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ABSTRACT

Commonly observed challenges in water quality anomaly detection using Machine Learning (ML)
classifiers include unbalanced class distribution and missing data. Classifiers trained on such imbalanced
datasets often exhibit biased accuracy, favoring the majority class and neglecting the minority class, while
incomplete datasets limit the applicability of more complex models and hinder thorough analysis. This
research addresses the handling of incomplete data and class imbalance by proposing a robust framework
for an ML-based water quality anomaly detection system using several resampling techniques. A
comparative study was conducted on six imputation methods for missing data, including Expectation
Maximization (EM) and Multiple Imputation by Chained Equations (MICE), alongside three resampling
techniques: Random Under Sampling (RUS), Rapidly Converging Gibbs (RACOG) sampler, and RACOG
combined with RUS (RACOG-RUS). These methods were evaluated across three classifiers: Random
Forest (RF), Extreme Gradient Boosting (XGBoost), and Naive Bayes (NB). The models were assessed
using stratified 5-fold cross-validation and evaluated based on accuracy, Receiver Operating
Characteristic Area Under Curve (ROC-AUC), and F1-score. Further experiments incorporated feature
selection methods such as Boruta and Mean Decrease Accuracy (MDA) to optimize performance. Results
demonstrate that RF combined with RACOG-RUS and EM achieved the highest F1-score of 0.9954,
effectively addressing both class imbalance and missing data. Additionally, computational analysis
highlights the efficiency of RF when optimized with appropriate hyperparameters.
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I.  INTRODUCTION

aquaculture systems, where water quality directly affects

Drinking water is a limited resource globally and a
fundamental human right essential for health and survival.
Despite significant advancements in water treatment
technologies and regulatory frameworks ensuring drinking
water safety, the global demand for clean water remains a
persistent challenge [1]. The main causes of water
contamination include industrial activities, agricultural runoff,
urbanization, and environmental changes [2]. These sources
introduce pollutants that alter various water quality parameters,
rendering water unfit for consumption, such as arsenic, which
is particularly concerning [3]. The assessment of water quality
is of utmost importance in various sectors, such as in

aquatic organism survival [4]. Additionally, according to the
World Health Organization, over two billion people worldwide
lack access to safe drinking water, underscoring the importance
of water conservation and quality maintenance as a global
sustainability goal [5].

Microbial contamination in water can be detected through
traditional laboratory techniques or modern approaches such as
biosensors and optical methods [6-9]. Conventional
monitoring, which involves manual sampling and laboratory
testing, is resource-intensive and time-consuming [10]. While
accurate, this method is unsuitable for real-time or large-scale
monitoring, particularly in low-resource settings.
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Recent technological advances have positioned Artificial
Intelligence (AI) and Machine Learning (ML) at the core of
various applications. These technologies offer potential for
real-time water quality prediction and monitoring, surpassing
the limitations of traditional techniques in speed and scalability
[11]. However, the effective implementation of ML for water
potability assessment is complex. Sensor data may be noisy,
incomplete, or inconsistent, leading to decreased model
reliability and performance [12]. Therefore, explainable Al is
essential to build trust among stakeholders and ensure the
interpretability of ML model outputs [13].

Authors in [14] proposed several deep learning—based
approaches for anomaly detection; however, they often failed
to address the issue of class imbalance, where instances of poor
water quality are underrepresented. Additionally, imputation
methods such as Expectation Maximization (EM) and k-
Nearest Neighbors (k-NN) typically overlook the spatial and
temporal dependencies inherent in in situ water quality data.
Given the heterogeneity of such datasets, normalization or
standardization is essential for effective ML processing [15].

Recent studies have also demonstrated the effectiveness of
Artificial Neural Networks (ANNs) and feature selection
strategies in classification tasks across environmental and
agricultural domains. For example, transfer learning with
ANN-based ensemble models has been applied to enhance
water quality classification in agricultural settings [16]. Multi-
Layer Perceptron (MLP) models have shown success in crop
disease identification [17], livestock health monitoring [18],
and household-level data classification [19]. Moreover, ANN-
based feature engineering has been used to improve predictive
performance in water quality modeling [20]. These findings
underscore the importance of combining feature selection and
resampling techniques to strengthen classifier performance in
the presence of missing or imbalanced data.

This study addresses key challenges in ML-based water
quality modeling by proposing and evaluating three supervised
classifiers, Random Forest (RF), Extreme Gradient Boosting
(XGBoost), and Naive Bayes (NB), for predicting drinking
water suitability using various water quality parameters.

The main contributions of this experimental study include:

e Evaluating the impact of six missing data imputation
methods on the performance of three ML classifiers for
drinking water suitability classification.

e Investigating how combinations of imputation and
resampling methods affect class imbalance in water quality
datasets.

e Exploring the effectiveness of preprocessing techniques,
such as RF-based feature selection, in enhancing model
robustness to incomplete and imbalanced data.

e Performing systematic hyperparameter optimization of the
RF classifier using grid search or similar methods.

e Proposing a hybrid classification framework that integrates
imputation, resampling, and feature importance analysis to
improve predictive accuracy and model stability.

II. EMPIRICAL FRAMEWORK

A. Experimental Setup

The experiments were implemented and simulated using
the R programming language, while data analysis was
conducted in the Python Anaconda environment using Spyder.
This study investigates the effects of four methodological
dimensions on anomaly detection in water quality
classification: feature selection, class imbalance, missing data,
and predictive model choice. A six-directional resampling
strategy was employed, encompassing three classifiers, one
missing data imputation technique, three resampling methods,
feature selection, stratified 5-fold cross-validation, and six
evaluation metrics (Figure 1). Experiments were performed on
a system equipped with a 12th Generation Intel® Core™ i7-
1260P processor (2.10 GHz) and 16 GB of RAM.

The study aims to enhance predictive accuracy and
anomaly detection in water quality classification, particularly
for imbalanced datasets with missing data collected from the
Bengawan Solo region. The parameter settings and methods
used are detailed in Table L.
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Fig. 1. The experimental evaluation procedure.

B. Datasets

The secondary river water quality data used in this study
were obtained from a publicly accessible data portal managed
by the Directorate General of Water Resources and the
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Bengawan Solo River Basin Organization [21]. The dataset
comprises 720 manually collected samples from 30 monitoring
stations distributed across the city of Solo, recorded between
January 2022 and December 2023. Each sample includes one
dependent variable, water quality status, and eight independent
variables: pH, Total Dissolved Solids (TDS), Total Suspended
Solids (TSS), temperature, Dissolved Oxygen (DO),
Biochemical Oxygen Demand (BOD), Chemical Oxygen
Demand (COD), and nitrate (NO3).

TABLE L.

Water quality status is classified into two categories: 0
(polluted) and 1 (unpolluted). Of the 720 samples, 602 are
labeled as polluted and 118 as unpolluted, yielding an
approximate class imbalance ratio of 5:1. This significant
imbalance indicates a predominance of polluted water samples.
Additionally, some values were Missing Completely at
Random (MCAR).

EXPERIMENTAL STUDY METHODS

Methodological

Category Methods

Parameter Setting References

EM

- Data assumption: Multivariate normal distribution

- Iterations: 100
- Convergence threshold: 0.001

- Algorithm: MLE [24,25]

Replace with Zero / Listwise Deletion

- Strategy = ‘constant’

- Fill_value: 0 (19]

Missing Value Mean Imputation

- strategy = ‘mean’ [19]

Mode Imputation

- strategy = ‘most_frequent’ [19]

Multiple Imputation by Chained
Equations (MICE)

- Default parameter settings [19]

RF Imputation (MissForest)

- n_estimators: 10

o s [21]
- criterion: ‘entropy

Random Under Sampling (RUS)

- Reduces the majority class samples to match the minority

- Sampling strategy: auto
[23]
- Applicable for binary and multiclass problems

Data-level
Resampling

Rapidly Converging Gibbs (RACOG)
Sampler

- Iterations: 50
- Sampling strategy: Bayesian Gibbs sampling
- Focuses on the minority class generation
- Effectively for highly imbalanced datasets

[21-23]

Hybrid RACOG-RUS

- Combines RACOG for minority class oversampling and RUS for balancing

- Balances data for improved classifier performance

the majority class [22,23]

Mean Decrease Gini (MDG)

- Measures feature importance using Gini impurity reduction
- Applied within decision tree-based algorithms like RF

[24, 25]

Mean Decrease Accuracy (MDA)

- Evaluates importance by permuting feature values and calculating impact on

accuracy
- A higher decrease indicates higher importance

[26]

Feature Boruta algorithm

-Wrapper-based method using RF
-Iteratively removes irrelevant features
- Outputs a ranked list of important features

[27, 28]

Selection

Variable Selection Using Random
Forest (VSURF)

- ntree: 2000 (the number of trees in the RF for each selection stage).
- mtry: Vp (number of features randomly selected for each split, with p as the

total number of features).
- nfor.thres: 50.
- nfor.interp: 25.
- nfor.pred: 25.
- parallel: FALSE

[29]

RF

- n_estimators: 100
- ntree: 500
Criterion: Entropy
- Max_depth: None
- Min_samples_split: 2
- Min_samples_leaf: 1

[21]

Classifier

XGBoost

- Objective: Binary: Logistic
- Max_depth: 6
- Learning_rate: 0.3
- n_estimators: 100
- Booster: gbtree

[22]

NB

- Continuous variables follow a Gaussian distribution

- Assumes independence between predictors
[23]
- Output: Probabilistic prediction

Cross

Validation Stratified 5-fold cross-validation

- N_splits: 5
- Shuffle: True
- Random_state: 1

[21]
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C. Performance Metrics for Imbalanced Classification

Commonly used metrics for the evaluation of classification
models include accuracy, sensitivity, specificity, precision,
recall, Balanced Accuracy (BA), the Receiver Operating
Characteristic Area Under Curve (ROC-AUC), Fl-score,
Geometric mean (G-mean), and Matthews Correlation
Coefficient (MCC) [22]. However, accuracy can be misleading
in imbalanced settings, as it tends to be biased toward the
majority class. Therefore, using a combination of metrics
provides a more comprehensive and reliable assessment of
model performance [23].

In this study, F1-score, BA, and ROC-AUC are selected, as
they have demonstrated effectiveness in anomaly detection
tasks for water quality classification, particularly in addressing
class imbalance issues [23, 30].

Precision-Recall
F1 —score = 2—mm (D)

Precision+Recall

Precision = s 2)
TP +FP
TP
Recall = —— 3

BA accounts for both sensitivity and specificity and reduces
bias due to class imbalance:

BA= (T _TV) )

2 \TP+FN TN+FP

The ROC-AUC measures the model’s ability to distinguish

between the positive and negative classes across all
classification thresholds. It is given by:
TP FP
1+TPR-FPR _ +7piFN ~ FP+TN
ROC — AUC = + - — TP+FN2 FP+TN 5)

where TP = True Positive, TN = True Negative, FP = False
Positive, FN = False Negative, TPR = True Positive Rate, and
FPR = False Positive Rate.

III. RESULTS AND DISCUSSION

A. Experiment 1: Comparison of Missing Data Methods
without Resampling and Feature Selection
Figure 2 illustrates the original dataset before resampling,
showcasing the imbalance of the dataset between polluted
(class 0) and unpolluted (class 1) water.
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Fig. 2. Data prior to the implementation of resampling techniques.

The comparison of the three classifiers under the six data
imputation techniques was initially conducted without applying
any resampling methods or feature selection. The evaluation
results are summarized in Table II.

Among the methods tested, XGBoost with mean imputation
achieved the highest performance, with an F1-score of 0.9690
and BA of 0.5845, followed closely by RF with an F1-score of
0.9464 and BA of 0.5732. Zero imputation yielded the best
result for NB, achieving a BA of 0.6429, though its Fl-score
and ROC-AUC values were comparatively lower. All
classifiers produced relatively similar ROC-AUC scores
(ranging from 0.5070 to 0.5370), indicating that the choice of
imputation method did not significantly impact the model’s
ability to separate the classes. However, the F1-score varied
more substantially, especially for RF and XGBoost, revealing
that imputation strategy plays a critical role in the trade-off
between precision and recall. Although overall performance
was not uniformly high across all settings, both EM and
MissForest demonstrated consistent performance across the
classifiers, suggesting that they offer more stable handling of
missing data.

B. Experiment 2: Comparison of Missing Data Methods with
Resampling

The Fl1-score results of the comparison between the three
classifiers under the six data imputation techniques after the
implementation of RUS, RACOG, and RACOG-RUS
resampling are summarized in Table 1I1.

Among all tested configurations, RF consistently
outperformed the other classifiers across various imputation
and resampling combinations. For RF, EM imputation
combined with RUS achieved an F1-score of 0.8936, while
combinations of EM and RACOG yielded scores of 0.9373.
Notably, the hybrid RACOG-RUS method paired with EM or
MICE imputation produced strong results, achieving F1-scores
of 09270 and 0.8783, respectively. In contrast, simple
imputation methods such as zero-filling led to poorer
performance, with F1-scores of 0.5809 for RUS and 0.7185 for
RACOG-RUS.

XGBoost showed optimal performance with the EM and
RACOG combination, achieving an Fl-score of 0.9291. The
RACOG-RUS variant also performed similarly well (0.9172).
In contrast, simpler imputation strategies, such as zero-fill,
resulted in Fl-scores of 0.5725 with RUS and 0.9165 with
RACOG.

NB yielded the lowest overall performance among the three
classifiers. However, its best result was achieved with the EM
and RACOG combination (0.8780), followed by RACOG-RUS
(0.8540). Other notable combinations include MICE and RUS
(0.7141), while simpler imputation strategies such as zero-fill
and mean imputation underperformed with the RACOG-RUS
method, scoring 0.8137 and 0.8235, respectively. Mode
imputation delivered slightly better results with RACOG-RUS,
reaching an F1-score of 0.8336.

These findings align with existing literature, reinforcing the
importance of using sophisticated imputation and resampling
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techniques in imbalanced classification tasks such as water
quality anomaly detection.

C. Experiment 3: Comparison of Missing Data Methods with
Resampling and Feature Selection

The F1-score results of the comparison between the three
classifiers under the six data imputation techniques, after the
implementation of resampling and feature selection methods
MDA, MDG, Boruta, and VSURF, are summarized in Table
III. Additionally, the RF hyperparameters have been optimized
via grid search, resulting in: Negtimator = 200, MaXgep, = 15,

mlnsamp]esSplit =2 > mlnsamplesLeaf =1 > MaXfeatures = SqI‘t,

According to the results in Table IV, the highest
performance was achieved using RF optimized with grid
search, EM imputation, RACOG resampling, and MDA feature
selection, resulting in an F1-score of 0.9954. This configuration
significantly improved both model stability and accuracy in the
presence of missing values and class imbalance. XGBoost also
performed well, achieving a maximum F1-score of 0.9870 with
zero-filling imputation, RACOQ resampling, and VSURF
feature selection. NB, while stable, was consistently
underperformed, with a highest recorded Fl-score of 0.8935
with zero-filling imputation, RACOQ resampling, and MDA
feature selection.

and bootstrap = true.

TABLE IL RESULTS FOR EVALUATING CLASSIFIERS WITH MISSING VALUES METHODS
.. RF XGBoost NB
Missing Value Methods BA Fl-score | ROC-AUC BA Fl-score | ROC-AUC BA Fl-score | ROC-AUC
Filling with a value (value=0) 0.5535 0.9070 0.5229 0.5690 0.9380 0.5327 0.6429 0.4859 0.5133
Filling with a value (value=mean) 0.5732 0.9464 0.5194 0.5845 0.9690 0.5348 0.5147 0.5295 0.5130
Filling with a value (value=mode) | 0.5704 0.9408 0.5233 0.5288 0.9577 0.5208 0.5943 0.4887 0.5136
EM 0.5633 0.9267 0.5276 0.5746 0.9492 0.5326 0.5866 0.4732 0.5130
MICE 0.5584 0.9169 0.5072 0.5676 0.9352 0.5273 0.5950 0.4901 0.5125
MissForest 0.5669 0.9338 0.5255 0.5746 0.9492 0.5369 0.5915 0.4830 0.5136
TABLEIL  FI-SCORE RESULTS FOR EVALUATING CLASSIFIER WITH MISSING VALUES AND RESAMPLING
Missing Value Methods RF XGBoost NB
RUS | RACOG | RACOG-RUS | RUS | RACOG | RACOG-RUS | RUS | RACOG | RACOG-RUS
Filling with a value (value=0) | 0.5809 | 0.8619 0.7185 0.5725 | 09151 0.9165 0.6549 | 0.5099 0.8137
Filling with a value (value=mean) | 0.7387 | 0.8774 0.8190 0.5704 | 09208 0.9164 05514 | 0.5028 0.8235
Filling with a value (value=mode) | 0.6823 | 0.8647 0.8180 0.5704 | 0.8908 0.5162 0.6049 | 0.5099 0.8336
EM 0.8936 | 0.9373 0.9270 0.8361 | 09291 0.9172 0.8090 | 0.8780 0.8540
MICE 0.833 | 0.8961 0.8783 0.5725 | 0.8951 0.8865 07141 | 0.8028 0.7445
MissForest 0.6774 | 0.8549 0.8676 0.5725 | 0.8851 0.8964 0.7049 | 0.6451 0.7137
TABLEIV.  FI-SCORE RESULTS FOR EVALUATING CLASSIFIER WITH MISSING VALUES AND RESAMPLING AND FEATURE
SELECTION
Feature RF XGBoost NB
Imputation Methods Selection RACOG- RACOG- RACOG-
Methods RUS | RACOG RUS RUS | RACOG RUS RUS | RACOG RUS
MDA 0.9125 0.9395 0.9372 0.9283 0.9631 0.9652 0.8896 | 0.8935 0.8384
Filling with a value MDG 0.9030 | 0.9384 0.9371 0.9275 0.9850 0.9647 0.8881 0.8929 0.8873
(value=0) Boruta 0.9135 0.9374 0.9373 0.9268 0.9860 0.9638 0.8878 | 0.8925 0.8868
VSURF | 0.9138 0.9381 0.9374 0.9272 0.9870 0.9651 0.8882 | 0.8930 0.8875
MDA 0.9032 | 0.9382 0.9497 0.9261 0.9855 0.9635 0.8875 | 0.8928 0.8871
Filling with a value MDG 0.9130 | 0.9379 0.9491 0.9256 0.9865 0.9629 0.8871 0.8926 0.8867
(value=mean) Boruta 0.9127 0.9377 0.9489 0.92438 0.9860 0.9621 0.8868 | 0.8923 0.8865
VSURF | 0.9128 0.9378 0.9492 0.9250 0.9867 0.9624 0.8870 | 0.8927 0.8869
MDA 09122 | 09375 0.9486 0.9138 0.9858 0.9619 0.8864 | 0.8921 0.8862
Filling with a value MDG 0.9020 | 0.9374 0.9483 0.9139 0.9845 0.9615 0.8862 | 0.8920 0.8859
(value=mode) Boruta 0.9021 0.9373 0.9485 0.9042 0.9850 0.9617 0.8863 | 0.8922 0.8860
VSURF | 0.9123 0.9376 0.9487 0.9124 0.9865 0.9620 0.8865 | 0.8924 0.8861
MDA 0.9119 | 0.9497 0.9482 0.9138 0.9856 0.9612 0.8861 0.8919 0.8858
MICE MDG 0.9117 0.9491 0.9480 0.9034 0.9848 0.9608 0.8858 | 0.8917 0.8857
Boruta 0.9018 0.9489 0.9481 0.8937 0.9852 0.9611 0.8860 | 0.8920 0.8859
VSURF | 09119 | 0.9492 0.9484 0.8940 0.9860 0.9614 0.8862 | 0.8922 0.8861
MDA 09116 | 09370 0.9479 0.9032 0.9753 0.9606 0.8857 | 0.8916 0.8856
. MDG 0.9014 | 0.9368 0.9477 0.8827 0.9843 0.9602 0.8855 | 0.8915 0.8854
MissForest Boruta 0.9115 0.9369 0.9478 0.8730 0.9851 0.9605 0.8856 | 0.8917 0.8855
VSURF | 0.9016 | 0.9370 0.9479 0.8733 0.9854 0.9607 0.8858 | 0.8918 0.8857
MDA 0.9118 0.9954 0.9513 0.9136 0.9371 0.9513 0.8859 | 0.8722 0.8922
EM MDG 0.9016 | 0.9769 0.9501 0.9128 0.9846 0.9503 0.8855 | 0.8917 0.8856
Boruta 0.9117 0.9272 0.9495 0.9232 0.985 0.9206 0.8856 | 0.8919 0.8856
VSURF 0.912 0.9573 0.9504 0.9135 0.9852 0.9511 0.886 0.8923 0.8858
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These findings are consistent with previous research. For
instance, authors in [27] highlighted the superior stability and
accuracy of RF under conditions of missing data and class
imbalance, while authors in [28] emphasized RF’s resilience to
class imbalance. Furthermore, authors in [29] observed that
simple imputation methods, such as mean or mode imputation,
are generally less effective than EM, which offers superior
performance in handling incomplete and imbalanced data.

D. Statistical Test

Given that the dataset did not meet the assumptions of
normality and homogeneity of variance, which are essential
conditions for parametric tests, a nonparametric statistical
analysis was conducted. Specifically, the Friedman test was
chosen to compare the classifiers' performance across multiple
settings, as recommended in [29]. Where the Friedman test
indicated statistically significant differences, a Nemenyi post
hoc test was applied. This test determines whether the average
ranks of classifiers differ by more than the Critical Distance
(CD), which depends on the number of classifiers, datasets,
performance metrics, and the significance level (o = 0.05) [29].
The Friedman test statistic is calculated as:

2 _ 12D K
XF - j=1
K(K+1)

(AvegR]- - w)z (6)

2

1 .
AvegRy =252 o
where K is the number of classifiers, D is the number of
datasets, and r; is the rank of the j*™ classifier on the i dataset.
The CD for the Nemenyi test is given by:

K(K+1)

CD = g, |X& ()

where q is the critical value obtained from the Studentized
range statistic with a significance of o = 0.05. The statistical
test was performed in each experiment independently, and the
results are summarized in Table V.

TABLE V. RESULTS FROM ALL THE EXPERIMENTS ON
THE FRIEDMAN TEST
. Friedman Test
Experiment Statistic P-Value
Missing Value Imputation e
Method + Classifier 4342 2.3310
Missing Vglue Imputgtlf)n + 6178 987107
Resampling + Classifier
Missing Value Imputation +
Resampling + Feature Selection + 73.12 1.35-10°®
Classifier

For the first experiment, employing only imputation
techniques, the Friedman test yielded a statistic of 43.42 with a
p-value of 2.33-107, indicating significant performance
differences. The Nemenyi post hoc test identified RF as the
top-performing classifier, followed by XGBoost and NB.
Figure 3 illustrates the average performance rankings, showing
RF's significant superiority, with its rank nearly exceeding the
CD threshold. For the second experiment, the Friedman test
produced a statistic of 61.78 with a p-value of 9.87-107,
confirming significant differences among classifiers. According

to the Nemenyi test, RF again ranked highest, especially when
paired with RACOG-RUS. Figure 3 shows the average
rankings, with a CD of 1.15, highlighting RF's consistent
superiority. For the third experiment, the Friedman test yielded
a test statistic of 73.12 and a p-value of 1.35:10°, strongly
indicating significant differences. Nemenyi’s post hoc analysis
reaffirmed RF as the most effective classifier. Although
XGBoost improved in performance when paired with Boruta, it
remained second to RF. Figure 4 displays the average ranks,
with a CD of 1.25, and RF leading in every configuration.

3
2.7
CD: 1.02
21
2
[a]
o
1.2
| -. ----------- -
0
RF XGBoost NB
Classifiers

Fig. 3. Average ranks and CD diagram for classifier performance with
missing value imputation methods.

3
2.6
CD: 1.13 2.3
2
[a]
(8]
_____ 1_‘1______________ - -
| .
0
RF XGBoost NB

Classifiers

Fig. 4. Average ranks and CD diagram for classifier performance with
missing value imputation and resampling methods.

3
2.6
2.4
CD:1.25
2
[a]
o
F----3----- - - - -
| .
0
RF XGBoost NB
Classifiers

Fig. 5. Average ranks and CD diagram for classifier performance with
missing value imputation, resampling, and feature selection methods.
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E. Computational Complexity

This research also investigated the computational
complexity of the models, with a primary focus on time
complexity, which refers to the execution time required to
process and optimize learning tasks. To evaluate time
complexity, execution times were measured for each algorithm
across two hardware platforms: i) a local PC with Intel®
Core™ i7-1260P CPU @ 2.10 GHz, 16 GB RAM, and ii) an
AWS EC2 with 4 CPU cores and 16 GB RAM. The results are
summarized in Table VL

TABLE VL COMPARATIVE ANALYSIS OF MODEL
RUNTIMES
Model Local PC AWS EC2 Difference Difference
(s) Instance (s) (s) (%)
NB 0.25 0.15 0.1 40.00
RF 58.32 37.41 20.91 35.90
XGBoost 89.56 58.24 31.32 35.00
RUS 15.48 9.87 5.61 36.20
RACOG 78.91 50.62 28.29 35.80
RACOG-RUS 102.35 65.98 36.37 35.50

The results show that NB had the shortest execution time,
with an improvement of 0.10 seconds (40.00%) on the AWS
EC2 instance compared to the local PC. This makes NB the
most computationally efficient among the evaluated classifiers.
In contrast, RF and XGBoost required significantly more time,
with the EC2 instance executing 35.90% and 35.00% faster,
respectively, than the PC. This highlights the scalability
benefits of cloud infrastructure for more complex models.

As expected, resampling techniques introduced additional
computational overhead due to the complexity of handling
imbalanced data. Nevertheless, their performance also
improved on the AWS EC2 instance, showing execution time
reductions of 36.20%, 35.80%, and 35.50%, respectively.

These results emphasize the trade-off between
computational cost and model performance. Although
advanced techniques such as RACOG-RUS improve

classification outcomes, they come at the expense of higher
runtime. However, deploying such models on cloud
infrastructure like AWS EC2 can mitigate this cost
significantly by accelerating execution without sacrificing
accuracy.

F. Limitation of Study

This study presents a comparative analysis of RF,
XGBoost, and NB classifiers on imbalanced datasets,
integrating systematic strategies for handling missing values
and class imbalance through imputation and resampling.
However, several limitations should be noted:

e Model sensitivity: Algorithms like NB are highly sensitive
to class imbalance, often yielding suboptimal results when
applied to unseen test data. Although RF and XGBoost
demonstrate greater resilience, their performance still
benefits significantly from appropriate resampling
techniques.

e Computational cost: Feature selection techniques such as
Boruta demonstrated improved model performance but

incurred considerable computational cost, particularly on
large datasets. This highlights the need for more efficient
optimization strategies for scalability.

e Hyperparameter optimization: While this study uses grid
search to optimize RF, default parameters were applied in
many cases. Further tuning, particularly for tree-based and
ensemble methods, could yield even better predictive
performance [31, 32].

e Problem scope: The study is confined to binary
classification tasks with imbalanced data. As such, the
conclusions may not generalize to multiclass classification
problems or datasets with varied distribution patterns.
Future work should extend the evaluation to more complex
classification tasks and data settings.

G. Validity Threats

This section outlines potential threats to the validity of the
experimental findings, aiming to ensure that conclusions are
supported by the data and that observed outcomes reflect the
real effects of the methods applied [33].

e Internal validity: To mitigate internal validity threats, all
experiments were conducted on the same hardware.
Consistency was  ensured  through  standardized
implementation in RStudio, utilizing reliable libraries such
as caret, randomForest, and Boruta. The data was
normalized to allow fair comparison across features.

¢ Reliability: Reproducibility was strengthened by specifying
model parameters (Table I), using stratified 5-fold cross-
validation, and conducting grid search for hyperparameter
tuning of RF. These methods ensure that model evaluations
are consistent and statistically robust.

In summary, while this study adopts rigorous
methodological practices, further validation across varied
datasets and model configurations is necessary to confirm the
broader applicability of the findings.

IV. CONCLUSION

This study investigates the impact of missing data,
imputation strategies, resampling techniques, and feature
selection techniques on the classification performance of
Machine Learning (ML) models for water quality anomaly
detection. The integration of these preprocessing techniques
significantly improves model performance, particularly in
addressing class imbalance. Three classifiers were evaluated:
Random Forest (RF), Extreme Gradient Boosting (XGBoost),
and Naive Bayes (NB).

Among the models tested, RF consistently outperformed
the others, achieving the highest Fl-score of 0.9954 when
combined with Expectation Maximization (EM) for imputation
and Rapidly Converging Gibbs (RACOG) sampler for
resampling, and Mean Decrease Accuracy (MDA) for feature
selection. In contrast, NB demonstrated the weakest
performance, with a maximum F1-score of 0.8935 under zero-
filling imputation, RACOQ resampling, and MDA feature
selection.
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Although classification performance was generally lower
on the original imbalanced dataset, the results confirm that
advanced preprocessing, particularly the use of EM and
Multiple Imputation by Chained Equations (MICE) imputation
methods alongside RACOG-based resampling, substantially
enhances model robustness. RF, in particular, proved to be a
highly reliable choice for such tasks.

Future work will focus on further enhancing RF
performance through advanced hyperparameter tuning,
permutation-based feature importance refinement, and
optimized resampling configurations. These improvements aim
to deliver higher classification accuracy and better
computational efficiency than existing machine learning
approaches for imbalanced water quality datasets.
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