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Abstract

Class imbalance is a common challenge in classification tasks because it often reduces model
performance in identifying minority class observations. This study evaluates the performance
of an Ensemble Learning model optimized using Randomized Search Cross Validation (RSCV)
for clean water quality classification under imbalanced class distributions. The dataset was
derived from the Water Pollution and Disease dataset, which originally contained 3,000
observations and 24 features without class labels. A data wrangling and labeling process
produced a binary classification dataset with a 7:3 class ratio. To address the imbalance
problem, Conditional Tabular Generative Adversarial Network (CTGAN) and SMOTENC
oversampling techniques were applied and compared. Model performance was evaluated using
accuracy, precision, recall, F1-score, and AUC-ROC across 25 data splits and statistically
examined using two-sided t-tests. The best performance was achieved by the RSCV Ensemble
Learning model combined with CTGAN, yielding mean values of 92.80% accuracy, 90.23%
precision, 90.98% recall, 90.82% F1-score, and 96.80% AUC-ROC. The results indicate that
CTGAN consistently outperforms SMOTENC and that RSCV optimization further improves
classification performance.
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1. Introduction
Data classification is one of the main techniques in machine learning and has been widely applied
in various fields such as healthcare, environment, business, and finance. In this process, the
model learns patterns from historical data and then classifies new observations into predefined
categories. However, classification tasks often face the challenge of class imbalance [1]. This
condition occurs when the number of samples in one class is much larger than in others, which
causes the model to favor the majority class and weakens its ability to accurately identify the
minority class [2]. In the environmental context, a similar issue is found in clean water quality
datasets, where samples representing unsafe water conditions are generally much fewer than
those representing safe water. This imbalance can reduce the effectiveness of classification models
in detecting high-risk environmental conditions, ultimately compromising the reliability of water
quality monitoring systems [3][4].

Various studies have shown that class imbalance can affect the validity of model evaluation
metrics [5]. A model may achieve a high accuracy score, yet still perform poorly in recognizing
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observations from the minority class. In environmental cases, this limitation can lead to serious
consequences. For instance, contaminated water can be misclassified as safe water, which can
endanger public health and threaten the sustainability of ecosystems [6][7]. Therefore, methods
are needed that not only address the imbalance of data, but also maintain the natural relationships
between variables in complex environmental datasets [8] [9].

Generative Adversarial Networks (GANs) have recently gained attention as an effective
solution to handle imbalanced data [10]. One of their developments, the Conditional Tabular
GAN (CTGAN), is specifically designed for tabular datasets containing both numeric and
categorical variables. Several previous studies have reported that CTGAN can enhance the
representation of minority classes in various domains [11]. Using CTGAN in conjunction with
machine learning models has also been shown to improve classification accuracy and sensitivity
in medical datasets [12]. Moreover, CTGAN has demonstrated the ability to generate synthetic
samples that contribute to a more balanced and stable classification performance [13]. In Smart
IoT applications, CTGAN has even been reported to enhance multi-class classification results
through higher-quality synthetic data [14]. These findings indicate that CTGAN is highly relevant
for environmental datasets as it can preserve complex nonlinear feature relationships.

In addition to data balancing, the performance of classification models is also highly influenced
by the algorithms used and the hyperparameter optimization strategies applied [15][16]. Ensemble
Learning is one approach that is widely used because it combines multiple learners to produce
predictions that are generally more accurate and stable[17]. This method is particularly useful
for complex datasets as it enhances generalization ability while reducing the risk of overfitting.
To further optimize model performance, hyperparameter tuning is necessary, and Randomized
Search is considered an efficient method because it can explore parameter combinations more
practically compared to exhaustive search techniques [18]. Additionally, the integration of
CTGAN, Ensemble Learning, and Randomized Search for environmental classification tasks,
particularly for clean water quality datasets, remains relatively limited.

This research aims to develop a classification framework that integrates CTGAN with
Ensemble Learning based on Randomized Search to enhance performance on clean water quality
data with imbalanced class distribution. CTGAN is used to generate synthetic samples for the
minority class while preserving the original structure of the environmental dataset. Meanwhile,
Ensemble Learning is applied as a classification method, and Randomized Search is employed to
obtain more effective hyperparameter tuning configurations. The integration of these techniques is
expected to improve classification performance, particularly in terms of accuracy, recall, sensitivity,
and model stability, while producing a more accurate system to support environmental monitoring
and decision-making.

2. Methods
This Research involves several stages. The research was conducted using Python Programming
on Google Collaboratory and utilized the Water Pollution & Disease dataset. The first step was
labeling clean water data according to standards and categorizing it into two distinct labels by
WHO Table 1. The second step involved splitting the data with 25 trials split randomly, so
that the training and testing datasets resulted in 25 different compositions, while maintaining a
consistent split ratio of 80% training data and 20% testing data. The third step, all 25 datasets
were tested using several model combinations, including RSCV-Ensemble and the CTGAN
oversampling technique, and the test results were then statistically validated to determine the
significance of the comparison of the best-performing model. After obtaining the best model, it
was used as the primary model to classify clean water and contaminated water. The sequence of
research steps is presented in Fig. 1 below.
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Fig. 1: Research Flow

2.1. Dataset
The research data was obtained from the Kaggle website [19]. The data consists of 3000 samples
and 24 features without labels. Labels were derived using the Data Wrangling method from 5
features: pH Level, Nitrate Level (mg/L), Lead Concentration (µg/L), Turbidity (NTU), and
Dissolved Oxygen (mg/L). These five features will be combined into a single label, where if
they meet the requirements by WHO Table 1, they will be classified as the Clean Water Label,
otherwise will be classified as the Polluted Water Label.

Table 1: Standard Quality of Drinking Water [20]

Parameters Standard Quality

pH Level 6.5-8.5
Nitrate Level (mg/L) ≤ 50
Lead Concentration (µg/L) ≤ 10
Turbidity (NTU) ≤ 5
Dissolved Oxygen (mg/L) ≥ 5

The features used to construct the label were eliminated, and the target labeling process is
shows Fig. 2. Features that were not used to create the label were retained as input features
for clean water classification, thereby preventing data leakage during the classification process.
After labeling the dataset, we obtain two classes of labeled that classified as Clean Water and
Contaminated Water. However, those two class weren’t at the same amount of samples. Fig. 3
show the comparison between minority and majority class, this imbalanced class can caused bias
in classification model.
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Fig. 2: Labeling process Fig. 3: Class Distribution

2.2. Pre-Processing Data
Before oversampling, a correlation analysis of the features used was conducted. Fig. 4 shows that
there is no significant correlation between the features, indicating that the features are relatively
independent of each other. The lack of significant correlation suggests that multicollinearity
is not an issue for the model, allowing the machine learning algorithm to effectively learn the
individual effects of each feature.

Fig. 4: Feature Correlation

After performing the correlation analysis, handling of missing, duplicate, and imbalanced
data was also carried out. The focus of this study is on handling imbalanced data using CTGAN,
where oversampling is performed by generating synthetic data that can handle mixed data for
Clean Water Classification Problem.

Favian Sis Bagus Febrianto 1621



Optimizing CTGAN for Imbalanced Classification

2.3. CTGAN
Generative Adversarial Networks (GAN) offer significant advantages compared to oversampling
methods such as SMOTE (Synthetic Minority Over-Sampling Technique) or ROS (Random
Oversampling) in addressing the problem of imbalanced classes [21]. SMOTE and ROS only
generate synthetic data by interpolating between existing samples, while GAN allows for the
generation of more realistic and varied data. This is due to the adversarial training process, in
which the Generator creates synthetic data attempt to mimic real data, while the Discriminator
tries to distinguish between real and synthetic data [22].

CTGAN can overcome the limitations of GAN, where GAN tends to struggle when used for
tabular data with categorical variables. CTGAN is capable of generating synthetic data based
on specific conditions or labels, allowing for further control over the generated data. In CTGAN,
the Generator receives two random noise inputs, z and condition y, as shown in Eqs. (1), which
enables the generation of data that aligns with certain categories or attributes [23].

xgenerated = G(z, y) (1)

where:
z : Random noise sampled from the latent distribution,
y : Condition or class label associated with the generated sample,
G(z, y) : Generator network,
xgenerated : Synthetic data generated by the generator.

Thus, new synthetic data can be generated, as illustrated in Fig. 5. The Generator and
Discriminator are trained adversarially, where the Generator is optimized using the loss function
defined in Eq. (2).

LG = −Ey∼py [log D(G(z, y), y)] (2)

where:
LG : Generator loss function,
E : Expectation operator,
y ∼ py : Condition vector sampled from the distribution of conditions,
py : Probability distribution of the condition vector,
z : Random noise sampled from the latent distribution
G(z, y) : Synthetic sample generated by the generator conditioned on y,
D(G(z, y), y) : Discriminator output representing the probability that the generated sample

conditioned on y is real,
log : Natural logarithm function,

and the Discriminator Loss function in Eqs. (3), where both models enhance their capabilities.
The Generator strives to become better at producing realistic fake data, while the Discriminator
aims to become better at distinguishing between real and synthetic data.

LD = −E(x,y)∼pdata(x,y)[log D(x, y)]− Ez∼pz(z)[log(1−D(G(z, y), y))] (3)

where:
LD : Discriminator loss function,
E : Expectation,
pdata(x, y) : Distribution of real data and their corresponding labels,
pz(z) : Distribution of noise fed to the generator,
G(z, y) : Generator that produces synthetic data conditioned on label y,
D(x, y) : Discriminator conditioned on label y that determines whether x is real or synthetic.

The algorithm 1 describes how the generator minimizes the term log(1−D(G(z, y), y)), while
the discriminator maximizes log D(x, y) for real samples and log(1−D(G(z, y), y)) for synthetic
samples. Thus, CTGAN allows for the generation of synthetic data that is more consistent with
the specified labels or conditions.
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Algorithm 1: CTGAN for Synthetic Data Oversampling
Input : Training data (Xtrain, ytrain), minority class label ym, number of synthetic

samples N .
Output : Balanced dataset (X ′, y′).
Initialize Generator G and Discriminator D;
for e← 1 to E do

Shuffle training data (Xtrain, ytrain)
foreach mini-batch B do

Sample noise vectors z
Generate synthetic samples x̂ = G(z, y)
Compute discriminator loss LD

Update discriminator parameters
Compute generator loss LG

Update generator parameters

Xsynthetic ← ∅; ysynthetic ← ∅;
for i← 1 to N do

Sample noise vector zi

Generate synthetic sample xnew = G(zi, ym)
Xsynthetic ← Xsynthetic ∪ xnew

ysynthetic ← ysynthetic ∪ ym

X ′ ← Xtrain ∪Xsynthetic; y′ ← ytrain ∪ ysynthetic; return (X ′, y′).

2.4. RSCV-Random Forest Model
Random Forest is an ensemble learning algorithm that builds multiple decision trees for classifi-
cation or regression. This study uses a Random Forest Classifier because it effectively reduces
overfitting compared to individual decision trees [24]. Each tree is trained on a random subset
of the data, which helps lower variance and improve accuracy. The method relies on bootstrap
aggregating (bagging) and random feature selection, where each tree is built from randomly
sampled data and features. Final predictions are produced in Eqs. (4) by aggregating the outputs
of all trees through voting.

y⃗RF = Majority Vote (y⃗1, y⃗2, . . . , y⃗B) (4)

where:
ŷRF : Final prediction of the Random Forest model,
ŷb : Prediction of the b-th decision tree,
B : Total number of decision trees in the Random Forest,
mode(·) : Majority voting function that selects the most frequent class label.

The objective function of Random Forest is to minimize the total classification errors from all
trees in the forest. For classification, the objective function used is Gini Impurity in Eqs. (5). To
reduce the entropy value before and after the split, Information Gain is used [25]. Information
Gain measures the reduction in uncertainty (entropy) after dividing the data based on a specific
feature. In the context of decision trees, Information Gain (IG) measures how well a feature
divides the dataset in such a way that it reduces uncertainty or entropy at the node, as shown in
the Eqs. (6).

Gini(D) = 1−
C∑

i=1
p2

i (5)

where:

Favian Sis Bagus Febrianto 1623



Optimizing CTGAN for Imbalanced Classification

D : Dataset at a node,
C : Number of classes,
pi : Proportion of samples belonging to class i in dataset D.

IG(D, F ) = Entropy(D)−
∑

v∈V alues(F )

|Dv|
|D|

Entropy(Dv) (6)

where:
D : Dataset at the current node,
F : Feature used for splitting,
V alues(F ) : Set of all possible values of feature F ,
Dv : Subset of D where feature F = v,
|D| : Number of samples in dataset D,
|Dv| : Number of samples in subset Dv,
Entropy(·) : Entropy function measuring impurity of a dataset.

Algorithm 2: Random Forest with Random Search for Hyperparameter Optimization
Input : Training data X⃗train ∈ Rn×d, target labels y⃗train ∈ Rn, hyperparameter search

space Θ, maximum number of iterations N .
Output : Trained Random Forest model RF = {Tree1, T ree2, . . . , T reeT } with

optimized hyperparameters.
RF ← ∅ // Initialize empty forest
for t← 1 to N do

// Hyperparameter optimization loop
// Random Search: Sample hyperparameters from search space

Choose hyperparameters θt randomly from Θ
// Build Random Forest using selected hyperparameters

for i← 1 to T do
// Bootstrap sampling: select random subset of data

Take bootstrap sample (X⃗traint , y⃗traint) ∼ Bootstrap(X⃗train, y⃗train)
// Select m random features for each node split

Select random subset of m features from total d features
// Build Decision Tree with selected data and features

Build Decision Tree with (X⃗traint , y⃗traint) and selected features by calculating:

IG(D, F ) = Entropy(D)−
∑

v∈Values(F )

|Dv|
|D|
· Entropy(Dv)

// Add Decision Tree to forest
RF ← RF ∪ {Treet}

// Evaluate the performance of Random Forest with θt

Evaluate RF with hyperparameters θt: yt ← f(θt)
// Update hyperparameter performance dataset

Dt ← Dt−1 ∪ {(θt, yt)}
Output : Trained Random Forest model RF = {Tree1, T ree2, . . . , T reeT } with

optimized hyperparameters θ∗.

Randomized Search is a technique for hyperparameter optimization in machine learning
models aimed at saving time and finding the optimal combination of hyperparameters when the
hyperparameter search space is vast and model evaluation requires high computational costs [8]
[26]. Let θ1, θ2, . . . , θn be the hyperparameters used by the model, then there exists a search
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space Si for each hyperparameter θi. Randomized Search selects random values θ(i)∗ for each
hyperparameter θi from the predefined search space Si, as shown in Eqs. (7)

θ∗
i ∼ U(Si), i = 1, 2, . . . , n (7)

where:
θ∗

i : Sampled value of the i-th hyperparameter
U(Si) : Uniform distribution over search space Si

Si : Search space (range of values) for hyperparameter θi

n : Number of hyperparameters

Where U [Si] represents the random distribution taken from the search space Si for each
hyperparameter. Random Search is used to find the best hyperparameters for Random Forest.
Therefore, algorithm 2 shows the algorithm that demonstrates how the hybrid learning works.

2.5. Proposed Method
This article uses an Oversampling approach to address the issue of class imbalance. The proposed
oversampling method is the CTGAN method Fig. 5, which enables the resampling of synthetic
data that is more structured and relevant to the desired conditions or categories. The Ensemble
Learning models used as classification models are Random Forest, which are combined with
Randomized Search CV Optimization for hyperparameter tuning to optimize the classification
model.
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This research uses Ensemble Learning models, Random Forest, as classification models,
combined with Randomized Search to optimize and determine the optimal hyperparameter
combinations for training the model. Fig. 6 shows that for Random Forest, combinations of the
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hyperparameters will be sought based on the evaluation results using the AUC metric and the
Classification Report.

2.6. Experimental Validation
The t-statistic (tstat) is used to assess whether the mean difference between two paired observations
is statistically significant [27]. In the context of this study, the tstat is applied to compare model
performance before and after the implementation of a specific resampling technique or to compare
model performance before and after the implementation of a specific optimization techniques
. Based on [28] where di is xi − yi, where i = 1, 2, . . . , n, while xi is observation ith from first
model, and yi is observation ith from second model, then the tstat is calculated as Eqs (8),

tstat = d̄− d0
sd
√

n
(8)

where:
d̄ : Mean of di,
d0 : Constant,
sd : Standard deviation of di,
n : Number of paired samples.

The calculation of two-side paired tstat with significance level (α = 0.05) is when tstat >
|t(α/2),v|, v = n− 1. Then, the null hypothesis H0 is rejected, meaning that between two model
there is a significant different result like in Eqs. (10). Otherwise the difference is considered not
statistically significant like in Eqs. (9).

H0 : µD = d0 (There is statistically no significant different) (9)

H1 : µD ̸= d0 (There is statistically significant different) (10)

where µD is Mean of paired observation, and D is X − Y .

3. Results and Discussion
This section presents the experimental results and discusses the effectiveness of the proposed
approach for clean water quality classification under imbalanced class distributions. We begin
by examining the application of oversampling techniques, namely SMOTENC and CTGAN, to
address class imbalance in mixed data. Next, we evaluate the contribution of Randomized Search
Cross Validation (RSCV) in optimizing the Random Forest model through hyperparameter
tuning and performance comparison. Finally, statistical tests are performed to determine whether
the observed differences in model performance are statistically significant.

3.1. Oversampling
Before developing the classification models, the class imbalance problem must first be addressed
because the clean water class contains substantially fewer observations than the polluted water
class. This imbalance may bias the learning process toward the majority class and reduce the
model’s ability to correctly identify clean water observations.

To mitigate this issue, two oversampling techniques, SMOTENC and CTGAN, were employed
because both methods are designed to generate synthetic samples for mixed datasets consisting
of numerical and categorical features. The CTGAN model was implemented using the parameter
configuration presented in Table 2, while the effects of both oversampling methods on class
distribution are discussed in the following analysis.

The oversampling results obtained using SMOTENC and CTGAN indicate that both methods
are effective in balancing the class distribution. As shown in Fig. 7, the main difference between the
two approaches lies in the mechanism used to generate synthetic minority samples. SMOTENC
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Table 2: CTGAN Parameter Configuration [17]

Parameters Value

Epochs 200
Batch Size 128

PAC 1
Embedding Dimension 64
Generator Dimension 128

Discriminator Dimension 128
Verbose False

creates new observations by interpolating minority class instances while preserving categorical
features. In contrast, CTGAN employs a generative adversarial framework to learn the joint
distribution of numerical and categorical variables and subsequently generates synthetic samples
that resemble the original data distribution.

Fig. 7: Class Distribution of Oversampling

In the CTGAN framework, the generator produces synthetic observations, whereas the
discriminator attempts to distinguish between real and synthetic data. Through this adversarial
learning process, the generator progressively improves its ability to produce synthetic samples
that closely represent the characteristics of the original minority class.

3.2. RSCV Random Forest
Randomized Search Cross Validation (RSCV) was applied to the Random Forest model to evaluate
different hyperparameter configurations. The hyperparameters considered in this study include
n_estimators, max_depth, min_samples_split, min_samples_leaf, max_features, bootstrap,
max_leaf_nodes, and class_weight. The default values and the hyperparameter search space
used during the RSCV process are showed in Table 3.

The comparison between the basic ensemble model and the model optimized using RSCV
shows a significant improvement across all evaluation metrics. The application of RSCV after
handling class imbalance further enhances the model’s performance in clean water quality
classification. Fig. 8 illustrate the performance difference between the model without RSCV
Optimization and with RSCV Optimization. The comparison shows improvement at each
oversampling handling stage, indicating that RSCV optimization can enhance the results of
oversampling models in class imbalance cases.

The comparison between SMOTENC, CTGAN, and the models with and without RSCV
optimization shows improvements through model evaluation indicators. RSCV is capable of
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Table 3: Random Forest Hyperparameter Configuration

Parameters Default RF Value RSCV RF Search Space

n_estimators 100 [100, 200, 300, 500]
max_depth None [10, 20, 30, None]

min_samples_split 2 [2, 5, 10]
min_samples_leaf 1 [1, 2, 4]

max_features sqrt [sqrt, log2]
bootstrap True [True, False]

max_leaf_nodes None [10, 20, 50, None]
class_weight None [None, balanced]

Fig. 8: AUC ROC of Random Forest

optimizing ensemble learning models like Random Forest. This improvement significantly
enhances classification performance.

Table 4: Comparison of Random Forest Model Performance

Model Accuracy Precision Recall F1-Score

RF 0.7171 ± 0.0013 0.4805 ± 0.1225 0.4990 ± 0.0018 0.4243 ± 0.0039
RF SMOTENC 0.7619 ± 0.0013 0.6154 ± 0.1225 0.6398 ± 0.0018 0.7303 ± 0.0039
RF CTGAN 0.9018 ± 0.0130 0.8920 ± 0.0387 0.9053 ± 0.0144 0.9031 ± 0.0346
RSCV RF 0.7213 ± 0.0550 0.4029 ± 0.0105 0.5001 ± 0.0109 0.4202 ± 0.0126
RSCV RF SMOTENC 0.7854 ± 0.0212 0.7139 ± 0.0213 0.7193 ± 0.0212 0.7688 ± 0.0212
RSCV RF CTGAN 0.9281 ± 0.0188 0.9023 ± 0.0183 0.9098 ± 0.0188 0.9082 ± 0.0189

RSCV optimization, as shown in Table 4, indicates that almost all evaluation metrics across
all Random Forest models improved after being optimized with RSCV. The accuracy of the
RF_CTGAN model increased from 0.9018 to 0.9281 after RSCV optimization. The CTGAN
model itself significantly improved model performance across all models compared to the handling
with SMOTENC. The accuracy value obtained from the RF_SMOTENC model increased from
0.7619 to 0.9082 in the RF_CTGAN model. Similarly, with the use of RSCV, CTGAN also
enhances model performance, making it even better.
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3.3. Evaluation
To validate the performance differences between models, a paired t-test was conducted on the
accuracy scores obtained from 25 repeated experiments. The test was performed at a significance
level of α = 0.05 with 24 degrees of freedom. Since a two-tailed test was employed, the value of
t-critical was ±2.063899 (t0.025,24). The null hypothesis was rejected when the absolute value of
the calculated tstat exceeded the t-critical, indicating that the observed performance differences
were statistically significant. H0 : µD = 0 H1 : µD ̸= 0 The null hypothesis H0 was rejected
when |tstat| > 2.063899. Otherwise, there was insufficient evidence to reject H0.

Table 5: Significance of Accuracy’s Model
Model 1 Model 2 tstat p-value Decision Best µ Model
RF RF_SMOTENC -57.3911 3.3203e-29 Reject H0 Model 2
RF RF_CTGAN -94.1087 2.4498e-33 Reject H0 Model 2
RF RSCV_ RF_SMOTENC -61.8268 5.6263e-30 Reject H0 Model 2
RF RSCV_ RF_CTGAN -132.8770 6.3130e-38 Reject H0 Model 2
RSCV_ RF RF_SMOTENC -77.7176 2.3851e-32 Reject H0 Model 2
RSCV_ RF RF_CTGAN -110.6325 5.0914e-36 Reject H0 Model 2
RSCV_ RF RSCV_ RF_SMOTENC -121.3037 5.6066e-37 Reject H0 Model 2
RSCV_ RF RSCV_ RF_CTGAN -197.5249 4.6972e-42 Reject H0 Model 2
RF_SMOTENC RF_CTGAN -41.8161 6.1557e-26 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_SMOTENC -2.0525 5.1178e-04 Accept H0 Both Model
RF_SMOTENC RSCV_ RF_CTGAN -35.6649 2.6447e-24 Reject H0 Model 2
RF_CTGAN RSCV_ RF_SMOTENC 20.2056 1.4198e-18 Reject H0 Model 1
RF_CTGAN RSCV_ RF_CTGAN -6.5265 9.4734e-09 Reject H0 Model 2
RSCV_ RF_SMOTENC RSCV_ RF_CTGAN -33.8791 8.8667e-24 Reject H0 Model 2

Table 6: Significance of Recall’s Model
Model 1 Model 2 tstat p-value Decision Best µ Model
RF RSCV_ RF 2.3619 2.6632e-02 Reject H0 Model 1
RF RF_SMOTENC -51.7796 3.8492e-26 Reject H0 Model 2
RF RF_CTGAN -95.7777 1.6084e-32 Reject H0 Model 2
RF RSCV_ RF_SMOTENC -71.5308 1.7320e-29 Reject H0 Model 2
RF RSCV_ RF_CTGAN -148.8205 4.1735e-37 Reject H0 Model 2
RSCV_ RF RF_SMOTENC -59.1118 1.6419e-27 Reject H0 Model 2
RSCV_ RF RF_CTGAN -97.5301 1.0420e-32 Reject H0 Model 2
RSCV_ RF RSCV_ RF_SMOTENC -105.5987 1.5533e-33 Reject H0 Model 2
RSCV_ RF RSCV_ RF_CTGAN -187.6016 1.6171e-39 Reject H0 Model 2
RF_SMOTENC RF_CTGAN -42.2342 4.8630e-24 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_SMOTENC -6.5686 8.5649e-07 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_CTGAN -35.6799 2.6185e-22 Reject H0 Model 2
RF_CTGAN RSCV_ RF_SMOTENC 20.3049 1.2701e-16 Reject H0 Model 1
RF_CTGAN RSCV_ RF_CTGAN -2.0671 4.9667e-02 Reject H0 Model 2
RSCV_ RF_SMOTENC RSCV_ RF_CTGAN -33.9371 8.5172e-22 Reject H0 Model 2

3.4. Discussion
The results presented in Table 5, Table 7, Table 8 show that almost all model comparisons result
in statistically significant differences. Specifically, the models using CTGAN, both with and
without RSCV, show significant improvements compared to the baseline and SMOTENC-based
models. The only non-significant comparison occurred between RF_SMOTENC and RSCV_
RF_SMOTENC, suggesting that optimization alone does not substantially improve performance
when SMOTENC is applied. These findings confirm that the observed performance improvements
in the previous section are supported by statistical evidence, rather than random fluctuations.

Addressing class imbalance also requires evaluating other performance metrics Beyond overall
accuracy, precision, and recall, such as Recall, which reflects the model’s effectiveness in correctly
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Table 7: Significance of Precision’s Model
Model 1 Model 2 tstat p-value Decision Best µ Model
RF RSCV_ RF -1.0060 3.2442e-01 Accept H0 Both Model
RF RF_SMOTENC -54.1709 1.3141e-27 Reject H0 Model 2
RF RF_CTGAN -107.3149 1.0557e-33 Reject H0 Model 2
RF RSCV_ RF_SMOTENC -155.4175 1.4752e-37 Reject H0 Model 2
RF RSCV_ RF_CTGAN -70.7828 2.2265e-29 Reject H0 Model 2
RSCV_ RF RF_SMOTENC -10.8526 9.7147e-11 Reject H0 Model 2
RSCV_ RF RF_CTGAN -15.6185 4.4893e-14 Reject H0 Model 2
RSCV_ RF RSCV_ RF_SMOTENC -16.5229 1.2986e-14 Reject H0 Model 2
RSCV_ RF RSCV_ RF_CTGAN -12.5721 4.7371e-12 Reject H0 Model 2
RF_SMOTENC RF_CTGAN -44.5652 1.3606e-24 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_SMOTENC -35.9216 2.2333e-22 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_CTGAN -6.4691 1.0875e-06 Reject H0 Model 2
RF_CTGAN RSCV_ RF_SMOTENC 1.8453 7.7359e-02 Accept H0 Both Model
RF_CTGAN RSCV_ RF_CTGAN -21.7073 2.7691e-17 Reject H0 Model 2
RSCV_ RF_SMOTENC RSCV_ RF_CTGAN -34.3878 6.2438e-22 Reject H0 Model 2

Table 8: Significance of F1-Score’s Model
Model 1 Model 2 tstat p-value Decision Best µ Model
RF RSCV_ RF 22.9510 7.7140e-18 Reject H0 Model 1
RF RF_SMOTENC -57.3911 3.3203e-27 Reject H0 Model 2
RF RF_CTGAN -94.1087 2.4499e-32 Reject H0 Model 2
RF RSCV_ RF_SMOTENC -132.8771 6.3130e-36 Reject H0 Model 2
RF RSCV_ RF_CTGAN -61.8268 5.6263e-28 Reject H0 Model 2
RSCV_ RF RF_SMOTENC -77.7176 2.3851e-30 Reject H0 Model 2
RSCV_ RF RF_CTGAN -110.6325 5.0914e-34 Reject H0 Model 2
RSCV_ RF RSCV_ RF_SMOTENC -197.5249 4.6972e-40 Reject H0 Model 2
RSCV_ RF RSCV_ RF_CTGAN -121.3037 5.6066e-35 Reject H0 Model 2
RF_SMOTENC RF_CTGAN -41.8161 6.1557e-24 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_SMOTENC -35.6649 2.644e-22 Reject H0 Model 2
RF_SMOTENC RSCV_ RF_CTGAN -6.5265 9.4734e-07 Reject H0 Model 2
RF_CTGAN RSCV_ RF_SMOTENC 2.0525 5.1178e-02 Accept H0 Both Model
RF_CTGAN RSCV_ RF_CTGAN -20.2056 1.4198e-16 Reject H0 Model 2
RSCV_ RF_SMOTENC RSCV_ RF_CTGAN -33.8791 8.8667e-22 Reject H0 Model 2

identifying positive instances in imbalanced datasets. As shown in Table 6, the majority of model
comparisons indicate statistically significant differences. Using CTGAN whether combined with
RSCV or not, clear gains in Recall over both the baseline and SMOTENC based model approaches.
The only exception is the comparison between RF_SMOTENC and RSCV_RF_SMOTENC,
indicating that hyperparameter optimization alone has limited impact when SMOTENC is
already applied. These results support that the observed improvements in Recall are robust and
not due to random chance.

The best classification model in Table 4 shows that CTGAN combined with the RSCV
ensemble can effectively handle imbalanced data for clean water classification. This model was
subsequently used to analyze feature importance and identify factors associated with clean water
quality classification. As shown in Fig. 9, Rainfall emerged as the most influential feature, with
an importance value exceeding 0.08. From an environmental perspective, this result is plausible
because rainfall can affect water quality through surface runoff, soil erosion, and the transport of
pollutants into water sources. Variations in rainfall may therefore influence several water quality
indicators and contribute to differences between clean and non-clean water conditions. In addition
to Rainfall, Access_to_Clean_Water and Water_Source_Type were identified as important
variables, suggesting a strong relationship between water accessibility, source characteristics, and
the classification outcome.

Although these findings provide useful insights into factors associated with clean water quality
classification, they should be interpreted with caution. The feature importance values were
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Fig. 9: Feature importance of Clean Water Classification

obtained from a model trained using CTGAN samples, and the data generation process may
influence the relative importance of certain variables. Consequently, the prominence of Rainfall
and other variables may partially reflect patterns learned from the synthetic data distribution.
Further validation using independent real-world datasets is necessary to confirm whether these
feature importance rankings remain consistent across different data sources. These results suggest
that the combination of CTGAN and Random Search Optimization may improve classification
performance while providing interpretable information regarding variables associated with clean
water quality. However, additional studies are required to assess the generalizability of these
findings and to investigate potential biases introduced during synthetic data generation.

4. Conclusion
The results show that CTGAN was associated with higher model performance compared to SMO-
TENC and models without oversampling on the dataset used in this study. CTGAN consistently
achieved high evaluation scores across multiple performance metrics. RSCV optimization further
improved model performance, particularly when combined with CTGAN, resulting in the highest
observed performance with an accuracy of 0.92821, precision of 0.9023, recall of 0.9098, f1-score
of 0.9082, and an AUC score of 0.968. Based on these results, the RSCV_RF_CTGAN model
was selected as the best-performing model in this study and was subsequently used for classifying
clean water quality datasets.

From Table 5, Table 6, Table 7, and Table 8, the statistical test results reinforce the reliability
of the observed performance differences across all models. Most paired comparisons show
clear differences in accuracy, particularly for models that implement CTGAN, both with and
without Random Search Optimization, when compared to baseline-based and SMOTENC-based
approaches. The only comparison that did not show a significant difference appeared between
RF_SMOTENC and RSCV_RF_SMOTENC, suggesting that parameter optimization alone
may provide limited additional benefit when combined with the SMOTENC-based oversampling
approach.

The results also suggest that CTGAN-generated synthetic samples were able to preserve
important characteristics of the training data, which may have contributed to the improved clas-
sification performance. Nevertheless, the possibility of synthetic data bias and overfitting cannot
be completely ruled out. Since CTGAN generates new samples by learning the underlying data
distribution, some generated patterns may not fully represent real-world conditions. Therefore,
the performance gains observed in this study should be interpreted with caution and validated
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using external datasets.
This study has several limitations. First, the class imbalance ratio in the dataset is relatively

moderate, and the effectiveness of CTGAN under more severe imbalance conditions remains
unclear. Second, the use of synthetic data introduces potential overfitting risks, particularly
when the generated samples closely resemble the training data. Third, model performance
depends on the selected hyperparameter configuration for both CTGAN and Random Forest.
Finally, CTGAN requires substantially greater computational resources and training time than
SMOTENC, which may limit its applicability in resource-constrained environments.

Future research could investigate techniques for reducing overfitting in CTGAN-generated
datasets and evaluate the proposed approach using different ensemble learning models, such
as XGBoost, LightGBM, AdaBoost, or CatBoost. In addition, further experiments could be
conducted using more extreme class imbalance scenarios, particularly with minority-to-majority
class ratios exceeding 1:9. Future studies may also compare CTGAN with other generative
oversampling approaches and validate the proposed framework using independent datasets from
different geographical regions.
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