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Abstract. Male fertility plays an important role in reproductive capability and global population dynamics. Male
infertility can be caused by lifestyle, health conditions, and sperm quality. This research develops a male fertility
classification model with an optimized K-Nearest Neighbor (KNN) algorithm using Information Gain feature
selection and hyperparameter tuning with GridSearchCV. The main problems encountered are low accuracy in
prediction and high computational complexity due to many irrelevant features. To overcome this, feature selection
and hyperparameter optimization methods were used. The dataset used in this research comes from the UCI Machine
Learning Repository, consisting of 100 data with 10 attributes. The KNN algorithm was chosen for its simplicity and
ability to classify data with multiple classes and uneven distribution. However, its accuracy is highly dependent on
the proper selection of features and parameters. The Information Gain method is used for selection of significant
features against the target variable, reducing model complexity and computation time. Hyperparameter tuning is
performed using GridSearchCV to find the best combination of parameters. The results showed that the application of
Information Gain and GridSearchCV successfully improved the classification accuracy of KNN. The final model
achieved 94% accuracy, better than the previous conventional method which only reached 84%. This increase in
accuracy shows that KNN optimization with this approach is effective in improving male fertility classification
performance. This research is expected to contribute to the development of male fertility diagnostic technology and
the implementation of more accurate prediction models in clinical practice.

Purpose: The proposed model is a development based on previous research that focuses on developing the K-Nearest
Neighbor algorithm with a model accuracy of 84%. this study uses feature selection techniques and hyperparameter
tuning in the K-Nearest Neighbor (KNN) algorithm to improve the accuracy of the male fertility classification model.
Methods/Study design/approach: To improve the curation of the male fertility classification model and to optimize
the model from previous research, this study uses the feature selection technique and hyperparameter tuning
technique. For this technique, 2 types of optimization are carried out, namely feature selection using Information
Gain and GridSearchCV hyperparameter tuning to get the best parameter combination for the proposed model. The
fertility dataset has also been used in previous studies, used in this study.

Result/Findings: The proposed model obtained a high accuracy of 94%, which surpassed the model in the previous
study which had an accuracy of 85% for the classification of fertility levels in men.

Novelty/Originality/Value: The novelty in this research is the addition of hyperparameter tuning techniques to
optimize and obtain optimal parameters in the fertility classification model. This research also aims to improve and
increase the accuracy of the previous model.
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INTRODUCTION

Human fertility one of important role in the lives of individuals and societies, both in social and
demographic contexts. Fertility, which refers to the ability of an individual or couple to have children, is
highly significant in modern society. Rapid population growth in recent decades has given rise to a variety
of challenges related to fertility in social, economic and health terms [1]. Understanding fertility
dynamics is important to address these issues. Factors such as age, health conditions and lifestyle have a
major influence on fertility [2].

Infertility, which is the inability of an individual or couple to conceive after 12 months of sexual
intercourse without contraception, is estimated to affect a small number of couples of childbearing age
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worldwide. In men, infertility accounts for about 40-50% of all infertility cases. Research shows that
common causes of male infertility are problems with hormones and the quality of sperm produced [3].
Male fertility screening includes a complete medical history and clinical evaluation as per the World
Health Organization (WHO) guidelines. These steps include sperm analysis, hormone examination,
microbiology, ultrasonography, and testicular biopsy to assess the reproductive organs [4].

As male infertility cases increase, various studies have been conducted to find more effective solutions.
One approach that is starting to be widely used is the application of machine learning to classify fertility
levels. Machine learning has the ability to identify patterns in complex data, which is often difficult for
humans to recognize. The K-Nearest Neighbor (KNN) algorithm is one method that is popular due to its
simplicity and ability to handle varied data. KNN is very suitable for data classification, especially when
the number of classes is quite large [5]. Other research shows that KNN can produce high accuracy, such
as in breast cancer detection with 97% accuracy [6].

However, KNN also has shortcomings, especially in terms of accuracy when the data contains irrelevant
features or parameters that have not been optimized. Therefore, this study aims to improve fertility
classification accuracy by using feature selection and hyperparameter optimization methods. Feature
selection is performed using the Information Gain method to identify the most informative features
related to the target variable. This can reduce model complexity and computation time by focusing only
on relevant features [7]. On the other hand, hyperparameter optimization is performed using
GridSearchCV, which automatically adjusts parameters to achieve the best performance of the KNN
algorithm [8].

Some studies have also shown that a combination of KNN and other optimization methods can improve
results. For example, in a study that used a genetic algorithm to optimize the K parameter in KNN, the
classification accuracy improved significantly on several medical datasets, with the highest result
reaching 94.15% [8]. In the context of infertility, another study showed that the KNN algorithm combined
with Random Forest (RF) was able to produce better classification than traditional methods such as
Borderline-SMOTE and k-means-SMOTE, with accuracy reaching 87% [9].

In addition, other research on male fertility prediction using Classification and Regression Trees (CART)
algorithm has also been conducted. This study shows that CART can be used to classify fertility with 81%
accuracy, and the results can be applied to Android-based mobile applications for ease of use [7]. Further
studies show that the combination of KNN with optimization techniques, such as XGBoost, can also
improve prediction accuracy on various datasets, especially for cancer diseases [10].

Overall, this study concluded that applying optimization methods such as Information Gain and
GridSearchCV to the KNN algorithm can improve the accuracy of male fertility prediction. In addition,
this approach can also reduce model complexity, speed up the computational process, and provide more
reliable results to be applied in a clinical context. This research is expected to make a significant
contribution in fertility diagnostics and offer more accurate prediction tools to support future medical
decisions.

METHODS

This research involves calculation and manipulation to develop a program to classify male fertility using
K-Nearest Neighbor (KNN) with optimization techniques involving information gain for feature selection
and GridSearchCV for hyperparameter tuning. This research follows certain stages, start from data
collection, preprocessing using label encoder and SMOTE for overcoming unbalance data, feature
selection, model training, hyperparameter optimization, and model evaluation. Each stage is designed to
improve the accuracy and efficiency of the KNN model. To find out more the stage of this research will
be displayed of a flowchart as in Figure 1.

Preprocessing data

| Label encoder | | Imbalance data |

Data testing Data training
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Figure 1. Research flowchart

Dataset
The data used in this research is collection from collected from volunteers provide a semen sample. Some
of the features from dataset are in Table 1.

Table 1. Fertility dataset features

Features Description
Season Numeric value representing the season when the data was collected, with a range of values from
-1to 1.
Age Age of the individual, ranging between 0 and 1.
childish_disease Binary value indicating whether the individual had childhood diseases, 1 for "yes", 0 for "no".
Binary value indicating whether the individual has experienced any serious trauma, 1 for "yes",
Trauma 0 for "no".

Binary value representing whether the individual had undergone any surgical intervention, 1 for

surgical_intervention
- ”yes”, 0 for "no".

Fevers Binary value indicating whether the individual had a high fever in the past year.
Alcoholic Normalized value representing the frequency of alcohol consumption, ranging from 0 to 1.
. Categorical value representing the individual's smoking habit, 1 for regular smoker, 0 for
Smoking .
non-smoker, -1 for occasional smoker.
Sitting Normalized value indicating the number of hours the individual spends sitting per day.
Output The target variable indicating fertility status, with "N" representing "Normal" and "O"

representing "Altered" fertility.

The dataset used in this research was sourced from the UCI Machine Learning Repository, specifically the
"fertility" dataset, which consists of 100 samples and 10 attributes. These attributes include factors related
to lifestyle and health that are relevant to male fertility. The use of this publicly available dataset ensures
reproducibility and comparability with other studies.

Preprocessing

Preprocessing are very important in this research and includes several processes, such as label encoder,
and data balancing using SMOTE. This data balancing and label encoder aims to overcome bias. By using
oversampling techniques on a dataset containing 100 data consisting of 88 normal class data and 12
altered data. This resulted in an indication of imbalance in the class, especially in the altered value which
became the minority value. After using SMOTE, the resulting data from 100 data becomes 176 data, and
by using a label encoder to convert the values into numeric formats 0 and 1. For example, the value 'N' is
converted to 0 and the value 'O' is converted to 1. The use of this label encoder aims to ensure that the
calculations in the KNN algorithm can run smoothly without being disturbed by non-numeric values. The
result of this label encoding process has a value, where for the N' and 'O' values are successfully
converted into 0 and 1. By making this change, the model becomes simpler and more efficient.

K-value

Finding the optimal K value is a crucial step to ensure the KNN model do able to produce accurate
predictions. This process usually involves trying different values of K and evaluating the model's
performance for each value using appropriate evaluation metrics, such as accuracy, precision, recall, or
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F1-score. Thus, choosing the right K helps achieve balance, so that the model can generalize well to new
data [11]. If the value of K too small, the model can become too sensitive to noise in the data, which can
lead to overfitting. Conversely, if the K value is too large, the model may become too generalized and fail
to capture important patterns in the data, which can lead to underfitting.

K-Nearest Neighbor

K-Nearest Neighbor or (KNN) identify as one of the methods used to classify objects based on the nearest
training sample in the problem space [12]. The training data is projected into a dimensional space where
each dimension describes a property of the data. KNN uses a control-based algorithm. The goal of the
KNN algorithm is to classify new objects based on attributes and training data. The new test sample
results are classified in the most KNN categories. In the classification process, this algorithm does not use
a model that must be adapted and only relies on memory, in the classification process the K value is
required to ensure that there are no draws in the nearest neighbor search. The KNN algorithm uses the
nearest neighbor classification as the predicted value of the new test sample [13]. The Euclidean distance
is used to determine the distance between 2 points, the formula that can be used to find the euclidean
distance can use the Formula 1.

P
Euclidean distance = Y
g=

(a,b) (xag - xbg)z (1)

1

Feature selection with Information Gain

Information gain are most commonly used feature selection technique. It is a filter-based feature selection
technique [14]. Information gain uses simple feature classification and noise removal, then identifies the
features that have the most important information about a particular class. The best feature is determined
by calculating the entropy of the feature [15], to find entropy can be calculated using Formula 2.

Entropy (S) = ZC: — PiPi) (2)
i=1

After getting the entropy value, the information gain value can be calculated using Formula 3 [16].

s
Gain (S, A) = Entropy (s) — % Entropy (Si) 3)

n
i=1

Hyperparameter tuning GridSearchCV

Hyperparameter one of the process of finding and selecting the optimal combination of hyperparameter
values for a machine learning model or algorithm [17]. Hyperparameter values should be determined
before starting training and set manually or through auto-tuning. If a model has to consider multiple
parameters, it can be difficult to select good parameters. Therefore, hyperparameter tuning techniques are
used to optimize model performance by finding the best combination of parameters for the data [18]. To
get the number of combinations in GridSearchCV can use Formula 4.

n

Number of combinations = [] Number of valuesin — i 4
i=1

Confusion matrix

Confusion matrix are method of calculating accuracy in the performance of a classification method. This
matrix contains information that compares the classification results of the method with the actual
classification. This confusion matrix contains four main terms, namely: True Positive (TP), True Negative
(TN), False Positive (FP), and False Negative (FN) [19]. This confusion matrix provides a clear picture to
display results related to predictions made in text or data mining. Therefore, using this technique can help
to provide information about the model used whether it is accurate or not. For more details about the main
terms in the confusion matrix can be seen from Table 2 below.
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Table 2. Confusion Matrix Table

Prediction
Actual
True False
True True Positive (TP) True Negative (TN)
False False Positive (FP) False Negative (FN)

In the process of calculating model performance evaluation, it can be done by using a classification report
that produces results such as accuracy, precision, recall, and f1-score. The classification report results can
be calculated using the Formula 5 until 8.

RESULT AND DISCUSSION

This research uses the K-Nearest Neighbor algorithm which is used to classify male fertility data, where
K-Nearest Neighbor was chosen because it has several advantages where KNN is able to handle
multi-class data, and is adaptable to take into account the data. Although it is simple and uses an
instant-based approach, it is very sensitive to noise in the dataset. After the process, Information Gain is
used to perform feature selection to evaluate the most informative features in relation to the class label.
Feature selection using Information Gain can also increase the accuracy of the KNN algorithm, reduce the
likelihood of overfitting, and overcome feature immaturity and improve model performance by removing
less informative features. After Information Gain is added to increase the accuracy and address the
features and improve the model performance, then to increase the accuracy in the model, GridSearch CV
is used because the most informative features with Information Gain, GridSearchCV can be used to find
the optimal KNN parameter combination, and reduce the risk of overfitting that may occur when using
non-optimal parameters.

Label encoder

The data contained in the information provided has different information than desired. The existence of
different data so that the KNN algorithm cannot run properly. In the output column there are values with
N and O values as shown in Figure 2.

output output
M 4]
O 1
M 0
B o

O 1

Before After

Figure 2. Before and after encoder

In Figure 2, it can be seen that the values in the data are not as desired, so it is necessary to use a label
encoder to convert these values into numeric formats 0 and 1. For example, the value of 'N' is converted
to 0 and the value of 'O' is converted to 1. The use of this label encoder aims to ensure that the
calculations in the KNN algorithm can run smoothly without being disturbed by non-numeric values. The
result of this label encoding process has a value, where for the 'N' and 'O' values are successfully changed
to 0 and 1. By making this change, the model becomes simpler and more efficient, making it easier to
implement and produce more optimal performance.

SMOTE

Prior to processing, the dataset used had the disadvantage of a significant amount of difference between
the classes in the dataset. This imbalance must be corrected in order for the classification model to
function optimally and produce more precise predictions [20]. Some approaches that can be used to
address this issue include oversampling underrepresented classes, undersampling more dominant classes,
or a combination of both [21]. In addition, techniques such as SMOTE or adjusting the weights in the
classification model can also be applied to overcome the imbalance, the different classes in the dataset
can be seen in the Figure 3.
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Figure 3. Class size comparison

With the existence of class imbalance by using oversampling where the dataset containing 100 data
consists of 88 normal class data and 12 altered data. This resulted in an indication of imbalance in the
class, especially in the altered value which became the minority value. After using SMOTE, the resulting
data from 100 data becomes 176 data or 50% for normal class and 50% for altered class as shown in
Figure 4.

80+

60

count

40 -

204

output

Figure 4. SMOTE result

Splitting data

In data processing, data splitting is the process of dividing data into two parts, namely training data or
training data, and testing data or test data. A ratio of 80:20 is the most accurate. In this research, the
method of data division, as shown in Table 3.

Table 3. Data splitting result

Category Total data
Data Training 141
Data Testing 35

Based on Table 3, from a total of 176 research data, 141 data are used for training data, while the rest of
the training data, namely 35 data, will be included in the testing data.

Feature scaling

Implementation using MinMax Scaler feature scaling is used to ensure that each feature has a uniform
scale so that no single feature dominates the calculation of the distance between KNN algorithm data. In
this feature scaling stage, all feature values will be changed in such a way that the same range is between
0 and 1. This is done so that the distance between data can be calculated more consistently, thus
increasing the efficiency of the model, especially for algorithms such as KNN that are sensitive to feature
scaling. The results of feature scaling can be seen in Table 4.

Table 4. Datasets that have been minmax scaled

No Season Age Childish_disease e Smoking Sitting
1 0.000000 0.220000 1.0 e 0.0 0.340426
2 0.129639 0.425136 0.0 0.5 0.286944
3 0.000000 0.220000 1.0 0.5 0.468085
4 1.000.000 0.520126 0.0 0.5 0.363563
5 0.000000 0.160000 1.0 1.0 0.468085
96 0.000000 0.560000 1.0 0.0 0.202128
97  0.335000 0.720000 1.0 0.0 0.202128
98 0972165 0.362603 0.0 0.5 0.459625
99  0.335000 0.380000 1.0 0.0 0.734043
100 1.000.000 0.378815 1.0 0.0 0.206224

K-Value search result

Recursive Journal of Informatics, Vol. 4, No. 1, March 2026 | 26



In the K-value search that has been carried out using KNN, the most optimal k-value is produced at the
K=2 value with the minimum error rate of 0.0556. In the K-value search process, various k-values from 1
until 20 are also performed, and the error rate is calculated based on the average wrong prediction on the
test data [22]. The following Table 5 shows the value of each experiment on the value of K.

Table 5. K-Value test result

K Error Rate
1 0.1111
2 0.0556
3 0.1111
4 0.0833
5 0.0833
6 0.0833
7 0.1111
8 0.1111
9 0.1111
10 0.1111
11 0.1111
12 0.1111
K Error Rate
13 0.1111
14 0.1111
15 0.1111
16 0.1111
17 0.1111
18 0.1111

19 0.1111

From Table 5, it can be seen that K = 2 produces the lowest error rate, so it was chosen as the optimal
K-value.

K-Nearest Neighbor algorithm classification

The data is carried out at the data preprocessing stage. In addition, the parameters used at this stage use
the parameters that have been provided. K-Nearest Neighbor parameters can be seen in Table 6.

Table 6. Default parameter k-nearest neighbor

Parameters Default value Description
n_neighbors 5 integer
weights ‘uniform' string
algorithm 'auto’ string
leaf size 30 integer
p 2 integer
metric 'minkowski' string
n jobs 1 integer

The results of evaluating the performance of the model with the confusion matrix obtained from the
K-Nearest Neighbor classification using the parameters in Table 4, can be seen in Table 7.

Table 7. confusion matrix k-nearest neighbor

Predicted
Actual — -
Positive Negative
Positive 19 4
Negative 0 13

Classification of fertility levels in adult men using the K-Nearest Neighbor algorithm gets an accuracy
value of 89%. With these results it can be proven that K-Nearest Neighbor has good performance in
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classifying fertility levels in adult men but at this level the value of K-Nearest Neighbor can be increased
again by adding selection features that can increase the performance of a more efficient model.

Feature selection using Information Gain

The use of the best parameters selected using feature selection Information Gain. Information Gain itself
is a method used to get the most informative features or those that contribute most to predicting fertility
rates in adult men, and the resulting value of the most informative features can be seen in Table 8.

Table 8. Most informative feature results from Information Gain

Features Information_Gain Value
Age 0317777
Sitting 0.288187
Alcoholic 0.247332
Season 0.119793
Trauma 0.107581
Fevers 0.052042
Surgical intervention 0.050532
Childish_disease 0.021808
Smoking 0.006661

Information Gain measures how much information a feature provides to the prediction of the class or
target variable in the dataset. The test results of the K-Nearest Neighbor method using the best parameters
of the best Informtaion Gain feature selection can be seen in Table 9.

Table 9. Confusion matrix with the best parameter information gain

Actual _ Predicted :
Positive Negative
Positive 22 1
Negative 2 11

Classification using the KNN algorithm by finding the best parameter using Information Gain produces
an accuracy value of 92%. With increasing results, it can be proven that the K-Nearest Neighbor
algorithm with the best parameter choice using information gain provides excellent results for
classification.

Hyperparameter tuning GridSearchCV
After determining the best features using Information Gain, the next step is to perform testing using the
most optimized parameters. To achieve this, GridSearchCV is applied as a hyperparameter tuning method
in the K-Nearest Neighbor algorithm. For the process of finding the best combination for Hyperparameter
tuning GridSearchCV can automatically find the best and optimal combination. The process to find the
best combination can be seen in Table 10.

Table 10. The process of finding the best parameters

No___ n_neighbors Weights P Accuracy
1 3 ‘uniform' 1 0.85
2 3 'uniform' 2 0.80
3 3 'distance' 1 0.86
4 3 'distance' 2 0.86
5 5 'uniform' 1 0.81
6 5 ‘uniform' 2 0.79
7 5 'distance’' 1 0.86
8 5 'distance’ 2 0.84
9 7 ‘uniform' 1 0.83

10 7 ‘uniform' 2 0.81
11 7 'distance’' 1 0.86
12 7 'distance’ 2 0.83

After finding the best parameters using Hyperparameter tuning GridSearchCV which has gone through 12
experiments using cross validation 5 produces the best parameters for the K-Nearest Neighbor model. The
best parameter values generated by Hyperparameter tuning GridSearchCV can be seen in Table 11.
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Table 11. GridSearchCV result

Parameter Value
n_neighbors 7
weights 'distance’
D 1

After the best parameter results are generated by Hyperparameter tuning GridSearchCV, then the results
of the best model will be tested using the confusion matrix, the results of testing using the best parameters
can be seen in Table 12.

Table 12. Confusion matrix GridSearchCV

Actual _ Predicted :
Positive Negative
Positive 23 0
Negative 2 11

With the results of these calculations, the KNN algorithm with the best parameter Information Gain and
the best parameter from GridSearchCV produces an accuracy value of 94%. With these results, it can be
proven that the optimization performed by GridSearchCV hyperparameter tuning is very effective in
improving the performance of the KNN model. This result shows that this method is able to find the
optimal combination of parameters, which is significant in improving the accuracy of the model.

CONCLUSION

This study successfully enhanced the K-Nearest Neighbor (KNN) algorithm for male fertility
classification by utilizing Information Gain for feature selection and GridSearchCV for hyperparameter
tuning, resulting in a significant accuracy increase to 94% from the previous 84%. The findings confirm
that these optimization techniques effectively address issues related to computational complexity and
irrelevant features, leading to a more accurate and efficient model. The optimized KNN model
demonstrates strong potential for clinical applications, providing a reliable tool for predicting male
fertility. Future research could expand on this work by applying the model to larger, more diverse datasets
or by comparing its performance with other advanced machine learning algorithms, laying a solid
foundation for further advancements in fertility diagnostics and related healthcare applications.
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