
correlation below diagonal bold values

RRD 1 RRD 2 RRD 3 RRD 4 RRD 5 RRD 6 RRD 7 RRD 8 RRD 9 RRD 10

0.0035 0.0021 0.0007 0.0006 0.0000 − 0.0002 − 0.0006 − 0.0006 − 0.0007 − 0.0004

0.6932 0.0026 0.0021 0.0019 0.0011 0.0006 0.0001 0.0000 − 0.0001 − 0.0002

0.2154 0.7151 0.0034 0.0036 0.0030 0.0022 0.0016 0.0014 0.0012 0.0011

0.1426 0.5500 0.8843 0.0049 0.0048 0.0041 0.0034 0.0031 0.0029 0.0025

0.0000 0.2871 0.6931 0.9243 0.0054 0.0051 0.0045 0.0042 0.0040 0.0037

− 0.0512 0.1607 0.4749 0.7403 0.8860 0.0062 0.0057 0.0050 0.0047 0.0046

− 0.1322 0.0368 0.3477 0.6218 0.7872 0.9273 0.0061 0.0055 0.0048 0.0052

− 0.1229 − 0.0067 0.3169 0.5818 0.7568 0.8396 0.9250 0.0058 0.0053 0.0051

− 0.1560 − 0.0213 0.2865 0.5615 0.7462 0.8151 0.8493 0.9435 0.0053 0.0049

− 0.0763 − 0.0390 0.2439 0.4655 0.6494 0.7524 0.8544 0.8653 0.8609 0.0060

Fig. 3 The variance function in the WSG data
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because of the changing anatomical patterns from year 
to year. Cambial aging can be seen as a positive process 
because it brings order out of chaos.

As shown in Table  4, the inverse of the covariance 
matrix for the unstructured model yielded larger (abso-
lute) values along the first off-diagonal bold highlighted 
band. This gives us an indication of a first-order struc-
ture, justifying the use of the first-order autoregressive 
correlation structure. First-order structures model con-
ditional independence, since any pair of measurements 
made on the same strip that are more than a time inter-
val apart are conditionally independent [54]. The covar-
iance and correlation matrices displayed as a function 

of lag for simple, compound symmetric, autoregressive 
(1), autoregressive (1) plus random tree effect, Toeplitz 
and antedependence structures are summarized in 
Table 5. Figure 4 shows the correlation function of lag 
for unstructured, autoregressive (1), compound sym-
metric and autoregressive (1) plus random effect cor-
relation structures. We expect that traits separated by 
developmental changes will be uncorrelated; however, 
for dissociation to occur, the correlations need not be 
zero [55], justifying the importance of the first-order 
autoregressive structure. The correlation structure can 
be viewed as the physiological correlations in wood 
formation.

Table 4 Estimated concentration matrix or inverse of the covariance matrix for the unstructured covariance model

It tends to have larger (absolute) values along the first off-diagonal bold band

RRD1 RRD 2 RRD 3 RRD 4 RRD 5 RRD 6 RRD 7 RRD 8 RRD 9 RRD 10

1239.96 − 1750.4 1257.01 − 123.17 − 402.91 − 403.93 1196.32 − 1067 1055.17 − 568.91

− 1750.4 3741.13 − 2076.7 − 1376 2189.15 − 72.878 − 1218.5 1381.62 − 1388.8 655.62

1257.01 − 2076.7 4412.7 − 3961.6 1247.63 − 848.41 2213.52 − 1769.9 1812.71 − 1104.6

− 123.17 − 1376 − 3961.6 9706.47 − 7202.3 2075.34 − 2347.8 1279.59 − 973.09 1166.77

− 402.91 2189.15 1247.63 − 7202.3 7522.56 − 2713.2 1731.67 − 770.09 34.3874 − 587.48

− 403.93 − 72.878 − 848.41 2075.34 − 2713.2 3479.4 − 3545 2063.37 − 1591.3 850.39

1196.32 − 1218.5 2213.52 − 2347.8 1731.67 − 3545 5951.02 − 4255.9 3088.98 − 1733.1

− 1067 1381.62 − 1769.9 1279.59 − 770.09 2063.37 − 4255.9 5073.19 − 3644.1 947.22

1055.17 − 1388.8 1812.71 − 973.09 34.3874 − 1591.3 3088.98 − 3644.1 3781.56 − 1318.9
− 568.91 655.62 − 1104.6 1166.77 − 587.48 850.39 − 1733.1 947.22 − 1318.9 1327.85

Table 5 REML covariance and correlation estimates for unstructured covariance structure for WSG repeated measures data

Variances ( ×  10–3) and covariance in the top line; correlations in bottom line

RRD 1 RRD 2 RRD 3 RRD 4 RRD 5 RRD 6 RRD 7 RRD 8 RRD 9 RRD 10

1. Simple (variance components)

 5.913 0 0 0 0 0 0 0 0 0

 1.000 0 0 0 0 0 0 0 0 0

2. Compound symmetric

 4.913 2.526 2.526 2.526 2.526 2.526 2.526 2.526 2.526 2.526

 1.000 0.514 0.514 0.514 0.514 0.514 0.514 0.514 0.514 0.514

3. Autoregressive (1)

 4.843 4.239 3.711 3.249 2.844 2.49 2.18 1.909 1.671 1.463

 1.000 0.876 0.766 0.671 0.580 0.510 0.450 0.394 0.345 0.302

4. Autoregressive (1) with random tree effect

 4.124 3.520 3.004 2.564 2.188 1.867 1.594 1.360 1.116 0.099

 1.000 0.853 0.728 0.622 0.530 0.453 0.386 0.330 0.281 0.240

5.Toeplitz (banded)

 4.965 4.357 3.476 2.737 2.078 1.392 0.647 0.078 − 0.420 − 0.610

 1.000 0.878 0.699 0.551 0.419 0.280 0.130 0.016 − 0.085 − 0.012

6. Antedependence (1)

 3.485 2.557 3.356 4.907 5.405 6.198 6.088 5.828 5.325 5.985

 1.000 0.693 0.715 0.884 0.924 0.886 0.927 0.925 0.944 0.861



Page 8 of 15Adutwum et al. Journal of Wood Science            (2023) 69:9 

Comparison of fits of covariance structures
To evaluate the impact of accounting for serial correla-
tion (within-tree dependence), models with and without 
incorporating a function to model the error structure 
were compared. The results of fitting the seven covari-
ance structures to the data are shown in Table 6. The like-
lihood ratio statistic (− 2InλN) is the difference between 
the—2LML of the current and reference model (simple). 
The P values indicate that there is significant evidence 
to conclude that the six other covariance structures per-
formed better than the simple ones. Thus, we may con-
clude that the correlation structure in the data is needed. 
Heterogeneous models of the compound symmetric and 
first-order autoregressive models were tested. They did 
not perform better than the homogenous models (data 
not shown). The heterogeneous Toeplitz model did not 
converge in the SAS system.

With the specific goal of a parse modeling of the covar-
iance structure, we use the BIC criterion. AIC and BIC 
values for the six covariance structures are shown in 
Table  7. ‘Unstructured’, it has the largest AIC, but Toe-
plitz ranks second in both AIC and BIC. AR(1) + RE 
‘autoregressive with random tree effect’ is first in BIC and 
third in AIC. The discrepancy between AIC and BIC for 
the UN structure reflects the penalty for the large num-
ber of parameters in the UN covariance matrix [55]. 
Overparameterization can lead to uninterpretable and 
complex models. Based on examining of the correlation 
estimates in Tables 3 and 7 and the relative values of BIC, 
we conclude that AR(1) + RE ‘autoregressive with ran-
dom tree effect’, is the best choice of covariance structure 
describing the radial patten of WSG variation. The ran-
dom tree effect which takes care of spatial variation, sig-
nificantly improved the model’s performance. The scaled 
residual and the Q-Q plot of the residuals appeared nor-
mal and well behaved (Fig. 5).

More importantly, the parameters of the AR(1) + RE 
are of interest for the purpose of the study. The variance 
quantifies the spatial variation, the variance is the tem-
poral variation, and the first-order autocorrelation coef-
ficient explains the physiological correlation between 
actual (t) and previous WSG (t-1) since cambial initials 
were always formed in the previous season [8]. The 
degree to which the fixed effects (differential growth rate 
and RRD) do not adequately describe the WSG is also 
measured by the first-order autocorrelation parameter.

The mixed-effects model was able to capture the vari-
ation at the different levels considered, that is between-
tree variation, within-tree (residual) variation and 
autocorrelation function, which justified its use as shown 
in Table 8. The estimated first-order autoregressive pro-
cess AR(1) was high with a value of 0.8475. The total 
variance was 0.005127, which was corrected by auto-
correlation of the residuals. Therefore, it is possible to 
express the variability of each level as a proportion of the 
total variance: the spatial variation (growth category level 
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Fig. 4 Correlograms of the six correlation structures

Table 6 Summary results for fitting different covariance 
structures to WSG data

Par number of parameters, − 2LML minus twice the maximum log-likelihood 
value of ML, − 2InλN likelihood ratio statistic testing vs model Simple, df degree 
of freedom, P P value corresponding to the likelihood ratio test

Par −  2LML − 2InλN df P

Simple 1 − 912.6

Compound symmetry 2 − 1084.3 171.66 1  < 0.0001

Autoregressive (1) 2 − 1389 476.39 1  < 0.0001

Autoregressive (1) with 
random tree effect

3 − 1394.3 481.70 2  < 0.0001

Toeplitz (banded) 10 − 1428.7 516.04 9  < 0.0001

Antedependence (1) 19 − 1424.1 511.51 18  < 0.0001

Unstructured 55 − 1538.3 625.69 54  < 0.0001

Table 7 Akaike’s information criterion (AIC) and Schwarz’s 
Bayesian information criterion (BIC) for seven covariance 
structures

The AIC criterion (bold) gives the best fit for the unstructured model, while the 
BIC criterion (bold) gives the best fit for the autoregressive (1) with random 
effect for trees

Structure name AIC BIC Number of 
parameters

1. Simple − 782.7 − 781.1 1

2. Compound symmetric − 942.8 − 939.6 2

3. Autoregressive (1) − 1230.6 − 1227.4 2

4. Autoregressive (1) with 
random effect for trees

− 1235.1 − 1237.8 3

5. Toeplitz (banded) − 1252.0 − 1236.2 10

6. Antedependence (1) − 1229.8 − 1199.7 19

7. Unstructured − 1265.6 − 1178.5 55
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variation) was not significant and accounted for about 
23% of the total radial variation of the WSG showing that 
the effects of differential radial growth rate on the WSG 
were low. This spatial variation is the variation caused by 
the differential cambium production on the two opposite 
sides of the same tree. Temporal variation (pith-to-bark) 
was significant explaining about 77% of the total variation 
in radial WSG. Overall, there is enough variability at both 
levels to justify the application of mixed-effects models.

The first-order autocorrelation parameter measures the 
influence of WSG in the previous year on WSG for the 
current growing season. This parameter was estimated 
at 0.8475, so observations of WSG from the same strip 
but one RRD apart are highly correlated by 0.882, obser-
vations 2 RRD apart by 0.782 and observations 3 RRD 
apart by 0.697. The significant first-order autocorrelation 
parameter implies that the WSG of the wood formed in 
the previous year (t-1) influences the growth in the cur-
rent year (t) and changes over time, which seems to be 
characteristic of deciduous trees [56]. This means that if 
a given year’s growing conditions favored thickening and 
hardening of the cell wall, it is very like that the WSG 
would be similar in the next growing year, most likely 
due to stored photosynthates and carbohydrates the cam-
bial meristems use for the next year [57]. Furthermore, 
the significant autocorrelation coefficient implies that 
errors within-tree cannot be assumed to be independent 
and that precautions must be taken to remove autocor-
relations before hypothesis testing to ensure that nor-
mality assumptions are met and that statistical tests are 
unbiased.

Effects of differential growth rate on WSG
Type 3 fixed effects were used to assess the statisti-
cal significance of fixed effects as shown in Table 9. The 
main effect of growth category (radii), which reflects size 

effect, was not statistically significant (p > 0.05). The lack 
of statistical significance between the WSG values along 
the long and short radii indicates that within a tree, fac-
tors other than lateral growth rate can drive the shift 
from low WSG (core wood) to high WSG (outer wood). 
The radii-by-rrd interaction was not significant (p > 0.05). 
This indicates that there is a similar response in the WSG 
in both direction and magnitude on opposite sides of the 
same tree. At an assumed age, the WSG values show no 
difference from long radius to short radius. The rrd main 
effect representing presumed age, is highly statistically 
significant (p < 0.0001). This illustrates a high temporal 
variation of WSG. The shift from low WSG to high WSG, 
which is analogous to xylem maturity, is likely driven by 
cambium age rather than distance (size) in the selected 

Fig. 5 Profiles of the scaled residuals (a) and Q–Q plot of the residuals (b) from the AR(1) + RE correlation structure

Table 8 Parameter estimates in the covariance and correlation 
matrices for the AR(1) + RE structure

Tree gives the between-tree variance. Residual gives the within-tree variance 
and AR(1) gives the first-order autocorrelation parameter

Parameter Subject Estimate Std error Z Value Pr Z

Tree 0.001160 0.001351 0.86 0.1953

AR(1) Tree(Radii*Height) 0.8475 0.02570 32.98  < 0.0001

Residual 0.003967 0.000636 6.24  < 0.0001

Table 9 Results of the fixed hypothesis test with AR(1) + RE 
structure (ANOVA F-tests)

Radii is a purely spatial factor (no significance), RRD is a purely temporal factor 
(significant), and Radii*RRD is the space–time factor (no significance)

Effect Num DF Den DF F Value Pr > F

Radii 1 338 0.02 0.8840

RRD 9 338 9.12  < 0.0001

Radii*RRD 9 338 1.03 0.4183
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teak trees. WSG increases with tree age until it reaches 
an asymptote. This suggests that the changes follow a 
fixed trajectory on both the long and short radius.

The long-radius WSG mean values were slightly larger 
than the short-radius mean values, although they were 
not statistically significant as shown in Table  10. WSG 
comparisons of presumed age groups along the two radii 
also showed no significant differences. The WSG formed 
at the same time are similar regardless of the side of the 
tree on which cambium is produced slowly or rapidly. 

This finding is consistent with the characterization of 
WSG changes per unit time rather than per unit size, as 
reported by Williamson and Wiemann [13].

Modeling polynomial change over time
Data from each aspect were combined to represent the 
specific growth rate, and polynomial modeling of the 
fixed effects of radius and presumed age was applied 
using the AR(1) + RE covariance structure. Correlation 
between errors from consecutive assumed ages on the 
same core was included in the model. The third-degree 
polynomials showed no significant evidence of third-
degree age terms (p = 0.827, type 1 tests of fixed effects 
tests). The quadratic term was significant, implying that 
there is a quadratic age effect on the radial WSG in the 
selected teak. The results are shown in Table  11. The 
scaled residuals and the Q-Q plot of the residuals of the 
quadratic model are shown in Fig. 6. They appeared nor-
mal and well behaved.

The fitted polynomial equations are as follows:
R1: WSG = 0.5691 + 0.3652 RRD – 0.3112  RRD2.
R2: WSG = 0.5831 + 0.3114 RRD – 0.3051  RRD2.
Zobel and Sprague defined the core wood zone as the 

area of rapid property changes near the pith and the 
outer wood as more uniform towards the bark [5]. The 
pith-to-bark profiles for each growth category yielded 
different but identical curves, particularly different start-
ing points (intercepts) and slopes in the outer wood zone. 
The difference in the parameter β0, which is the start-
ing point (first-formed WSG) of the mean pith-to-bark 
profile was 0.014, corresponding to an approximately 
2.5% increase in WSG on the short radius. The inflec-
tion point (shift from low to high WSG) was estimated 
from the first derivative of the quadratic polynomial. 
The maximum estimated of the quadratic function of 
the core wood part x0 = − β1/(2β2) in WSG for R1 were 
0.6 and 0.5 for R2 since this is the presumed age when 
WSG values tend to reach an asymptote (WSG levels at 
this point). These correspond to approximately 11 years 
and 9 years in R1 and R2, respectively. The longer radius 
may have had a higher rate of cell production and there-
fore required more time to complete the wood forma-
tion process. The differential growth rate can affect the 
age of the transition from core wood to outer wood, with 
rapid growth increasing the proportion of core wood. 
Our working hypothesis seems to have been confirmed. 
The slope gradient on the slow-growing side is steeper 
and flatter on the fast-growing side. The shorter radius 
and long radius follow a fixed trajectory. The low WSG 
is larger in the fast-growing core, indicating that fast 
growth appears to be associated with a longer period of 
core wood content. This case suggests that maturation 
might be controlled by cambium age. This suggests that 

Table 11 Final nonlinear mixed-effects model. βA0 -βB2 
correspond to the fixed effect regression model (intercept, linear, 
quadratic trend), the bi-parameter is the corresponding random 
effects

AR(1) is the autocorrelation coefficient

SE standard error of estimated parameters, t t-test value, z z-test-value, 
AR(1) = first-order autoregressive process. * p < 0.05, ** p < 0.01

Fixed effects Estimate SE T

Radii 1 βA0 0.5691 0.03113 18.28**

2 βB0 0.5831 0.03113 18.73**

Radii*RRD 1 βA1 0.3652 0.00880 2.30*

2 βB1 0.3114 0.00880 1.97

Radii*RRD2 1 βA2 − 0.3112 0.00103 − 0.93

2 βB2 − 0.3051 0.00103 − 0.92

Random effects

 Level 2 "Tree" Variance S.E Z

bi 0.001049 0.001615 0.87

 Level 1 "RRD"

AR(1) ρ 0.7481 0.03736 20.02**

Residual eij 0.003884 0.000577 6.73**

Table 10 Between-subject comparison with AR(1) + RE 
structure. Differences in mean WSG between long radius 
(growing rapidly) and short radius (growing slowly) are almost 
same over time (RRD)

DF degree of freedom

Parameter Estimate Std error DF t Value Pr >|t|

Radii 1–2 avg. over RRD 
1–10

0.002417 0.01656 338 0.15 0.8840

Radii 1–2 RRD 1 − 0.00122 0.02099 338 − 0.06 0.9536

Radii 1–2 RRD 2 − 0.00400 0.02099 338 − 0.19 0.8490

Radii 1–2 RRD 3 0.01911 0.02099 338 0.91 0.3633

Radii 1–2 RRD 4 0.005222 0.02099 338 0.25 0.8037

Radii 1–2 RRD 5 0.009333 0.02099 338 0.44 0.6569

Radii 1–2 RRD 6 − 0.00217 0.02099 338 − 0.10 0.9179

Radii 1–2 RRD 7 − 0.00444 0.02099 338 − 0.21 0.8325

Radii 1–2 RRD 8 0.007722 0.02099 338 0.37 0.7132

Radii 1–2 RRD 9 0.005611 0.02099 338 0.27 0.7894

Radii 1–2 RRD 10 − 0.01100 0.02099 338 − 0.52 0.6007
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xylem maturation (production of higher WSG) begins 
after reaching a certain cambium age. The higher growth 
rate can result in cells having less time to expand as 
the cambium produces new cells faster, resulting in the 
long radius having more core wood (less WSG) than the 
short radius [4]. It is evident that slowing young growth 
can reduce the low WSG (core wood) area. During the 
young phase, the low WSG averaged 0.619 with a CV 
of 3.7% on the long core and 0.619 with a CV of 2.6% 
on the short core. After maturity, the overall mean was 
0.668 (CV: 1.2%) in the long core and 0.657 (CV: 0.99%) 
in the short core, a difference of 0.011. The overall mean 
WSG was 0.644 in the long core with a CV of 4.7% and 
0.642 with a CV of 3.5%. The slow growing side has more 
consistent wood with a small WSG difference between 
young stage and adult stage WSG. The WSG increases by 
about 13% over the lifetime of the tree, which translates 
into an increase in modulus of rupture by about 245 kg/
cm2 [58, 59]. This pattern could be driven by the greater 
need for hydraulic function before maturity [60, 61] and 
for mechanical strength after maturity to achieve stiff-
ness [10, 62–64]. During the early growing seasons, the 
total stem cross-section is small, and a large proportion 
of void volume is required, producing large-diameter and 
thin-walled fibers [65, 66]. As a stem increases in size, the 
percentage void volume required is reduced and WSG 
can increase to achieve maximum mechanical efficiency 
observed that as the cambium ages [65], the cell diameter 
decreases and the cell wall thickness increases. The same 
amount of material spread over a smaller area increases 
the WSG. From a physiological point of view, since the 
tree is taller, the water tension is much higher and the 
cell walls must therefore be thicker to withstand the 
pressure. Such effects may explain the steady increase in 
WSG observed in the outer forest region. In both cores, 

WSG in the outer wood differed significantly from the 
core wood. On the R1, t(8) = − 4.22, p = 0.0029; and R2 
t(4.406) = − 4.09, p = 0.0123.

From Table  12, the WSG formed during youth dif-
fered significantly between the fast-growing side and the 
slow-growing side. WSG was significantly higher on the 
slow-growing side during the young phase of tree growth. 
After maturity, the WSG differences are the same in the 
two cores. This phenomenon is supported by the corre-
lation structure. WSG exhibits compensatory the growth 
as growth in WSG of the first-formed wood decays to the 
WSG of later formed wood [67] and can be represented 
by this equation WSG(t) = 0.9452e−0.099t. The decreasing 

Fig. 6 Profiles of the scaled residuals (a) and Q–Q plot of the residuals (b) of the quadratic model with AR(1) + RE correlation structure

Table 12 Between-subject comparison for AR(1) + RE structure 
and polynomial model for RRD

The temporal heterogeneity of the mean WSG appears to be similar for both 
growth categories only after RRD 4

Both sides of the same tree may show a similar onset of intra-annual wood 
formation. However, exogenous and endogenous factors are likely to be 
reduced in the short radius at the beginning of wood formation. On the long 
radius, there may be a higher rate of cell production which may have reduced 
the bulk density

DF degree of freedom

Parameter Estimate Std error DF t Value Pr >|t|

Radii 1–2 RRD 1
Radii 1–2 RRD 2

− 0.01928
− 0.01650

0.007871
0.005214

348
348

− 2.45
− 3.16

0.0148
0.0017

Radii 1–2 RRD 3 − 0.01194 0.002324 348 − 5.14  < 0.0001

Radii 1–2 RRD 4 − 0.00567 0.006265 348 − 0.90 0.3661

Radii 1–2 RRD 5 0.002247 0.01327 348 0.17 0.8656

Radii 1–2 RRD 6 0.01175 0.0215 348 0.55 0.5851

Radii 1–2 RRD 7 0.02277 0.03065 348 0.74 0.4581

Radii 1–2 RRD 8 0.03524 0.04049 348 0.87 0.3847

Radii 1–2 RRD 9 0.04911 0.05083 348 0.97 0.3347

Radii 1–2 RRD 10 0.0643 0.06148 348 1.05 0.2963
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temporal correlation structure over time can be attrib-
uted to the decreasing crown effect on later formed 
wood, differential gene expression, radial morphogen 
(i.e., auxin) gradient, and changing microenvironmental 
conditions under which the trees evolved. The temporal 
correlation structure provides statistical evidence that 
young cambium differs from adult cambium in terms of 
physiology and epigenetics. We expect that there would 
be differences in early radial growth rate and WSG, but 
both sides of the same tree can achieve nearly similar 
WSG after maturity. This leads to a reduction of the vari-
ation in WSG in the later growth stages. These changes 
have been associated with changes in the physiologi-
cal system and gene pattern and activity [68, 69]. Genes 
do not function simultaneously and vary with age, i.e., a 
qualitative change [68] since genes on both sides of the 
same tree may not function optimally at the same time. 
By changes in gene activity is meant that active genes can 
be more or less active (gradual change with age), i.e., a 
quantitative change [68] since there is a different activity 
of genes at different ages. Maturation is related to genetic 
changes [68].

Application to an independent dataset
The best model was introduced into the Bayesian 
framework, fitted using the Markov chain Monte Carlo 
(MCMC) approach, with the exact model structure 
on the same data. To prevent the posterior distribu-
tion from being influenced by the means chosen for the 
model’s parameter values, we used weakly non-inform-
ative priors. The parameters estimated by the Bayesian 
framework are presented in Table  13. A focus was on 
examining the pattern of WSG variation between the two 
radii. For Radii 1 and 2, the predicted slopes were 0.00483 
and 0.00543, respectively. The difference in slope was 
− 0.00060 (95% Credible interval: − 0.00385 to 0.00269). 
This suggests that the radial WSG variation may not be 

affected by the differential growth rate since the 95% 
credible interval contains zero. The steeper slope in the 
short radius may indicate that radial increases in WSG 
are age dependent, consistent with our working hypoth-
esis. A significant difference between trees was found by 
the Bayesian model. It has been reported that random 
tree-level variation is a major source of variation in a 
population [14, 70–72]. The autoregressive correlation 
parameter was high and significant. Even after account-
ing for time trend, the typical assumption of a random 
structure over time is wrong since wood data are typi-
cally collected in time series and the wood data contain 
significant temporal autocorrelation. The independence 
assumption is satisfied by the residuals of a suitable AR(1) 
model, which can be put to the test. We should recognize 
that tree growth is a significant repository of the interac-
tions between various environmental, molecular, cellular, 
developmental, and physiological elements. Only mod-
els that take growth process variability into account may 
explain these random fluctuations.

Mechanism of maturation in teak
Previous studies have identified the transition from core 
wood to outer wood after 8–10 years [49, 73–75], which 
is consistent with our results. However, Bhat et al. (2001) 
reported that teak in India starts maturing at around 
15–25 years [76], and Hidayati et al. (2014) reported that 
teak from Indonesia starts maturing at 12  years [37]. 
The differences in the maturation time of teak planted 
worldwide can be attributed to proximity to the equa-
tor and several other factors including genetic control, 
breed selection, soil conditions and traits considered 
[6]. In tropical latitudes, changes in day length are large 
enough to affect plant development around the equinox 
[77]. The transition from core wood to outer wood in 
teak is characterized by (1) an increase in fiber length of 
about 50% [37, 73, 76]; (2) a decrease in microfibril angle 
of more than 50-fold from the pith to the bark [76] and 
(3) from large annual rings to narrow rings [51, 74, 76, 
78]. These disclosures support the relative stability in the 
correlation structure of WSG later in tree life (referred to 
herein as xylem maturity). Aging of the cambium plays 
an important role in the radial variation of WSG. This 
leads to systematic variations in the secondary tissues 
that affect both the anatomical and physical properties 
of wood. At a young age, short fibers are produced, these 
cells have a large diameter and a thin wall [65, 66], which 
explains the initially wide rings, high MFA, low WSG. As 
the cambium ages, the fibers increase in size, cell diam-
eter decreases, and cell wall thickness increases [65]. 
This leads to a reduction in ring width and a lower MFA, 
which also explains the steady increase in WSG observed 
in the outer wood portion.

Table 13 Posterior summary and intervals

N independent MCMC samples, HPD highest posterior density which is defined 
by the 2.5th and 97.5th percentiles. Residual Var gives the within-tree variance 
statistic. Residual AR(1) gives the first-order autocorrelation parameter. Random 
Var gives the between-tree variance

Parameter N Mean Standard 
deviation

95% HPD 
interval

Radii 1 5000 0.6061 0.0405 0.5300 0.6842

Radii 2 5000 0.6010 0.0414 0.5235 0.6804

RRD 5000 0.00543 0.00120 0.00312 0.00788

RRD*Radii 1 5000 − 0.00060 0.00167 − 0.00385 0.00269

Residual Var 5000 0.00468 0.000834 0.00319 0.0063

Residual AR(1) 5000 0.8521 0.0255 0.8022 0.9006

Random Var 5000 0.00426 0.0127 0.000100 0.0141
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Radial increases in WSG have been studied in sev-
eral tropical pioneering species. It has been linked to 
the mechanical reinforcement of the trunk that would 
result from stiffer/stronger wood at the periphery 
[10, 11, 79]. Tropical pioneers exhibit rapid growth in 
height and diameter by producing a low WSG as juve-
niles but require greater stability later in tree develop-
ment. Given this phenomenon, as de Castro et al. noted 
[33], one would expect WSG to be spatially rather than 
temporally controlled. However, ecologically pioneer-
ing species are shade intolerant and therefore require 
electromagnetic energy from light to grow in space, 
making them more sensitive to time; thus, the develop-
ment of pioneer species is controlled by time [80]. The 
age effect indicates an intrinsic control of wood devel-
opment limiting the younger and often shorter cam-
bium cells in the size of cells they can produce [81].

Conclusion
The influence of the different growth rate on the WSG 
is studied using a linear mixed modeling technique. 
Overall, the linear mixed model method fits our data 
better. It has been found that models that account for 
serial correlation in the data tend to perform better 
than models with independent and identically distrib-
uted (simple) structure. This should serve as a warning 
to wood technologists who ignore serial correlations 
as unworthy. The serial correlation provides important 
background knowledge to understand a complex sys-
tem like the tree and its growth process. We have also 
made suggestions for choosing an appropriate covari-
ance structure. The models presented here could serve 
as a prototype for wood technologists who wish to 
clarify the response of trees to different growth rates 
over time, even in the absence of annual rings, particu-
larly in tropical timber species, and to understand the 
physiological differences in the tree growth process. It 
only requires that the data be collected in a repeated 
measures design, so that the statistical analysis can 
account for the time series nature of the data, taking 
into account the variance function and autocorrelation 
between repeated measures. Analysis of wood prop-
erties in time series format can help us to understand 
the underlying wood formation process and the pattern 
of variation of wood properties over time. Despite the 
data limitations in the current analysis, the model we 
developed provides a novel way to study WSG variation 
in response to random fluctuations during tree growth. 
The data collection process in future work could be 
assisted by the Bayesian model that we present here. 
Using Bayesian model and posterior summary, we can 
test our predictions on future observations.
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