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Modelling the relationship between zonal
forest types and climatic variables in Hungary
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Introduction Regression Trees
Classification and Regression Trees are simple models of a L
nonlinear relationship between a response variable and several
. predictor variables. They are constructed using recursive binary
| partitioning over a training data set. In each step one predictor
' variable is selected, and according to its value the whole data base '
is split into two child partitions. The successive splits are
implemented with the aim of achieving maximal homogeneity in the
‘child's.

Distribution of zonal forest types are critically influenced by climatic conditions, and climate change will probably
affect their future distributions in many countries including South-East European ones.

Our aim is to study the relationship between climatic variables and zonal forest types in Hungary based on their
current distribution according fo forest inventory data.

. We use two national databases as data sources:
*Hungarian Forest Inventory Data (2001, four main zonal forest types)

+Climate surfaces from the Hungarian Meteorological Service (1961-1990, 20 climatic variables).
The main advantages of tree-based methods are:

+There can be many possible "predictor" variables during the
analysis, collinearities don't matter

+Predictor variables do not have to be normally distributed
+Ability to describe nonlinear relationships

*The resulting models are easy to interpret, even for non experts

We used regression tree analysis for the modelling, selecting the most important climatic variables that explain the.
present-day distribution of zonal forest types.

The calculations of this study are performed in the

R statistical enviroment, where we used the package 'rpart’ to
build the trees. To evaluate the models we used the receiver

| operating characteristics (ROC) analysis (ROCR' package) and the
area under curve (AUC) index to compare the results.
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Predicted map (left) and CART-diagram (below) of
the european beech (Fagus sylvatica) in Hungary
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A thought-provoking issue: the ,Ellenberg-effect”
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the sessile oak (Quercus petraea) in Hungary Ellenberg index (July
temperature/annual precipitation ).
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This index is known to be in strong
relationship with the climatic needs AUC=0.77
of several plant species, including beech. (fair)
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Lessons from the ,Ellenberg-effect”
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Bresence 0.23 *The reason for the success of Ellenberg-index is that the real factors s,
AUC - 062 (probability) [ conditioning the ecological processes are rarely the ones that we are able to kht -
el = actual presence measure. [
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+Including simple combinations of predictors in the model may significantly ., ¥
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improve both simplicity and performance.

Simple linear combination (SLC) splits *There might be several other combinations of the predictors, that could
improve the model even better. (These can be thought of as bioclimatic

indices 'not yet invented'...)

This is a new concept in decision tree theory. S0 .
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Iinear combinaiiolih e pim Rl et k4 (Our) ways of improving tree-based bioclimatic models: b

*the splitting is always done over a linear
combination of all the predictor variables
(thus in the space of the predictor
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+Applying new, modern modelling algorithms: we intend to use a new decision tree method
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variables, the objects are split by an ; based on conditional inference (package party’in R). Important new features: 2-
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features of the tree-based models: the ease of dashed line is the same of the tree model for the responses

interpretfation. , There is a tradeoff to consider with Ellenberg-index included. The

*Building one tree with multivariate response instead of several univariate response trees can

in allowing multivariate tests; simple tests may difference in split homogeneity : :

result in large trees that are difficult to understand, can be clearly seen || also improve our understanding

yet multivariate tests may result in small trees with - L T ™
tests that are difficult fo understand.” (Utgoff & Brodley, 1990) Though this tradeoff has f ’ - Wa

been recognized quite long ago, until recently there was no good solution.

Main references

The idea of SLC splits arises from the recognition that increasing complexity caused by
including more terms in a LC split can be handled in a similar way to the complexity caused
by including further nodes into the model. The selection of splitting variable is
transformed into a sequential procedure, where new terms are entered into the SLC one by
one only if the larger SLC performs significantly better then the previous one. (This
procedure can be incorporated in a simple and straightforward way into the framework of
conditional inference based decision frees, using the same permutation tests as in the
variable selection and the stopping rule.)
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