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Abstract
Aim of study: Assessment of growth is essential to support sustainability of forest management and forest policies. The objective of the 

study was to develop a species-specific model to predict the annual increment of tree basal area through variables recorded by forest surveys, 
to assess forest growth directly or in the context of more complex forest growth and yield simulation models.

Area of study: Italy.
Material and methods: Data on 34638 trees of 31 different forest species collected in 5162 plots of the Italian National Forest Inventory 

were used; the data were recorded between 2004 and 2006. To account for the hierarchical structure of the data due to trees nested within 
plots, a two-level mixed-effects modelling approach was used.

Main results: The final result is an individual-tree linear mixed-effects model with species as dummy variables. Tree size is the main 
predictor, but the model also integrates geographical and topographic predictors and includes competition. The model fitting is good (Mc-
Fadden’s Pseudo-R2 0.536), and the variance of the random effect at the plot level is significant (intra-class correlation coefficient 0.512). 
Compared to the ordinary least squares regression, the mixed-effects model allowed reducing the mean absolute error of estimates in the 
plots by 64.5% in average.

Research highlights: A single tree-level model for predicting the basal area increment of different species was developed using forest 
inventory data. The data used for the modelling cover 31 species and a great variety of growing conditions, and the model seems suitable to 
be applied in the wider context of Southern Europe.   
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Abbreviations used: BA - basal area; BAI – five-year periodic basal area increment; BALT - basal area of trees larger than the subject 

tree; BASPratio - ratio of subject tree species basal area to stand basal area; BASTratio - ratio of subject tree basal area to stand basal area; 
CRATIO - crown ratio; DBH – diameter at breast height ; DBH0 – diameter at breast height corresponding to five years before the survey 
year; DBHt – diameter at breast height measured in the survey year; DI5 - five-year, inside bark, DBH increment; HDOM - dominant hei-
ght; LULUCF - Land Use, Land Use Changes and Forestry; ME - mean error; MAE - mean absolute error; MPD - mean percent deviation; 
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squared error; UNFCCC - United Nation Framework Convention on Climate Change.
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Introduction
Assessment of growth is essential in forestry. Together 

with disturbances influence, tree growth is primary evi-
dence of forest dynamics (Pretzsch, 2009). Knowledge of 
growth supports sustainability, prevents wood shortages, 

allows conscious decisions in forest planning and hence 
it is crucial to support forest policies. Tree growth models 
are the most important components in forest planning sys-
tems, together with models for stand establishment, har-
vest regimes and natural mortality (Andreassen & Tom-
ter, 2003). Countries that have signed the United Nation  
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Framework Convention on Climate Change (UNFCCC) in 
1992 are required to assess forest growth also for reporting 
on carbon sequestration, under the Land Use, Land Use 
Changes and Forestry (LULUCF) activities. In forest land 
remaining forest land, most of the living biomass carbon 
stock increase is due to biomass growth, which is usually 
estimated converting the net volume increment using bio-
mass conversion and expansion factors (IPCC, 2003; Di 
Cosmo et al., 2016). The increment and growth of forests 
is used in monitoring programmes to survey the response 
of forests to changing environmental conditions (Dobber-
tin, 2005; Solberg et al., 2009; Gschwantner et al., 2016). 
The analysis of growth patterns offers the opportunity to 
quantify the influence of environmental factors on trees and 
stands, since they reflect the conditions that trees or stands 
have been exposed to (Yue et al., 2014). 

Despite its importance, increment data are expensive 
to measure because these are almost exclusively obtained 
through field surveys, since the recent progresses in forest 
data retrieval through remote sensing techniques, inclu-
ded the use of airborne laser scanning, have not changed 
the prospect of increment estimation from the remote sen-
sing instruments (Gasparini et al., 2017). 

Volume increment is one of the main attributes that 
has been estimated by National Forest Inventories (NFIs) 
since their initiation in the nineteenth century (McRo-
berts et al., 2010), as the primary variables assessed were 
those related to wood and timber stock and production, 
i.e. variables of economic relevance. NFIs are one of the 
three main sources of data for growth studies together 
with dendrochronological studies and yield plot networks  
(Spiecker, 1999). In Europe, sample-based NFIs origina-
ted in the twenties of the last century and since then, most 
of the European countries have established their NFI to 
provide accurate information for forest management and 
decision-making (Tomppo et al., 2010; Bosela et al., 
2016). In forest inventories, growth measurements derive 
from consecutive measurements in permanent plots using 
calliper or tape, or from more precise measurements on 
increment borings; one advantage of using forest inven-
tory data is that the whole range of site conditions, stand 
structure and treatment history is sampled (Wykoff, 1990). 

Italy is currently carrying out its third NFI (INFC2015). 
The first NFI (IFNI85) was carried out in 1985; the second 
NFI (INFC2005) was carried out between 2002 and 2006 
(Gasparini & Di Cosmo 2016). The Italian NFI provides 
estimates of the periodic annual increment of volume as 
the increase in volume of the trees measured at the time 
of the survey. Estimates are computed at country level 
and for the administrative regions at the highest resolu-
tion. As a first contribution to fulfil the gap of information 
that may occur at more local level (e.g. in the provinces, 
the associations of municipalities, the consortia of forest 
owners) a stand-level model for predicting the periodic 
annual volume increment per hectare has been made 

available using the second Italian NFI data by Gasparini  
et al., 2017.

The aim of this work was to develop a species-specific, 
tree-level, mixed-effect prediction model for the annual 
increment in basal area using the data collected in the Ita-
lian NFI. Compared to stand-level models, individual-tree 
models are more flexible and allow a higher resolution 
(Burkhart & Tomé, 2012). Basal area is a variable directly 
computed from the diameter at breast height (DBH), an 
attribute easy to measure with accuracy, and it is highly 
correlated with other tree characteristics. Diameter or ba-
sal area increment models are key sub-models in indivi-
dual tree-based forest growth and yield simulation models 
(Pokharel & Dech, 2012; Vospernik, 2017).

Methods
Data description

Data were made available by the second Italian NFI, 
namely National Inventory of Forests and Forest Carbon 
Pools, conducted in the years 2002-2006 and with refe-
rence year 2005 (acronym: INFC2005).

The inventory design is a three-phase sampling for 
stratification (Gasparini et al., 2010). In the first phase, 
the land cover/land use of approximately 301000 sample 
units is classified by photo-interpretation of aerial images. 
The second phase is mainly used to classify the forest type 
(21 forest categories and 77 forest sub-categories) and to 
collect data on qualitative attributes (site features, vege-
tation structure, management regime and others). The 
third phase is used to record quantitative data on trees, 
shrubs and deadwood. The second phase is carried out in 
the field, on a subsets of sampling units defined by land 
cover/land use and administrative region; also the third 
phase is carried out in the filed, on a subset of sample 
units further stratified by forest type. In INFC2005, the 
second phase sample consisted of approximately 30000 
units, while the third phase sample of about 7000 units. 

Relevant to this article, forest category, aspect (with 
a compass) and slope (with a clinometer) were recorded 
in the second phase (years 2004-2005) within a 25 m ra-
dius circular plot centred on the NFI sampling point. All 
trees with DBH ≥ 4.5 cm and ≥ 9.5 cm were callipered in 
two concentric circular plots with radius 4 m and 13 m, 
respectively, during the third phase (year 2006). Some of 
those were sampled for additional measurements, i.e. total 
tree height, crown base height (distance from ground sur-
face to the lowest living branch) and tree coring. Sample 
trees were chosen following a protocol based on both ran-
dom and representative criteria but discarding trees with 
visible faults. The five trees closer to the plot centre, the 
three larger ones in DBH and two of the less represented 
species (in mixed forests) or DBH class (in monospecific 
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woods) were finally selected. As the trees in the last two 
categories may also be among the closer to the plot centre, 
the total number of sample trees ranged between five and 
ten per plot. One core per sample tree was taken at 1.30 m 
above ground level with a Pressler increment borer. The 
core was taken along the plot centre direction, to avoid 
systematic annual rings eccentricity due to site features, 
such as slope, prevailing winds and other. The width of 
the outermost 5 rings (excluding the current year ring) 
was measured as the five-year, inside bark, DBH incre-
ment (DI5). The DBH corresponding to five years before 
the survey year (DBH0) was calculated by subtracting 
DI5 from the measured DBH (DBHt) and the five-year 
periodic basal area increment (BAI) was then computed 
for each sample tree. Bark growth was considered null 
during the five-year interval; in European NFIs, the in-
crement of bark is often omitted due to its difficult assess-
ment (Gschwantner at al., 2016). The model developed in 
this study is based on the information recorded in 5162 
NFI plots with complete data for all the variables tested 
as explanatory variables, and where no cuttings had occu-
rred during the year before the survey; based on these se-
lection criteria, the dataset resulted in 34638 sample trees.

Statistical analysis

The sample trees dataset was analysed and the exis-
tence of outliers checked as recommended by Zuur 
et al. (2010). We first assessed singular observations 
graphically for each species through Cleveland dotplots 
and excluded less than 200 sample trees from the overall 
dataset that contained more than 35000 observations. We 
then discarded all the species with less than 200 observa-
tions remaining. During the statistical analysis, fourteen 
additional singular observations were identified and ex-
cluded. The remaining data were randomly divided into 
two subsets, one for model calibration (23091 sample 
trees) and the other for model evaluation (11547 sample 
trees). After the division, 4630 plots had either trees used 
for calibration and trees used for evaluation, 486 plots had 
only sample trees used for calibration, 46 plots had only 
trees for model evaluation. The model was constructed 
for 31 species that altogether constitute the 92% of the 
growing stock volume of the Italian forests; apart from 
Sorbus aria Crantz., they are all within the fortieth posi-
tion in the list of the most important species in terms of 
tree volume (Gasparini & Tabacchi, 2011). 

A set of potential predictors was built with variables 
related to plot location (geographical coordinates), site 
features (altitude, slope, aspect), stand attributes (basal 
area per hectare; dominant height, as the average height 
of the three largest trees in a plot), tree variables (DBH, 
total height, crown ratio) and with distance independent 
competition indices. The following competition indices 

were tested: basal area of trees larger than the subject tree 
(BALT); ratio of subject tree species basal area to stand 
basal area (BASPratio); ratio of subject tree basal area to 
stand basal area (BASTratio). Summary statistics on plot 
location and site features are reported in Table 1; summary 
statistics on trees and stand variables, as well as competi-
tion indices, are shown in Table 2. Fig. S1 [suppl.] shows 
histograms for all the variables analysed. The stand attri-
butes, also used for computing the distance independent 
indices, were those recorded at the time of measurement 
so assuming that stand and competition conditions remai-
ned unchanged in the 5-year period. For some variables, 
also transformed values (log, squared or square root) were 
tested. The predictors were selected using OLS multiple 
regression analysis (stepwise forward procedures; Varian-
ce Inflation Factor (VIF) = 5; F-to-enter/remove = 0.05); 
the analysis was undertaken using Systat 12.0 (Systat Sof-
tware Inc., San Jose, CA, USA).

The observed individual trees are nested within plots, 
and hence do not satisfy the OLS basic assumption of in-
dependence of observations. Failing to address this issue 
may lead to downward biases of the standard errors of 
the estimates, which in turn can result in wrong inferen-
tial conclusions about the model parameters. Therefore, a 
two-level mixed-effects model with trees i nested within 
plots j has been estimated using R software (R Core Team, 
2014). The number of trees observed per plot varies be-
tween 1 and 10. Such a small average group size at the se-
cond level is not an obstacle for estimating the plot effect 
because what matters is to have a sufficient sample size 
of plots (e.g. Snijders, 2005) and, in the calibration sub-
set, the total number of sampled plots is 5116. The natural 
logarithm of BAI was selected as the dependent variable 
and the model formally described as

𝑙𝑙𝑙𝑙𝑩𝑩𝑩𝑩𝑩𝑩 = 𝑓𝑓(𝑿𝑿) + 𝒖𝒖 + 𝜺𝜺                   (1)

where 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  is the vector containing the values of the 
dependent variable, X is a matrix containing the tree level 
and plot level predictors, 𝒖𝒖  is the random effect vector 
at plot level and 𝜺𝜺  is the model residual vector at the tree 
level. According to the model specification expressed by 
Equation (1), the only coefficient allowed to vary rando-
mly was the intercept.  In other words, the average tree 
basal area increment can vary across the different plots. 
This modelling framework allows not only having correct 
inference, but also control over the non-measured unob-
served plot-level local conditions. The fixed-effects com-
ponent is a composite linear model (Wykoff, 1990) with 
tree, stand and site variables as predictors as shown in the 
following more explicit form:

𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑖𝑖𝑖𝑖 = 𝑎𝑎0 + 𝑏𝑏𝑘𝑘𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑣𝑣𝑣𝑣𝑣𝑣𝑘𝑘𝑘𝑘𝑘𝑘 + 𝑐𝑐𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣𝑙𝑙𝑙𝑙𝑙𝑙

+ 𝑑𝑑𝑚𝑚𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣𝑣𝑣𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚 + 𝑒𝑒𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣𝑛𝑛𝑛𝑛𝑛𝑛 + 𝑓𝑓𝑜𝑜𝐿𝐿𝐿𝐿𝐿𝐿𝑣𝑣𝑣𝑣𝑣𝑣𝑜𝑜𝑜𝑜𝑜𝑜

+ 𝑔𝑔𝑝𝑝𝐷𝐷𝑣𝑣𝑣𝑣𝑣𝑣𝑝𝑝𝑝𝑝𝑝𝑝 + 𝑢𝑢𝑗𝑗 + 𝑣𝑣𝑖𝑖𝑖𝑖  

 

 

  (2)



4 Lucio Di Cosmo, Diego Giuliani, Maria M. Dickson and Patrizia Gasparini

Forest Systems December 2020 • Volume 29 • Issue 3 • e019

where a0 is the intercept, bk, cl, dm, en fo and gp are the vec-
tors of the regression coefficients for the k-tree variables, 
l-stand variables, m-competition variables, n-site varia-
bles,  o-plot location variables and p-dummies dummies 
(the species), respectively. Interactions among variables 
were also tested. The models resulting of different sets 

of predictors were compared according to their goodness-
of-fit (adjusted R2) and performance assessment using the 
evaluation data. The variables that were finally retained 
for model calibration are shown in Tables 1 and 2. While 
the OLS methodology has helped selecting the predic-
tors, the linear mixed model framework was required to 

Species Plots Latitude (degrees) Longitude (degrees) Altitude (m a.s.l.) Slope (%) Aspect (radians)

n Min Max Min Max Min Max Min Max Min Max

1 Abies alba Mill. 781 38.10579 46.80204 6.67756 16.67352 447 1862 9 107 0.000 6.248

2 Acer campestre L. 504 37.88956 46.41522 7.39303 16.47660 24 1467 0 119 0.000 6.266

3 Acer opalus L. 249 39.51104 44.51673 7.72332 16.13017 255 1422 0 119 0.000 6.178

4 Acer pseudoplatanus L. 500 37.69135 46.58615 6.96838 16.74456 110 1935 0 119 0.000 6.196

5 Alnus cordata Loisel. 221 37.94362 46.17232 8.82627 16.74456 134 1385 11 119 0.000 5.934

6 Alnus glutinosa Gaertner. 251 39.15976 46.76606 7.22081 16.84239 6 1350 0 84 0.000 6.213

7 Betula pendula Roth. 266 44.05776 46.98195 6.99026 13.32074 205 1813 0 100 0.017 6.109

8 Carpinus betulus L. 297 39.96137 46.53217 7.27618 16.42182 6 1172 0 100 0.000 6.196

9 Castanea sativa Mill. 2759 37.64630 46.69409 6.93803 16.45265 121 1424 0 119 0.000 6.266

10 Fagus sylvatica L. 4583 37.75442 46.66711 7.01340 16.69395 327 1935 0 119 0.000 6.266

11 Fraxinus excelsior L. 497 36.99756 46.82003 6.93803 16.13434 6 1716 0 119 0.000 6.213

12 Fraxinus ornus L. 1567 37.02459 46.66711 7.94890 16.76328 8 1422 0 143 0.000 6.266

13 Larix decidua M. 1484 43.97676 47.04491 6.67756 13.68983 291 2256 0 119 0.000 6.248

14 Ostrya carpinifolia Scop. 2135 39.08770 46.66711 7.59522 16.82123 58 1548 0 119 0.000 6.266

15 Picea abies K. 2895 38.15984 47.04491 6.67756 15.46440 248 2210 0 119 0.000 6.266

16 Pinus halepensis Mill. 495 37.11470 44.38174 7.82775 16.89494 6 1107 0 100 0.000 6.266

17 Pinus laricio Poiret 391 37.73640 44.07576 9.15524 16.75500 660 1901 0 100 0.000 6.196

18 Pinus nigra Arn. 1332 37.80848 46.62213 7.14788 16.42558 2 1591 0 143 0.000 6.266

19 Pinus pinaster Ait. 319 37.97966 45.43456 7.70802 16.76328 1 1057 0 84 0.000 5.934

20 Pinus pinea L. 209 37.48412 45.64151 8.43070 16.47288 1 742 0 84 0.000 6.266

21 Pinus sylvestris L. 1048 42.05945 46.94597 6.75192 14.15895 236 2049 0 107 0.000 6.248

22 Populus tremula L. 198 37.75442 46.92798 6.75460 16.74456 90 1604 0 111 0.000 6.178

23 Prunus avium L. 484 39.07869 46.60414 7.05451 16.35566 89 1404 0 119 0.000 6.248

24 Quercus cerris L. 3761 37.76343 45.85744 7.82303 16.75667 6 1581 0 119 0.000 6.266

25 Quercus ilex L. 1470 36.99756 46.66711 7.70587 17.33223 1 1462 0 111 0.000 6.213

26 Quercus petraea Liebl. 402 40.71785 46.55016 6.99383 14.74818 41 1490 3 119 0.087 6.196

27 Quercus pubescens Willd. 4057 36.99756 46.66711 7.06000 16.79805 24 1534 0 143 0.000 6.266

28 Quercus suber L. 342 37.12371 43.07669 8.47349 16.29083 32 1005 0 70 0.000 6.196

29 Robinia pseudoacacia L. 640 37.97065 46.68510 7.14788 16.30018 5 1291 0 93 0.000 6.248

30 Sorbus aria Crantz. 239 40.43869 46.55016 7.03122 15.63440 5 1291 9 119 0.000 6.248

31 Ulmus minor Mill. 262 39.96137 46.48719 7.57295 16.42182 370 1681 0 84 0.000 6.248

All species 5162 36.99756 47.04491 6.67756 17.33223 1 2256 0 143 0.000 6.266

Table 1. Number of plots where the species were recorded and summary statistics of plot location (latitude and longitude of the 
sampling grid cell in which the INFC plot is located, WGS84) and site features (altitude, slope and aspect), by species and total
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consider the hierarchical structure of the data. When re-
transforming the predicted lnBAIij back from natural log 
scale, the logarithmic bias correction factor suggested by 
Snowdon (1991) was used. Among the various alterna-

tive corrections proposed in the literature, this approach 
has proved to be the most efficient for this empirical cir-
cumstance. Snowdon’s multiplicative correction factor, 
which represents an estimate of the proportional bias  

Species Trees BAI DBH0 CRATIO HDOM BA BALT BASPratio BASTratio

n Min Max Min Max Min Max Min Max Min Max Min Max Min Max Min Max

1 Abies alba Mill. 521 1.5 481.2 4.5 71.1 0.04 0.98 12.0 41.6 6.4 99.2 0.00 95.50 0.00 1.00 0.00 0.36

2 Acer campestre L. 336 3.0 182.6 4.5 41.2 0.17 0.92 4.8 32.9 1.2 57.3 0.00 54.65 0.00 1.00 0.00 0.41

3 Acer opalus L. 166 3.7 185.5 4.5 49 0.17 0.90 5.4 31.6 1.4 53.7 0.00 47.49 0.01 0.76 0.00 0.43

4 Acer pseudoplatanus L. 333 1.5 272.4 4.5 46.5 0.06 0.92 6.6 32.1 2.0 56.0 0.00 53.70 0.00 1.00 0.00 0.40

5 Alnus cordata Loisel. 147 6.3 211.1 4.5 47.7 0.06 0.96 5.4 31.1 0.7 50.2 0.00 50.05 0.01 1.00 0.00 0.76

6 Alnus glutinosa Gaertner. 167 8.6 258.0 4.5 44.9 0.08 0.92 8.9 28.7 4.8 57.8 0.00 50.72 0.00 1.00 0.00 0.33

7 Betula pendula Roth. 177 1.6 162.6 4.5 43.1 0.07 0.87 7.5 29.5 2.9 56.5 0.00 42.06 0.00 1.00 0.00 0.36

8 Carpinus betulus L. 198 4.4 182.1 4.5 44.7 0.12 0.93 3.8 32.9 1.2 62.9 0.00 55.27 0.01 0.97 0.00 0.25

9 Castanea sativa Mill. 1839 2.3 428.8 4.5 89 0.07 0.94 3.9 34.0 1.5 99.5 0.00 99.22 0.01 1.00 0.00 0.69

10 Fagus sylvatica L. 3055 1.9 513.8 4.5 82.4 0.03 0.99 5.1 43.3 1.7 79.7 0.00 71.56 0.00 1.00 0.00 0.63

11 Fraxinus excelsior L. 331 1.9 314.2 4.5 48.4 0.18 0.94 5.8 32.3 2.9 60.3 0.00 58.33 0.01 0.98 0.00 0.44

12 Fraxinus ornus L. 1045 1.9 117.8 4.5 30.2 0.13 0.90 3.9 27.6 0.9 58.2 0.00 57.26 0.00 1.00 0.00 0.52

13 Larix decidua M. 989 1.6 409.9 4.5 74.7 0.08 0.98 5.2 38.0 0.8 75.3 0.00 67.36 0.00 1.00 0.00 0.93

14 Ostrya carpinifolia Scop. 1423 1.1 179.7 4.5 36.3 0.03 0.95 3.5 31.0 1.1 75.8 0.00 68.33 0.00 1.00 0.00 0.36

15 Picea abies K. 1930 0.9 620.0 4.5 81.1 0.08 1.00 5.0 41.6 1.9 99.2 0.00 78.81 0.01 1.00 0.00 0.57

16 Pinus halepensis Mill. 330 4.9 292.2 4.5 49.4 0.18 0.97 3.4 20.1 2.6 45.8 0.00 37.14 0.01 1.00 0.01 0.36

17 Pinus laricio Poiret 261 6.4 373.6 4.5 55.4 0.21 0.96 8.2 34.3 6.7 80.8 0.00 79.07 0.02 1.00 0.00 0.30

18 Pinus nigra Arn. 888 2.5 503.1 4.5 55.5 0.10 0.99 4.0 36.2 0.7 93.2 0.00 90.75 0.01 1.00 0.00 0.56

19 Pinus pinaster Ait. 213 5.4 342.6 5.4 54.5 0.09 0.94 5.8 24.4 3.3 62.0 0.00 48.16 0.02 1.00 0.01 0.32

20 Pinus pinea L. 139 3.1 326.9 5.4 53 0.26 0.91 5.1 22.3 3.3 40.1 0.00 39.33 0.03 1.00 0.01 0.46

21 Pinus sylvestris L. 699 1.5 227.0 4.5 59 0.12 0.97 3.8 36.2 1.7 80.9 0.00 65.96 0.01 1.00 0.00 0.54

22 Populus tremula L. 132 2.5 270.2 4.5 46.5 0.13 0.85 6.4 28.6 2.4 53.9 0.00 42.50 0.01 0.88 0.00 0.21

23 Prunus avium L. 323 7.0 245.8 4.5 48.4 0.15 0.91 5.3 30.8 1.6 58.1 0.00 57.62 0.01 1.00 0.00 0.64

24 Quercus cerris L. 2507 1.0 410.9 4.5 61.4 0.03 0.94 4.0 36.4 1.1 75.8 0.00 61.83 0.00 1.00 0.00 0.58

25 Quercus ilex L. 980 1.5 312.1 4.5 59.1 0.12 0.98 3.6 26.7 0.1 52.7 0.00 47.54 0.00 1.00 0.00 1.00

26 Quercus petraea Liebl. 268 2.3 370.0 4.5 48.6 0.14 0.92 3.8 27.5 1.1 49.6 0.00 43.55 0.01 1.00 0.01 0.35

27 Quercus pubescens Willd. 2705 1.4 337.3 4.5 60.1 0.12 0.97 3.4 30.9 0.1 56.7 0.00 55.47 0.00 1.00 0.00 1.00

28 Quercus suber L. 227 10.2 249.9 4.5 55.1 0.18 0.93 3.3 19.4 1.8 49.1 0.00 38.70 0.01 1.00 0.01 0.50

29 Robinia pseudoacacia L. 427 2.7 235.6 4.5 42.3 0.10 0.96 6.9 30.4 1.4 48.0 0.00 47.21 0.01 1.00 0.00 0.52

30 Sorbus aria Crantz. 160 3.0 59.6 4.5 22.6 0.11 0.86 5.1 28.2 3.4 53.9 0.00 52.68 0.00 0.56 0.00 0.29

31 Ulmus minor Mill. 175 4.4 180.8 4.5 26.4 0.16 0.93 4.8 28.8 0.6 46.3 0.00 39.99 0.00 1.00 0.00 0.93

All species 23091 0.9 620.0 4.5 89.0 0.03 1.00 3.3 43.3 0.1 99.5 0.0 99.2 0.00 1.00 0.00 1.00

Table 2. Summary statistics of fitting data. Number of trees (n), five-year periodic basal area increment (BAI, cm2), initial DBH 
(DBH0, cm), crown ratio (CRATIO); dominant height (HDOM, m); basal area per hectare (BA, m2 ha-1); basal area of trees larger 
than the subject tree (BALT, m2 ha-1); ratio of subject tree species basal area to stand basal area (BASPratio); ratio of subject tree 
basal area to stand basal area (BASTratio)
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in logarithmic regressions, consists of the ratio between 
the sample mean of BAIij and the mean of the back-trans-
formed values predicted from the model, say 𝐵𝐵𝐵𝐵𝐵𝐵̂ 𝑖𝑖𝑖𝑖  .

Model performance was assessed through cross-va-
lidation on the evaluation data computing the following 
statistics: the mean error (ME), the mean absolute error 
(MAE), the root mean squared error (RMSE), the mean 
percent deviation (MPD) and the mean percent stan-
dard error (MPSE) (Zeng, 2015). These were calculated 
on back-transformed and real scale (cm2) BAI values,  
as follows:
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where 𝑒̂𝑒𝑖𝑖 = 𝑦𝑦𝑖𝑖 − 𝑦̂𝑦𝑖𝑖, 𝑦𝑦𝑖𝑖   are observed values, 𝑦̂𝑦𝑖𝑖   are va-
lues estimated with the model.

The mean absolute error was also computed at plot le-
vel. For the 46 plots that had just evaluation sample trees, 
BAI predictions were obtained using the unconditional 
(population-level) intercept.

Results
In the initial model resulting of the predictors selected 

using OLS multiple regression, the squared DBH was not 
significant but it was retained to prevent unlimited grow-
th for large diameter trees. Thus the final model has the  
following form:

ln(𝐵𝐵𝐵𝐵𝐵𝐵𝑖𝑖𝑖𝑖) = 𝑎𝑎0 + 𝑏𝑏1 × ln(𝐷𝐷𝐷𝐷𝐷𝐷0𝑖𝑖𝑖𝑖) + 𝑏𝑏2 × 𝐷𝐷𝐷𝐷𝐷𝐷0𝑖𝑖𝑖𝑖
2 + 𝑏𝑏3 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 + 𝑑𝑑1 × 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑗𝑗

+ 𝑒𝑒1 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗 + 𝑒𝑒2 × √𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑗𝑗  +× 𝑓𝑓1 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑗𝑗 + 𝑓𝑓2 × 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑗𝑗

+ 𝑔𝑔1 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 + ℎ1 × ln(𝐷𝐷𝐷𝐷𝐷𝐷0𝑖𝑖𝑖𝑖) × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖
+  ℎ2 × 𝐷𝐷𝐷𝐷𝐷𝐷0𝑖𝑖𝑖𝑖

2 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 + ℎ3 × 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑖𝑖 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖
+ ℎ4 × 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝑗𝑗 × 𝑆𝑆𝑆𝑆𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 + ℎ5 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖

+ ℎ6 × √𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑗𝑗 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖  + ℎ7 × 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑗𝑗 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖

+ ℎ8 × 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑗𝑗 × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 + 𝑢𝑢𝑗𝑗 + 𝜀𝜀𝑖𝑖𝑖𝑖  

(3)

Table 3 and Table S1 [suppl.] show the estimated fixed 
parameters and the corresponding standard error, degrees 
of freedom, t-value and significance level.

Regression of model residuals against explanatory va-
riables is non-significant for any covariate as exemplified 
in Fig. S2 [suppl.], demonstrating a general good perfor-
mance of the model, although residuals slightly increase 
with latitude. The model developed provides a good level 
of fit, as indicated by the McFadden’s (1979) Pseudo-R2 
that equals to 0.708. In similar studies, values between 0.2 
and 0.4 are already considered a good fit (Laubhann et al., 
2009; Cienciala et al., 2016). Moreover, the variance of 
the random effect at plot level is significant and, according 
to the intra-class correlation coefficient (equal to 0.512), 
indicates that half of the variability of diameter growth 
depends on the plot. Inclusion of random effects for other 
predictors did not improve the model fit and might have 
led to overfitting (results not shown). Compared to the 
OLS regression, the mixed-effects model allowed redu-
cing the mean absolute error of estimates in the sample 
plots by 64.5% in average, as shown in Table 4. Conside-
ring the tree validation data, the MAE for the species was 
reduced by 20.8% in average; average MAE by species 
decreased from 7.2% to 37.3% (data not shown).

The great majority of the species included in the mo-
del developed in this study characterizes a forest (sub-)
category adopted by the Italian NFI (INFC, 2007); the 
results of the cross-validation, by species, are presented  
in Table 5.

Fig. 1 shows the observed values and the residuals  
plotted against the predicted values, for the evaluation 
data. Fig. 2 shows the observed values plotted against the 
predicted ones, for six selected species, three conifers and 
three broadleaves, for the evaluation data.

Fig. 3 shows, for each species, the BAI plotted against 
DBH0 for a hypothetical tree growing in a location 
pinpointed by longitude and latitude medians and under 
average conditions defined by the mean values of the re-
maining explanatory variables.

Discussion
To our knowledge, this is the first study that deve-

loped a single model for predicting the basal area in-
crement for a so relevant number of species considered 
as dummy variables. The model is realistic in general, 
since the signs of the parameter estimates are mostly 
consistent with biological understanding. Unexpec-
ted signs observed for some species and certain para-
meters should be better evaluated under the awareness 
that individual drivers vary with species and site-spe-
cific realization of the driver of concern (Rohner et al., 
2018). Rohner et al. (2018) developed individual tree 
growth models for nine species and found that only 
few explanatory variables displayed generalized con-
sistent patterns, while the others reflected properties 
of individual species. Models like our, i.e. developed 
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Estimate Std. Error df t-value Pr(>|t|)

(Intercept) a0 4.53E+03 7.27E-01 2.24E+04 6.23E+00 ***

ln(DBH0) b1 1.13E+00 5.56E-02 1.99E+04 2.04E+01 ***

DBH02 b2 -1.59E-05 3.51E-05 2.11E+04 -4.54E-01

CRATIO b3 9.89E-01 1.04E-01 2.12E+04 9.52E+00 ***

BALT c1 -9.58E-03 1.48E-03 2.25E+04 -6.45E+00 ***

Slope d1 -6.88E-03 9.94E-04 2.23E+04 -6.92E+00 ***

sqrt(Altitude) d2 -2.79E-02 6.02E-03 2.28E+04 -4.63E+00 ***

Latitude d3 -5.19E-02 1.33E-02 2.16E+04 -3.91E+00 ***

Longitude d4 -6.38E-02 1.30E-02 2.19E+04 -4.90E+00 ***

Acer campestre L. f2 -4.596E+00 1.430E+00 2.274E+04 -3.213E+00 **

Acer pseudoplatanus L. f4 -5.720E+00 1.009E+00 2.230E+04 -5.670E+00 ***

Carpinus betulus L. f8 -3.905E+00 1.446E+00 2.274E+04 -2.701E+00 **

Castanea sativa Mill. f9 -4.111E+00 9.010E-01 2.238E+04 -4.563E+00 ***

Fagus sylvatica L. f11 -3.243E+00 7.791E-01 2.274E+04 -4.162E+00 ***

Fraxinus excelsior L. f12 -4.386E+00 1.136E+00 2.257E+04 -3.859E+00 ***

Fraxinus ornus L. f13 -3.560E+00 9.088E-01 2.281E+04 -3.918E+00 ***

Larix decidua M. f14 -9.071E+00 1.916E+00 2.223E+04 -4.734E+00 ***

Ostrya carpinifolia Scop. f15 -4.557E+00 9.162E-01 2.280E+04 -4.973E+00 ***

Pinus halepensis Mill. f17 -5.319E+00 1.364E+00 1.601E+04 -3.898E+00 ***

Prunus avium L. f24 -5.149E+00 1.329E+00 2.233E+04 -3.873E+00 ***

Quercus ilex L. f25 -2.767E+00 9.083E-01 2.122E+04 -3.046E+00 **

Quercus petraea Liebl. f26 -7.805E+00 1.746E+00 2.219E+04 -4.469E+00 ***

Quercus pubescens Willd. f27 -2.791E+00 8.201E-01 2.197E+04 -3.403E+00 ***

Quercus suber L. f28 -4.648E+00 1.955E+00 1.308E+04 -2.377E+00 *

Robinia pseudoacacia L. f29 -4.014E+00 1.338E+00 2.207E+04 -2.999E+00 **

Sorbus aria Crantz. f30 -3.295E+00 1.591E+00 2.136E+04 -2.071E+00 *

Table 3. Fixed parameters and the corresponding standard error estimate, degrees of freedom, t value and significance 
level. For the dummies, only the values significant for intercept variation are reported; interactions between the species 
and the quantitative variables are omitted for reasons of space (they are given in Table S1 [suppl.], which reports also 
the variance components)

Acronyms - DBH0: initial tree breast height diameter; CRATIO: crown ratio; BALT: basal area of trees larger than the 
subject tree; sqrt: square root.

MAE-OLS 
(average)

MAE mixed-effects 
(average)

Plots in which the 
MAE decreased (%)

Plots with sample trees used for model calibration and evaluation 21.34 16.55 64.6

Plots with only sample trees used for model evaluation 20.96 20.76 56.5

All plots 21.34 16.59 64.5

Table 4.Average of the mean absolute error of estimates (MAE, cm2) at the plot level computed through the OLS fixed-effects model 
(MAE-OLS) and the mixed-effects regression model (MAE mixed-effects). Estimates and MAE have been computed for evaluation 
trees in plots with both sample trees used for calibration and evaluation, in plots with only sample trees used for evaluation and all 
plots together. The percentage of plots in which the MAE resulted lower when the mixed-effects model is used is also shown
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for a variety of species, may still be helpful to depict  
the variables that play a foremost role in tree growth. 
Although the model is empiric and was developed for 
predictive purposes, its fit statistics are remarkable. The 
model explained 71% of the variance; in a study at the 
European level, variance explained ranged between 10% 

(Quercus ilex L. and Quercus suber L.) and 53% (Other 
conifers group) (Shelhaas et al., 2018). In the results, the 
model developed in this study endorses the findings of 
similar studies. The calibration of the full mixed model 
for the plots with only evaluation data could have fur-
ther improved the results. However, the number of trees 

Species n ME MAE RMSE MPD MPSE

Abies alba Mill. 260 -6.82 35.82 60.17 7.49 37.56

Acer campestre L. 168 -2.58 10.45 16.74 6.41 24.52

Acer opalus L. 83 0.85 10.94 18.68 -1.81 21.45

Acer pseudoplatanus L. 167 1.71 15.10 23.43 -3.37 30.48

Alnus cordata Loisel. 74 -4.06 14.22 19.65 6.62 23.93

Alnus glutinosa Gaertner. 84 -9.16 19.89 26.61 11.45 25.45

Betula pendula Roth. 89 0.19 16.36 23.38 -0.41 34.97

Carpinus betulus L. 99 -2.19 10.37 17.57 6.11 26.09

Castanea sativa Mill. 920 -0.31 17.95 28.92 0.46 25.80

Fagus sylvatica L. 1528 -0.07 16.44 28.01 0.11 26.34

Fraxinus excelsior L. 166 6.74 22.56 38.24 -10.33 38.41

Fraxinus ornus L. 522 -1.19 6.41 10.58 5.67 29.51

Larix decidua M. 495 1.92 24.28 37.06 -2.78 37.03

Ostrya carpinifolia Scop. 712 -1.19 7.10 11.43 4.32 24.32

Picea abies K. 965 -1.63 32.46 51.67 1.75 36.16

Pinus halepensis Mill. 165 1.33 18.26 26.37 -1.84 28.70

Pinus laricio Poiret 130 -9.58 27.11 38.35 9.52 24.47

Pinus nigra Arn. 444 -0.74 18.91 29.10 1.03 28.27

Pinus pinaster Ait. 106 -1.76 23.82 34.26 1.79 23.96

Pinus pinea L. 70 -5.02 20.60 28.63 5.83 23.73

Pinus sylvestris L. 349 0.68 18.90 26.01 -1.32 38.13

Populus tremula L. 66 4.37 20.98 30.22 -5.84 37.60

Prunus avium L. 161 -0.96 21.24 34.69 1.44 31.30

Quercus cerris L. 1254 0.64 14.52 23.45 -1.21 27.43

Quercus ilex L. 490 -1.15 7.25 12.82 3.47 21.06

Quercus petraea Liebl. 134 -5.70 17.59 29.14 10.19 27.63

Quercus pubescens Willd. 1352 0.57 10.41 18.58 -1.49 27.02

Quercus suber L. 115 -2.01 13.93 21.46 3.10 20.54

Robinia pseudoacacia L. 213 0.38 13.86 23.67 -0.73 26.72

Sorbus aria Crantz. 79 -2.27 6.87 10.00 9.60 25.84

Ulmus minor Mill. 87 3.57 13.06 21.37 -8.33 34.87

Table 5. Results of the cross-validation computed after back-transforming the predicted 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  to BAI (cm2). 
Number of evaluation observations (n) by species; mean error (ME, cm2); mean absolute error (MAE, cm2); root 
mean squared error (RMSE, cm2); mean percent deviation (MPD); mean average percent standard error (MPSE)
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in these plots was limited for the number of parameters 
in the model, making the estimation of random effects 
for calibration unfeasible. Tree size is known to be the 
most significant predictor of tree’s growth (Bevilacqua, 
1999). Accordingly, even considering the measurement 
scales of the predictors, current DBH resulted to be 
the most important explanatory variable of our model. 
DBH, as a size factor, is crucial for future increment; 
Laubhann et al. (2009) found DBH to be one of the main 
factors for modelling the growth of four different species 
although these models differed notably in structure. In 
this study DBH was the only explanatory variable who-
se sign remained the same for all the species studied. 
Crown ratio proved to be directly correlated with incre-
ment for the great majority of species. Such a variable 
is a measure of foliage quantity and it is indicative of 
tree vigour (Wykoff, 1990); long and healthy crowns 
allow greater increments (Bueno & Bevilacqua, 2010). 
Competition was also crucial for predicting tree growth. 
Experience with tree-level modelling suggests that tree 
size and competition variables are dominant in explai-
ning the observed tree growth patterns (Laubhann et al., 
2009). Among the three competition indices tested and 
the basal area per hectare, also a density measure, the 
model retained only the BALT. BALT has been used in 
several studies (Jõgiste, 2000) and expresses the status 
of the subject tree with regard to the surrounding trees 
within the plot, particularly quantifying the competition 
effects from above (Zhang et al., 2004) being also consi-
dered a surrogate of competition for light (Adame et al., 
2008). This study has evidenced that BALT is a decisive 
distance independet competition index, among others, in 
particular when developing multi-species models based 
on national forest inventory data. After tree size, slope 
was the variable that most met our expectations in terms 
of effects on growth, as it showed negative parameters 
for all species but one; this result is consistent with those 
in Rohner et al. (2018) for the nine species in their study. 
Relationship with latitude and altitude is primarily com-
mented considering that, in general, trees grow faster 
in warmer climate conditions and slower moving to the 
north and or higher altitude. However, along with spatial 
variability in climate conditions, the wide distribution 
of plot locations also accounts for other factors affec-
ting growth that display great variability at the country 
scale. Particularly worth of notice are soil properties 
(Weiskittel et al., 2011) since many species in this study 
grow either in the Alps or Apennines on soils that differ 
even in the parental materials. 

The model presented covers a considerable number 
of tree species and has been developed using data statis-
tically representative of the growing conditions all over 
the country. Thus the data range is remarkably wide. 
Latitude spans 10 degrees, from 36.9976 to 47.0449 
degree; altitude ranges from sea level to timberline in 

either the Apennines (e.g. for beech) or the Alps (up to 
2255 m a.s.l.) and all the species were sampled across 
their full altitudinal range. Latitude and altitude are 
two variables that correlate with climate (Schelhaas et 
al., 2018) but their role in the variability of expected 
growing condition is further increased under a bioclima-
tic perspective, considering that, due to its geographical 
position, Italy extends overs two biogeographic regions, 
the Mediterranean and the middle-European ones (Pig-
natti, 1995). The data also represent all possible options 
for the management and the silvicultural systems, such 
as high forests vs coppice, even-aged vs uneven-aged 
stands, etc. One of the major limitations of using the mo-
del is a consequence of the range of DBH values in the 
modelling data subset, especially for the species whose 
BAI always increases. Predictions for DBHs exceeding 
the range explored might be severely overestimated. 
However, within this range, predictions are unbiased 
as exemplified by Pinus pinaster Ait. and Quercus pe-
traea Liebl. in Fig. 2. In this respect, it is important to 
stress that the model was developed for estimating the 
five-year periodic BAI and so it is appropriate for short-
term predictions, even for the species that show a desi-
rable behaviour in Fig. 3. Bueno & Bevilacqua (2010) 
showed that adding consecutive annual increments, each 
predicted by the increment model in hand, to estimate 
growth over longer periods, is not recommendable and 
that a model is more valuable in estimating well the res-
ponse variable it was developed for.

The model presented may serve a number of purposes, 
depending on the needs and the alternatives available. In 
our opinion, once a model has been made available, its 
usefulness is never thoroughly predictable. An example 
is the international reporting on the removals of CO2 for 
the Land Use, Land-Use Change and Forestry (LULUCF) 
sector for which the IPCC (2003) adopted three hierarchi-
cal tiers of methods to accommodate national circumstan-
ces that clearly reach different levels of accuracy. In this 
respect, the broad range of abiotic (e.g. climate), biotic 
(e.g. forest type) and management (e.g. silvicultural sys-
tem) regimes captured might make the model suitable for 
use also in other countries, at least the Southern European. 
Besides use in future modelling studies, the most appro-
priate use of the model developed in this study is probably 
within the NFI, to estimate the growth of the trees not co-
red. However, the performance obtained for the plots only 
used for evaluation showed possible general use, e.g. for 
assessing growth in sub-regional networks of plots, espe-
cially if it is possible to record data for performing model 
calibration (e.g. Crecente-Campo et al., 2010). In fact, at 
present, the annual increment estimation is not mandatory 
in some Italian regions and/or forest types, especially tho-
se with limited economic importance (Gasparini et al., 
2017) although they are still valuable for carbon accumu-
lation in an ecosystem services perspective.
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Figure 1. Evaluation data: Observed values plotted against predicted values  
(left side) and residuals plotted against predicted values (right side).
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Figure 2. Evaluation data: observed values plotted against predicted values for  
selected species.
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Figure 3. BAI plotted vs DBH0 for a hypothetical tree growing under average con-
ditions and in a location pinpointed by the median of the latitude and longitude range 
for the species in the country. Average conditions were those marked by mean value 
of the explanatory variables.
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