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Centrolobium tomentosum is a multipurpose pioneer tree species, indigenous in tropical South America
and suitable for forest restoration, agroforestry and plantation systems. Despite its economic and ecolog-
ical interest, no growth and yield models have been developed for this species so far. Fixed- and mixed-
effects modeling can be used in model fitting, each technique having its pros and cons. Marginal predic-
tions can be computed from fixed-effects models or randomized mixed-effects models. In forestry prac-
tice, models are seldom calibrated and mixed-effects models are mostly used to provide conditional
predictions using only the fixed parameters, assuming that the random effects are zero. This study devel-
oped the first set of individual-tree growth and yield models for C. tomentosum and, by using the models,
assessed the performance of three prediction approaches: fixed-effects models, conditional predictions of
mixed-effects-models and marginal predictions of mixed-effects models. The fitted models predict max-
imum mean annual bole volume increments of 5.6–16.6 m3/ha and optimal rotation lengths ranging from
11 to 21 years, depending on site quality. Fixed-effects modeling was the best approach in growth and
yield prediction, followed by conditional predictions of mixed-effects models, whereas marginal predic-
tions based on mixed-effects models were in general the least accurate. Fixed-effects models should
therefore be preferred in the absence of calibration data. However, since calibration is sometimes a fea-
sible option, research articles should report both fixed- and mixed-effects models in order to enable the
computation of the best predictions with and without the possibility of model calibration.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

Most datasets used for growth and yield modeling of forest
trees and stands have hierarchical structures containing several
sample plots from the same site, many trees from the same plot
and several measurements from the same tree. To account for
the correlation among observations at the same hierarchical level,
mixed models with site-, plot- and tree-specific random parame-
ters have been proposed in the literature (Biging, 1985; Gregoire,
1987; Lappi, 1986). When fixed-effects models are fitted to these
kinds of datasets, estimates of the statistical significance of the
parameters are biased (McCulloch and Searle, 2001). Fixed-effects
models are also inferior to mixed-effect models when the aim is
to make inferences about the population. Moreover, mixed-effects
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models allow the user to calibrate the model for a particular site,
stand or tree. Because of this, it is often proposed that mixed-ef-
fects models should be used as the primary model type in growth
and yield modeling.

On the other hand, fixed-effects models fitted for instance by
ordinary least squares, nonlinear least squares or generalized least
squares, minimize the sum of squared differences between ob-
served and predicted values in the modeling data. The sum of
squared errors is smaller than for mixed-effects models when the
random parameters are not used in prediction. Fixed-effects mod-
els result in more accurate predictions when the random parame-
ters of mixed-effects models are assumed to be zero and there are
no data to calibrate the model (Garber et al., 2009; Groom et al.,
2012; Guzmán et al., 2012a, 2012b; Heiðarsson and Pukkala,
2012; Pukkala et al., 2009; Shater et al., 2011; Temesgen et al.,
2008). Therefore, fixed-effects models should be preferred in the
absence of calibration data if the purpose of the model is prediction
and no empirical models (Trasobares et al., 2004) are available for
predicting the random parameters. This is the situation in the

http://dx.doi.org/10.1016/j.foreco.2012.11.026
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Table 1
Summary of the data used in growth modeling.

Variable Minimum Mean Maximum

Number of trees per hectare 264.1 878.0 1342.3
Dominant height, m 5.9 14.8 23.5
Stand age, years 3.9 6.8 12.7
Dominant diameter, cm 7.4 17.7 27.3
Site index, m 12.2 19.0 23.7
Tree height, m 1.4 12.3 25.8
Diameter at breast height, cm 0.3 12.4 31.3
Stand basal area, m2/ha 2.2 11.1 20.7
Diameter increment, cm/yr 0.0 1.1 6.5
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practical application of most growth and yield models. However, it
cannot be straightforwardly concluded that fixed-effects models
are better prediction tools for forestry practice since the accuracy
and precision of the models may be different in independent data-
sets (e.g., Robinson and Wykoff, 2004). Moreover, individual-tree
mixed-effects models may be randomized to derive marginal pre-
dictions as the mean of a large number of stochastic predictors
(e.g., de-Miguel et al., 2012; Fortin and Langevin, 2012). These pre-
dictions may be competitive with the predictions of a fixed-effects
model, especially outside the modeling data.

This study analyzed the suitability of fixed- and mixed-effects
models for tree growth simulation using a tropical tree species
(Centrolobium tomentosum) growing in Bolivian lowlands, as an
example. The territory of Bolivia consists of highland and lowland
regions. The lowlands belong to the Amazonian basin and are often
characterized by hot and moist climate. Not too many tree species
have been used so far in plantation forestry in the Amazonian basin
and exotics have been utilized most. However, indigenous species,
when available, should be preferred for ecological reasons as they
belong to the natural flora. The use of indigenous species would in-
crease the diversity of plantation species and products, decreasing
both biological and economic risks (Keenan et al., 1999). Plantation
species are mostly fast growing pioneers, adapted to survive and
grow without the protective canopy of large trees. Climax native
species have been found problematic as plantation species and
they are seldom economically profitable in plantations, due to their
slow initial grow and high mortality (Sands, 2005). However, they
may appear naturally under a canopy of planted pioneer species,
which would allow a similar species succession in plantations as
would happen in natural forest after a major disturbance (Parrotta
et al., 1997).

A few promising pioneer species that can be successfully
planted have been tested in Bolivia. The most important of these
are Ochroma pyramidale, Schizolobium parahyba and C. tomentosum.
The latter species is known as ‘‘tejeyeque’’ in Bolivia and as ‘‘ara-
ruva’’ or ‘‘araribá’’ in Brazil. C. tomentosum is a broadleaved tree
whose wood can be utilized for construction, carpentry, flooring
and furniture, among many other uses. It also provides good qual-
ity firewood and charcoal and it is recommended for barrel con-
struction due to its high content in tannins. Its leaves are used in
folk medicine as a poultice for wounds and bruises, its seeds are
appreciated as food by rural communities, and its bark can be used
in dyes. It is also of great interest for forest ecosystem restoration
purposes. It is used as a shade tree for coffee and fruit trees in agro-
forestry systems, and it can be used also in silvopastoral systems
(Carvalho, 2005). As a leguminous tree able to fix nitrogen, tejeye-
que has been suggested as a potential species to restore and main-
tain soil fertility in nutrient deficient tropical soils (Marques et al.,
2001). As a promising indigenous multipurpose tree, its stand
dynamics and yield deserve to be studied intensively. Growth
and yield models for C. tomentosum would enable sound evalua-
tions of the yield and economic profitability of tejeyeque planta-
tions and help to optimize their management. So far, no growth
and yield models have been reported for this species.

The objective of this research was to compare the suitability of
fixed- and mixed-effects models in practical growth and yield pre-
diction in situations where no calibration data are available. A
complete set of models for the prediction of growth and yield of
C. tomentosum on different growing sites was developed, using
both fixed- and mixed-effects modeling approaches. The set of
models consists of a dominant height model, and individual-tree
models for diameter increment, height–diameter relationship, sur-
vival, bole length and stem taper. Predictions of both versions
(fixed- and mixed-effects) of all models were compared with the
observed values, in both modeling data and independent validation
data.
2. Materials and methods

2.1. Materials

All the materials were collected from 46 permanent sample
plots established in privately owned plantations in Chapare prov-
ince, located in the Bolivian part of the Amazonian basin. The plot
size ranged from 340 to 1780 m2. Most of the woodlots were
planted in 2003 and 2004 except one which was planted in 1999.
The first measurement took place in 2008 and the subsequent
measurements in 2009, 2010 and 2012. All plots were not mea-
sured in every year; the number of repeated measurements varied
from 2 to 4, which means that the number of 1-year growth inter-
vals available for modeling was 1–3. The stand age at the last mea-
surement ranged from 6.6 to 12.7 years. The average number of
trees per plot considering all measurement occasions was 47.5
and the standard deviation was 6.5, ranging from a minimum of
28 to a maximum of 57 trees per plot.

Diameter at breast height (dbh), total tree height, height to
crown base and survival were recorded from each tree in every
measurement except the last, in which the total tree height and
height to crown base were measured only for about 10 sample
trees per plot. The measurements resulted in 6085 observations
for tree height modeling, 5885 observations for tree survival mod-
eling, 5802 observations for diameter increment modeling, 6013
observations for modeling the bole ratio (height to crown base di-
vided by total tree height), and 128 pairs of stand age and domi-
nant height for modeling dominant height development
(Table 1). However, analysis of the data showed that there had
been exceptionally high mortality in four plots during one mea-
surement interval with around 50% of trees died. The probable rea-
son for these hazards is fire, which the landowners use to boost
grass growth; most probably the fire had spread from grazing areas
to the woodlot and killed many trees. Since the purpose of mortal-
ity modeling was to describe the ‘‘regular’’ competition-induced
mortality, the hazardous interval was removed from the diameter
increment and survival modeling data of four plots.

Ten trees from every plot were measured for stem taper in
2011. The stem diameters of these trees were measured at 0.3 m
and 2 m heights and thereafter at 2-m intervals until crown base.
The number of measurements per tree varied from three to eight.
Diameters at different heights were measured from standing trees
using an angle gauge. These measurements resulted in 1323 obser-
vations for taper modeling.

2.2. Methods

As the first step of data preparation, dominant diameter (Ddom)
and dominant height (Hdom) were calculated for each plot and
measurement as the mean of 100 thickest trees (in dbh) per hect-
are. For the last measurement, in which height was not measured
for all trees, a diameter–height model was fitted for every plot and
used to predict the missing heights. The model proposed by



Fig. 1. Dominant height development in site indices 15, 20 and 25 m (index age
10 years) according to the fixed-effects model (solid lines), conditional prediction of
the mixed-effects model (dashed lines) and marginal prediction of the mixed-
effects model (dotted lines). The shorter lines show the observed dominant height
development in the modeling data.
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Näslund (1936) was used (h = d2/(b0 + b1d)2, where d is dbh and h is
total tree height). The age and dominant height data were used to
fit a model for dominant height development, and the fitted model
was used to calculate a site index (dominant height at 10 years) for
every plot, to be used as a potential predictor in the other models.

Both fixed- and mixed-effects models were fitted to the data by
nonlinear regression analysis using R software (R Development
Core Team, 2011). Fixed-effects modeling based on nonlinear least
squares fitting was used to find the best model form and the best
set of predictors. In mixed-effect modeling the nlme function
(Pinheiro and Bates, 2002) in R software was used and some of
the parameters were assumed to be random, due to the hierarchi-
cal structure of the data and correlated observations within each
hierarchical level. In all models except the taper model, the ran-
dom parameters corresponded to plots. Tree level random param-
eters were not allowed since there were only 1–3 observations (in
diameter increment and survival modeling) or 1–4 observations (in
height and bole ratio modeling) from the same tree. In the taper
modeling data there were 10 trees from each plot with 4–7 obser-
vations from the same tree. Therefore, random parameters were al-
lowed at both plot and tree levels. The best combination and
number of random parameters was selected by using the Bayesian
Information Criterion (BIC).

Different algebraic difference models derived from Hossfeld (ci-
ted by Peschel (1938)), Lundqvist and Korf (Korf, 1939; Lundqvist,
1957), Schumacher (1939), Chapman-Richards (Richards, 1959),
Sloboda (1971) and McDill and Amateis (1992) were tested in
dominant height modeling. The best model was selected according
to fitting statistics and biological consistency of predictions outside
the range of modeling data. Several model forms presented in liter-
ature were tested to model tree height–diameter relationship (for
instance Gaffrey (1988) modified by Diéguez-Aranda et al. (2006)
and Stoffels and Van Soest (1953) modified by Tomé, 1989). The
height–diameter models had to be compatible with the dominant
height model in the sense that the prediction had to equal Hdom
when diameter was equal to Ddom. Several model forms were also
tested to describe and predict stem taper (Bi, 2000; Kozak, 1997,
2004; Kozak et al., 1969; Laasasenaho, 1982; Lee et al., 2003;
Ormerod, 1973; Riemer et al., 1995; Sharma and Oderwald,
2001; Zakrzewski, 1999). The bole ratio model was a logistic func-
tion (e.g., Zumrawi and Hann, 1989). Variables describing stand
density or competition were not used as predictors in height and
bole ratio models since these would result in instant (and illogical)
changes in tree or bole height in simulations. Binary logistic model
was used as the survival model.

Diameter increment was calculated as the difference in dbh be-
tween two successive measurements and converted into 1-year
growth by dividing the measured increment by the length of the
corresponding measurement interval, which ranged from 0.88 to
0.97 years. The diameter increment model was an exponential
model with predictors describing tree size, competition and site
productivity. This model form guarantees that the prediction is
never negative.

Three different prediction approaches were compared in model
evaluation and validation: (1) using a fixed-effects model, (2) using
the fixed part of a mixed-effects model, and (3) using Monte Carlo
simulation based on a randomized mixed-effects model. The pre-
dictions of approach 2 are called conditional predictions since they
are calculated on the condition that the random parameters of the
mixed model are zero. Predictions of approach 3 are referred to as
marginal or population-averaged predictions (McCulloch and
Searle, 2001). Each prediction was calculated as the mean of
1000 randomized predictions of the mixed model. Random varia-
tion was generated to the random parameters on the basis of the
covariance matrix of the random parameters of the model. It was
assumed that random parameters are multi-normally distributed
(McCulloch and Neuhaus, 2011). For every model, Cholesky
decomposition was calculated for each covariance matrix to enable
the production of correlated multi-normally distributed random
numbers (e.g., Fortin and Langevin, 2012).

The models and prediction approaches were evaluated in the
modeling data and validated using an independent dataset. For
the latter purpose, each model was refitted using two thirds of
the plots, and predictions were calculated for the remaining 1/3
of plots.

3. Results

3.1. Models

Several models for dominant height development had a good fit
but some behaved illogically in extrapolations and in very young
stands. For example, in the fitted Chapman-Richards, McDill and
Amateis and Sloboda models, the height differences between site
indices almost disappeared at older age, and the models of Schum-
acher predicted illogically fast growth at young ages on good sites.
The model based on Lundqvist and Korf formula was finally selected
since it resulted in good fit and logical behavior outside the modeling
data. The fixed- and mixed-effects models are as follows:

H2j ¼ b1
H1j

b1

� � T1j
T2j

� �b2

þ eij ð1Þ

H2j ¼ b1
H1j

b1

� � T1j
T2 j

� �ðb2þuj Þ

þ eij ð2Þ

where H2j is dominant height of plot j at age T2j (m), H1j is dominant
height at age T1j, uj is a normally distributed random plot factor and
eij is residual. Visual comparisons of the model with modeling data
confirmed the adequacy of the model (Fig. 1). Fig. 1 also shows that
conditional and marginal use of the mixed model results in a more
linear dominant height development than the fixed model. The
parameter estimates of all models are displayed in Table 2.

The best height–diameter model was a modified version of the
model proposed by Gaffrey (1988) modified by Diéguez-Aranda
et al. (2006). The fixed- and mixed-effects models are:

hij ¼ 1:3þ ðHdomj � 1:3Þ

� exp b1 1� Ddomj

dij

� �
þ b2

1
Ddomj

� 1
dij

� �� �
þ eij ð3Þ



Table 2
Parameter estimates of the models. Symbol s() refers to standard deviation and cor()
refers to correlation. BIC refers to Bayesian Information Criterion.

Model Parameter Fixed-effects
model

Mixed-effects
model

Dominant height b1 43.75 49.876
b2 0.641 0.618
s(uj) – 0.228
s(residual) 0.896 0.734
BIC 348 313

Height–diameter b1 �0.020 �0.142
b2 6.923 9.015
s(u1j) – 0.225
s(u2j) – 4.651
s(residual) 1.435 1.351
cor(u1j, u2j) – �0.967
BIC 21691 21139

Diameter increment b1 0.431 0.471
b2 �0.206 �0.123
b3 0.451 0.812
b4 �2.378 �3.620
b5 1.194 1.705
s(u3j) – 0.494
s(u4j) – 1.457
s(u5j) – 0.826
s(residual) 0.684 0.599
cor(u3j, u4j) – �0.301
cor(u3j, u5j) – �0.026
cor(u4j, u5j) – �0.944
BIC 12112 10928

Survival b1 �0.259 �1.040
b2 2.072 2.685
s(uj) – 0.677
s(residual) 0.161 0.113
BIC 8699 8873

Bole ratio b1 �0.873 �0.875
b2 �0.095 �0.083
b3 �0.952 �0.695
b4 0.894 0.778
s(uj) – 0.014
s(residual) 0.150 0.146
BIC 5693 5933

Taper a0 0.974 0.874
a1 0.977 0.984
a2 0.028 0.059
b1 0.160 0.117
b3 0.185 0.182
b5 0.034 0.035
s(u0j) – 0.008
s(u1j) – 0.037
s(u2j) – 0.000
cor(u0j, u1j) – 0.984
cor(u0j, u2j) – 0.003
cor(u1j, u2j) – 0.002
s(u0i) – 0.020
s(u1i) – 0.265
s(u2i) – 0.075
cor(u0i, u1i) – 0.476
cor(u0i, u2i) – �0.405
cor(u1i, u2i) – �0.512
s(residual) 1.041 0.713
BIC 3905 3566

Fig. 2. Dependence of tree height on dbh according to the fixed-effects model (solid
lines), conditional prediction of the mixed-effects model (dashed lines) and
marginal prediction of the mixed-effects model (dotted lines) for three combina-
tions of dominant diameter and dominant height (dots), corresponding to young,
medium-aged and mature stand.
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hij¼1:3þðHdomj�1:3Þ

�exp ðb1þu1jÞ 1�Ddomj

dij

� �
þðb2þu2jÞ

1
Ddomj

� 1
dij

� �� �
þeij ð4Þ

where hij is the height of tree i of plot j (m), dij is the dbh of the same
tree (cm), Ddomj is dominant diameter of plot j (cm) and Hdomj is
dominant height of plot j (m). Fig. 2 shows that trees of a certain
dbh become taller when the stand develops (Ddom and Hdom in-
crease). Again, the mixed-effects model is more linear than the
fixed-effects model but conditional and marginal predictions of
the mixed-effects model differ for small trees growing in mature
stands.

The diameter increment models are:

diij ¼ e
b1þb2

BALijffiffiffiffiffiffiffi
dijþ1
p þb3 lnðdijÞþb4 lnðHdomjÞþb5

ffiffiffiffi
SIj

p
� �

þ eij ð5Þ

diij ¼ e
b1þb2

BALijffiffiffiffiffiffiffi
dijþ1
p þðb3þu1jÞ lnðdijÞþðb4þu2jÞ lnðHdomjÞþðb5þu3jÞ

ffiffiffiffi
SIj

p
� �

þ eij ð6Þ

where diij is the annual diameter increment of tree i of plot j (cm),
BALij is basal area in larger trees (m2/ha) and dij is dbh (cm) of tree
i of plot j, Hdomj is the dominant height of plot j and SIj is the site
index of plot j. Site index was calculated from Eq. (1) using 10 years
as the index age. The comparison of the models in Fig. 3 shows that
conditional predictions of the mixed-effects model are more sensi-
tive to dominant height and site index whereas the fixed-effects
model prediction is more sensitive to competition (BAL). Marginal
predictions of the mixed model are often clearly different from
the conditional predictions.

The fixed- and mixed-effects survival models are:

sij ¼
1

1þ exp½�ðb1 þ b2 lnðdijÞÞ�

� �TimeStep

þ eij ð7Þ

sij ¼
1

1þ exp½�ðb1 þ ðb2 þ ujÞ lnðdijÞÞ�

� �TimeStep

þ eij ð8Þ

where sij is the probability of tree i of plot j to survive for TimeStep
years and dij is the dbh of the tree. TimeStep was close to one in
modeling data, which means that, in simulations, the model should
be used with approximately 1-year time step. According to the
models, there is mortality among small trees but at 10 cm the an-
nual survival rate is already 99%. For very small trees, marginal pre-
dictions of the mixed-effects model result in the highest survival
rate and conditional predictions result in the lowest survival rate.
The order is reversed from 7 cm onwards, marginal predictions of
mixed models resulting in the lowest survival rate and conditional
predictions resulting in the highest rate (see Fig. 4).

The fixed and mixed versions of the bole ratio models are as
follows:



Fig. 3. Dependence of annual diameter increment on dbh, basal area in larger trees (BAL), site index (SI) and dominant height according to the fixed-effects model (solid
lines), conditional prediction of the mixed-effects model (dashed lines) and marginal prediction of the mixed-effects model (dotted lines). In all diagrams, SI = 20 m,
dbh = 20 cm, dominant height is 20 m and BAL is 10 m2/ha when the variable is not on x axis.

Fig. 4. Dependence of annual survival rate on dbh according to the fixed-effects
model (solid line), conditional prediction of the mixed-effects model (dashed line)
and marginal prediction of the mixed-effects model (dotted line).

Fig. 5. Dependence of bole ratio on dbh according to the fixed-effects model (solid
line), conditional prediction of the mixed-effects model (dashed line) and marginal
prediction of the mixed-effects model (dotted line). Tree height is assumed to
depend on dbh according to the height model (Eqs. (3) and (4)) with dominant
diameter equal to 22 cm and dominant height equal to 16 m.
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hc
h

� �
ij
¼ 1

1þ exp b1 þ b2hij þ b3
dij

hij
þ b4

ffiffiffiffiffi
dij

p� �þ eij ð9Þ
hc
h

� �
ij
¼ 1

1þ exp b1 þ ðb2 þ ujÞhij þ b3
dij

hij
þ b4

ffiffiffiffiffi
dij

p� �þ eij ð10Þ

where (hc/h)ij is the bole ratio of tree i of plot j (hc is height of crown
base), hij is tree height (m) and dij is dbh (cm). In this case, fixed-ef-
fects and mixed-effects models result in very similar predictions
(Fig. 5). The models predict that bole length increases slowly when
the tree develops although bole ratio decreases.

The last model of the set is the taper model. In this particular
case the mixed-effects model has random parameters at two
hierarchical levels (plot and tree). The model of Kozak (2004)
turned out to be the best, but some of its parameters were not sig-
nificant (subscripts not shown for predictors):

dkij ¼ a0Da1 Ha2
1:0� q1=3

1:0� r1=3

� �b1q4þb3
1:0�q1=3

1:0�r1=3

h i0:1

þb5H½1:0�q1=3 �

þ ekij ð11Þ

dkij¼ða0þu0jþu0ijÞDa1 Ha2

� 1:0�q1=3

1:0�r1=3

� �ðb1þu1jþu1ijÞq4þðb3þu2jþu2ijÞ
1:0�q1=3

1:0�r1=3

h i0:1

þb5H½1:0�q1=3 �

þekij ð12Þ



Fig. 6. Tree taper of a small and large tree according to the fixed-effects model
(solid lines), conditional prediction of the mixed-effects model (dashed lines) and
marginal prediction of the mixed-effects model (dotted lines). The bullets show the
predicted bole height.
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with q = h/H and r = 1.3/H. Symbol dkij refers to diameter k of tree i
in plot j. Note that the notation is different than in previous model:
D is used for dbh and d for stem diameters at other heights; and H is
used for total height and h for other heights along the stem. Graph-
ical comparison of the models shows that the mixed model is
slightly more cylindrical than the fixed model (Fig. 6). In general,
stem tapering is very slow resulting in rather cylindrical boles. Mar-
ginal predictions of the mixed model are illogically high within
crown near the tree top.
3.2. Model evaluation

The three prediction approaches (fixed, conditional and mar-
ginal) were tested in the modeling data for all sub-models (Table 3).
Mixed-effects height–diameter and diameter increment models
with only one random parameter (the best one-random-parameter
model) were also included in the evaluation to see whether the
performance of mixed models was related to the number of ran-
dom parameters.

The square root of the mean of squared errors (RMSEs) was the
lowest for the fixed-effects models except for survival, for which
Table 3
Root mean square error and bias for different prediction approaches of the models in
the modeling data. Negative bias means underestimate.

Model Fixeda Conditionalb Marginalc

RMSE
Dominant height 0.898 0.908 0.908
Height, b1 and b2 random 1.435 1.444 1.446
Height, b1 randomd 1.435 1.441 1.442
Diameter increment, b3, b4, b5 random 0.628 0.652 0.673
Diameter increment, b3 randomd 0.628 0.921 0.988
Survival 0.034 0.035 0.033
Bole ratio 0.149 0.149 0.149
Taper 1.039 1.047 1.084

Bias, %
Dominant height �0.332 0.428 0.426
Height, b1 and b2 random �0.533 �0.256 �0.081
Height, b1 random �0.533 �0.412 �0.240
Diameter increment, b3, b4, b5 random 0.694 4.325 9.817
Diameter increment, b3 random 0.694 13.642 26.366
Survival 0.546 0.895 0.000
Bole ratio �0.006 0.030 0.099
Taper 0.035 0.164 �1.221

a Fixed-effects model used.
b Fixed part of mixed-effects model used.
c Mean of 1000 predictions of randomized mixed-effects model.
d Best model according to BIC when only one parameter was random.
marginal predictions with the mixed-effects model had the lowest
RMSE. The fixed-effects approach was the best also for bole ratio
although the RMSEs in Table 3 are equal when shown with three
decimal places. The discrepancy (mixed better than fixed) in sur-
vival prediction is explained by the fact that the RMSEs of the sur-
vival models were calculated for plot-level survival rate although
the model was fitted to individual-tree survival data. The tree-level
RMSE was the same for all the three approaches since all trees
were predicted to be survivors in all approaches when 0.5 was
used as the threshold probability. Conditional prediction with
mixed-effects models was the second best approach in terms of
RMSE since it had a lower RMSE than the marginal prediction for
most models. A mixed-effects diameter increment model with b3

(coefficient of ln(d)) as the only random parameter turned out to
result in high RMSE in both conditional and marginal prediction.

The results were less systematic for bias. Fixed-effects modeling
was the best approach in five cases, marginal prediction with
mixed-effects model in one case, and conditional prediction with
mixed-effects model in three cases. The mixed-effects diameter
increment models had a high positive bias, resulting in overesti-
mated diameter increment.

To see the outcome of the high bias of the diameter increment
model at the stand level, the development of all plots was simu-
lated for all measurement intervals (from 1st to 2nd, 2nd to 3rd,
and 3rd to 4th measurement) using the fixed diameter increment
model and the mixed model with three random parameters (the
best diameter increment models according to the Bayesian Infor-
mation Criterion). The fixed-effects survival model was used with
the fixed-effects diameter increment model, and the mixed-effects
survival model was used with the mixed-effects increment model.
The RMSEs of the annual increment in stand basal area for the
three approaches were: fixed-effects 0.553 m2/ha; conditional
0.595 m2/ha and marginal 0.632 m2/ha. The biases were: Fixed-
effects�2.2%; conditional 3.7% and marginal 4.6%. The fixed-effects
models resulted in the best precision and lowest bias, whereas the
marginal predictions based on the mixed-effects model had the
highest RMSE and bias.
3.3. Model validation

The trends of the results were similar when the models were fit-
ted using 2/3 of plots and analyzed in the remaining 1/3 of the
plots (Table 4). The fixed-effects approach had the lowest RMSE
in all cases except diameter increment model with three random
parameters. Fixed-effects modeling resulted in the smallest bias
in six out of nine cases. Conditional predictions with mixed-effects
models were the least biased in three cases and marginal predic-
tions with mixed-effects models in one case. The ‘‘best’’ height–
diameter model according to the Bayesian Information Criterion,
namely the mixed-effects model with two random parameters,
performed very poorly in terms of both RMSE and bias. The diam-
eter increment model with three random parameters, or with b3 as
the only random parameter, resulted again in high positive bias, i.e.
overestimation of diameter growth.
3.4. Simulation examples

The model set enables the simulation of the future development
of any C. tomentosum plantation. Minimum input data includes
stand age and dominant height, and number of trees in different
diameter classes. Stand age and dominant height are used to calcu-
late site index from Eqs. (1) or (2), i.e., dominant height at 10 years.
The same equations are used to simulate dominant height develop-
ment. Each diameter class is represented by the class mid-point
tree. The simulation proceeds as follows:



Table 4
Root mean square error and bias for different prediction approaches of the models in
independent data. Negative bias means underestimate.

Model Fixeda Conditionalb Marginalc

RMSE
Dominant height 0.962 0.977 0.981
Height, b1 and b2 random 1.482 2.452 2.501
Height, b1 random 1.482 1.491 1.495
Diameter increment, b3, b4, b5 random 0.656 0.639 0.642
Diameter increment, b3 random 0.656 0.682 0.724
Survival 0.037 0.039 0.038
Bole ratio 0.156 0.156 0.156
Taper 1.098 1.099 1.110

Bias, %
Dominant height �0.227 0.592 0.585
Height, b1 and b2 random �0.460 10.972 11.284
Height, b1 random �0.460 �0.259 �0.070
Diameter increment, b3, b4, b5 random 3.130 4.893 9.297
Diameter increment, b3 random 3.130 19.160 28.829
Survival 0.325 1.335 1.108
Bole ratio 0.981 1.221 1.283
Taper �0.242 �0.197 �0.831

a Fixed-effects model used.
b Fixed part of mixed-effects model used.
c Mean of 1000 predictions of randomized mixed-effects model.

Fig. 7. Stand development on a medium site (SI = 18 m) according to the fixed-effects mo
marginal predictions of mixed-effects models (dotted lines).
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1. Calculate dominant diameter. Calculate tree height and bole
ratio in different diameter classes using the individual-tree
height and bole ratio models. Calculate bole volume for each
diameter class mid-point tree by numerical integration of the
taper model (from stump to crown base).

2. Calculate the total bole volume and any other stand character-
istics of interest using tree volumes, tree diameters, tree
heights, and number of trees in different diameter classes.

3. Calculate the predictors of the survival and diameter increment
models.

4. Calculate dominant height after 1 year using the dominant
height model.

5. Calculate diameter increments of trees and add them to the cur-
rent diameters.

6. Multiply the frequencies of diameter classes by the survival
probability of a tree in the diameter class.

7. Go to Step 1.

The development of a young stand representing medium site
quality (site index = 18 m) was simulated using the fixed-effects
versions of all models, as well as conditional and marginal predic-
tions of the mixed-effects models (Fig. 7). The development of total
dels (solid lines), conditional predictions of mixed-effects models (dashed lines) and



Fig. 8. Development of bole volume and mean annual increment of bole volume in
three different sites when the density of the initial stand is 1000 trees per hectare.
Stand development is simulated using the fixed-effects models (approach 1).
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stand volume was fairly similar in all simulations but bole volume
developed slower when marginal predictions of mixed models
were used. Marginal predictions resulted in higher mortality than
the other approaches. It produced a similar diameter development
to the fixed-effects models and a similar height development to the
conditional predictions of mixed-effects models.

Another set of simulations was done for three plots represent-
ing site indices of 14, 18 and 22 m, using fixed-effects models. Site
index 14 m is among the poorest sites, 18 m is an average site, and
22 m is among the best sites in the modeling data. Bole volume
reached 112 m3/ha in 20 years on the poor site, 230 m3/ha on the
medium site, and 300 m3/ha on the good site (Fig. 8). The rotation
length, which maximized the mean annual bole production, was
11 years on the best site, 13 years on the medium site and 21 years
on the poor site. The mean annual bole production with these rota-
tion lengths was 5.61 m3/ha for the poor site, 11.92 m3/ha for the
medium site and 16.64 m3/ha for the good site.
4. Discussion

4.1. Analysis of the modeling approaches

Previous literature shows that, when additional measurements
are available, calibrated mixed-effects models will perform better
than no-calibration strategies (e.g., Temesgen et al., 2008; Garber
et al., 2009). Since calibration is rarely used in forestry calculation
systems, this study concentrated on the evaluation of three predic-
tion approaches that can be used in the absence of calibration data.
The approaches were: (1) fixed-effects models, (2) conditional pre-
dictions of mixed-effects models, and (3) marginal predictions of
mixed-effects models. Earlier, Garber et al. (2009), Groom et al.
(2012), Guzmán et al. (2012a, 2012b), Heiðarsson and Pukkala
(2012), Pukkala et al. (2009), Shater et al. (2011) and Temesgen
et al. (2008), among others, have compared predictions based on
fixed-effects models (approach 1) and fixed-part of mixed-effects
model (approach 2), but they did not provide marginal predictions
of mixed-effects models (approach 3). The research conducted by
de-Miguel et al. (2012) evaluated all the three approaches included
in this study but only with taper modeling. No studies so far have
provided a complete evaluation of the three prediction approaches
for a complete set of functions needed for the simulation of stand
dynamics.

There are earlier studies on stochastic versus deterministic pre-
dictions of single models or model sets (e.g., Ek, 1980; Fortin and
Langevin, 2012; Vanclay, 1991; Weber et al., 1986). Stochastic pre-
diction and simulation, which was not the topic of our study, gen-
erates residual variation around the prediction, with or without
randomizing also the regression coefficients, aiming at reproduc-
ing the variation occurring in nature. It differs from our third ap-
proach, which generated random variation only in regression
coefficients. Stochastic prediction is widely used in simulators
and optimization studies, to avoid various biases that may arise
from the deterministic use of nonlinear models and model chains
(Kangas, 1996). On the contrary, the performance of marginal pre-
dictions based on the randomization of conditional models (ap-
proach 3) has remained practically unexplored in forest science.

The results for the ranking of the three analyzed prediction ap-
proaches agree with the theory and previous research. Fixed-
effects models result in lower RMSE than non-calibrated mixed-ef-
fects models when evaluated in modeling data (e.g., de-Miguel
et al., 2012; Groom et al., 2012; Heiðarsson and Pukkala, 2012;
Pukkala et al., 2009; Temesgen et al., 2008). Temesgen et al.
(2008) observed 1.8–11.7% higher RMSE and clearly higher abso-
lute bias in tree height prediction when the fixed-part of mixed-
effects model was used instead of a fixed-effects model. In the
present study, conditional and marginal predictions of mixed-
effects models resulted in 0.8% higher RMSEs in the modeling data
and 68.8% higher RMSE in an independent data set. In dominant
height prediction, the RMSEs was 1.1% higher for the two mixed-
effects prediction approaches than for the fixed-effects model in
the modeling data, and 1.6–2% higher in the independent data.
Heiðarsson and Pukkala (2012) obtained 4.5%, and Pukkala et al.
(2009) 1.9% higher RMSE for the conditional use of a non-
calibrated mixed-effects diameter increment model, as compared
to the fixed-effects model. In the present study the difference
was 3.8% in the modeling data. Bias was also lower for the fixed-
effects model. In the independent validation data the results for
mixed-effects models were sensitive to the number and combina-
tion of random parameters. Groom et al. (2012) found that using
only the fixed part of a mixed-effects model predicted mortality
values that were 31% more biased than obtained with the fixed-ef-
fects model. Also in the present study the bias was lower for the
fixed-effects model in both modeling and independent data. Mar-
ginal predictions based on mixed-effects model were unbiased
and had the lowest RMSE in the modeling data, but in independent
data its bias and RMSE were larger than for the fixed-effects
approach.

In de-Miguel et al. (2012), who analyzed taper models, the
RMSE was as much as 47% higher for conditional predictions of
the mixed model, as compared to the fixed-effects model, but the
difference decreased to 26% when conditional predictions were re-
placed by marginal predictions. In an independent dataset the
fixed-effects model and marginal predictions of the mixed-effects
model were equally good in terms of RMSE, while conditional pre-
dictions of the mixed-effects model resulted in 4% larger RMSE.
Marginal and conditional predictions of mixed-effects models were
less biased than fixed-effects models when tested against indepen-
dent data. In the present study, the fixed-effects approach and the
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conditional predictions of the mixed-effects taper model were
equally good in terms of RMSE in the test data (just 0.1% difference
in favor of the fixed-effects approach), and marginal predictions
based on the mixed model resulted in about 1% higher RMSE than
the other two approaches. In this case the prediction strategy
based on the fixed part of the mixed-effects model was the least
biased, whereas the marginal predictions of the randomized model
were the most biased. In the modelling data, the fixed-effects ap-
proach was the best approach, with the lowest RMSE and absolute
bias, as expected.

Opposite to de-Miguel et al. (2012) the results of this study sug-
gest that marginal predictions of mixed-effects models are not bet-
ter than conditional predictions. Fixed-effects models were clearly
better than non-calibrated mixed-effects models in both modeling
data and independent validation data. The ranking of conditional
and marginal predictions of mixed models was less systematic,
but conditional predictions may be evaluated to be slightly more
reliable than marginal ones. When diameter increment and sur-
vival models were used to simulate the basal area increment of
the sample plots, fixed-effects modeling turned out to be again
the least biased approach. Marginal predictions with mixed-effects
models resulted in the most biased results (4.6% overestimate), fol-
lowed by conditional predictions with mixed-effects model with
3.7% overestimate. Burkhart and Tomé (2012) also remind that
using only the fixed part of a mixed-effects model is not appropri-
ate for obtaining population-averaged predictions from nonlinear
mixed-effects models. The prediction should be generated from a
separate fit of the nonlinear model without the inclusion of the
random effects (Meng and Huang, 2009).

A possible reason for the surprisingly poor results of the mar-
ginal prediction approach could be that the random parameters
did not follow multi-normal distribution as assumed in the calcu-
lations. The normality assumption was tested with the diameter
increment model and it turned out that none of the three random
parameters had a distribution significantly different from normal
distribution. The correlations between the random parameters
were linear. On the other hand, when b3 (coefficient of ln(d)) was
the only random parameter in the diameter increment model, its
distribution was significantly different from normal, which may
explain the poor performance of this model in marginal prediction.

Another possible reason for the high RMSE and bias of some
mixed-effects models is that a random parameter may explain a
part of the influence of a fixed-effects predictor, resulting in aver-
aging effect in prediction when random parameters are unknown.
This happened when b3 was the only random parameter in the
diameter increment model; the regression coefficient for site index
decreased to almost zero, resulting in similar predictions in all sites
and 50% increase in RMSE.

4.2. Analysis of the model set

The presented models for C. tomentosum form a complete
set allowing one to simulate the development of merchantable vol-
ume of the species in Bolivia. These are the first growth and yield
models presented for this indigenous tropical species. Combined
with economic information on stand establishment costs, timber
price and harvesting costs, the presented model set allows detailed
optimization of the rotation length on different sites and with dif-
ferent discount rates and growing densities.

Since old age classes were missing from the modeling data the
models should be considered as preliminary and they should be
updated after a few years when the sample plots get older. The ta-
per model is reliable only for the lower part of the stem, i.e. from
ground to crown base (bole), since the stem usually breaks up into
branches at the crown base. An alternative to the combined use of
bole height and taper models presented in this article would have
been to use merchantable height instead of total height and
subtract diameter at merchantable height from each measured
stem diameter in order to force the transformed diameter at mer-
chantable height to be zero (Fowler and Rennie, 1988).

The models of this study predict mean annual increments
(MAIs) of 5.6–16.6 m3/ha (bole volume) when the rotation length
is 11–21 years, depending on site quality. A summary of the results
on the volume increment of C. tomentosum observed in previous
studies, most of them conducted in Brazil, can be found in Carvalho
(2005). For example, the mean annual increment observed by
Gurgel Filho et al. (1982) for a 24-year-old plantation in São Paulo
was 15 m3/ha. In the same region, Nogueira et al. (1982) obtained
mean annual increments ranging from 4.5 m3/ha to 11.4 m3/ha in
7-year-old stands. To our knowledge, the maximum MAI reported
in the literature has been 19.3 m3/ha in 14-year-old stands (Silva
and Torres, 1992).

Our models suggest that rotation lengths of 11–21 years would
maximize bole production. Maximizing mean annual net income
would result in longer rotations when the unit timber price is con-
stant. Taking into account that the unit price of wood often in-
creases with increasing tree size, economically optimal rotations
would most probably be longer, perhaps close to the currently rec-
ommended rotation length of 20 years (Sandoval, 2008) for good
sites and clearly longer for poor sites.

4.3. Conclusion

The results of this study suggest that, when the purpose of the
model is prediction and calibration data are not available, fixed-
effects models should be used. However, since calibration may
sometimes be a realistic option, although rarely used in practical
applications, both fixed- and mixed-effects version of the growth
and yield models should be reported in research articles. This
would allow the user to make the best choice for each application
and situation.
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