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Abstract. In Indonesia, approximately 8.9 million children are affected by stunting, 

with a prevalence rate of 30.8%. This issue is more prevalent in children over 12 months 

of age due to increased nutritional needs. Health centers, particularly the UPTD 

Puskesmas Mariana in Banyuasin Regency, play a crucial role in stunting monitoring 

efforts. However, data collection is still conducted manually, limiting efficiency and 

responsiveness. Additionally, low community awareness and limited skills among 

posyandu cadres in performing physical measurements contribute to the persistently 

high stunting rates. This study aims to preprocess data from 122 under-five 

observations collected in August 2024, with a primary focus on identifying relevant 

variables. The dataset includes 32 variables, all of which are outlier-free, allowing for 

more precise analysis. The results of this analysis are expected to highlight key factors 

that contribute to stunting and to inform more effective health policies and 

interventions. From this research, 29 attributes were selected after data preprocessing, 

and these new attributes are expected to aid in future cluster selection using K-means 

Clustering. This data will serve as a foundation for developing a toddler stunting 

monitoring application that incorporates K-means Clustering. 
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1. Introduction 

Globally, about one in four children under five are stunted, caused by chronic 

malnutrition and frequent exposure to disease during childhood. This condition can 

permanently hinder a child's physical and cognitive development, and has long-lasting 

effects [1]. 

Based on data from the World Health Organization (WHO) in 2020, the prevalence 

of stunting in children under five in Indonesia is in the second highest position in the 

Southeast Asia region, reaching 31.8%. The first position is held by Timor Leste with 

a prevalence of 48.8%, followed by Laos which recorded 30.2% and Cambodia with 

29.9% [2]. In contrast, the lowest prevalence of stunting was found in Singapore with 
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only 2.8%. Data from the 2016 Nutrition Status Determination (PSG) also shows a 
significant prevalence of stunting. 

In Indonesia, around 8.9 million children are stunted, meaning that one-third of all 
children under five are below normal height. About 30.8% of children under five in the 
country are stunted, with a higher prevalence in children older than 12 months 
compared to those younger than 12 months. This is due to increased nutrient 
requirements as children age, which are necessary for the body's energy metabolism. 

In 2022, the stunting rate in South Sumatra was recorded at 24.8%, but has now 
decreased to 18.6%. Nevertheless, there are five out of 17 districts and cities in South 
Sumatra that still have a stunting prevalence above 20%. One of them is Mariana 
Village in Banyuasin Regency, which reached 20.9%. 

Community Health Centers (Puskesmas) play an important role in monitoring and 
addressing stunting at the community level. UPTD Puskesmas Mariana in Banyuasin 
Regency is one of the Puskesmas that is active in this effort. However, data collection 
and monitoring of stunting prevalence among under-fives is still often done manually, 
which is time-consuming and inefficient. 

In addition, low public awareness of the dangers of stunting contributes to the high 
stunting rate in this kelurahan. Other obstacles hindering stunting prevention include 
the lack of regular socialization from health authorities and the absence of follow-up 
diagnoses to pediatricians or nutritionists. Complicated procedures, such as the need to 
use special referrals, are also a barrier. Posyandu cadres often lack the skills to 
accurately measure height, arm circumference, head circumference and weight. As a 
result, analyzing stunting conditions in children under five takes a long time. The 
stunting problem in this kelurahan is not only experienced by the low-income 
community, but also by the middle to upper class. Therefore, a more structured and 
efficient effort is needed to reduce the stunting rate in this area. 

By involving the role of technology, developing an application to monitor the 
prevalence of stunting in toddlers using the K-Means Clustering machine learning 
algorithm is an innovative step that can improve the monitoring and handling of 
stunting at the community level, especially in UPTD Puskesmas Mariana, Banyuasin 
Regency. This approach is expected to make monitoring more effective, decision-
making more accurate, and resource management more efficient in dealing with the 
problem of stunting in children under five years old. 

Clustering is a data grouping technique aimed at discovering structures within a 
dataset without the need for prior labels, with K-Means being one of the most widely 
used algorithms. K-Means has several advantages, including its simplicity, which 
makes it easy to understand, and its efficiency in processing, making it well-suited for 
large datasets. With its intuitive concept, this algorithm allows for clear visualization 
of results, while its flexibility in determining the number of clusters (k) and distance 
metrics makes it adaptable to various types of data. Compared to other algorithms such 
as DBSCAN and hierarchical clustering, K-Means is generally faster and more stable. 
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Before conducting an in-depth analysis of the prevalence of stunting in children 
under five, the first step is data preprocessing to identify relevant variables.   Dataset 
preprocessing is a series of steps aimed at cleaning and preparing data so that it is ready 
for analysis.   [3]. The contribution of this research is to perform data preprocessing on 
the toddler stunting analysis dataset. 

This process includes removing incomplete or inconsistent data, handling missing 
values, and transforming the data to ensure that the format and scale of the variables 
match the needs of the analysis [4]. By preprocessing the data, researchers can ensure 
that the data used is accurate and relevant so that analysis of the prevalence of stunting 
can be carried out effectively and generate useful insights for handling this problem. 

The data used in this study includes under-five information from various villages in 
Mariana Regency with a total of one hundred and twenty-two data taken in August 
2024. 

2. Method 

In this study, a series of systematic steps were conducted, starting with the data 
collection stage and ending with data interpretation by exploratory data analysis. The 
specific stages of this research are illustrated in Figure 1. 
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Fig 1. The Stage of The Study 
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The following is a technical explanation related to the stages contained in Figure 1. 

2.1. Data Collection for Stunting Toddlers 

In the data collection stage for stunting cases in Mariana Health Center, the first 
step is to determine the type of data needed for effective analysis. The data needed 
includes child health information such as height and weight, nutritional data on food 
consumption patterns, and socio-economic data such as family income and parental 
education level. In addition, it is important to collect information on access to health 
services, including the frequency of visits to health centers and the type of care 
received. Data can be obtained from health center medical records, community health 
surveys, and government data. This process should ensure that the data collected is high 
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quality, complete and relevant to build an effective machine learning model to address 
stunting. 

In the dataset that has been obtained, there are several columns with a total of 122 
rows. Demographic data includes information on age, gender, economic status, parental 
education, and more. Nutrition data includes breastfeeding, calorie intake, 
macronutrients (such as protein, fat, and carbohydrates), micronutrients (vitamins and 
minerals), and other information. Health Data includes disease history, immunization 
status, weight, height, and so on. Environmental data includes access to health facilities, 
sanitation conditions, and other relevant factors. 

Figure 2 below displays the data that has been obtained from partners. 

Fig 2. Data Stunting 

2.2. Data Identification Analysis 

Some preliminary analysis needs to be done to understand the condition of the dataset 
and identify potential problems. Typical analysis steps include examining the structure 
of the dataset, which includes looking at the dimensions of the dataset, the number of 
rows and columns, and the data type of each column to provide an overview of the data 
to be analyzed. Next, descriptive statistics are calculated, including the mean, median, 
mode, minimum, maximum and standard deviation for numerical variables, which 
helps in understanding the distribution of the data. 

In the dataset provided by the partner, it can be seen that the total dataset is 122 rows 
with 38 attributes. 

The attributes of the stunting dataset obtained are: 
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NIK, Name, Gender, Date of Birth, BW, TB, Village, Posyandu, RT, RW, Age at 
Measurement, Date of Measurement, Weight, Height, Measurement Method, LiLA, 
BB/U, ZS BB/U, TB/U, ZS TB/U, BB/TB, ZS BB/TB, Exclusive Breastfeeding, 
Appropriateness of MPASI Menu, Clean Water, Helminthiasis, Healthy Latrine, 
Immunization, Smoking, Birth, Participant's Disease, Micronutrient Adequacy, Family 
Head Occupation, Total Family Income (Month), Father's Education, Mother's 
Education, Father's Height, Mother's Height. 

After conducting the analysis, it was found that there were some missing values and a 
number of attributes that were related to each other. The presence of these missing 
values can introduce bias in the analysis and affect the results obtained, so it is 
important to handle them properly. Missing values may be due to various factors, such 
as errors in data collection or lack of response from the respondents. 

In addition, the interrelationships between attributes indicate significant relationships 
within the dataset, which can be utilized for more in-depth analysis. For example, 
attributes such as age are closely related to nutritional status or height, suggesting that 
understanding one attribute can provide insight into another. Recognizing these 
relationships is crucial for building more accurate and effective models, as well as 
formulating appropriate intervention strategies to address the stunting problem.. 

Therefore, the next step in the data cleaning process is to fill in or remove missing 
values, as well as use correlation analysis to identify interrelated attributes. With these 
steps, the dataset will become more comprehensive and informative, allowing for better 
analysis and more appropriate recommendations in addressing the issue of stunting in 
children under five years old. 

2.3. Data Cleansing 

Data cleansing, or data cleansing, is the process of detecting and correcting (or 
removing) corrupt or inaccurate datasets, tables, and databases. The term refers to the 
identification of incomplete, incorrect, imprecise, and irrelevant data. This “dirty” data 
will then be replaced, modified, or deleted as needed [5]. 

The data cleaning process is carried out using a library in python with Google Collab 
tools. There are several stages carried out in the data cleaning process, namely: 

 

Missing values are problems that arise when there are parts of the data that are 
incomplete or missing. The presence of missing values is common in datasets, and can 
be caused by a variety of factors, such as tool malfunctions, errors in calculations, 
missing data, and other technical issues [6]. 

In the stunting dataset, there are several columns that are manually deleted because the 
data in these columns is considered irrelevant. These columns are NIK and Nama. 
There are several reasons why NIK (Population Identification Number) and name are 
not included in the dataset, especially in the context of health or stunting analysis. First, 
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maintaining individual privacy is important, so personal information such as NIK and 
name are often omitted to prevent data misuse. Also, in certain analyses, the main focus 
is on variables that are directly related to the outcome. 

The following is a missing value analysis using the python language in Google Collab. 

Fig 3. Missing Value Handling 

The results of the python code can be seen in Figure 4. 

Fig 4. Dataset Initial Information 



  

488             D. Sartika et al. 

Fig 5. Persentage Missing Value 

Fig 6. Information after Missing Value Handling 

After the missing values handling process, the dataset now consists of 122 entries with 
a total of 32 columns, all free of missing values. All columns have a total of 122 non-
null values, indicating no more missing data. The data types in this dataset vary, 
including 8 columns with float64 types that include numeric data such as weight and 
height, 4 columns with int64 types for variables such as parents' age and height, and 20 
columns with object types that contain categorical information such as gender and 
immunization status. Some important fields include demographic, health and access to 
resources information. With a memory usage of approximately 30.6 KB, this dataset 
demonstrates efficiency in storage. Overall, the cleaned dataset was ready for further 
analysis, with no missing values that could affect the results of the study. The dataset 
has also been saved under the name 'data_stunting_cleaned.csv' for use in the next steps 
of the analysis. 
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2. Data Transformation 

Data that has several variables with varying ranges of values can c
with larger values or ranges to have a more significant impact on the cos
variables with smaller values or ranges. This problem can be solved b
data, so that all variables have similar ranges [7]. The following image is
for the data transformation process. 

Fig 7. Data Transformation Code 

This code aims to transform the stunting dataset. First, pandas and MinMaxScaler 
libraries from sklearn.preprocessing are imported to facilitate data processing and 
normalization. The dataset was read from a CSV file named 
'data_stunting_cleaned.csv'. The categorize_to_range function was created to convert 
other categorical columns into numerical values in the range of 0 to N, corresponding 
to the number of unique categories. The columns include 'BW/U', 'TB/U', 
'Measurement Method', 'Micronutrient Adequacy', 'Family Head Occupation', 
'Village/Kel', and 'Posyandu'. 

Furthermore, the columns containing the values 'Yes' and 'No' were converted to 1 and 
0. Additional columns that were also categorized to a range of 0 to 7 include 'LBW', 
'Clean Water', 'Immunization', 'Birth', 'Comorbidities', 'Father's Education', and 
'Mother's Education'. In addition, the Total Family Income column was converted by 
dividing it by 1000 and rounding the result. Finally, the height of the father and mother 
was normalized so that the values ranged from 0 to 700. The transformed dataset was 
saved into a new CSV file named 'data_stunting_transformed_final.csv', and the 
program displayed a confirmation message on the screen. 

The results of the data transformation can be seen in the following image. 
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Fig 8. Data Transformation Results 

Dimensionality reduction is the process of reducing the number of features or 
dimensions in a data set without sacrificing the important information contained in it 
[8]. Dimensionality reduction can be done through two approaches, namely feature 
selection and feature extraction. In this research, the method used is feature extraction, 
where new features are generated from the initial data set. One of the feature extraction 
techniques that can be applied is Principal Component Analysis (PCA). PCA is a 
method that aims to simplify data through linear transformation so that a new 
coordinate system is formed with minimized variance. PCA enables data 
dimensionality reduction with very little risk of information loss [9]. 

Here is the PCA code to reduce the dimension of the dataset. 
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Fig 9. PCA Code 

The PCA results can be seen in Figure 10 below. 

Fig 10. PCA Loading Scores 
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Fig 11. Variants based on principal components 

Fig 12. Component 1 vs Component 2 

The following are the results of the loading scores: 
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Fig 13. Loading Scores 

The loading scores from the PCA analysis illustrate the relative contribution of each 
feature to the resulting principal component, where each row in the table represents a 
feature from the dataset and the columns indicate the principal components (PC1, PC2, 
and so on). The values in the table reflect how much each feature contributes to the 
component. For example, BB Born has a positive loading score on PC1 (0.218600) and 
PC4 (0.647921), indicating a positive contribution to the principal component, but a 
negative loading score on PC2 (-0.348004) indicates a less favorable contribution. TB 
at Birth with a negative loading score on PC1 (-0.468668) shows a negative 
contribution to variation in this component, although it is slightly positive on PC2 
(0.138640). Age at Measurement showed a negative contribution in PC2 (-0.344886) 
and PC3 (-0.446180), while Father's Education with the highest loading score in PC1 
(0.548330) was an important feature that contributed significantly to variation in the 
data. Micronutrient Adequacy shows a negative loading score on PC1 (-0.537790), 
contributing negatively to variation in the first principal component, while Clean Water 
with a positive loading score on PC2 (0.677867) indicates that access to clean water 
contributes positively to variation in this component. From these results, it can be 
concluded that Paternal Education and BW at birth have a significant influence on the 
variation captured by the principal components, with Paternal Education being the key 
factor. Some features such as Micronutrient Adequacy and TB at Birth showed negative 
contributions, associated with unfavorable patterns. PCA provides insights into the 
interactions between features and their contribution to variation in the dataset, which 
can be utilized for decision-making and feature selection in follow-up analyses, as well 
as helping to understand the factors influencing observed outcomes and potential 
interventions needed to improve relevant conditions. 

2.4. Analysis Data Explotarory 
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Exploratory Data Analysis (EDA) is a vital step in the data analysis process that focuses 
on inspecting datasets to outline their key features, typically through visual means. The 
main objective of EDA is to uncover insights regarding the data's structure, patterns, 
and interrelationships before engaging in any statistical modeling or machine learning 
applications. 

 

visualization is to convey information in a concise and clear way, so that it is easily 
understood by readers. Data visualization makes it very easy to convey information 
effectively. Analysts who deal with large amounts of raw data will usually make use of 
data visualization systems.   [10]. 

Figure 14 below shows the code to perform data visualization using the seaborn 
library. 

Fig 14. Data Visualization Code 

Data visualization is a way to represent information graphically, which aims to help 
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Fig 15. Data Visualization Results 

The amount of data in each cluster shows a varied distribution, where cluster 2 has 68 
data points, cluster 0 consists of 38 data points, and cluster 1 includes only 16 data 
points. Based on the mean values of the two principal components (PC1 and PC2), 
cluster 0 has an average PC1 of 0.78 and PC2 of -2.25, indicating characteristics with 
high scores on PC1 but low scores on PC2. Cluster 1 has a strongly negative average 
PC1 of -6.15, and a PC2 close to zero (0.16), reflecting a unique pattern with a large 
influence from PC1. Meanwhile, cluster 2 shows positive values on both components, 
with an average PC1 of 1.01 and PC2 of 1.22, indicating strong and balanced 
characteristics on both dimensions. 

 

Correlation is a method used to analyze the extent of the relationship between two or 
more variables. To understand how strong the relationship is, we can look at the value 
of the resulting correlation number. To illustrate the correlation and relationship 
between the features of the selected dataset, we used a correlation matrix. 

The principle of the correlation matrix is to identify the strongest relationship between 
attributes, and then remove one of the attributes from the correlated pair [11]. 

The following figure shows the correlation matrix on the stunting dataset that has been 
preprocessed previously. 

Fig 16. Correlation Matrix 
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After compiling the correlation matrix, the next step is to detect outliers. Outlier 
detection is crucial as these extreme values can have a major impact on data analysis. 
Outliers are values that are very different from the general pattern in the data and can 
arise due to several factors, such as errors in measurement, errors in recording, or 
natural variations present in the data. 

The following figure represents the syntax for outlier detection on the dataset. 

Fig 17. Outlier Detection Code 

3. Result And Discussion 

3.1. Correlation Matrix Results 

In Cluster 0, there is a “Village/Kel” attribute with a PC1 value of 0.70 and PC2 of 
-0.13. The average PC1 and PC2 values in this cluster are 0.78 and -2.25 respectively, 
which indicates that in the first component (PC1), this cluster tends to have positive 
values, while in the second component (PC2), the values are more negatively skewed. 
Some data could not be identified from the original attributes because their indices were 
out of range. 

Cluster 1 consists of attributes such as “JK” with a PC1 of -7.63 and PC2 of 3.92, and 
“Healthy Latrine” with a PC1 value of -6.98 and PC2 of 0.86. The average PC1 value 
in this cluster is -6.15, while the average PC2 is 0.16. This cluster displays 
characteristics with very negative PC1 values and PC2 that are close to zero or positive, 
indicating a strong linkage on the first dimension (PC1) with significant differences 
compared to other clusters. Some data also could not be identified because the index 
was outside the range of the PC1 and PC2 values. 

For Cluster 2, some of the attributes included “Birth Weight” with a PC1 value of 0.86 
and PC2 of 1.56, and “Birth TB” with a PC1 of 0.85 and PC2 of 3.81. The average PC1 
value in this cluster is 1.01, while the average PC2 is 1.22. This cluster shows a 
balanced trend with positive values on both principal components, indicating that the 
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attributes included in it have a fairly even distribution on the PC1 and PC2 dimensions. 
Some data in this cluster also cannot be identified because the index is out of range. 

Overall, each cluster shows a distinct pattern of characteristics based on the principal 
component values (PC1 and PC2), reflecting significant differences in the variables 
present in each cluster. 

3.2. Outlier Detection Results 

The data provided consists of 32 variables, where each variable, such as Variable_1 
to Variable_10 and so on, contains numerical values representing various physical 
measurements, health conditions, or environmental factors relevant to the stunting 
analysis. There are 122 rows of data, indicating 122 observations or observed entities. 
Most of the columns contain numerical values, while the column ending in _IQR shows 
information about outliers, where all values in the column indicate “Not Outliers”, 
indicating that the data is free of extreme values. Correlation analysis between these 
numerical variables is essential for identifying relationships between variables, helping 
to determine which variables have the most influence on the target variable, such as 
stunting prevalence. 

Handling outliers is an important aspect of this analysis as outliers can affect the results 
of statistical analysis and prediction models. With all values declared as “Not Outliers”, 
this dataset allows for more accurate analysis results. This data can potentially be used 
to identify factors that influence stunting, develop predictive models, and formulate 
health policies or interventions based on the analysis findings. Overall, this data can 
provide deeper insights into the factors contributing to stunting and support more 
effective mitigation efforts. 

The following are the results of the analysis obtained on the selection of relevant 
attributes for further modeling with Kmeans Clustering. 

Fig 18. Attribute Selection Result 

4. Conclusion And Future Work 

In this analysis, a number of highly correlated attributes were identified, which 
could potentially have a significant effect on the prevalence of stunting in children 
under five. The following is a description of the twenty-eight attributes listed: 



  

1
growth and development.

which is associated with the risk of stunting later in life. 

a child's future nutritional status. 

affect access to health and nutrition services. 

5

penting untuk penilaian pertumbuhan. 

6. Weight: Current weight, as an indicator of current nutritional status.

7. Height: Current height, also an important indicator of nutritional status. 

8
affect the accuracy of the data. 

9
information on nutritional status. 

10
appropriate for their age.

11
average weight of children of the same age. 

12
for their age. 

13
average height of children of the same age.

14
on the ratio between body weight and height.

15
height ratio is from the norm. 

16
breastfeeding, which is essential for healthy growth. 

17
complementary foods to the nutritional needs of the child. 

18
prevents infections.

498             D. Sartika et al. 

 . JK (Gender): Distinguishes between boys and girls, which can show differences in 
 

2. Birth Weight: Weight at birth is an important indicator of an infant's early health, 

3. Birth TB (Height at Birth): Height at birth is also an important factor that can affect 

4. Village/Kel (Village or Kelurahan): Indicates geographical location, which can 

 . Posyandu: The presence of a nearby service post to monitor children's health and 
nutrition.Usia Saat Ukur: Usia saat pengukuran dilakukan memberikan konteks 

           

 

 . Measurement Method: The method used to measure weight and height, which may 

 . LiLA (Upper Arm Circumference): Measures body fat and provides additional 

 . BB/U (Weight for Age): A ratio used to assess whether a child's weight is 
   

 . ZS BB/U (Weight-for-Age Z-score): Describes how far a child's weight is from the 

 . TB/U (Height for Age): A ratio that indicates whether a child's height is appropriate 

 . TB/U ZS (Height-for-Age Z-score): Describes how far a child's height is from the 
    

 . BB/TB (Weight for Height): An indicator to assess a child's nutritional status based 
  

 . ZS BB/TB (Weight-for-height Z-score): Describes how far a child's weight-to-

 . Exclusive breastfeeding: Indicates whether the child is receiving exclusive 

 . Appropriateness of Complementary Feeding Menu: The suitability of 

 . Clean Water: The availability of clean water that plays a role in child health and 
  



  

19
and child health. 

20. Immunisation: A child's immunisation status is important to prevent diseases.sss

children's health. 

22
health. 

23. Comorbidities: The presence of diseases that may affect a child's nutritional status. 

24
minerals necessary for growth. 

25
access to nutrition. 

26
nutritious food. 

27
knowledge about nutrition and child health. 

28
affect a child's growth. 

 . Worm infestation: The presence of worm infections can affect nutrient absorption 

     

21. Smoking (Family): Smoking habits in the family environment that may affect 

 . Birth: Birth history, whether born prematurely or with complications that may affect 

 . Micronutrient Adequacy: Ensuring that the child is getting enough vitamins and 

 . Head of Household Occupation: Indicates economic stability which may affect 

 . Total Family Income: Total family income that may affect the ability to provide 

 . Education of Father and Mother: The education level of parents, which is related to 

 . Father's Height (cm) and Mother's Height (cm): Indicates genetic potential that may 
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This data was obtained from a dataset entitled ‘data_stunting_transformed_final.csv’. 
This dataset includes information on child health and nutrition, as well as 
environmental and socioeconomic factors that may influence the prevalence of 
stunting. Using analytical techniques such as correlation matrix calculation and 
visualisation, attributes that have significant relationships can be identified and used 
for the next steps in clustering analysis to understand the patterns among the data and 
formulate appropriate interventions to address stunting in children under five. 

By applying these preprocessing techniques, the dataset becomes better suited for 
machine learning algorithms like K-means clustering, which relies on clean and scaled 
data for optimal performance. As a result, the final model is more accurate, 
interpretable, and capable of providing insights that are relevant to real-world health 
policies and stunting interventions. This preprocessing also enables the model to 
generalize better to new data, supporting more effective monitoring and decision-
making in stunting prevention efforts. 
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