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Abstract

The choice of scoring metric in hyperparameter tuning using GridSearchCV is often overlooked, even though this
decision directly affects the resulting model's behavior. This study analyzes the impact of scoring metric variations
(accuracy, precision, recall), test size (70/30 and 80/20), and random state (0, 21, 42) on the performance of a
Support Vector Machine (SVM) with Radial Basis Function (RBF) kernel for water quality classification. The
dataset used is a combination of two public datasets from Kaggle totaling 4,259 samples, using three parameters:
PH, conductivity, and turbidity, labeled based on World Health Organization (WHO) standards and Indonesian
Ministry of Health Regulation No. 32 of 2017. The experiment was designed across 6 scenarios combined with
three scoring metrics, resulting in 18 test configurations. Results show that accuracy and precision scoring
produce excellent and consistent performance with accuracy ranging from 0.985—0.996 and F1-score of 0.98—
1.00 across all scenarios. In contrast, recall scoring causes systematic model degeneration: the model consistently
predicts all samples as the positive class, failing to detect any contaminated samples, resulting in accuracy of
only approximately 0.50. This phenomenon occurs because GridSearchCV exploits the mathematical definition
of recall by selecting parameters that produce a trivial classifier. These findings demonstrate that on a balanced
dataset, using recall as the sole scoring metric is counterproductive, and Fl-score or accuracy is more
recommended as a safe metric for model optimization.
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INTRODUCTION

When building Machine Learning models, many practitioners treat scoring metric selection in
GridSearchCV hyperparameter tuning as a small and unimportant decision. They often just use the
default value or pick the same metric as their final evaluation without thinking about the impact[1]. But
actually, the scoring metric chosen will directly affect which parameters GridSearchCV picks as the
best[2]. In related image-classification studies, Pamungkas et al. reported 79% accuracy for shallot
disease classification using SVM [3], while Widyadara et al. combined SVM, GLCM, and Grid Search
to achieve 100% accuracy in coffee bean detection[4].

This problem becomes critical when the chosen metric has a one sided mathematical nature,
such as recall. Since recall is defined as TP/(TP+FN)), its value can be trivially maximized by predicting
all samples as the positive class. GridSearchCV, which operates purely based on an objede
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function,[5], may find parameter combinations that exploit this definition resulting in a model that
appears optimal by metric but lacks genuine classification ability. Although previous studies have
shown that SVMs with RBF kernels perform well for water quality classification[6], [7], but none have
specifically examined how the choice of evaluation metric affects the tuning process. This study aims
to address that gap.

This study systematically analyzes how scoring metric variations accuracy, precision, and recall
affect the performance of an SVM RBF kernel model in water quality classification. The analysis was
conducted through 18 test configurations combining three scoring metrics, two data splitting ratios
(70/30 and 80/20)[8], and three random state values (0, 21, 42) as consistency controls[9]. The dataset
used is a combination of two public datasets from Kaggle with three main parameters: pH, conductivity,
and turbidity.

RESEARCH METHOD

Before setting up the experiment, previous related studies were reviewed to see where this
research stands compared to existing work. The table below shows some studies about water quality
classification and SVM with hyperparameter tuning.

Table 1. Comparison of Proposed Model Performance with Previous Studies
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Based on the comparison in Table 1, it can be seen that previous studies focused on algorithm
comparison and general model accuracy improvement. Several studies reported that SVM is not always
the best algorithm in some cases its performance is far below other algorithms such as Random Forest
and XGBoost. However, none of the reviewed studies explicitly analyzed the impact of scoring metric
selection in the hyperparameter tuning process on the resulting model behavior. This gap is what
differentiates and becomes the main contribution of this research, by proving that GridSearchCV-SVM
optimized using the right scoring metric can achieve accuracy up to 99.6%, while also revealing the
risk of model degeneration when the chosen scoring metric is asymmetric.

1. Dataset

This study uses two public water quality datasets that were downloaded from Kaggle. Both files
were combined into one dataset with 4,259 samples because they share the same parameter structure.
Out of all available parameters, this study only uses three main features: pH, conductivity, and
turbidity[13], [14] , which gives a balanced class distribution.

Class labeling was performed based on WHO standards[15] and Indonesian Ministry of Health
Regulation No. 32 of 2017[16]. Samples were labeled as class 1 (normal) if all three parameters met
the standards, and class 0 (contaminated) if any parameter exceeded the limit. The quality standards
used are shown in Table 2.

Table 2. Water Quality Parameter Standards

Parameters Unit Quality Standard
pH - 6,5 — 8,5 (WHO & Permenkes RI No. 32/2017)
Conductivity puS/cm <750 uS/cm (WHO & Permenkes RI No. 32/2017)
Turbidity NTU <5NTU (WHO)

The resulting class distribution is 51% normal class (2,172 samples) and 49% contaminated
class (2,087 samples), so the dataset is considered balanced and does not require any resampling
technique.".

2. Eksperiment Design

The experiment was set up with 6 scenarios that combine two data split ratios (70/30 and 80/20)
with three different random state values (0, 21, 42)[8],[9]. In each scenario, GridSearchCV was run
three times using different scoring metrics accuracy, precision, and recall so the effect of each scoring
metric could be compared under the same data conditions [17], [1]. Using three random states makes
sure that the results do not rely on just one specific data partition. The experimental design flowchart is
shown in Figure 1.
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Figure 1. Data Flow Diagram Eksperiment Design

The overall experimental design flow is shown in Figure 1. The dataset of 4,259 samples was
first split using Train Test Split with two ratio variations of 70/30 and 80/20. Each ratio was repeated
three times using different random states (42, 0, and 21)[8],[9]. producing six unique data partitions [1],
All partitions were then processed through GridSearchCV with three different scoring metrics, resulting
in 18 test configurations that can be directly compared. All scenario and scoring metric combinations
are summarized in Table 3.

Table 3. Experiment Scenarios

Scenario Split Random Scoring Metric Descripstion
Ratio State
1 70/30 42 Accuracy, Precision, Recall 3 configurations
2 70/30 0 Accuracy, Precision, Recall 3 configurations
3 70/30 21 Accuracy, Precision, Recall 3 configurations
4 80/20 42 Accuracy, Precision, Recall 3 configurations
5 80/20 0 Accuracy, Precision, Recall 3 configurations
6 80/20 21 Accuracy, Precision, Recall 3 configurations
total 18 test configurations

From Table 3, every scenario has its own unique combination of split ratio and random state,
and each one is tested with the same three scoring metrics accuracy, precision, and recall so we can
directly compare how each scoring metric affects the results under the same data conditions [18].

3. Data Preprocessing

Preprocessing was done in four steps in order as shown in Figure 2. The first step is merging
and cleaning the data: both datasets were combined, rows with missing values were deleted, and features
that were not needed were removed until only three main features were left (pH, conductivity,
turbidity)[19]. The second step is assigning class labels based on the rules in Table 2, using WHO
standards and Indonesian Ministry of Health Regulation No. 32 of 2017 [15], [16], and split into two
labels: normal and contaminated. The third stage is normalization using StandardScaler. Fitting was
performed only on the training data, while transformation was applied to both training and testing data
[20]. The fourth stage is the final output consisting of data ready to be used in the training process,
comprising 4,259 samples with 3 features, 2 class labels, and all values already normalized.
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Figure 2. Data Flow Diagram Preprocessing Data

4. Hyperparameter Tuning with GridSearchCV

The search for optimal parameters was conducted using GridSearchCV with 5-fold cross-
validation. The parameters tuned were C, gamma, and kernel with the following search space C {0.1;
I; 10; 100; 1000}, gamma {1; 0.1; 0.01; 0.001; 0.0001}, and kernel {rbf, poly, sigmoid}. This
combination produces 75 possible configurations tested for each scoring metric in every scenario.[2],
[1].

Each GridSearchCV process recorded two kinds of output. The first one is the best parameters
(best_params) which covers the values of C, gamma, kernel, and best cross-validation score. The second
one is the model performance on test data, which includes accuracy, precision, recall, F1-score, and
confusion matrix values (TN, FN, FP, TP) [5].

5. Model Evaluation

The model performance was evaluated using a confusion matrix that gives four basic values:
True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). From these four
values, the following metrics were calculated:

| _ (TP + TN) W
UraY ="TP+ TN + FP + FN
C
TP
Precision = ﬁ (2)
(TP)
Recall = ——— 3
ecat = TP+ FN) ®
recison X Reca
(Preci Recall)
F1 — Score =2 X 4)

(Precison + Recall)

In addition to these four metrics, analysis was also performed on the (best params) and (best
cross-validation score) from each scoring metric to understand the mechanism behind the observed
performance differences[18]. Performance comparisons between scenarios are also presented in the
form of grouped bar charts to facilitate visual interpretation[21].
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RESULTS AND DISCUSSION

1. Dataset

After merging the two datasets from Kaggle, a total of 4,259 valid samples were obtained after
removing rows with missing values. Table 4 presents seven representative sample examples along with
the value of each parameter and the assigned class label.

Table 4. Dataset Sample Examples

No. pH  Conductivity Turbidity (NTU) Parameter Label
(1S/cm) Excending Standar
1 7,23 432,5 3,1 - 1 (Normal)
2 5,81 1120,3 4,7 Conductivity > 750 0 (Contaminated)
3 8,12 398,0 2.4 - 1 (Normal)
4 6,90 485,2 16,6 Turbidity > 5 0 (Contaminated)
5 9,10 210,0 4.5 pH > 8,5 0 (Contaminated)
6 7,80 676,4 4,2 - 1 (Normal)
7 6,55 1240,0 12,0 Conductivity > 750, 0 (Contaminated)
Turbidity > 5

From Table 4, it can be seen that the labeling system is strict and consistent a single parameter
exceeding the standard limit is sufficient to classify a sample as contaminated. Sample number 2 is
contaminated because conductivity exceeds 750 uS/cm even though pH and turbidity are still within
normal limits. Sample number 4 is contaminated because turbidity exceeds 5 NTU, and sample number
5 is contaminated because pH 9.10 exceeds the upper limit of 8.5. Sample number 7 is even
contaminated because two parameters simultaneously exceed the standards..

The final class distribution obtained is 51% normal class (2,172 samples) and 49%
contaminated class (2,087 samples). This balanced distribution is an important finding because it has
direct implications for scoring metric selection on a balanced dataset, accuracy is already a
representative and unbiased metric toward either class. This condition also becomes an important
context for understanding why using recall as the sole scoring metric is actually counterproductive, as
will be discussed in the following subsection.

2. Eksperiment Design

Six experimental scenarios were successfully designed and executed according to the
combinations established in Table 3. Each scenario produced three models with different scoring
metrics, resulting in a total of 18 test configurations that can be directly compared.

Using three different random state values in each split ratio gave different data partitions that
affected model performance. From looking at all scenarios, random state does not always give better
performance in a straight line some configurations showed improvement in accuracy, precision, recall,
F1-score, and confusion matrix, but others actually showed a decrease. For example, with a 70/30 split
ratio, a random state transition from 42 to 0 or 21 produces dynamic results whose direction cannot be
fully predicted.

These findings confirm two important things. First, random state does affect model results
because it determines the composition of training and test data. Second, although random state triggers
variability in the output, it is not the sole determinant that dominates overall model performance the
main pattern produced by each scoring metric remains consistent across all scenarios without exception.
This proves that the research conclusions do not depend on a single data splitting condition, but are
objective and can be generalized [8], [9].
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3. Data Preprocessing

In the merging and cleaning step, both datasets from Kaggle were successfully combined and
rows with missing values were deleted. The result is a clean dataset with three main features pH,
conductivity, and turbidity that is ready for the next step.

In the labeling step, the classification rules were successfully applied consistently to all samples
without any ambiguity. This was possible because every parameter has a clear quality limit based on
WHO and Indonesian Ministry of Health Regulation No. 32 of 2017 [15], [16]. The final class
distribution is 51% normal class (2,172 samples) and 49% contaminated class (2,087 samples),
confirming that the dataset is balanced and does not need any resampling technique.

In the normalization step, StandardScaler successfully standardized the scale of all three
features which had very different value ranges. Fitting only on training data made sure there was no
data leakage, so the evaluation results on test data truly show how well the model generalizes to new
data it has never seen before.[22].

After all four preprocessing stages were completed, the final dataset was ready to be used for
the training process with a composition of 4,259 samples, 3 normalized features, and 2 balanced class
labels.

4. Hyperparameter Tuning With GridSearchCV

Tables 5, 6, and 7 present the optimal parameters best params and best cross-validation score
selected by GridSearchCV for each scoring metric across all 6 scenarios.

Table 5. Optimal Parameters (Scoring: Accuracy)

Sk. Split RS Best Score (CV) C Gamma Kernel
1 70/30 42 0,987 1000 0,1 bf
2 70/30 0 0,986 1000 1 rbf
3 70/30 21 0,987 1000 1 rbf
4 80/20 42 0,988 1000 0,1 bf
5 80/20 0 0,988 100 1 rbf
6 80/20 21 0,986 1000 0,1 rbf

From Table 5, GridSearchCV always picked the RBF kemel with high C values (100—-1000) in
all scenarios. The best cross-validation score was between 0.986—0.988, showing high optimization
stability. The fact that RBF kernel was always chosen shows that accuracy gives a clear and stable
optimization signal GridSearchCV managed to find a decision boundary that truly separates the two
classes.

Table 6. Optimal Parameters (Scoring: Precision)

Sk. Split RS Best Score (CV) C Gamma Kernel
1 70/30 42 0,986 100 1 rbf
2 70/30 0 0,990 1000 1 rbf
3 70/30 21 0,990 1000 0,1 rbf
4 80/20 42 0,990 1000 1 rbf
5 80/20 0 0,990 100 1 rbf
6 80/20 21 0,987 1000 0,1 rbf

The pattern in Table 6 looks very similar to accuracy scoring RBF kernel with high C values
(100-1000) was consistently chosen in all scenarios. The best cross-validation score was even a bit
higher than accuracy, ranging from 0.986—0.990. The similar pattern between accuracy and precision

110



Jurnal limiah Multitek Indonesia, Vol 20, No1, July 2026 ISSN : 1907-6223

scoring shows that on a balanced dataset, both metrics give the same optimization signal and both lead
the model to a valid solution..

Table 7. Optimal Parameters (Scoring: Recall)

Sk. Split RS Best Score (CV) C Gamma Kernel
1 70/30 42 1,000 0,1 0,01 poly
2 70/30 0 1,000 0,1 0,01 poly
3 70/30 21 1,000 0,1 0,01 poly
4 80/20 42 1,000 0,1 0,01 poly
5 80/20 0 1,000 0,1 0,01 poly
6 80/20 21 1,000 0,1 0,01 poly

Table 7 shows a completely different and suspicious pattern. Across all 6 scenarios without
exception, GridSearchCV always selected the polynomial kernel with C = 0.1 and gamma = 0.01, with
a best cross-validation score of 1.000 which appears perfect. This value of 1.000 should serve as a
warning signal in practice, a perfect cross-validation score actually indicates exploitation of the
objective function, not a truly optimal model. The combination of a very small C = 0.1 and gamma =
0.01 produces a model with excessive regularization that fails to build a meaningful decision boundary,
as will be confirmed in the test data evaluation results.

5. Model Evaluation
Table 8 presents the complete evaluation results of the test data for all 18 configurations.

Table 8. Model Performance Evaluation Results on Test Data

Sk.  Split RS Scoring Acc. Prec. Rec. F1 TN/FN/FP/TP

1 70/30 42 Accuracy 0,985 0,99 0,99 0,99 614/11/7/646
Precision 0,985 0,99 0,99 0,99 614/11/7/646

Recall 0,514 0,26 0,50 0,34 0/0/621/657
2 70/30 0 Accuracy 0,987 0,99 0,99 0,99 602/11/5/660
Precision 0,987 0,99 0,99 0,99 602/11/5/660

Recall 0,525 0,26 0,50 0,34 0/0/607/671
3 70/30 21 Accuracy 0,989 0,99 0,99 0,99 620/11/3/644
Precision 0,992 0,99 0,99 0,99 620/6/3/649

Recall 0,512 0,26 0,50 0,34 0/0/623/655

4  80/20 42 Accuracy 0,987 0,99 0,99 0,99 408/6/5/433
Precision 0,984 0,98 0,98 0,98 408/8/5/431

Recall 0,515 0,26 0,50 0,34 0/0/413/439

5  80/20 0 Accuracy 0,989 0,99 0,99 0,99 396/4/5/447
Precision 0,989 0,99 0,99 0,99 396/4/5/447

Recall 0,529 0,26 0,50 0,35 0/0/401/451

6  80/20 21 Accuracy 0,996 1,00 1,00 1,00 428/3/0/421
Precision 0,996 1,00 1,00 1,00 428/3/0/421

Recall 0,497 0,25 0,50 0,33 0/0/428/424
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Accuracy and precision scoring gave great and stable performance in all scenarios, with
accuracy between 0.985-0.996 and F1-score of 0.98—1.00. Changes in test size and random state did
not significantly affect this pattern, confirming that models using both scoring metrics are robust against
different data partitions. In contrast, recall scoring produced very poor performance across all scenarios:
accuracy of only around 0.50 (equivalent to random guessing), precision of 0.25-0.26, and F1-score of
0.33-0.35. The most critical evidence can be seen in the confusion matrix: the TN value is always 0
across all 6 scenarios. This means the model was unable to detect a single contaminated water sample
all samples were predicted as the normal class (class 1).

The consistently observed TN = 0 phenomenon is a direct consequence of GridSearchCV
mathematically exploiting the recall objective function. Recall is defined as TP/(TP+FN). The most
mathematically efficient way to maximize this value in cross-validation is to predict all samples as the
positive class thus FN = 0 and recall = 1.0. GridSearchCV found the parameter combination that
produces this behavior: C = 0.1 (excessive regularization), gamma = 0.01 (very small influence range),
and polynomial kernel which together produce a hyperplane that fails to separate the two classes.

A comparison of performance across scoring metrics for each scenario is presented in Figures
3-8 as grouped bar charts. Each chart displays four metrics (accuracy, precision, recall, and F1-score)
for the three scoring metrics within the same scenario, allowing performance differences to be
visualized intuitively.
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Figure 4. Comparison of Scoring Matrices (skenario 2) Figure 5. Comparison of Scoring Matrices (skenario 3)

In the group of scenarios with a 70/30 split ratio, a very consistent performance pattern was
observed across all three random state values (42, 0, and 21). Accuracy and precision scoring produced
excellent performance with accuracy ranging from 0.985-0.989 and Fl-score of 0.99 across all
scenarios. Both scoring metrics produced identical confusion matrix values in several scenarios,
confirming that both direct GridSearchCV toward the same solution. In contrast, recall scoring
consistently produced very poor performance with accuracy of only around 0.51-0.52 and F1-score of
0.34 far below the other two scoring metrics. The TN value that is always 0 in all three scenarios proves
that the recall-tuned model completely failed to detect contaminated water samples.
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Scenario 4 — Split 80/20, Random State = 42
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In the group of scenarios with an 80/20 split ratio, the same pattern repeated consistently.
Accuracy and precision scoring continued to produce high performance with accuracy of 0.984-0.996
and F1-score of 0.98—1.00. Scenario 6 even achieved a perfect accuracy of 0.996 with both precision
and recall at 1.00 the best result among all 18 configurations. Meanwhile, recall scoring again produced
model degeneration identical to the 70/30 group TN always 0 and accuracy of only around 0.50.

Overall, changing the split ratio from 70/30 to 80/20 did not change the main pattern produced
by each scoring metric. The differences observed were only in small performance value fluctuations
due to random state variations, not fundamental changes in model character. This proves that scoring
metric is the dominant factor determining model quality, far exceeding the influence of split ratio and
random state.

LIMITATION

This study has several limitations. First, only three water quality parameters were used (pH,
conductivity, and turbidity), which may not fully represent real-world water quality conditions. Second,
the scoring metrics tested were limited to accuracy, precision, and recall. F1-score was not directly
tested as a scoring metric in the tuning process. Third, this study only examined SVM with RBF kernel
and did not compare it with other machine learning algorithms. Future research is encouraged to address
these limitations.

CONCLUSION

This study proves that scoring metric selection in GridSearchCV directly determines the
character and reliability of the resulting model. SVM with RBF kernel using accuracy and precision
scoring achieved excellent performance across all 6 scenarios, with accuracy of 0.985-0.996 and F1-
score of 0.98—1.00. Variations in test size and random state produced dynamic performance fluctuations
but did not fundamentally change the main model pattern, confirming that scoring metric is the
dominant factor determining model quality.

In contrast, recall scoring caused systematic model degeneration across all scenarios, always
producing TN = 0 because GridSearchCV exploited the mathematical definition of recall by selecting
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a trivial classifier. This phenomenon occurred regardless of dataset balance, highlighting the risk of
using asymmetric metrics as the sole scoring criterion. Based on these findings, accuracy is
recommended for balanced datasets while precision serves as an equally reliable alternative. Recall
should be avoided as the sole scoring metric. Furthermore, F1-score is theoretically recommended as a
promising candidate for future research since it balances both precision and recall, making it
mathematically harder for GridSearchCV to exploit trivially.
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