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Abstract. In the present research, we found that different preprocessing options and parameterizations of classification and re-
gression trees alter their model fit and have a direct effect on their applicability for end-users. We found that, in terms of appli-
cability, classification trees react different to pruning than regression trees. Indeed, in case of high pruning levels, classification
focus on the extreme values of the response variable, whereas regression tree are more likely to predict the intermediate values.
Furthermore, when applying cross-validation with a high number of folds, modellers are likely to find one model that outperforms
the other models in terms of reliability. Models were assessed based on the determination coefficient, the percentage of Correctly
Classified Instances and the Cohen’s Kappa statistic for each parameterization. We found positive correlations (R2 > 0.70) be-
tween the statistical criteria and we found a non-linear negative relation between the model fit and the level of pruning. Therefore,
environmental modellers should make use of an exhaustive list of model parameterizations to develop and compare environmen-
tal models in a transparent and objective manner. General methodological guidelines derived from the present research may help
modellers to efficiently select statistical and ecological relevant models that are meeting the needs of users. The validity of our
conclusion should be further tested for other datasets and scientific domains as our findings are based on one set of freshwater
data.
Keywords: Classification and regression tree, parameterization, applicability, field data

1. Introduction

Models have been increasingly used in ecology as
an instrument to understand the properties of ecosys-
tems [30]. Ecological models are representations of
the real ecosystem [44] and can characterize ecosys-
tems’ responses to changing environmental conditions.
As they can help to manage and preserve natural re-
sources for future generations, ecological models have
been often used in decision making [19,33,37,42]. For
example, classification and regression trees [6] have
been successfully implemented to quantify species-
environment relations [10,13,18], to predict species
occurrences [28,45,46], to predict dispersal of exotic
species [1,4], to mark out protected areas [14,48],
to determine ecological quality [12,31] or to pro-
duce habitat maps [40]. Classification and regression

*Corresponding author. Tel.: +32 92 64 38 97; E-mail:
gert.everaert@ugent.be.

trees, are black-box models that quantitatively describe
predictor-response relations. They explain variations in
a response variable by splitting predictor variables at
certain thresholds [10]. The trees consist of a transpar-
ent set of knowledge rules, which are deduced directly
from the data, i.e. no expert knowledge is involved
[10,35]. This implies that the rules found mainly de-
pend on the quality of the information contained within
the data [15]. However, ecological field data are often
incomplete (missing values), noisy (containing errors
or outliers) or have a skewed distribution [19]. As such,
although it may result in loss of information [21], data
preprocessing is an essential part of the statistical anal-
ysis when interpreting ecological field data by means
of classification and regression trees [27,50].

Different parameterizations of the same modelling
technique may produce considerably different out-
comes [2], which on his turn has consequences for the
applicability of the models for the end-users. Classifi-
cation trees can be large and difficult to interpret [7],

0921-7126/16/$35.00 © 2016 – IOS Press and the authors. All rights reserved
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but little research has been undertaken to increase their
comprehensibility for end-users. Although it has al-
ready been suggested by Araujo and Guisan [2] and
Goethals et al. [26], only few publications are available
in literature [17,32,45] that use multiple implemen-
tations of the same technique to assess and compare
model predictions and performances. Indeed, classi-
fication and regression trees are often induced via a
trial-and-error approach, rules of thumb or the soft-
ware’s default settings. The parameterization of the
algorithm used to develop the trees, such as the se-
lection of the number of cross-validations, the degree
of pruning and the minimum number of observations
per leaf is often done extemporaneously. For example,
10-fold cross-validation has become the standard [49],
but it has been already shown that the optimal num-
ber of folds depends on the size of the dataset and the
aim of the modelling process [38]. Moreover, the se-
lection of the final model is often driven by the best
model fit and highest statistical reliability [3]. How-
ever, maximizing statistical indicators does not always
result in the most optimal model in terms of applica-
bility by end-users [19,34]. For example, Osei-Bryson
[39] stated that when only assessing the statistical re-
liability, a decision tree with an accuracy rate of 0.959
and 29 leaves would be selected over a decision tree
with a rate of 0.958 and 5 leaves. Therefore, apart from
the statistical reliability, also the comprehensibility and
applicability of the decision trees merit attention in the
assessment of the end-product [17,47]. To date, the
interplay between model parameterization, model fit
and applicability for end-users remains understudied
[17,39].

A better understanding is needed of why and when
different parameterizations of the same modelling
technique provide different results [2]. In the present
research we aim: (1) to study the effect of model pa-
rameterization on the model fit of classification and
regression trees; and (2) to illustrate consequences of
the model parameterization on the applicability of the
models for end-users. To address these research ques-
tions, we assessed the effect of 335 unique model pa-
rameterization on the model fit and on their applica-
bility for end-users. The classification and regression
trees were based on 863 field samples in the fresh-
water environment and aimed to relate the ecologi-
cal water quality (assessed based on the macroinver-
tebrate community) with the physical-chemical water
quality.

2. Material and methods

The methodology of the present research is illus-
trated in a conceptual diagram (Fig. S1). This scheme
consists of general methodological guidelines for envi-
ronmental data mining. Multiple conceptual schemes
have been introduced earlier [23,29], but in the present
research focus is on the linkage between the data pre-
processing, model parameterization, and the applica-
bility of the models for end-users.

2.1. Data

The dataset was compiled in the scope of the Water
Framework Directive (WFD), which is one of the most
important guidelines for European river managers. The
main objective of the WFD is to reach a good eco-
logical status of the European water courses by 2027
[16]. Currently, only a limited number of Flemish sur-
face waters comply with this request. Therefore, the
Flemish government, which is responsible for the en-
vironmental management in the northern part of Bel-
gium, planned several rehabilitation projects to restore
the ecological river quality. However, the impact of
these restoration actions on the ecological status of the
watercourses could not be quantified yet. Therefore,
classification and regression trees were constructed to
gain insight into the relations between chemical and
ecological surface water conditions and, in the end, to
help river manager decide where to allocate the limited
resources for ecological restoration. Overall, the aim
of the classification and regression trees is to charac-
terize the ecological water quality (assessed based on
the macroinvertebrate community) using the surround-
ing abiotic conditions, such as for example, physical-
chemical variables.

The dataset contained 863 samples comprising of
the ecological water quality based on the macroinver-
tebrate community and the physical-chemical condi-
tions of Flemish water courses. These data cover vari-
ous points (sampling locations in large streams, small
rivers and large rivers) and several years (from 1989
to 2009) (Table 1). The physical-chemical data were
available in the form of statistical derivatives and were
calculated over one year. The physical-chemical data
available were, in line with Schneiders et al. [43] and
Everaert et al. [20]; maximum Biological Oxygen De-
mand (BODmax, mg O2/L), maximum Chemical Oxy-
gen Demand (CODmax, mg O2/L), median Kjeldahl
nitrogen concentration (KjNmed, mg N/L), median ni-
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Table 1

Summary of the original (A) and stratified (B) dataset showing the first quartile, median, mean and third quartile value based on 863 (A) and
240 (B) samples for the Ecological Quality ratio (EQR), maximum Biological Oxygen Demand (BODmax), maximum Chemical Oxygen De-
mand (CODmax), median Kjeldahl nitrogen concentration (KjNmed), median nitrate concentration (NO3, med), minimum oxygen concentration
(DOmin), average orthophosphate concentration (oPO4, avg) and average total phosphorous concentration (Ptavg)

First quartile Median Mean Third quartile Unit

(A) Original dataset (863 samples)

EQR 0.25 0.35 0.40 0.55 –

BODmax 4.6 7.0 8.9 11.0 mg O2/L

CODmax 39 53 63 78 mg O2/L

KjNmed 1.75 2.60 2.98 4.00 mg N/L

NO3, med 2.18 3.66 3.78 5.05 mg N/L

DOmin 2.40 3.80 3.80 5.09 mg O2/L

oPO4, avg 0.12 0.31 0.38 0.52 mg P/L

Ptavg 0.30 0.54 0.63 0.81 mg P/L

bad poor moderate good_high

Prevalence of EQRclass 249 385 169 60 –

(B) Stratified dataset (240 samples)

EQR 0.28 0.53 0.50 0.71 –

BODmax 3.9 6.6 7.7 10.0 mg O2/L

CODmax 38 52 59 70 mg O2/L

KjNmed 1.03 2.24 2.47 3.40 mg N/L

NO3, med 2.04 3.39 3.69 5.05 mg N/L

DOmin 2.63 4.06 4.02 5.60 mg O2/L

oPO4, avg 0.09 0.21 0.33 0.44 mg P/L

Ptavg 0.22 0.42 0.53 0.72 mg P/L

bad poor moderate good_high

Prevalence of EQR class 60 60 60 60 –

trate concentration (NO3, med, mg N/L), minimum dis-
solved oxygen concentration (DOmin, mg O2/L), aver-
age orthophosphate concentration (oPO4, avg, mg P/L)
and average total phosphorous concentration (Ptavg,
mg P/L). All substances were analysed in accordance
to the standards of ISO 17025. The ecological status
of the surface waters is assessed based on the macroin-
vertebrate community as discussed by Gabriels et
al. [25] and is quantified using an Ecological Qual-
ity Ratio (EQR), ranging from 0 to 1. In the con-
text of the WFD, and for transparency towards deci-
sion makers, these continuous scores are converted to
five ecological quality classes (“bad, “poor”, “mod-
erate”, “good” and “high”). In the present research,
the quality classes ‘good’ and ‘high’ were combined
in one class, named “good_high”. In the data set all
variables were quantified, i.e. there were no miss-
ing values. A summary of the data set can be found
in Table 1. The Pearson correlation coefficients were
calculated to explore the relations between physical-
chemical characteristics and the ecological quality (Ta-
ble 2).

2.2. Data preprocessing

We compiled two sets of data consisting of physical-
chemical information and the ecological status of the
watercourses. One set of data was identical to the de-
scription above, thus consisted of all 863 samples and
had a skewed distribution of the response variable (Ta-
ble 1). The second set of data was sub-sampled from
the first set, and each class of the response variable
(i.e. “bad”, “poor”, “moderate”, “good_high”) was pre-
sented in the same proportion. To do so, we identified
the number of cases in the least represented ecologi-
cal water quality class and selected the same amount
of cases randomly in the other quality classes. By do-
ing so, the skewed distribution of the response variable
was removed and all quality classes (i.e. “bad”, “poor”,
“moderate”, “good_high”) were equally represented in
the second set of data. The second set of data, i.e. the
stratified dataset, contained 240 (= 4 classes × 60 sam-
ples/class) out of 863 samples (Table 1). Both sets of
data were used to develop classification and regression
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Table 2

Correlation matrix of the original dataset showing the Pearson correlation between the Ecological Quality ratio (EQR), maximum Biological
Oxygen Demand (BODmax), maximum Chemical Oxygen Demand (CODmax), median Kjeldahl nitrogen concentration (KjNmed), median ni-
trate concentration (NO3, med), minimum oxygen concentration (DOmin), average orthophosphate concentration (oPO4, avg) and average total
phosphorous concentration (Ptavg)

EQR BODmax CODmax KjNmed NO3, med DOmin oPO4, avg Ptavg

EQR 1.00 −0.38 −0.32 −0.64 −0.11 0.56 −0.54 −0.58

BODmax 1.00 0.63 0.46 −0.10 −0.42 0.44 0.53

CODmax 1.00 0.38 −0.06 −0.33 0.37 0.48

KjNmed 1.00 −0.03 −0.61 0.73 0.74

NO3, med 1.00 0.05 0.10 −0.01

DOmin 1.00 −0.55 −0.56

oPO4, avg 1.00 0.86

Ptavg 1.00

trees aiming to characterize the ecological water qual-
ity based on the physical-chemical conditions (see fur-
ther).

2.3. Model development

The aim of the classification and regression trees
was to quantify the ecological status based on the
physical-chemical conditions and to assess the impor-
tance of the model parameterization on the applica-
bility of the resulting models for end-users. The ba-
sic idea of classification and regression trees (CART)
is very simple, i.e. predicting a response variable (e.g.
Y ) from predictor variables (e.g. X1, X2, . . . , Xp). To
do so, a tree is grown that is constructed by splitting
a node into child nodes repeatedly, beginning with the
root node that contains the whole learning sample. To
decide on which split is selected all the possible splits
at each node are considered and the one that results in
child nodes that are the “purest” is selected. In this se-
lection procedure univariate splits are considered, i.e.
each split depends on the value of one predictor vari-
able.

Classification and regression trees were produced
for 335 unique parameterizations of the number of
cross-validations (ncv), the minimum number of ob-
servations (minobject) and the complexity parameter
(cpvalue). Cross-validation has been very valuable in
environmental modelling because all data are used to
train and validate the model [10,26]. In k-fold cross-
validation, k subsets of equal size are randomly gen-
erated from the original dataset. In the first round of
the cross-validation, a single subset is retained as the
validation data for testing the models, and the remain-
ing k − 1 subsets are used as training data. This pro-
cess is then repeated k times, with each of the subsets

used exactly once for validation. The result of a k-fold
cross-validation are k models which are combined to
produce a single overall performance estimation [18].
Usually, between 10 and 50% of the available observa-
tions are used for validation purposes [32]. The number
of cross validations is quantified using the ncv param-
eter. Large, complex classification and regression trees
tend to overfit the data and overestimate the predictive
power of the model [22,49]. Pruning, or the removal of
knowledge rules that are not beneficial according to the
complexity parameter, prevents the model from over-
fitting [22]. The degree of pruning of a decision tree is
regulated based on the complexity parameter (cpvalue).
An alternative and more pragmatic way to prune a tree
is by means of the minimum number of observations
(minobject). The latter parameter quantifies the mini-
mum number of observations that must exist in a node
in order for a split to be attempted.

In the present research, the ncv varied from 2, 4, 6,
8, 10, 20, 40, 80; the cpvalue varied from 0.01, 0.05,
0.10, 0.15, 0.20, 0.25 and minobject varied from 2, 4,
6, 8, 10, 20, 40. To assess the model fit, we quantified
the determination coefficient (R2), the percentage of
Correctly Classified Instances (CCI) and the Cohen’s
Kappa statistic (K) for each unique parameterization.
The CCI was calculated as the percentage of true pos-
itive and true negative predictions. The K measured
the percentage of true positive and true negative pre-
dictions, but adjusted these values for the amount of
agreement that could be expected due to chance [9,28].
Values for K are between 0 and 1, a value close to 1
indicates a better model prediction. The CCI should
reach at least 70% in order to have a satisfactory model
performance [24]. Additionally, the model complexity
was quantified as the number of nodes embedded in the
model [8] and further referred to as depthtree.
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For each of the 335 unique parameterizations, we
stored the mean, standard deviation and maximum
value of the R2, CCI, K and depthtree. Pairplots visual-
ized the univariate patterns between the model param-
eterizations (ncv, minobject and cpvalue) and the perfor-
mance criteria (R2, CCI and K) [51]. Each dot in the
pairplots deals with one unique model parameteriza-
tion, so in total 335 dots are shown per panel. The ef-
fect of sub-sampling on the performance criteria was
assessed using a paired t-test (with α = 0.05). All
calculations were performed in R [41]. The R pack-
age rpart was implemented to develop the classifica-
tion and regression trees (Figs S2–S4).

2.4. Simulations

A selection of the 335 models that were developed
in the previous section were used to simulate future
ecological water quality under different management
scenarios. We selected those classification trees that
were developed using 5-fold cross-validation (ncv = 5)
and three different values of the complexity param-
eters (cpvalue = 0.01, 0.05, and 0.15). Each classi-
fication tree was built five times and the data were
reshuffled in between each run. As such, each of the
settings tested (three in total), resulted in five differ-
ent classification trees. Next, we compiled an external
data set using the water quality model ‘Planification
Et Gestion de l’ASsainissement des Eaux’ (PEGASE),
French acronym for “Planning and management of
water purification”. PEGASE simulates the effect of
the proposed river restoration actions on the physical-
chemical water quality [11]. In the present research, by
implementing the classification and regression trees on
the PEGASE data, the effects of the restoration actions
on the physical-chemical water quality were translated
towards their effect on the ecological water quality.
The aim of these simulations is to illustrate the impact
of different model parameterization on the applicabil-
ity of the resulting classification trees for end-users.
More information on the PEGASE data can be found
in Deliege et al. [11] and Boets et al. [5].

2.5. Regression tree analyses

We compared whether regression trees do react sim-
ilarly (in terms of model fit and applicability) to chang-
ing model parameterization as classification trees. To
do so, the 335 parameterizations identical to those de-
scripted earlier were used to build regression trees (cfr.
Model development). The simulations, used to assess

the impact of the model parameterization on the appli-
cability were performed in the same way as for classi-
fication trees (cfr. Simulations). As our main aim was
to verify whether regression trees react in the same
way as classification trees in terms of applicability, fo-
cus in the results and discussion will be on the impact
of the model parameterization on the model applica-
bility. The pairplots between the model parameteriza-
tions and the model fit are shown in supportive infor-
mation.

3. Results and discussion

3.1. Effect of stratification

Stratification results in decreasing quartile values of
the environmental variables which are negatively cor-
related with the ecological water quality (i.e. BODmax,
CODmax, KjNmed, etc.). However for the DOmin that is
positively related with the ecological water quality, the
quartile values increase (Table 1). In terms of model fit,
as quantified based on the R2, CCI and K , the stratified
set of data (i.e. with 240 samples) result in an improved
model fit compared to the original dataset (i.e. with
863 samples). Indeed, the R2 increased from 0.52 ±
0.06 to 0.67 ± 0.03 (p < 0.001) and the K increased
from 0.18 ± 0.12 to 0.29 ± 0.08 (p < 0.001) (Ta-
ble 3). The CCI did not change significantly (Table 3).
These findings corroborate with those of McPherson et
al. [36] and Araujo and Guisan [2], who found that the
best classification results are obtained when each re-

Table 3

Classification trees were developed for 335 unique model parameter-
izations. For each model parameterizations we quantified the model
fit based on the determination coefficient (R2), the correctly classi-
fied instances (CCI), the Kappa statistic (K). The number of nodes
in the tree (depthtree) was a measure of the complexity of the tree.
Models were constructed for both the original dataset (863 samples)
and the stratified dataset (240 samples)

Min. Max. Mean ± SD

Initial dataset

depthtree 0.00 3.00 1.11 ± 0.81

R2 0.42 0.60 0.52 ± 0.06

K 0.00 0.34 0.18 ± 0.12

CCI 0.45 0.59 0.52 ± 0.04

Stratified dataset

depthtree 0.50 3.00 1.67 ± 0.74

R2 0.56 0.74 0.67 ± 0.03

K 0.08 0.41 0.29 ± 0.08

CCI 0.25 0.57 0.47 ± 0.08
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sponse variables’ category is equally represented. In-
deed, McPherson et al. [36] state that a prevalence
of 50% is optimal when predicting presence-absence
data. So, if we pursue this reasoning, four quality
classes are best predicted if each class account for 25%
of the dataset. As such, every class of the response vari-
able has an equal chance to be selected in the cross-
validation procedure. Araujo and Guisan [2] refer to
stratification as sub-sampling and define it as the selec-
tion of samples from a larger set to reduce an existing
bias. Overall, we found that stratification is beneficial
for the model fit (Table 3), which is in line with results
of Everaert et al. [19].

3.2. Effect of model parameterization on model fit

R2, CCI and K were used to quantify the statis-
tical reliability of classification trees and were posi-
tively correlated with each other. The correlation be-
tween the R2 and K , and between R2 and CCI was
0.7 (Fig. 1). The correlation between CCI and K was
1.0 (Fig. 1). We found that the smaller the size of
the cross-validation folds (i.e. high ncv), the higher
the variability of the performance criteria (Fig. 2). In-
deed, the ncv is positively related with: (1) the stan-
dard deviation of the R2 (0.8); (2) the standard de-
viation of K (0.7); and (3) the standard deviation of
the CCI (0.9; Fig. 2). Furthermore, we found that the
smaller the size of the cross-validation folds, the higher
the probability to hit upon an excellent model (Fig. 3).
The latter is illustrated in Fig. 3 showing the maxi-
mum R2, CCI and K in function of the parameter-
izations. Note the positive relation between the ncv
and R2 (0.9), between ncv and K (0.7), and between
ncv and the CCI (0.8) (Fig. 3). Furthermore, we found
that higher values of the complexity parameter (cpvalue)
result in more simple models (i.e. relation of −0.9
between the cpvalue and depthtree; Fig. 1). The latter
is visualized in two examples of classification trees
(Fig. S5).

Although low pruning levels (i.e. low cpvalue) of-
ten result in complex trees, with a better model fit, the
relation between the model complexity and model fit
is not linearly increasing. Indeed, at a certain level of
complexity adding even more complexity is no longer
beneficial for the model fit (Fig. 1). When the com-
plexity parameter (cpvalue) increases from 0.01 and
0.10, average performance criteria are stable, but the
model complexity (depthtree) declines. This indicates
that less complex models may result in similar statis-
tical reliabilities (Fig. 1). This finding has important

consequences as large and complex classification trees
tend to overfit the data and overestimate the predic-
tive power of the model [22,49]. To prevent the model
from overfitting, an optimal balance must be found be-
tween the statistical performance and the complexity
of the model (Fig. 1). To do so, pruning, or the re-
moval of knowledge rules, is often applied. Most opti-
mal pruning levels can be identified if a series of val-
ues of the complexity parameter are implemented. An
ad hoc method for selecting the complexity parameter
seems efficient in the short run but it is likely to pick
out an unrepresentative model [10]. Overall, based on
an exhaustive list of model parameterizations, general
trends can be derived and the optimal pruning level se-
lected. In the present research, optimal pruning levels,
parameterized by means of the cpvalue, varied around
0.1 (Fig. 1). In case that more pruning is applied, values
of CCI, K and R2 decrease as they are negatively cor-
related with the CCI (−0.8), K (−0.8), and R2 (−0.4)
(Fig. 1.) Finally, we found only a weak influence of the
minimum number of observations per leaf (minobject)
on the model fit (Figs 1, 2 and 3). The latter probably
relates to the fact that the pruning level (cpvalue) was
more important than the minobject.

3.3. Effect of model parameterization on model
applicability

Previous paragraphs dealt with technical aspects of
the modelling process. However, model evaluation in-
volves more than comparing predictions with obser-
vations and calculating statistical performance criteria
[17,34]. The link between the derived models and their
applicability is often forgotten. We found that classifi-
cation trees based on the stratified dataset and at low
pruning levels (i.e. with few knowledge rules deleted)
are most complex (Fig. 1), but succeed to predict all
four water quality classes (Fig. 4(A)). At high prun-
ing levels (i.e. several knowledge rules are deleted)
the classification trees tend to predict extreme values
(Fig. 4(C)). Indeed, when cpvalue is low (i.e. 0.01) all
four water quality classes can be predicted. However,
in case that cpvalue increases to 0.15 only the bad and
good_high water quality classes could be predicted
(i.e. each with a prevalence of ca. 50%). Also note that
the standard deviation of the prediction increases, with
increasing levels of pruning (Fig. 4).

Although it has already been suggested by Araujo
and Guisan [2] and Goethals et al. [26], it rarely hap-
pens that researchers use multiple implementations of
the same technique to assess and compare model pre-
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Fig. 1. Pairplot showing univariate interactions between the model development settings (ncv = number of cross-validations, cpvaluee = com-
plexity parameter, minobject = minimum number of observations per leaf) and mean statistical criteria for classification trees, based on the strat-

ified dataset. The model fit of each parameterization (i.e. 335 in total) was quantified based on the determination coefficient (R2), the correctly
classified instances (CCI), the Kappa statistic (K). The number of nodes in the tree (depthtree) was a measure of the complexity of the tree. Each
panel in the pairplot consists of 335 dots and each dot corresponds to one unique model parameterization. In the lower left panels we visualize the
relation between the model parameterizations and the corresponding CCI, K and R2. The upper right panels quantify these relations by means
of a correlation analysis.

dictions and performances. One example from ear-
lier years is the research of Kozak and Kozak [32]
in which discrete steps are used to put aside observa-
tions for model validation. Recently, Tirelli and Pes-
sani [45] varied the complexity parameter transpar-
ently from 0.15 to 0.25 and statistically compared the

performance of unpruned and pruned models. How-
ever, influence of other model development settings
was not discussed in detail.

In the present study, models that could not pre-
dict a good ecological water quality were, unesteemed
their predictive performance, not applicable by end-
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Fig. 2. Pairplot showing univariate interactions between the model development settings (ncv = number of cross-validations, cpvaluee = com-
plexity parameter, minobject = minimum number of observations per leaf) and the standard deviation of the statistical criteria for classification
trees, based on the stratified dataset. The model fit of each parameterization (i.e. 335 in total) was quantified based on the determination coef-
ficient (R2), the correctly classified instances (CCI), the Kappa statistic (K). The number of nodes in the tree (depthtree) was a measure of the
complexity of the tree. Each panel in the pairplot consists of 335 dots and each dot corresponds to one unique model parameterization. In the
lower left panels we visualize the relation between the model parameterizations and the corresponding CCI, K and R2. The upper right panels
quantify these relations by means of a correlation analysis.

users (cfr. Data). In this context, data stratification
was very helpful to ensure that our model could pre-
dict the whole biological quality range. Without this
technique it would have been difficult to predict the
shift from the moderate to the good biological water
quality and consequently to help stakeholders to de-

cide which was the most efficient restoration plan (cfr.
Data). These findings support the conclusions formu-
lated by Larocque et al. [34] stating that other quality
aspects than statistical reliability are equally important
in the model selection. Although a trial-and error ap-
proach seems more efficient in the short run, select-
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Fig. 3. Pairplot showing univariate interactions between the model development settings (ncv = number of cross-validations, cpvaluee = com-
plexity parameter, minobject = minimum number of observations per leaf) and the maximum value of the statistical criteria for classification
trees, based on the stratified dataset. The model fit of each parameterization (i.e. 335 in total) was quantified based on the determination coef-
ficient (R2), the correctly classified instances (CCI), the Kappa statistic (K). The number of nodes in the tree (depthtree) was a measure of the
complexity of the tree. Each panel in the pairplot consists of 335 dots and each dot corresponds to one unique model parameterization. In the
lower left panels we visualize the relation between the model parameterizations and the corresponding CCI, K and R2. The upper right panels
quantify these relations by means of a correlation analysis.

ing a model that per accident performs well, is less
transparent than comparing a list of models in an au-
tomated, consistent and transparent way. Stability can-
not be guaranteed if a trial-and error approach is ap-
plied. So, different model parameterizations may im-
prove the understanding of the sensitivity of models
and allow more robust models comparisons [2]. Over-

all, we found that model parameterization does not
only alter the model fit, but also the conclusions drawn
from and the applicability of environmental models for
end-users.

The effect of stratification (Table S1) and the ef-
fect of the model parameterizations on the model fit
(Figs S2–S4) is similar for regression trees as for clas-
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Fig. 4. Visualisation of the predicted ecological water quality in Flanders in 2027 based on classification trees. Four ecological water quality
classes are shown, being bad (B, red), poor (P, orange), moderate (M, yellow) and good_high (GH, gradient green to blue). Classification trees
were developed with 5-fold cross-validation and three complexity parameters (cpvalue) were applied; 0.01 (A), 0.05 (B), and 0.15 (C). Each
model was built 5 times, average and standard deviation of the predictions per fold were calculated.

sification trees. The main difference between classifi-
cation trees and regression trees relates to the conse-
quences of the model parameterizations on the appli-
cability of the regression trees (Fig. 5(A)–(C)). In case
of low pruning (cpvalue = 0.01) or moderate pruning
(cpvalue = 0.05), results are similar between regression
and classification trees (Fig. 4(A) and 4(B); Fig. 5(A)
and (B)). Indeed, similar as for classification trees all
four water quality classes can be predicted if low or
moderate pruning is applied. However, in case high
pruning levels (cpvalue = 0.15), regression trees tend to
focus on the intermediate water quality (poor, moder-
ate) (Fig. 5(C)). By contrast, classification trees focus
on the extreme water quality classes at high pruning
levels (Fig. 4(C)).

4. Conclusion

The main objective of this study was to address
the knowledge gap regarding the relation between
model parameterization, model fit and applicability
for end-users. We show that data stratification, num-
ber of cross-validation folds and pruning may impact

the classification trees’ reliabilities and, more impor-
tantly, alter the applicability of, and the conclusions
drawn from, environmental models. We found that
three statistical criteria were positively correlated and
that there is a non-linear trade- off between the prun-
ing of the model and the model fit. Based on our find-
ings environmental modellers should be stimulated to
develop models in a systematic way and trained with
well-defined parameter settings to guarantee reliable,
stable and reproducible models. Our findings should
be further tested for other datasets and scientific do-
mains.

Supplementary data

Online supplement consisting of supplementary Fig-
ures S1–S5 and Table S1 is available at: http://dx.doi.
org/10.3233/AIC-160711.
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