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Abstract: Stunting is a major nutritional issue in Indonesia that significantly impacts children's physical growth, 

cognitive development, and future quality of life. Childhood stunting can be identified using nutritional status 

indicators—such as weight-for-age (W/A), height-for-age (H/A), and weight-for-height (W/H)—specifically by 

observing a Z-score below -2 for the H/A indicator. The growing volume of anthropometric data on children under 

five necessitates a rapid and objective method for identifying stunting status. This study aims to classify children's 

stunting status using the K-Nearest Neighbor (KNN) algorithm based on growth data from children under five 

in East Lombok Regency, West Nusa Tenggara. The dataset comprises records for 3,416 children, including 

information on gender, age, weight-for-age (W/A), weight-for-height (W/H), and height-for-age (H/A). Data 

preprocessing involved removing duplicates, handling missing values, transforming categorical data, and 

applying Min-Max normalization. The data was split into 70% training data and 30% testing data, with the 

KNN algorithm applied using k = 5. Model evaluation was conducted using a confusion matrix. The results 

demonstrate that the KNN model achieved an accuracy rate of 83.15%, indicating a strong capability to classify 

stunting status based on the children's anthropometric characteristics. These findings confirm that the KNN 

algorithm can serve as a tool for healthcare professionals to identify stunting more rapidly, objectively, and 

efficiently, thereby supporting early prevention and management efforts. 
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1. INTRODUCTION 

This study on stunting in East Lombok 

Regency is particularly relevant given the 

importance of integrating local wisdom and 

regional management to support the well-

being of communities in West Nusa 

Tenggara, as exemplified by the traditional 

values of the awig-awig, which remain 

deeply rooted in North Lombok [1]. Stunting 

is a chronic nutritional issue that remains a 

concern in Indonesia due to its impact on 

physical growth, cognitive development, 

and the future quality of human resources. 

This condition is characterized by a child's 

height falling below the standard for their 

age because of prolonged malnutrition. The 

effects of stunting are not limited to 

childhood; they can also influence 

productivity and learning ability, as well as 

increase the risk of various diseases in 

adulthood. Consequently, efforts to prevent 

and address stunting have become a priority 

in Indonesia's health development. 

Indonesia can leverage its demographic 

bonus to cultivate high-quality human 

resources. However, the high prevalence of 

stunting remains a challenge, driven by 

various factors such as socioeconomic 

conditions, parental education levels, 

parenting practices, nutritional intake, 

environmental sanitation, and access to 

healthcare services. These factors are 

interconnected; therefore, addressing 

stunting requires an integrated approach 

involving multiple sectors [2].  

Monitoring the growth of children under 

five is a crucial step in the early detection of 

growth disorders. Integrated Health Posts 

(Posyandu) and Community Health Centers 

(Puskesmas) serve as healthcare facilities 

that record anthropometric data—such as 

age, weight, and height—for these children. 

However, the process of recording and 

managing this data at some Posyandu 

locations is still performed manually; this is 

time-consuming, prone to recording errors, 

and complicates the task of compiling child 

development reports for the staff. 

Advancements in information 

technology have driven the use of data 

mining and machine learning in the 

healthcare sector, including in the 

classification of nutritional status and 

stunting among children under five. 

Through computerized data processing, the 

identification of children at risk of stunting 

can be performed more rapidly, objectively, 

and accurately, thereby supporting decision-

making regarding early interventions [3]. 

The use of data mining techniques such 

as K-Nearest Neighbor, Random Forest, 

Feature Selection, Decision Tree, Multiple 

Linear Regression [4][5][6][7][8] for 

classifying nutritional status is in line with 

advances in computational methods in 

Indonesia, including the development of the 

Weighted Collective Influence Graph 

(WCIG) method, which is used to identify 

influential actors in social media data [9]. 

One classification algorithm widely applied 

in health research is K-Nearest Neighbors 

(KNN). This algorithm operates by 

determining the class of a data point based 

on its proximity to a set of training data 

using Euclidean distance calculations. KNN 

involves a simple process, is easy to 

implement, and can deliver good 

classification performance in various studies 

concerning the nutritional status and 

stunting of children under five [10]. 

The study titled "Classification of 

Stunting Status in Toddlers in Slangit Village 

Using the K-Nearest Neighbor Method" 

demonstrates that the KNN algorithm can 

classify stunting status based on toddler 

anthropometric data with an accuracy rate of 

98.89%. These results indicate that KNN can 

be utilized as an effective method to assist in 

the process of identifying stunting status in 
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toddlers [11]. 

Furthermore, the study "Classification of 

Stunting Status in Toddlers Using K-Nearest 

Neighbor with Backward Elimination 

Feature Selection" demonstrates that the 

application of feature selection improves the 

performance of the KNN algorithm, 

achieving an accuracy rate of 92.20%. These 

results indicate that the selection of 

appropriate attributes can enhance the 

quality of classification outcomes [12]. 

Based on various previous studies, the K-

Nearest Neighbor algorithm demonstrates a 

strong capability for classifying the 

nutritional status and stunting of toddlers. 

However, each study yields a different level 

of accuracy, as the results are influenced by 

the data volume, dataset characteristics, 

attributes employed, and the applied K-

parameter value [13]. 

Based on the foregoing, this study aims 

to apply the K-Nearest Neighbor (KNN) 

algorithm to classify the stunting status of 

children under five using anthropometric 

data, thereby assisting healthcare workers in 

conducting early identification more 

quickly, objectively, and accurately. 

2. METHODOLOGY 

This study employs a data mining 

approach using the K-Nearest Neighbor 

(KNN) algorithm to classify stunting status 

in toddlers. The KNN algorithm was 

selected due to its ability to classify new data 

based on proximity to training data—

specifically, the nearest neighbors with 

known class labels. The classification process 

utilizes anthropometric data from toddlers, 

including the Height-for-Age (HAZ) 

indicator, which serves as the basis for 

determining stunting status [14]. 

The data used is secondary data 

consisting of anthropometric measurements 

of children under five, obtained from a 

dataset on nutritional status and stunting. 

The dataset comprises records for 3,416 

children, containing information on gender, 

date of birth, date of measurement, weight-

for-age (W/A) status, weight-for-height 

(W/H) status, and height-for-age (H/A) 

status [9]. 

The variables used in this study consist 

of input variables and output variables.  

The input variables include: 

- Age (Toddler's age in days) 

- BB/U (Weight for Age) 

- BB/TB (Weight according to Height) 

Output Variable: 

Height-for-Age (HAZ) is used as the target 

class to determine the stunting status of 

children under five. 

Research Stages: 

The research was conducted in several 

stages, as follows: 

2.1. Data Collection 

Data on toddlers was collected from an 

existing dataset and used as the source of 

data for the research (doi: 

10.17632/z4mrz37dm3.2) [15]. 

2.2. Data Preprocessing 

The preprocessing stage is carried out to 

improve data quality prior to the 

classification process. The steps involved 

include: 

a. Removing duplicate data. 

b. Removing data with missing values. 

c. Calculating the age of toddlers based 

on the difference between the 

measurement date and the date of 

birth. 

d. Removing data with invalid ages. 

e. Converting categorical data into 

numerical data using encoding 
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techniques. 

f. Performing data normalization using 

the Min-Max Normalization. 

2.3. Data Partitioning 

The processed data is then divided into two 

parts, namely: 

a. 70% training data 

b. 30% testing data 

Data partitioning was performed randomly 

using the random sampling method. 

2.4. Classification Using K-Nearest Neighbor 

(KNN) 

The classification process is performed using 

the K-Nearest Neighbor algorithm with a 

parameter value of k = 5. KNN operates by 

identifying the five nearest neighbors of the 

test data based on their distance to the 

training data, and subsequently determining 

the class based on the majority class among 

those nearest neighbors [16].  

2.5.  Model Evaluation 

The classification results were evaluated 

using a confusion matrix and accuracy to 

determine the model's performance level.  

3. RESULTS AND DISCUSSION 

In addition to parenting practices, access to 

sanitation and adequate nutrition—which 

are priorities in the prevention of stunting—

are also influenced by environmental 

stability. Climate change and ecosystem 

degradation are known to threaten the 

availability of clean water and food 

production, which indirectly impact 

children’s health [17]. The study utilizes four 

input variables—Gender, Age, Weight-for-

Age (BB/U), and Weight-for-Height 

(BB/TB)—while the output variable is 

Height-for-Age (TB/U), serving as an 

indicator of stunting status in toddlers. 

Training data is used to build the 

classification model, whereas testing data is 

used to evaluate the model's ability to 

classify new data. Preprocessing of 3,416 raw 

data points yielded 3,404 valid records ready 

for classification using the KNN algorithm 

(k=5). Model testing was conducted by 

splitting the dataset into 70% for training and 

30% for testing. The test results are presented 

in the Confusion Matrix shown in the table 

below: 
Tabel 1. Confusion Matrix Hasil Klasifikasi KNN 

Predic

tion/ 

Actual 

 

1 2 3 4 5 6 

1 3 0 0 0 0 0 

2 0 823 0 101 1 23 

3 0 0 0 0 0 0 

4 0 26 0 13 0 6 

5 0 0 0 0 0 0 

6 0 7 0 8 0 10 

 

Based on the table above, most data points 

have been classified correctly. This indicates 

that the KNN model is capable of effectively 

recognizing data patterns based on the 

similarity of characteristics among data 

points. The model was evaluated using an 

accuracy score derived from comparing the 

predicted results with the actual values in 

the test dataset. The test results show that the 

K-Nearest Neighbor algorithm achieved an 

accuracy rate of 83.15%. This figure means 

that approximately 83 out of every 100 

records regarding toddlers were correctly 

classified by the model. This accuracy rate 

indicates that the KNN algorithm performs 

well in classifying stunting status based on 

the variables of Gender, Age, Weight-for-

Age (WFA), and Weight-for-Height (WFH). 
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To provide a more comprehensive overview 

of the data underlying this classification, the 

distribution of nutritional status among 

children under five used in this study is 

presented below: 

 
Figure 1. Number of Toddlers with Stunting Based on 

Height-for-Age (HAZ) Category [15] 

 

Analysis of the pre-processed dataset reveals 

the distribution of nutritional status among 

children under five years of age, as shown in 

Figure 1. Of the 3,404 valid data points, the 

majority of children fell into the normal 

nutritional status category, while 482 

children were identified as stunted (short 

and very short). This visualization provides 

an objective basis for the KNN model to 

classify stunting status, with the balanced 

data distribution contributing to the model’s 

accuracy rate of 83.15%. 

4. CONCLUSION 

The KNN algorithm is effective for 

classifying stunting status in toddlers using 

the variables of gender, age, weight-for-age 

(WFA), and weight-for-height (WFH). With 

proper preprocessing and a parameter of 

k=5, the model achieved an accuracy of 

83.15%. This confirms that the KNN method 

can serve as an objective tool for healthcare 

workers to facilitate more efficient early 

detection and management of stunting. The 

results of this classification are expected to 

serve as a tool for local governments in 

formulating data-driven health policies. This 

approach is like recommendations for 

natural resource management agencies to 

integrate satellite oceanographic data into 

conservation planning and community 

economic development [18]. 
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