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Abstract 

Marriage is an important moment in life that is influenced not only by emotional aspects, but also by socioeconomic factors. 

The socioeconomic status of the prospective groom can affect the harmony of the household that will be built. This study 

aims to classify the socioeconomic status of prospective grooms using the Modified K-Nearest Neighbor (MKNN) 

algorithm and evaluate its performance through accuracy, precision, and recall measurements. The dataset used consists of 

200 data points on prospective grooms obtained from the BKKBN (National Family Planning Agency) of Bondowoso 

District, with attributes including occupation, source of income, and income value. The classification process involves data 

pre-processing, Euclidean distance calculation, validation of training data, weighted voting, and K-fold Cross Validation. 

The test results showed that MKNN was able to provide good classification performance, with the highest accuracy of 

88%, precision of 91.60%, and recall of 88% in a specific K-Fold scenario. This study shows that the MKNN algorithm is 

effective in classifying the socioeconomic status of prospective grooms and can be used as a reference for further research. 
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1. Introduction 

Marriage is a social institution influenced not only by emotional factors but also by the socioeconomic conditions of 

each individual. One important factor often overlooked in the process leading up to marriage is the economic readiness 

of the prospective couple, particularly the prospective groom. Data from the Central Statistics Agency (BPS, 2024) 

shows that approximately 25% of divorce cases in Indonesia are caused by economic problems, highlighting the 

importance of financial stability in maintaining family harmony. Low socioeconomic conditions can directly affect 

family well-being, limiting access to education, reducing job opportunities, and lowering income levels. Therefore, 

mapping the socioeconomic status of prospective spouses can serve as a preventive measure to reduce potential domestic 

conflicts. Previous studies. have attempted to classify socioeconomic status using the Naïve Bayes algorithm with 

satisfactory results. However, to achieve more optimal classification performance, this study proposes the use of the 

Modified K-Nearest Neighbor (MKNN) algorithm. MKNN extends the standard K-Nearest Neighbor (KNN) method 

by incorporating training data validity and weighted voting, making it more adaptive to unbalanced data distributions. 

Similar approaches have been explored in various domains [1] demonstrated the effectiveness of MKNN in handling 

imbalanced public health datasets, [2] Springer Journal of Ambient Intelligence and Humanized Computing) showed 

the applicability of KNN-based methods in socioeconomic data analysis. In addition,[3] introduced MKNN as a robust 

alternative to KNN, improving accuracy through a combination of distance measurement and data validity assessment. 

Using job attributes, income sources, and income values from 200 prospective grooms in Bondowoso, this study 

evaluates the accuracy, precision, and recall of the MKNN algorithm. The results are then compared with those of the 

Naïve Bayes algorithm to determine which approach is more effective for socioeconomic classification. Novelty of the 

Study This research is the first to apply MKNN for classifying the socioeconomic status of prospective grooms using 

official BKKBN data from Bondowoso. Unlike previous studies, this work integrates both training data validity and 

weighted voting in a single framework to address class imbalance, while also conducting a direct performance 
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comparison with Naïve Bayes on the same dataset. This combination offers a new perspective on applying MKNN in 

the social domain and provides insights that can inform policymaking in family and social welfare planning. 

2. Literature Review 

2.1. Social economy 

Socioeconomic status reflects a person's position in society based on their occupation, education, and income. 

Differences in socioeconomic status influence individuals' perspectives and attitudes toward certain issues. Social factors 

such as occupation and education are closely related to income, while favorable economic conditions can improve social 

status. Thus, socioeconomic status reflects an individual's ability to meet their daily needs.[4]. 

 

2.2. Classification 

Classification is a technique for mapping unlabeled data into classes based on previously classified data [5]. The 

process involves three main stages: (1) designing a model using training data, (2) implementing the model to classify 

test data, and (3) evaluating the model to assess the accuracy and effectiveness of the classification results. This 

technique is important in data processing for pattern-based decision making. 

 

2.3. K-Neares Neighbor 

K-Nearest Neighbor (KNN) is a machine learning algorithm used to classify data based on the closest distance from 

a number of neighbors in the training data [6]. This algorithm identifies the K Nearest Neighbors of the test data using 

a distance metric, such as Euclidean Distance, to determine its class [7]. KNN can also be used for estimation and 

prediction in various data mining applications. 

 

2.4. Modified K-Neares Neighbor 

Modified K-Nearest Neighbor (MKNN) is an extension of the KNN algorithm that adds two main stages: validity 

calculation and weighting through the Weight Voting method [5]. MKNN determines the class of test data based on its 

proximity to validated training data, using distance methods such as Euclidean Distance or Cosine Similarity. The 

process begins by determining the value of K, calculating the distance between data points, validity, and Weighted 

Voting to determine the final classification [8]. This technique improves classification accuracy, especially when the 

data is imbalanced. 

 

2.5. Training Data Validity Value 

In the MKNN algorithm, each training data is validated against its nearest neighbors to obtain a validity value that is 

used in the classification process. This value becomes the basis for weighting when determining the test data class [5]. 

Validity (x) = 1 ∑𝐻 
 

𝑠 (𝑙𝑏𝑙)(𝑥), 𝑙𝑏𝑙 (𝑁𝑖(𝑥))        (1) 

 

With: 

Validity = Validity between training data 

H = Number of closest neighbors 

I = Best value is 1 

lbl (x) = Class x label 

lbl (Ni (x)) = Label the class closest to x 

𝐻  𝑖=1 

 
 
 
 

 
With:  

The S function is used to calculate the similarity between the test data and its nearest neighbor [9]. 

S (a, b) = 
1 𝑎 = 𝑏 

0 𝑎 ≠ 𝑏 

 

 
     (2) 

S = Similarity 

𝑎 = Class a in training data 

b = Class other than a in training data 
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2.6. Euclidean Distance Calculation 

Distance calculation in MKNN uses the Euclidean Distance formula between training data and test data. This method 

is used to determine the degree of similarity between data [10]. 

 

𝑖=1 
 
 
 
 
 
 
 
 

 

2.7. Weighted Voting 

In the MKNN method, the weight of each neighbor is calculated using formula 1/(de+0.5), where the Euclidean 

distance is. These weights are then multiplied by the validity value of each training data point. This process ensures that 

data points with closer distances and higher validity have a greater influence. This approach is effective for improving 

classification accuracy, especially in imbalanced data [8]. 

W (i) = Validity (i) × (
  1                

(4) 
𝑑𝑒+0.5 

With: 

W = Weight of test data with training data i 

i = Amount of training data 

validity = Validity of training data 

de = Training data distance 

 

2.8. K-Fold Cross Validation 

K-Fold Cross Validation is used to evaluate model performance by dividing the data into k equal parts [11]. Each 

iteration uses k–1 part as training data and one part as test data, performed alternately until all parts are used. For 

example, if the data is divided into D1, D2, and D3, each subset will take turns becoming the test data [12]. This approach 

makes the evaluation more balanced and accurate because all the data is utilized fairly in both training and testing. 

 

2.9. Confusion Matrix 

A Confusion Matrix is used to measure the accuracy of a classification model by presenting the number of correctly 

and incorrectly classified data in tabular form. This method is commonly used in data mining to evaluate model 

performance. Its components include True Positive, True Negative, False Positive, and False Negative, which help 

calculate metrics such as accuracy, precision, and recall [13]. 

 

Table 2.1 Confusion Matrix 
 

Confusion 

Matrix 

Prediction Class 

1 2 

Class 

Current 

1 TP FP 

2 FN TN 

Description: 

- True Positive (TP) is the number of positive data correctly classified by the system. 

- True Negative (TN) is the number of negative data correctly classified by the system. 

- False Positive (FP) is the number of positive data incorrectly classified. 

- False Negative (FN) is the number of negative data incorrectly classified by the system. 

Akurasi = 𝑇𝑃+𝑇𝑁 
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 

× 100%      (5) 

𝑖 
Presisi Weighted = ∑𝑛  (

𝑆  
× 

𝑇𝑃𝑖  )×100%      (6) 
𝑖=1  𝑆 

 

𝑇𝑃𝑖+𝐹𝑃𝑖 

 (𝑥𝑖, 𝑦𝑖) =√∑𝑛  (𝑥𝑖 − 𝑦𝑖)2        (3) 

With:  

d (x, y) 

 
= Euclidean distance between training data point x and test data point y 

 

xi = Training data sample  

yi 

n 

= Test data 

= Attribute dimensions 
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Recall Weighted =∑𝑛 (
𝑆𝑖 

× 
𝑇𝑃𝑖 

 

) ×100%       (7) 

𝑖=1  𝑆 𝑇𝑃𝑖+𝐹𝑃𝑖 

 

3. Method 

3.1. Research Stages 

 

 

 

 

 

 

Figure 3.1. Research Stages 

 

3.2. Literature Review 

A literature review was conducted to collect and analyze relevant references in order to understand previous research 

developments. The aim was to identify research gaps and find a theoretical basis to support the application of the 

Modified K-Nearest Neighbor algorithm in this study. 

 

3.3. Data Collection 

This study uses secondary data from Firdaus & Muharrom (2024) in Bondowoso Regency, consisting of 238 data 

points, with attributes of occupation, source of income, and income value. The analysis was conducted using the 

Modified K-Nearest Neighbor (MKNN) algorithm. 

 

3.4. Implementation of a Modified K-Nearest Neighbor Algorithm 

The following is a flowchart illustrating the Modified K-nearest Neighbor Algorithm flow that will be used for 

classification. 
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Figure 3.2. Implementation of a Modified K-Nearest Neighbor Algorithm 

 

3.4.1 Determine Data Train 

From a total of 238 data points, the researcher took 14 data points, namely from numbers 210 to 224, as examples 

for the calculations to be used. 

 

3.4.2 Calculating the Euclidean distance between training data 

Calculating the Euclidean distance between training data means determining the degree of similarity or difference 

between data points based on their attribute values. 

 

3.4.3 Calculating the validity of training data 

The validity of the training data is calculated using the S function, which has a value of 1 if the data class label and 

its neighbors are the same, and 0 if they are different, with K as the number of closest neighbors in the distance 

calculation. 

 

3.4.4 Calcuate Weight Voting 

Weight voting is a method of determining the final class by assigning weights to each neighbor, where the weight is 

calculated based on Euclidean distance and the validity value of the training data. Neighbors that are closer and more 

valid have a greater influence on the classification results. 

4. Results And Discussion 

4.1. Classification Results 

In this classification process, the Modified K-Nearest Neighbor (MKNN) algorithm is used. Next is the process of 

calculating the Modified K-Nearest Neighbor classification results. This classification is used to determine the accuracy, 

precision, and recall values. With K-Fold Cross Validation Fold 2, Fold 4, Fold 5, and Fold 8. Using the values K=6, 

K=7, K=8, K=9, and K=10. 
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Table 4. 1 Overall Results of Accuracy, Precision, and Recall Values in K Testing 

 

 
K-Fold        Nilai K  

  6   7   8   9   10   

 Akuras Presisi Recall Akurasi Presisi Recall Akurasi Presisi Recall Akurasi Presisi Recall Akurasi Presisi Recall  

 i                

2-fold 
scenario 1 

83.00% 77.95% 83.00% 82.00% 74.98% 82.00% 82.00% 74.98% 82.00% 83.00% 77.95% 83.00% 82.00% 74.98% 82.00%  

2-fold 75.00% 83.45% 75.00% 76.00% 84.89% 76.00% 74.00% 84.46% 74.00% 75.00% 85.93% 75.00% 76.00% 84.89% 76.00%  

scenario 2                 

4-fold 82.00% 70.29% 82.00% 82.00% 70.29% 82.00% 82.00% 70.29% 82.00% 82.00% 70.29% 82.00% 82.00% 70.29% 82.00%  

scenario 1                 

4-fold 84.00% 86.61% 84.00% 82.00% 77.33% 82.00% 82.00% 77.33% 82.00% 82.00% 77.33% 82.00% 82.00% 77.33% 82.00%  

scenario 2                 

4-fold 
scenario 3 

82.00% 83.06% 82.00% 80.00% 82.28% 80.00% 80.00% 82.28% 80.00% 80.00% 82.28% 80.00% 86.00% 83.65% 86.00%  

4-fold 

scenario 4 

70.00% 82.86% 70.00% 72.00% 83.24% 72.00% 82.00% 85.56% 82.00% 82.00% 85.56% 82.00% 82.00% 85.56% 82.00%  

5-fold 
scenario 1 

80.00% 67.69% 80.00% 80.00% 67.69% 80.00% 80.00% 67.69% 80.00% 80.00% 67.69% 80.00% 80.00% 67.69% 80.00%  

5-fold 80.00% 64.00% 80.00% 80.00% 64.00% 80.00% 80.00% 64.00% 80.00% 80.00% 64.00% 80.00% 80.00% 64.00% 80.00%  

scenario 2                 

5-fold 82.50% 87.40% 82.50% 82.50% 87.40% 82.50% 85.00% 88.04% 85.00% 82.50% 87.40% 82.50% 85.00% 88.04% 85.00%  

scenario 3                 

5-fold 85.00% 83.57% 85.00% 82.50% 78.22% 82.50% 82.50% 68.06% 82.50% 82.50% 68.06% 82.50% 82.50% 68.06% 82.50%  

scenario 4                 

5-fold 
scenario 5 

77.50% 83.25% 77.50% 80.00% 83.73% 80.00% 80.00% 83.73% 80.00% 80.00% 83.73% 80.00% 80.00% 83.73% 80.00%  

8-fold 

scenario 1 

80.00% 64.00% 80.00% 84.00% 86.67% 84.00% 80.00% 64.00% 80.00% 80.00% 64.00% 80.00% 80.00% 64.00% 80.00%  

8-fold 
scenario 2 

84.00% 77.00% 84.00% 84.00% 77.00% 84.00% 84.00% 77.00% 84.00% 84.00% 77.00% 84.00% 84.00% 77.00% 84.00%  

8-fold 76.00% 57.76% 76.00% 76.00% 57.76% 76.00% 76.00% 57.76% 76.00% 76.00% 57.76% 76.00% 76.00% 57.76% 76.00%  

scenario 3                 

8-fold 84.00% 84.00% 84.00% 80.00% 76.52% 80.00% 80.00% 76.52% 80.00% 80.00% 76.52% 80.00% 80.00% 76.52% 80.00%  

scenario 4                 

8-fold 
scenario 5 

68.00% 86.17% 68.00% 72.00% 91.60% 72.00% 72.00% 85.82% 72.00% 68.00% 85.17% 68.00% 72.00% 85.82% 72.00% 

8-fold 
scenario 6 

88.00% 89.50% 88.00% 88.00% 89.50% 88.00% 88.00% 89.50% 88.00% 88.00% 89.50% 88.00% 88.00% 89.50% 88.00% 

8-fold 80.00% 82.00% 80.00% 80.00% 82.00% 80.00% 84.00% 84.00% 84.00% 84.00% 84.00% 84.00% 84.00% 84.00% 84.00% 

scenario 7                

 

 

 

4.1.1 Overall Results of Accuracy, Precision, and Recall Values in K Testing 

Accuracy is the ratio of correct predictions to all data. The best results were achieved in scenario 6 for all K 

values (6–10) with an accuracy of 88%. Precision, which is the ratio of correct positive predictions to all positive 

predictions, is highest at K=7 in scenario 5 at 91.60%. Recall, which is the ability to detect all positive data, is highest 

in scenario 6 for all K values (6–10) at 88%. 

 
Table 4.2 Test Results for K=6 to K=10 

 

Value K Akurasi Presisi Recall 

6 88.00% 89.50% 88.00% 

7 88.00% 91.60% 88.00% 

8 88.00% 89.62% 88.00% 

9 88.00% 89.62% 88.00% 

10 88.00% 89.62% 88.00% 

8-fold 
scenario 8 

80.00% 89.00% 80.00% 84.00% 89.62% 84.00% 84.00% 89.62% 84.00% 84.00% 89.62% 84.00% 84.00% 89.62% 84.00% 
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Figure 4.1 Classification Results 

Based on the table of Accuracy, Precision, and Recall results for the socioeconomic status dataset of prospective 

grooms using the Modified K-Nearest Neighbor algorithm with K-Fold Cross Validation. By using various K values, 

namely K=6, K=7, K=8, K=9, and K=10, the search was able to produce an Accuracy percentage of 88%, Precision of 

91.60%, and recall of 88%. In the experiment with K=7, the system used the classification results from the Confusion 

Matrix to achieve the highest values. 

5. Conclusion 

This study aims to classify the socioeconomic status of prospective grooms using the Modified K-Nearest Neighbor 

(MKNN) algorithm and compare its performance with the Naive Bayes Classifier algorithm. The test results show that 

the MKNN algorithm is capable of providing fairly good classification results, with the highest accuracy of 88% at K=6 

in scenario 6. The highest precision was achieved at 91.60% at K=7 in scenario 5, while the highest recall reached 88% 

in the same scenario with the highest accuracy, namely K=6 in scenario 6. 

 

When compared to the results of a previous study by Tito Alif Firdaus (2024) using the Naive Bayes Classifier 

algorithm, the accuracy was 82%, precision was 86%, and recall was 100%. This shows that the MKNN algorithm has 

advantages in accuracy and precision, while Naive Bayes is superior in recall. Thus, the MKNN algorithm is considered 

more balanced and adaptive to variations in the socioeconomic data of prospective male brides, making it a good 

alternative for classifying data with similar characteristics. 
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