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Abstract. Knowledge discovery from environmental data aims to understand the 
measured ecological data underlying patterns and to provide possible prediction 
of future events. Besides the environmental data at hand, this process must in-
clude a machine learning algorithm that will produce an accurate and human rea-
sonable model. Both ecologists and decision-makers agree on this. That’s why in 
this paper, we investigate the influence of the parameter tuining on a predictive 
tree decision-making algorithm, the predictive clustering trees, in the process of 
obtaining biodiversity models when using different number of discretization lev-
els for the target attribute. Here, the biodiversity index is the target attribute, 
which is calculated from the diatoms’ abundances and it is discretized. For build-
ing model, we use a decision tree machine learning algorithm that produces rel-
atively accurate models and most important the models are very easy to interpret 
by the biologists, who do not need to be fimiliar with the inner working of the 
algorithm itself. Besides the experimental evaluation of the models’ performance 
and statistical significance of the results, some of the obtained models are also 
presented and discussed. 

Keywords: Ecological modeling · Biodiversity indices · Diatoms · Machine 
learning algorithm 

1 Introduction 

The biodivessity indces are computer from measured parameters. These mathematical 
measures can give ecologists a different view on the consistency and the dynamic of 
the diatom water community, therefore they give much richer information, besides the 
simple info for the diatoms’ abundance. Biodiversity indices can correlate the diatoms’ 
community (type of algaes) dynamics with the environmental stress factors well, if the 
sample’s data are measured at the same time, and a well-suited algorithm can produce 
satisfactory informative models [1]. The same goal is focus of the habitat suitability 
modeling, where the models are focused on revealing the relationship between the abi-
otic factors and the dynamic of the diatom community [2]. Since diatoms are organisms 
that react very fast in the changing environment, combined with the biodiversity indi-



 

ces, that can be a very effective tool for recovery and prevention of the ecological deg-
radation of the water ecosystem. As always, this modeling is not straight forward, since 
many ecological relationships are not linear in nature, and therefore, it is not easy to 
express the relationship between the biodiversity indices and the environmental param-
eters. One direction of research, of course, could be to investigate a machine learning 
algorithm, used usually for clustering or classification [3, 4, 5, 6, 7, 8, 9], that are effi-
cient in such modeling of non-linear relationship. But we took a different path in this 
paper, and we focus on investigating a particular machine learning algorithm, the pre-
dictive clustering trees, which were used previously for modeling the relationship be-
tween the diatoms and the environment [10]. 

The biodiversity indices have been adapted from mathematical science for many re-
search disciplines including ecological studies [11, 12]. They have been applied in stud-
ies to investigate the biodiversity in different ecological environments like oceans, 
lakes, ponds, mountains etc. [13, 14, 15]. There are also studies that investigate the 
importance of the differences and the common goals of the biodiversity indices, in order 
to better understand the impact of these indices that have on the outcome [16, 17, 18, 
19]. In order to get the biodiversity information from the water sample, the researchers 
use the raw abundance data for each specie in the community, and then by using soft-
ware that will calculate the biodiversity indices, we can obtain each index separately. 
If in this data, we incorporate the measurements regarding the environmental condi-
tions, then we can try to find the relationship between these two elements of the equa-
tion. 

As we pointed out earlier, in this paper we focus on one decision tree algorithm. This 
type of machine learning algorithm was also used in a study regarding the environmen-
tal influence on the diatoms’ biodiversity indices in Lake Prespa [20, 21]. The results 
of these studies shed new light on the underlying ecological pattern in the relationship 
between the lake diatoms and the environmental factors. Besides this, we must look 
also on the downsides of these models, that many of them obtained medium accuracy 
and for many of the known biodiversity indices, the algorithms didn’t produce any 
model. As the authors in the paper [21], concluded, further investigation of the biodi-
versity categorization of the target attributes is needed. Following this recommendation, 
in this paper, besides the investigation of the algorithm’s parameter fitting, we investi-
gate the influence of the different number of discretization levels. 

The data at hand in our biodiversity classification quest consists of several physico-
chemical parameters that are measured during the EU monitoring program of the Lake 
Prespa, combined with the 10 biodiversity indices that are calculated from the diatoms’ 
abundance data of the 116 different diatoms in the water sample. For evaluation pur-
poses of the decision tree algorithm used in this paper, we have taken into consideration 
two different biodiversity models and using two different discretization levels - 3 and 
5 of each biodiversity index. These two sets of models are also tested for accuracy and 
statistical significance. Furthermore, several settings are considered for the algorithm, 
like maximum tree size, maximum weight and maximum depth. The statistical signifi-
cance test is done by using the two-stage procedure described in [22], combined with 
the Aligned Friedman test [23] and Hommel test [24]. By using the two Aligned Fried-



 

man and Hommel tests, the two-stage procedure forms a non-parametric statistical com-
parison, which will be used to estimate the statistical significance of the obtained set of 
models. Using this procedure, the models obtained from the datasets and applied algo-
rithm are examined and ranked based on their performance statistics. The models that 
are obtained by the best performing algorithm in the experiments are taken as control 
model and then the rest of the models obtained with the other algorithms are tested with 
respect to the control model. 

The rest of the paper is organized as follows: Section II presents the dataset descrip-
tion and the experimental setup, while in section III the experimental results are pre-
sented, as well as two decision tree models with their respective discussion. Finally, 
Section IV concludes the paper and the research direction is outlined. 

2 Dataset Description and Experimental Setup 

As we noted in the previous section, several physico-chemical parameters were meas-
ured, as well as the biological information about the diatoms that live in the lake, 
counted under microscope [25]. The ecological dataset used in this paper was gathered 
during the 16 months monitoring campaign of the Lake Prespa as part of the 
TRABOREMA Project [25]. Using this data, we can derive ecological knowledge re-
garding the underlying pattern that shapes the life of the diatoms’ community in a direct 
correlation with the environmental conditions, and from that information, the ecologists 
and decision-makers can set new environmental directives and policies. The 116 dif-
ferent diatom species that were part of the sampling campaign, for the purpose of this 
paper are converted into 10 biodiversity indices. The set of 10 biodiversity indices that 
consist our set are: Brilouni [26], E1-D [27], E1/D [27], E-ln(D) [27], Heip [28], Hill 
[29], Hurlbert [30], Mcintosh [31], Simpson [32] and Shannon [33]. 

Due to the nature of the measurements, it is very difficult as well as time and tech-
nologically demanding to measure the exact value of each parameter on the lake surface 
and inside the lake. It is much harder to know the exact number of diatoms in each 
space and time in the lake, the ecological science uses categories or defined ranges 
where the given parameter can be expected or can be used to indicate some other phe-
nomena. Therefore, it is much more useful to calculate the biodiversity index and to 
express it by using categories. For this purpose, as we previously stated, we transformed 
each biodiversity index into three categories (low, medium and high) and five catego-
ries (very low, low, medium, high, very high). We have done this by dividing the bio-
diversity indices into three and five equal intervals between the lowest and the highest 
value for each index. By doing this, we directly affect the accuracy of the obtained 
biodiversity models produced by the decision tree machine learning algorithm. The da-
taset, besides the 10 biodiversity indices, consists of the 21 measured input physico-
chemical parameters, together form the evaluation dataset. 

The model performance is evaluated by using the AUC-ROC evaluation measure. 
Two AUC-ROC values are obtained for each model. First, the descriptive performance 
is obtained by using the entire dataset for training the model and testing the model. On 
the other hand, the predictive performance of the biodiversity model is obtained using 



 

the standard 10-fold cross-validation procedure. For the purpose of evaluation, the de-
cision tree algorithm [34] implemented in the CLUS system is used, and by fitting its 
parameters to obtain the best models, we approach with three strategies. First, we con-
strain the tress with their size, and we set the maximum size for Garofalakis [35] prun-
ing to 7 (MS7), 9 (MS9), 11 (MS11) and 13 (MS13). Second, we constrain the maxi-
mum depth of the tree which can grow to 3 (MD3), 4 (MD4) and 5 (MD5). And third, 
we constrain the minimal weight (minimal number of examples in each subtree to 2 
(MW2), 4 (MW4), 8 (MW8), 16 (MW16) and 32 (MW32). Furthermore, we also com-
pare these evaluation results with the No Constrained tree model (NoCo), to estimate 
the improvement we gain. 

We examine the statistical significance of the model results with the two-stage pro-
cedure, described in details in [22]. As input into this procedure, we take the results of 
the descriptive and predictive power of the models, for each biodiversity index and 
particular parameter setting for the decision tree algorithm. Then, by using the non-
parametric Aligned Friedman procedure [23], we rank the model performance in which 
we set the statistical significance p-value to 0.05. This procedure is used since the num-
ber of both biodiversity indices models and decision tree variants are small. If the out-
come of the test shows rejection of the null hypothesis by the Aligned Friedman test, 
this means that there is a significant difference among the biodiversity index datasets, 
not the performance of the models obtained from these datasets. In case when the null 
hypothesis is rejected, then we proceed with the second part of the procedure, with the 
post hoc Hommel test [24]. It is important to note that the Hommel test changes the 
level of statistical significance in each iteration, therefore the results that we have to 
consider in our results are the adjusted p-values to make a fair comparison to the previ-
ously set p-value. In the next section, we present the outcomes of the Aligned Friedman 
test (Average rank out of each experiment) and the Hommel test (Control model and 
the models that have statistical significance). The reader should carefully consider all 
of this, and for further in-depth information on how this two-stage procedure works, we 
kindly ask the reader to read [23]. 

3 Experimental Results 

This section consists from the results of the experimental evaluation of the biodiversity 
index datasets by using 3 and 5 categories (denoted as C3 and C5). The results for both 
descriptive and predictive part of the experiment are presented in this section. Further-
more, the results of the statistical significance experiments and two biodiversity models 
that are discussed at the end of the section.  

3.1 Performance Analysis 

The evaluation results for the descriptive performance, represented through the AUC-
ROC metric, when using the 3 categories of the biodiversity target are presented in 
Table 1. Analyzing the results, it is clear that two decision tree algorithm parameters 
setting stand out: maximum depth 3 (MD3) and minimal weight 4 (MW4), and only 



 

one biodiversity index stands out – Brilouni index, for which different algorithm set-
tings achieved the highest performance. Besides the high AUC-ROC values above 0.93 
for the best settings for the decision tree algorithm, also the rest of the models have 
relatively high AUC-ROC values between 0.7 and 0.9. 

Table 1. The AUC-ROC values obtained in the evaluation of the descriptive performances of the 
decision tree algorithm by using 3 categories for the biodiversity indices. The highest value per 
algorithm’s experimental setup is bolded 
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MD3 0.86 0.96 0.97 0.95 0.94 0.96 0.94 0.96 0.96 0.97 
MD4 0.88 0.74 0.92 0.73 0.77 0.72 0.79 0.83 0.70 0.88 
MD5 0.89 0.77 0.95 0.75 0.80 0.76 0.83 0.86 0.70 0.89 
MS11 0.88 0.76 0.93 0.73 0.77 0.72 0.77 0.84 0.70 0.88 
MS13 0.88 0.78 0.94 0.74 0.79 0.75 0.78 0.85 0.70 0.89 
MS7 0.86 0.80 0.95 0.80 0.80 0.77 0.83 0.87 0.70 0.89 
MS9 0.87 0.74 0.92 0.72 0.77 0.70 0.75 0.83 0.70 0.87 

MW16 0.86 0.87 0.92 0.82 0.78 0.83 0.81 0.90 0.84 0.88 
MW2 0.93 0.80 0.95 0.75 0.79 0.76 0.78 0.87 0.71 0.89 
MW32 0.82 0.81 0.89 0.76 0.75 0.73 0.75 0.85 0.75 0.85 
MW4 0.91 0.96 0.97 0.95 0.94 0.96 0.94 0.96 0.96 0.97 
MW8 0.86 0.92 0.95 0.88 0.89 0.94 0.92 0.92 0.93 0.90 
NoCo 0.93 0.79 0.89 0.71 0.75 0.70 0.70 0.83 0.73 0.83 

 
The second table, Table 2, presents the obtained AUC-ROC values for the descrip-

tive performance of the experimental evaluation for the biodiversity indices datasets 
with 5 category classes. As in Table 1, here again the algorithm’s settings MD3 and 
MW4 are the optimal ones, except for the Brilouni index. The results in Table 2 present 
a similar picture, but slightly lower overall AUC-ROC values that range between 0.6 
and 0.8. 

A different story could be told if we look at the predictive performance obtained from 
the experimental evaluation on both datasets. The AUC-ROC results from the biodi-
versity indices datasets with 3 category classes, presented in Table 3, have the highest 
values if we select the maximum depth 5 (MD5) and maximum size of the tree model 
of 11 (MS11) as algorithm setting. The value of the range of AUC-ROC for these set-
tings is around 0.9, while the rest of the models have obtained AUC-ROC values be-
tween 0.5 and 0.9. 

 



 

Table 2. The AUC-ROC values obtained in the evaluation of the descriptive performances of the 
decision tree algorithm by using 5 categories for the biodiversity indices. The highest value per 
algorithm’s experimental setup is bolded 
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MD3 0.73 0.93 0.93 0.89 0.83 0.96 0.76 0.94 0.93 0.95 
MD4 0.77 0.65 0.83 0.68 0.66 0.69 0.63 0.72 0.69 0.74 
MD5 0.83 0.71 0.86 0.74 0.69 0.73 0.69 0.78 0.71 0.76 
MS11 0.75 0.66 0.81 0.71 0.65 0.69 0.63 0.72 0.67 0.74 
MS13 0.75 0.67 0.82 0.71 0.66 0.71 0.62 0.73 0.68 0.75 
MS7 0.73 0.76 0.88 0.78 0.72 0.77 0.71 0.84 0.73 0.82 
MS9 0.74 0.65 0.80 0.70 0.65 0.68 0.62 0.70 0.66 0.74 

MW16 0.71 0.79 0.81 0.73 0.67 0.81 0.67 0.80 0.77 0.81 
MW2 0.94 0.68 0.83 0.72 0.66 0.72 0.64 0.74 0.70 0.76 
MW32 0.71 0.70 0.80 0.70 0.64 0.77 0.60 0.76 0.72 0.75 
MW4 0.88 0.93 0.93 0.89 0.83 0.96 0.76 0.94 0.93 0.95 
MW8 0.80 0.86 0.88 0.84 0.78 0.90 0.73 0.88 0.88 0.88 
NoCo 0.94 0.65 0.76 0.64 0.63 0.69 0.59 0.70 0.63 0.72 
 

Table 3. The AUC-ROC values obtained in the evaluation of the predictive performances of the 
decision tree algorithm by using 3 categories for the biodiversity indices. The highest value per 
algorithm’s experimental setup is bolded 
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MD3 0.80 0.78 0.76 0.78 0.78 0.79 0.78 0.80 0.72 0.77 
MD4 0.79 0.72 0.65 0.69 0.68 0.68 0.67 0.67 0.69 0.68 
MD5 0.71 0.65 0.69 0.69 0.88 0.89 0.90 0.90 0.90 0.89 
MS11 0.88 0.90 0.88 0.88 0.90 0.89 0.60 0.60 0.65 0.63 
MS13 0.61 0.61 0.62 0.63 0.59 0.60 0.62 0.63 0.59 0.68 
MS7 0.68 0.69 0.67 0.69 0.65 0.69 0.71 0.59 0.64 0.58 
MS9 0.55 0.56 0.56 0.55 0.54 0.53 0.54 0.53 0.56 0.57 

MW16 0.52 0.63 0.64 0.64 0.64 0.62 0.63 0.64 0.63 0.67 
MW2 0.63 0.60 0.64 0.77 0.79 0.79 0.79 0.79 0.78 0.81 
MW32 0.80 0.81 0.77 0.79 0.80 0.61 0.63 0.63 0.63 0.62 
MW4 0.63 0.62 0.62 0.58 0.61 0.64 0.62 0.54 0.57 0.59 
MW8 0.57 0.56 0.58 0.56 0.60 0.66 0.54 0.55 0.63 0.81 
NoCo 0.77 0.80 0.78 0.77 0.81 0.79 0.78 0.79 0.74 0.83 
 



 

On the other hand, the highest AUC-ROC results from the biodiversity indices da-
tasets with 5 category classes (see Table 4) have the same decision tree algorithm set-
tings: maximum depth 5 (MD5) and maximum size of the tree model of 11 (MS11), but 
with lower values around 0.75 compared to Table 3. Similarly, the rest of the AUC-
ROC values ranges between 0.5 and 0.7. 

Table 4. The AUC-ROC values obtained in the evaluation of the predictive performances of the 
decision tree algorithm by using 5 categories for the biodiversity indices. The highest value per 
algorithm’s experimental setup is bolded 

Biodiversity Indices 
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MD3 0.66 0.66 0.68 0.67 0.67 0.66 0.67 0.65 0.66 0.64 
MD4 0.64 0.66 0.58 0.61 0.60 0.59 0.60 0.61 0.60 0.59 
MD5 0.59 0.58 0.58 0.58 0.68 0.76 0.74 0.76 0.76 0.76 
MS11 0.71 0.74 0.75 0.68 0.71 0.76 0.56 0.62 0.61 0.62 
MS13 0.60 0.64 0.63 0.61 0.64 0.56 0.59 0.60 0.53 0.52 
MS7 0.55 0.53 0.53 0.56 0.50 0.53 0.53 0.53 0.53 0.58 
MS9 0.58 0.53 0.58 0.56 0.59 0.62 0.60 0.56 0.63 0.56 

MW16 0.60 0.55 0.56 0.57 0.56 0.56 0.56 0.56 0.54 0.56 
MW2 0.55 0.56 0.55 0.62 0.64 0.61 0.62 0.65 0.62 0.65 
MW32 0.63 0.63 0.62 0.65 0.65 0.56 0.60 0.59 0.60 0.59 
MW4 0.59 0.63 0.59 0.62 0.56 0.58 0.59 0.54 0.59 0.60 
MW8 0.58 0.54 0.60 0.57 0.60 0.59 0.54 0.55 0.60 0.70 
NoCo 0.68 0.69 0.66 0.65 0.70 0.62 0.67 0.66 0.62 0.68 
 

If we compare the experimental results between the biodiversity datasets with 3 cat-
egorization classes (Table 1 and Table 2) and 5 categorization classes (Table 3 and 
Table 4), there is a clear pattern that the models with 5 categorization classes have lower 
descriptive as well as predictive power. This is a general conclusion not only for the 
models with the highest value of the AUC-ROC metric, but also for all the models in 
general. Secondly, as in most of the experiments done with machine learning algo-
rithms, the predictive performance of the models on unseen data is lower than the model 
on training data. But biodiversity models with 3 categories have better overfitting re-
sistance, compared to the biodiversity models with 5 categories of the target attribute. 
And thirdly, if we compare each of the biodiversity models and their descriptive or 
predictive performance, there is a little difference between their highest AUC-ROC 
values.  

3.2 Ranking the Experiments 

As we gave some short discussion and conclusion regarding the results from the exper-
imental evaluation for different experimental setups, we noticed that the best model 



 

results can sometimes be a random chance. Therefore, as we stated at the begging of 
the paper, we will test the obtained results for statistical significance. And to that, we 
used the two-step procedure consisting of the Aligned Friedman test [23] as well as the 
post-hoc Hommel test [24] to determine the models with a statistical difference when 
the number of categories for the class attribute is 3 and 5, as well as a combination of 
both these datasets and the results from the statistical analyses. The results are presented 
in Table 5. According to the analysis for the descriptive performances for the biodiver-
sity datasets with 3 and 5 categories for the class attribute (C3_Train and C5_Train), 
the models built by the MW4 decision tree algorithm variant has the best average rank 
(lowest value) and this parameter setting is taken as control model. The MW4 model 
compared to the rest of the models, has statistically significant results, except for the 
MD3 model variant. 

 
Table 5. The average rank of the decision tree classification algorithm experimental setups. The 
model with the best average rank is taken as a control model in the second part of the statistical 
significance procedure. The model variants that are rejected by the Hommel test are underlined. 
These models have a statistically significant difference with the control method 
 

 C3_Train C3_Test C5_Train C5_Test C3C5_Train C3C5_Test 

MD3 2.40 3.80 2.39 3.05 2.40 3.42 
MD4 9.80 5.95 9.45 6.85 9.62 6.40 
MD5 6.45 3.25 5.65 4.30 6.05 3.77 
MS11 9.55 4.15 9.80 3.40 9.67 3.77 
MS13 7.85 9.90 8.80 8.15 8.32 9.02 
MS7 6.20 7.40 4.95 12.5 5.75 9.95 
MS9 11.0 12.8 11.2 8.90 11.1 10.8 

MW16 6.35 8.80 6.20 10.3 6.27 9.55 
MW2 5.95 5.25 6.85 6.75 6.40 6.00 
MW32 9.50 5.85 9.25 6.65 9.37 6.25 
MW4 1.65 10.2 1.65 8.55 1.65 9.40 
MW8 3.90 10.2 3.25 8.70 3.57 9.47 
NoCo 10.4 3.35 11.5 2.90 10.9 3.12 

 
A different situation is observed when we look at the evaluation of the predictive 

model performance, in which according to Table 5 the best average rank for the biodi-
versity dataset with 3 categories (C3_Test) is MD5, while the decision tree algorithm 
without any modifications (NoCo) is the best biodiversity model with 5 category clas-
ses. And most important is that these control models have statistically significant results 
compared to the rest of the models. The last analysis of the biodiversity combined da-
tasets, which consist of both 3 and 5 categorizations per target attribute. The conducted 
analysis showed that the MW4 decision tree variant is best for the C3C5_Train dataset, 
while the NoCo variant for the predictive performance on the C3C5_Test dataset. And 



 

finally, the results of the two-stage procedure, show that these control models are sta-
tistically significantly difference with most of the other models. 

3.3 Model Results 

In this section, we present two decision tree models for biodiversity modeling for the 
Simpson biodiversity index using 3 and 5 discretization levels (C3 and C5). On Fig. 1, 
we can note that the most influencing factor on the Simpson biodiversity index is the 
levem of potassium (K), followed by the levels of manganese (Mn) and magnesium 
(Mg). According to the model, higher values of potassium above 3.36 mg/l in the water 
sample would result in high diatom Simpson biodiversity, while the lower values will 
result in a general medium to low Simpson biodiversity. Further down the model, we 
can note that the low biodiversity according to the Simpson formula, will be achieved 
if we have Magnesium concentration higher than 1.73 mg/l. 

 

 
Fig. 1. Biodiversity tree models obtained using C3 discretization and MD5 model variant in the 

algorithm for the Simpson biodiversity index 

 
The second model presented on Fig. 2 shows a quite different picture even with the 

fact that the three physico-chemical paramters that occurred in the previous model oc-
cur in this model too. According to this model, the levels of conductivity is the most 
important, followed by the levels of magnesium and the sulfates (SO4). If we look down 
carefully in the leaves of the model, we can note that high value of the Simpson biodi-
versity index is achieved if potassium concentration is higher than 3.36 mg/l, pH is 
higher than 7.85 and total nitrogen concertation on the water sample is higher than 1.97 
mg/l. On the other end of the scale, the low and bad values for the Simpson biodiversity 
index, according to the model is found when potassium concentrations are lower than 
3.36 mg/l, SO4 is higher than 24.04 mg/l, and total nitrogen concentration is lower than 
1.97 mg/l and conductivity is less than 152 μS/cm. 

 



 

 
Fig. 2. Biodiversity tree models obtained using C5 discretization and MD5 model variant in the 

algorithm for the Simpson biodiversity index 

4 Conclusion 

In this paper, we experimentally evaluated the statistical significance of the diatom bi-
odiversity models in a relationship with the environmental condition by using a state-
of-the-art decision tree machine learning algorithm. Furthermore, we tried different 
strategies by fitting different parameters of the algorithm, and more important we tested 
the influence of the number of discretization levels used for the class attribute. The 
obtained performance results for both descriptive and predictive performance of the 
models were measured using the AUC-ROC metric and then they were used as input 
into the two-stage procedure to estimate the statistical significance of the results. Based 
on the results presented in this paper we can draw several conclusions.  

The best descriptive performance is obtained using decision tree algorithm settings 
with minimum weight 4 (MW4) followed by the maximum depth 3 (MD3), while the 
models with maximum depth 5 (MD5) and No Constraints (NoCo) are the ones with 
best predictive power, according to the statistical significance tests. If we compare the 
results from the models with 3 and 5 biodiversity categorization levels, according to the 
results there is a clear pattern that the models with 5 categorization classes have lower 
descriptive as well as predictive power than the models with 3 categorization classes. 
Based on these results two biodiversity models were later presented and then discussed 
in terms of the environmental condition influence on the Simpson biodiversity index.  

As we draw into the conclusion of the results from this paper, we can note that there 
is still work to be done in the research of diatoms’ biodiversity modeling. As future 
work, we plan to examine other biodiversity indices, as well as different classification 
algorithms that use fuzzy or fuzzy-rough modeling. 
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