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Abstract:

Purpose: The purpose of this article is to develop a framework for reducing water quality
assessment parameters while maintaining the precision and accuracy of evaluation.
Design/Methodology/Approach: The study was based on machine learning methods,
including classification and feature selection techniques. Specifically, data discretization,
correlation-based feature selection, and the following classification algorithms were
applied: artificial neural network, decision tree, random forest, and support vector machine.
The study also utilized two datasets describing water quality based on physical, chemical,
and biological parameters.

Findings: The conducted research indicates that the correlation-based feature selection
filter, combined with other machine learning methods, is an effective tool that enables a
substantial reduction in the number of parameters used for water quality assessment without
any loss of accuracy or precision.

Practical Implications: The study’s findings make it possible to optimize the water quality
assessment process by reducing the number of required chemical, physical, and biological
tests and analyses. This reduction can lower the costs of data collection, analysis, and
interpretation, minimize data gaps, and increase monitoring frequency — thereby
economically rationalizing water quality testing procedures.

Originality/Value: The development of a framework for reducing water quality assessment
parameters while maintaining precision and accuracy constitutes a contribution to the field
of water quality assessment methods and the economic rationalization of water quality
testing.
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1. Introduction

Water is essential for all forms of life on Earth — from microorganisms, through
plants and animals, to humans. Cells, entire organisms, and even whole ecosystems
are fully dependent on the presence of water (Dargaville and Hutmacher, 2022). In
the human body, water constitutes approximately 70% of its mass (Komatina, 2004),
while on Earth, water covers about 70% of the planet’s surface (Dargaville and
Hutmacher, 2022).

Water is also a key natural resource, an economic asset, and an indispensable
component of sustainable ecological development (Chen et al., 2025). Its importance
is evident in various aspects of human life, including agriculture, industry, energy
production, and domestic use (Li et al., 2024).

From an economic perspective, it should be noted that water is essential for
maintaining the efficient functioning of the economy (Xu et al., 2025) and plays a
key role in promoting socio-economic progress (Li et al., 2024). Since the Dublin
Conference in 1992, water has been recognized as an economic good, emphasizing
its role as a crucial factor of production across nearly all sectors of the economy
(Jain and Sekar, 2025).

The use of water, both in industrial and non-industrial sectors, has a significant
impact on GDP (Hao er al, 2019). Studies indicate that industrial water
consumption is positively correlated with economic development, constituting an
important contribution to production processes and the growth of economic activity
(Wang et al., 2025). Conversely, water scarcity can constrain economic activity,
adversely affecting development (Sun et al., 2023; Wang et al., 2025).

Water shortages are significant not only from an economic perspective but also from
environmental and social viewpoints. Insufficient access to clean water for drinking,
hygiene, and agriculture can have adverse consequences for human health and food
security (Sahoo et al., 2024), as contaminated water can serve as a vector for the
spread of diseases (Zhengis et al., 2025).

Moreover, water shortages, which most often affect lower social strata, may lead to
conflicts over access to water and exacerbate social tensions (Debsarma and Sahu,
2025; Savelli et al, 2021). From an environmental standpoint, limited water
resources result in the overexploitation of available water sources within a given
area. This leads to a decline in groundwater levels, a reduction in recharge and
discharge rates, and consequently, a deterioration in the quality of available water
(Gebremeskel Haile et al., 2019).

Excessive exploitation of water resources, which causes the degradation of aquatic
ecosystems, can also harm wildlife and water-dependent plants (Sahoo ef al., 2024).
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Water is essential for maintaining ecological balance and preserving biodiversity, as
it supports the survival of various plant and animal species (Li et al., 2024).

Unfortunately, water scarcity is becoming an increasingly severe problem due to
climate change, population growth, and the expansion of the global economy
(Debaere and Kapral, 2021). Among the factors exacerbating water shortages and
deteriorating water quality are urbanization, improper water resource management,
and, ultimately, water pollution (Szoldrowska and Smol, 2025).

In fact, water pollution is one of the major causes of water scarcity. Natural
contaminants such as pathogens, arsenic, fluoride, and others pose serious health
risks, while anthropogenic pollutants further degrade water quality (Olmedo et al.,
2025). Clean and safe water, by contrast, is essential for human health, agricultural
productivity, and ecological stability (Dharmarathne et al, 2025). Therefore,
ensuring adequate access to clean and safe water is of fundamental importance for
sustainable development and for the well-being of both people and the planet (Li et
al., 2024).

The examination of water samples in terms of quality is a key method for ensuring
the availability of clean and safe water. Standard testing methods allow for the
assessment of various characteristics and contaminants in water for the purpose of
evaluating water quality. Water quality parameters can be classified into:

e physical tests — analyzing water properties detectable by the senses, such as
color, turbidity, odor, and taste,

e chemical tests — determining the concentration of mineral and organic
substances that affect water quality,

e bacteriological tests — used to identify the presence of bacteria indicative of
fecal contamination (Speight, 2020).

However, the large number of parameters to be tested requires substantial time and
generates high costs related to data collection, analysis, and interpretation (Misaghi
et al., 2017). For practical reasons, analyzing a large number of parameters is not
feasible, as such analyses can only be conducted by well-equipped laboratories
(Fortes et al., 2023).

Moreover, attempts to monitor numerous water quality parameters on a large scale
typically result in data gaps and deficiencies, preventing real-time monitoring (Lesa
Chundu et al., 2024). Finally, an excessive number of parameters may lead to the
inclusion of interdependent variables (Gikas et al., 2020). Examining dependent
parameters is redundant and leads to economically irrational use of laboratory
resources. Thus, a research problem emerges—namely, the need to limit the number
of water quality testing parameters to the essential minimum without compromising
test quality.
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Given the aforementioned research problem, the purpose of this article is to develop
a framework for reducing water quality assessment parameters while maintaining
precision and accuracy of evaluation.

The proposed framework is based on machine learning (ML) methods and
algorithms, including classification and feature selection techniques. Achieving this
objective simultaneously constitutes a contribution to the field of water quality
assessment methods and the economic rationalization of water quality testing.

2. Literature Review

Water quality assessment involves analyzing its composition in terms of physical,
chemical, and biological parameters. This process includes sample collection,
evaluation of the significance of individual water parameters, and subsequent
laboratory and statistical analyses (Jenifel, 2024). It should be noted that
conventional water quality assessment methods are time-consuming and require
several procedures to achieve the desired results (Karimzadeh Motlagh et al., 2023).

Therefore, in recent years, ML methods have been increasingly applied in the water
quality assessment process, offering an alternative to the traditional approach (Yan
et al, 2024). ML is considered an appropriate technique for determining
relationships between various parameters and response factors. ML models are
capable of processing large datasets, identifying complex patterns and dependencies,
which translates into more accurate and efficient water quality prediction (Abbasi et
al., 2025).

Abbas et al. (2024) successfully applied ML models such as Gradient Boosting
(GB), Extreme Gradient Boosting (XGB), Decision Trees (DT), Random Forest
(RF), K-Nearest Neighbors (kNN), and Support Vector Machine (SVM) to classify
water samples in Pakistan into different quality classes based on 12 distinct
parameters.

Hassan et al. (2021) used ML to classify water quality data from various locations in
India. They employed the following classifiers: Multinomial Logistic Regression
(MLGR), Bagged Tree Model (BTM), RF, kNN, and SVM, utilizing six water
parameters. Similarly, Nasir et al. (2022) employed classification models to assess
water quality in India. The classifiers investigated included Artificial Neural
Network (ANN), Categorical Boosting (CB), XGB, Logistic Regression (LGR), DT,
RF, and SVM, with seven water parameters.

Sajib et al. (2023) developed an innovative model for assessing groundwater quality
in Bangladesh with consideration of heavy metals. The study utilized regression
models including ANN, Linear Regression (LR), Gaussian Process Regression
(GPR), Ensembles of Trees (ET), Regression Trees (RT), and Support Vector
Regression (SVR), using ten water quality parameters.
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In a subsequent study, Sajib et al. (2024) employed regression models to predict
water quality assessments in the Tongi Canal in Bangladesh. The study utilized an
extended set of regression models compared to the previous work: ANN, XGB, LR,
Step-wise Linear Regression (SLR), GPR, ET, RT, and SVR. Fifteen water
parameters were used as regression variables.

Similarly, Asadollah et al. (2021) proposed a new ML model for predicting Water
Quality Index (WQI) values using nine water parameters. The study compared RT,
Extra Tree Regression (ETR), and SVR classifiers. Satish et al. (2024) also
developed an innovative model for quantitatively assessing water quality in India.

For this purpose, they utilized an ANN meta-model and nine conventional regression
models: Adaptive Boosting (ADB), Gradient Boosting (GB), Highest Gradient
Boosting (HGB), Light Gradient Boosting Machine (LGBM), XGB, Bagging, Extra
Tree Regression (ETR), DT, and RF. Four parameters were used for water quality
evaluation. Guo et al. (2021) developed an approach for predicting dissolved oxygen
(DO) levels in water based on data captured by satellite sensors.

The study employed the following regressors: Multiple Linear Regression (MLR),
RF, and SVR. In another study, Guo et al. (2021) proposed a new method for
monitoring water quality and predicting total phosphorus, total nitrogen, and
chemical oxygen demand using remote sensing. To this end, they applied a similar
set of regression models, including ANN, RF, and SVR.

Finally, Peng et al. (2024) demonstrated that multispectral remote sensing data can
be used to predict four water parameters—chlorophyll-a, total phosphorus, total
nitrogen, and chemical oxygen demand. Their study employed six different
regression models: CB, LGBM, XGB, RF, SVR, and the Spatio-Temporal Ensemble
Model (STE).

An analysis of the studies described above clearly indicates that they employed
between four and fifteen parameters for water quality prediction. Among the applied
ML methods, the most frequently used algorithms were ANN, XGB, various types
of RT/DT, RF, and SVM/SVR. Furthermore, an examination of the cited
publications reveals the main directions in which ML models have been applied in
the field of water quality assessment. These include:

e classification of water into quality classes (Nasir ef al., 2022; Abbas et al.,
2024; Hassan et al., 2021),

e numerical evaluation of water quality (Satish et al., 2024; Sajib et al., 2023;
Sajib et al., 2024; Asadollah et al., 2021),

e prediction of water quality parameters based on remote sensing data (Peng et
al., 2024; Guo, Huang, Zhu et al., 2021; Guo, Huang, Chen et al., 2021).
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However, there is a noticeable shortage of studies addressing the reduction of the
number of parameters used for water quality assessment. This confirms the existence
of a research gap in this area and justifies the research objective formulated in the
introduction. Although some of the cited studies employed a limited number of
water quality parameters, the selection of those parameters was made arbitrarily
rather than through a systematic, methodological analysis.

3. Research Methodology

In our study, we used two datasets related to water quality, both obtained from the
literature. The first dataset describes the quality of fish pond water and was
previously used in a study on deep neural networks (Arabelli et al, 2025). This
dataset contains a total of 4,300 water samples divided into three quality classes. The
samples are evenly distributed among the classes: 1,500 of ‘poor’ quality, 1,400 of
‘good’ quality, and 1,400 of ‘excellent’ quality.

Each sample is described using 14 parameters (conditional attributes) and one
decision attribute indicating the water quality class. The parameters describing water
quality include: (1) temperature, (2) turbidity, (3) dissolved oxygen, (4) biochemical
oxygen demand, (5) carbon dioxide, (6) pH, (7) alkalinity, (8) hardness, (9) calcium,
(10) ammonia, (11) nitrates, (12) phosphorus, (13) hydrogen sulphide, and (14)
plankton. The second dataset, in turn, describes coastal water quality using various
quantitative and qualitative water indices (Uddin et al., 2023).

This dataset was modified by removing decision attributes that described water
quality through different indices. Only the WQM (weighted quadratic mean of WQI)
decision attribute was retained. The entire dataset comprises 10,000 water samples
divided into three quality classes: 205 of ‘marginal’ quality, 5,061 of ‘fair’ quality,
and 4,734 of ‘good’ quality. The dataset includes seven water quality parameters: (1)
ammoniacal nitrogen, (2) biological oxygen demand, (3) chlorophyll-a, (4) dissolved
inorganic nitrogen, (5) molybdate reactive phosphorus, (6) water temperature, and
(7) transparency.

The datasets discussed above served as the foundation for the study on a parameter
reduction framework designed to preserve the precision and accuracy of water
quality assessment. The study employed classifiers commonly used in water quality
evaluation problems: ANN, DT, RF, and SVM. Each classifier was evaluated using
several representative metrics: accuracy, precision, F1 score, Cohen’s kappa, Area
Under the Receiver Operating Characteristic curve (AUROC), and Area Under the
Precision-Recall curve (AUPRC) (Mostafaei ef al., 2024).

A five-fold data split was applied in the study for cross-validation. This approach is
more effective than dividing the data into separate training and test sets, as it allows
for better generalization of classification results, making them more robust to
overfitting and to the influence of random data partitioning (Li ef al., 2026).
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The classification process was preceded by preprocessing, during which data
discretization was performed. In the discretization process, the values of each
parameter were divided into k£ equal intervals. The number of intervals for each
parameter was optimized by minimizing entropy estimated through leave-one-out
cross-validation (Mondal et al., 2017).

For each dataset, the study was conducted in two stages. In the first stage,
classification was performed using the described preprocessing and 5-fold cross-
validation. This procedure yielded reference classification results, which were later
compared with the results obtained using the reduced set of water parameters. In the
second stage, the preprocessing was extended by applying Correlation-based Feature
Selection (CFS) following the discretization step.

CFS is a feature selection method belonging to the filter family, used to identify an
optimal subset of conditional attributes based on their correlation values. CFS is
based on the assumption that good feature subsets contain conditional attributes that
are highly correlated with the class while being uncorrelated with each other (Galar
and Kumar, 2017).

Thus, CFS operates in two ways—it eliminates irrelevant features with low
correlation to the class and redundant features that are highly correlated with other
attributes. In the developed framework, CFS is responsible for the potential
reduction in the number of parameters used for water quality assessment. The choice
of the CFS filter for this task was motivated by the fact that it is a fully automatic
algorithm that does not require the specification of the number of selected features or
correlation thresholds (Manouchehri ef al., 2024).

Additional arguments in its favor include its computational efficiency, as it does not
require extensive resources, and its versatility, since it is independent of the
classifier used and applicable to both numerical and nominal parameters (Pham et
al., 2019).

Separate classification of the data without and with the use of CFS enabled the
assessment of the impact of parameter reduction on the obtained classification
results. This approach made it possible to determine whether the reduction of
parameters allowed for maintaining the precision and accuracy of water quality
assessment.

Consequently, this two-stage procedure constituted the core of the framework and
enabled direct verification of the research objective. It should be noted that when
referring to accuracy and precision, these terms are not limited to the literal names of
specific classification metrics. Rather, they are used in a broader sense, denoting the
correctness and consistency of water quality assessment based on the entire set of
classification metrics.
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4. Results and Discussion
4.1 Research Based on the Quality of Fish Ponds Water Dataset

Tables 1 and 2 present the classification results obtained in the first stage of the
study, that is, with preprocessing limited to data discretization and without the use of
CFS for reducing water quality parameters. Table 1 contains the confusion matrices
produced by each classifier. Their analysis indicates that ANN performed the
classification task considerably worse than the other classifiers.

The remaining classifiers achieved a similar level of correct classifications, with
SVM correctly classifying samples belonging to the two lower quality classes and
misclassifying only those from the highest-quality class. The DT and RF classifiers
made errors in predicting each class; however, similar to SVM, the number of
misclassifications for the two lower classes was significantly smaller than for the
highest class.

These observations are confirmed by Table 2, which presents the metrics of
individual classifiers. The metric values demonstrate a clear advantage of the DT,
RF, and SVM classifiers over ANN.

Moreover, all metrics indicate that RF achieved the best classification results,
followed by DT in second place. The only exception is the precision value, where
SVM outperformed DT. Nevertheless, the differences among the three best-
performing classifiers are minimal, and, as mentioned earlier, all of them achieved a
comparable level of classification quality.

Table 1. Confusion matrices of individual classifiers obtained without the CFS filter

for the first dataset
ANN DT
Predicted class Predicted class
1 2 3 1 2 3
_ 924 |273 |203 _ 1396 |0 4
g 22 3 1011 [ 386 g 22 1 1327 [ 72
<53 93 448 | 959 £ =[3 159 [291 [1050
RF SVM
Predicted class Predicted class
1 2 3 1 2 3
_ 1 1390 |0 10 _ 1 1400 |0 0
g 22 0 1371 |29 ERP 0 1400 [0
FEE 197 [241 [1062 FEIE 256|282 [ 962
Note: Classifier: ANN — Artificial Neural Network, DT — Decision Tree, RF — Random

Forest, SVM — Support Vector Machine
Source: Own study.
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Table 2. Classification metrics of the classifiers obtained for the classification
without the CFS filter for the first dataset

Classifier |Accuracy/ |Precision |F1 score Cohen’s AUROC AUPRC
Recall kappa

ANN 0.673 0.701 0.678 0.509 0.667 0.565

DT 0.877 0.884 0.873 0.817 0.933 0.869

RF 0.889 0.899 0.884 0.834 0.973 0.946

SVM 0.875 0.895 0.867 0.813 0.907 0.814

Source: Own study.

In the second stage of the study, the preprocessing was extended to include the
application of CFS. The CFS filter generated a reduced set of water quality
parameters containing 12 instead of 14 conditional attributes. The following
parameters were removed from the set: (1) temperature and (10) ammonia.

This reduced dataset was then subjected to classification, analogously to the first
stage. The classification results are presented in Tables 3 and 4. Table 3 contains the

confusion matrices, while Table 4 presents the classifier metrics.

Table 3. Confusion matrices of individual classifiers obtained with the CFS filter for

the first dataset
ANN DT
Predicted class Predicted class
1 2 3 1 2 3
_ 1 1359 [0 41 _ 1390 |0 10
g 42 0 1350 [50 ERE 1 1333 [ 66
<23 91 87 1322 2 =[3 188 289 [1023
RF SVM
Predicted class Predicted class
1 2 3 1 2 3
_ 1370 |0 30 _ |1 1400 |0 0
g 42 0 1346 |54 ERE 0 1400 [0
<23 186 [235 [1079 £ =[3 246 [280 [974

Source: Own study.

Table 4. Classification metrics of the classifiers obtained for the classification with
the CFS filter for the first dataset

Classifier |Accuracy/ |Precision |F1 score Cohen’s AUROC AUPRC
Recall kappa

ANN 0.937 0.937 0.937 0.906 0.971 0.947

DT 0.871 0.879 0.866 0.807 0.927 0.860

RF 0.883 0.887 0.878 0.824 0.959 0.914

SVM 0.878 0.897 0.870 0.817 0.909 0.817

Source: Own study.



Pawel Ziemba, Izabela Gago, Rafat Rozanski

1547

An analysis of Table 3 reveals a marked improvement in the performance of the
ANN classifier compared with the classification results obtained without the use of
CFS. For the remaining classifiers, only minimal differences are observed relative to
the reference classification results obtained in the first stage.

Furthermore, an examination of Table 4 and its comparison with Table 2 indicate
that the application of CFS significantly improved the performance of the ANN
classifier. The results of the SVM classifier also improved slightly (by no more than
0.004), while those of the DT and RF classifiers showed a minor decrease (by no
more than 0.01).

However, in the case of SVM, DT, and RF, these differences are negligible
compared to the reference classification, allowing the conclusion that the
classification performance of these algorithms remained effectively unchanged
relative to the baseline results.

4.2 Research Based on the Coastal Water Quality Dataset

Tables 5 and 6 present the classification results obtained without the use of CFS for
reducing water quality parameters. Table 5 shows the confusion matrices produced
by each classifier. An analysis of Table 5 reveals that the ANN and SVM classifiers
struggle to handle the substantial imbalance in the number of samples belonging to
the lowest water quality class.

As a result, these classifiers fail to correctly classify any samples as having
‘marginal’ water quality, with all samples from this class being incorrectly assigned
to the ‘fair’ water quality category. The RF and DT classifiers perform only slightly
better in classifying samples from the ‘marginal’ class, as the majority of these
samples are still misclassified as ‘fair’ quality.

These misclassifications of the least represented water quality class have a major
impact on the classification metrics summarized in Table 6. For the ANN and SVM
classifiers, accuracy and precision metrics cannot be computed, since the
denominators of their respective formulas contain zero due to the absence of
correctly classified samples in the lowest water quality class. The remaining
classifiers, DT and RF, achieve somewhat better results, with DT showing a slight
advantage over RF.

Table 5. Confusion matrices of individual classifiers obtained without the CFS filter
for the second dataset

ANN DT
Predicted class Predicted class
_ 1 2 3 _ 1 2 3
E AR 0 205 0 E 2l 1 19 186 0
<=2 0 4197 | 864 2 =[2 4 4180 | 877
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| |3 o [531 [4203 | B o 1352 [4382 |
RF SVM
Predicted class Predicted class
1 2 3 1 2 3
_ |1 44 161 |0 _ |1 0 205 |0
ERP 39 4188 | 834 S 22 0 3880 | 1181
FEIE 0 543 | 4191 £ <[3 0 352 | 4382

Source: Own study.

Table 6. Classification metrics of the classifiers obtained for the classification
without the CFS filter for the second dataset

Classifier |Accuracy/ |Precision |F1 score Cohen’s AUROC AUPRC
Recall kappa

ANN 0.840 - - 0.687 0.920 0.901

DT 0.858 0.860 0.851 0.723 0.922 0.894

RF 0.842 0.839 0.839 0.693 0.918 0.896

SVM 0.826 - - 0.661 0.831 0.761

Source: Own study.

The application of CFS reduced the feature set to five water quality parameters by
eliminating (4) dissolved inorganic nitrogen and (6) water temperature. The
classification results obtained from this reduced dataset are presented in Tables 7
and 8. Table 7 contains the confusion matrices, while Table 8 presents the classifier
metrics.

Table 7. Confusion matrices of individual classifiers obtained with the CFS filter for
the second dataset

Source: Own study.

ANN DT
Predicted class Predicted class
1 2 3 1 2 3
_ 1 0 205 [0 _ 1 19 186 [0
g 22 0 4208 | 853 ERP 4 4178 | 879
FEE 0 406 | 4328 S 0 349 | 4385
RF SVM
Predicted class Predicted class
1 2 3 1 2 3
_ 1 59 146 |0 _ 1 0 205 [0
g 22 53 4176 | 832 ERP 0 3880 | 1181
FEE 0 438 | 4296 S E 0 352 | 4382

An analysis of Table 7 indicates that little has changed with respect to the
classification of the least represented class. The ANN and SVM classifiers still fail
to correctly classify any samples belonging to the ‘marginal’ class. In this regard, the
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reduced set of parameters led only to a modest improvement in the performance of

the RF classifier.

Table 8. Classification metrics of the classifiers obtained for the classification with
the CFS filter for the second dataset

Classifier |Accuracy/ |Precision |F1 score Cohen’s AUROC AUPRC
Recall kappa

ANN 0.854 - - 0.713 0.929 0.910

DT 0.858 0.860 0.851 0.723 0.922 0.894

RF 0.853 0.851 0.850 0.715 0.926 0.905

SVM 0.826 - - 0.661 0.831 0.761

Source: Own study.

The remaining classification results are very similar to the reference results, and in
the case of SVM, they are identical. These observations are confirmed by the
analysis of Table 8. For SVM, the metric values are exactly the same as in the
reference classification, while for the DT classifier, the changes are so minor that
results reported with a precision of three decimal places cannot capture them. A
slight improvement in all metric values, however, is observed for the ANN and RF
classifiers.

5. Conclusions

The research results clearly indicate that reducing the number of water quality
parameters by eliminating those identified by the CFS filter allows the level of
accuracy and precision of assessment to be maintained. In each dataset, CFS
identified two parameters for removal. Their elimination generally resulted in
classification outcomes comparable to those obtained with the full dataset, with only
minimal differences in results (SVM, DT, and RF in the first dataset; SVM and DT
in the second dataset).

Moreover, for some classifiers, the removal of the indicated parameters positively
affected classification performance (ANN in the first dataset; ANN and RF in the
second dataset). This demonstrates that the developed framework employing CFS is
an effective tool for efficiently reducing the number of parameters used in water
quality assessment without compromising accuracy or precision.

The findings make it possible to optimize the water quality assessment process by
reducing the number of required chemical, physical, and biological tests and
analyses. This, in turn, can lower the costs of data collection, analysis, and
interpretation, reduce the occurrence of data gaps, and increase monitoring
frequency — thereby economically rationalizing water quality testing procedures.

Naturally, the study has certain limitations. Among them, the most significant is the
use of only two datasets. Another limitation concerns the scope of the tested ML
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techniques, as the study employed only one type of discretization, a single feature
selection method, and four classification methods. These limitations indicate
directions for future research on the parameter reduction framework for water
quality assessment. To enable broader generalization of the obtained results, the
study should be repeated using a larger number of datasets and a wider range of
discretization, feature selection, and classification techniques in order to validate the
current findings.
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