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ARTICLE INFO ABSTRACT

Food security issues in Indonesia are a major concern because they af-
fect the sustainability of people's livelihoods and regional disparities.
This study was conducted to classify food security conditions between
provinces based on two main indicators, namely the Food Security In-
dex and the Percentage of Adequate Food Consumption. The method

Keywords: used is the K-Means Adaptive algorithm with a comparison of two
K-Means Adaptive types of distance measurements, namely Euclidean and Canberra. The
Classification ’ selection of centroids is done gradually using a probabilistic approach

to improve the stability of the clustering results. Before conducting a
comprehensive test, the method is first tested using sample data to see
the characteristics of each distance function. Subsequently, all data
were analyzed using Python programming, and the results were eval-
uated using the Silhouette Score metric. The analysis results showed
that the Canberra distance function provided better clustering quality
than the Euclidean function with a value of 0.415. This approach is ex-
pected to serve as a reference for more accurate and informative re-
gional-based food security analysis.
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INTRODUCTION

Food security is a strategic national issue that greatly determines economic, social, and
political stability in Indonesia. Good food security reflects the extent to which a country is able to
provide access to sufficient, safe, and nutritious food for its entire population. (FAO, 2021). To
monitor food security at the regional level, the Indonesian government uses the Food Security
Index (IKP), which summarizes various indicators such as availability, accessibility, and
utilization of food. The IKP has been used as the basis for public policy decisions regarding food
aid distribution, village development, and mapping of food-insecure areas (Badan Ketahanan
Pangan, 2022).

With the development of information technology, data-based analytical approaches are
now being used to deepen the analysis of food security conditions. One method that is widely
used in mapping and grouping regional data is the clustering algorithm, especially K-Means,
which is considered effective and easy to implement (Agus Lestari, Paranita Kartika, and Nur
Budiman 2021).

However, the effectiveness of the K-Means algorithm is highly dependent on two important
factors, namely the selection of initial centroids and the method of measuring the distance
between data points. Incorrect selection of centroids can result in unrepresentative clusters,
while the use of inappropriate distance metrics can obscure the actual data structure
(Sulistiyawati and Supriyanto 2021).

In this context, the Adaptive K-Means approach was developed to improve the random
initialization weakness in standard K-Means. Adaptive K-Means systematically selects initial
centroids based on probabilistic distribution, thereby producing more stable and accurate
clustering (Anto et al. 2024). In addition to the adaptive approach to centroid selection, the type
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of distance function used in the clustering algorithm also greatly affects the final results. Two
distance metrics that are often compared in data analysis research are Euclidean Distance and
Canberra Distance, each with different mathematical characteristics (Kurniawan et al. 2022).

Euclidean Distance is the most commonly used metric in data processing, mainly due to its
simplicity and intuitive geometric interpretation. However, this metric tends to be less sensitive
to small values and does not take into account the ratio between values, so it can be less effective
for data with varying scales (Informasi 2017). Conversely, Canberra Distance is more suitable
when the main focus is on relative differences rather than absolute ones. Because it calculates the
ratio between the difference and the sum of values, this metric can be more sensitive to small
changes and is often used in cases of social or economic data classification (Kurniawan et al.
2022).

Based on the importance of these two aspects, this study aims to compare the performance
of the K-Means Adaptive algorithm with two types of distance functions, namely Euclidean and
Canberra, in clustering provinces in Indonesia based on the Food Security Index and food
consumption adequacy levels. This analysis aims to provide a more objective and accurate picture
of food security status between regions.

The test results will be evaluated using the Silhouette Score, a metric widely relied upon
in clustering analysis because it considers internal consistency and separation between clusters.
(Yulisasih et al. 2024). This study is expected to contribute to selecting the most appropriate
clustering approach for food security index data based on provinces, while supporting evidence-
based policy making in the context of food security.

METHODS

This study uses secondary data obtained from the official website of the Indonesian
government, https://data.go.id, which presents data on the Food Security Index (IKP) and the
Percentage of Adequate Food Consumption by province. These two variables were chosen
because they reflect the two main pillars of food security: supply capacity and the level of
consumption fulfillment of the community. The initial data consists of 38 entries corresponding
to the number of provinces in Indonesia, each containing FSI values and food consumption
percentages in numerical form.

The initial stage involves data cleaning to ensure data validity prior to analysis. Entries
containing missing values in one or both variables were checked. These incomplete entries were
deleted to maintain the consistency of the analysis results, leaving 34 entries after cleaning. Only
two numerical features were used in the processing, while administrative information such as
province names was ignored.

After the clean data was obtained, it was grouped into six clusters based on food security
levels, namely (1) Very Secure, (2) Secure, (3) Moderately Secure, (4) Moderately Vulnerable, (5)
Vulnerable, and (6) Very Vulnerable. The grouping was performed using the K-Means Adaptive
algorithm, where the initial centroid selection was not done randomly but using a probabilistic
approach. This procedure begins with the manual selection of one centroid, followed by five other
centroids determined based on the weighted probability of the squared distance of each data
point from the existing centroids. This approach was adopted to minimize errors due to random
initialization, as commonly occurs in conventional K-Means.

To assess the performance of the distance measurement method, two popular formulas in
clustering were used, namely Euclidean Distance and Canberra Distance. Before being applied
comprehensively, each method was first tested manually using 24 sample data representing all
cluster classes. Manual testing was performed using Excel software so that each distance
calculation and cluster formation process could be observed transparently and in detail. This
initial testing served as the basis for assessing the behavior of each formula before proceeding to
the comprehensive testing stage.

Further testing was conducted on the entire dataset using the Python programming
language. This automation process enabled more efficient and accurate computation of all data
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entries, including iterative centroid updates, cluster formation, and visualization of results. For
each distance method, the same initial centroid was used to ensure more objective comparison of
results. Visualization was performed in the form of a two-dimensional scatter plot to visually
understand the clustering patterns at each iteration.

The final step in this method is to evaluate the quality of the clustering results using the
Silhouette Score metric, which measures cohesion within clusters and separation between
clusters. The Silhouette Score value is calculated for each data point and averaged as an indicator
of the overall performance of the model. By comparing the Silhouette Score values from each
distance method, this study evaluates which method is more optimal in representing the
structure of food security between provinces, while also providing a strong foundation for data-
driven decision-making.

RESULTS AND DISCUSSION
Data Description
The data used in this study is secondary data taken from the official government
website, data.go.id. Of the total 38 provinces, only 34 entries were used in the analysis process
after going through a data cleaning stage, in which entries with empty or incomplete data on one
or both variables were deleted to maintain consistency of results. The following is the data that
has been cleaned:
Table 1. Dataset After Cleaning

No IKP Food Consumption Adequacy (Percent)
(Percent)
1 73,94 90,9
2 77,49 92,46
3 84,32 91,12
4 70,42 89,07
5 74,94 89,42
30 71,99 93,47
31 62,68 68,34
32 61,44 71,56
33 51,36 78,09
34 40,21 73,97

Manual Testing of Sample Data
The next centroid selection in the K-Means Adaptive method is performed using a
probability distribution, where the probability of selecting each data point as a centroid depends
on its squared distance to the nearest centroid that has already been selected. For the initial
centroid value (C1), it is determined randomly, then determining the centroid 2-6. The formula
used is:
DEXD? = > 11Xi— Gj 117 ELICO
*  D(Xi)?
Using this formula, the following results are obtained for Centroid 1-6:
Table 2. Centroid values 1-6 for sample testing

P(xi) =

IKP KKP Centroid
85,13 96,47 C1
40,21 73,97 C2
62,68 68,34 C3
82,97 94,01 c4
66,29 90,45 C5
61,44 71,56 Ccé
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With the centroid set, the process continues with testing the sample data using two distance
calculation methods, namely Euclidean and Canberra, to observe the clustering results manually.

|I 0 - _ - |.'5'|_'.|
d(p.q) = 2 (pi—qy)? dip.a) = 2 grera

i=1
*The left side is the Euclidean Distance formula; the right side is the Canberra Distance formula.

t - - + + - v {

Gambar 2 Results of Iteration 1 Canberra Distance

To apply the K-Means Adaptive algorithm in the clustering process, there are several core
stages that are repeated until stable results are obtained. These stages include calculating
distances, determining cluster membership, and updating centroid positions. In general, these
steps can be explained as follows: (1) Calculate the Euclidean distance between each data point
and all centroids; (2) Assign each data point to the cluster with the smallest distance; (3)
Recalculate the position of the centroid based on the average of the points in the cluster; (4)
Repeat the process until there are no changes in the clusters or the iteration limit is reached.

Automatic Clustering Results and Visualization

The next step was to test the entire data set using the Python programming language on the
Google Colab platform. Visualization in the form of a two-dimensional scatter plot showed the
cluster structure formed based on each distance function. This study grouped the data into six
clusters representing village categories, namely Very Resilient, Resilient, Moderately Resilient,
Moderately Vulnerable, Vulnerable, and Very Vulnerable. The initial centroid value (C1) was set
randomly by the user, with this study taking the value from row 11, namely (83.15, 96.47).
Subsequent centroids are automatically calculated by the program using a probabilistic approach,
ensuring that the cluster center selection process is controlled and objective. The final results
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show the amount of data distributed in each cluster, which serves as the basis for analyzing village
characteristics.

The following are the results of data clustering iterations visualized to illustrate the
distribution patterns of each cluster. The visualization is presented by comparing Euclidean
distance and Canberra distance to highlight differences in measuring the proximity between data
points. Each graph displays the distribution of data points relative to the centroid, while also
showing the variations in distance that influence cluster formation. By comparing these two
distance methods, the analysis becomes more in-depth in assessing the accuracy of clustering
based on data characteristics.

1. Results and Visualization with Euclidean Distance
Based on the probability approach operated with Python programming, all selected
centroids are displayed as follows:
C1: [85.13 96.47], C2: [40.21 73.97], C3: [62.68 68.34], C4: [66.29 90.45], C5: [81.47
84.01], C6: [51.36 78.09]
Once the Centroid 1-6 values are obtained, the program will calculate using the Euclidean
formula and provide a visualization of each iteration as well as calculate the amount of
data included in each cluster. The following are the results of the K-Means Adaptive
iteration (5 iterations).
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2. Results and Visualization with Canberra Distance
The following are the results of iterations using Canberra distance, where the centroid
value is determined in the same way as for Euclidean distance (4 iterations).
ITERATION 1:
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Based on the results of the K-Mens Adaptive iteration and visualization using Euclidean and
Canberra distances, it is evident that the Euclidean distance yields relatively large values because
the calculation is absolute relative to the data value scale. The greater the difference between the
data values and the centroid, the larger the Euclidean distance value recorded in the table.
Therefore, Euclidean distance is sensitive to extreme values or outliers, so in the clustering
process, differences between clusters often appear more pronounced at the beginning of the
iteration and gradually decrease as the centroid approaches its optimal position. In contrast, the
Canberra distance produces smaller and more stable values than the Euclidean distance. Its
advantage lies in its sensitivity to small values, because if the values of both variables are close to
zero, the Canberra distance will increase dramatically. That is why in the initial iterations, the
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Canberra distance values may vary more sharply in data with values close to zero, but overall it
is more moderate than the Euclidean distance in capturing similarity patterns.

Evaluation of the Application of Euclidean and Canberra Distance with the Silhouette Score
Formula

Silhouette Score is an evaluation metric used to measure how well a data point is collected
in its cluster. The formula for Silhouette Score for a data point is:
b(7) — a(i)
ax (a(i), b(1))

The Silhouette Score itself measures how similar a point is to its own cluster compared to
other clusters. This value ranges from -1 to 1, with values close to 1 indicating good clustering,
and values close to or less than 0 indicating that the data may be misclassified or located near the
boundary between clusters. This evaluation was conducted on 34 data points with an initial

centroid value or C1 equal to the centroid when performing distance testing, namely 85.13 and
96.47.

s(i) = —

Silhouette Score Euclidean Silhouette Score Canberra
Distance Distance
Inde Cluste Silhouette Index Cluster Silhouette
X r Score Score
0 3 0,14274778 0 5 0,318416446
1 4 0,321544334 1 5 0,317598763
2 0 0,528834796 2 0 0,527084848
3 3  0,532549781 3 3 0,555045848
4 4 0,089281801 4 5 0,460952341
5 3 0,137435009 5 5 0,298011484
6 3 0,235623737 6 5 0,170726538
7 0 0,18127514 7 0 0,31596155
8 3 0,549839927 8 3 0,573375532
9 3 0,461753577 9 3 0,430720469
10 0 0,570079007 10 0 0,590608415
11 0 0555778789 11 0 0,556993413
12 0 0,542408038 12 0 0,524938826
13 0 0,509359203 13 0 0,515918685
14 0 0,539537329 14 0 0,545091583
15 0 0,251568942 15 0 0,208655819
16 0 0,510584746 16 0 0,508956356
17 0 0,161742236 17 0 0,071094426
18 3 0,371677792 18 3 0,39736451
19 4 -0,072460855 19 5 0,165943393
20 3 0,556541938 20 3 0,538966326
21 0 0,536712211 21 0 0,575024143
22 4 0,15907743 22 0 -0,165643889
23 4  0,244126641 23 5 0,405838424
24 4 0,092051811 24 5 0,422869463
25 4 0,407888552 25 5 0,538874625
26 0 0,586370178 26 0 0,579073248
27 4 0,389322236 27 5 0,549478444
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28 4 0,186105553 28 0 0,043576934
29 3 0,408173476 29 3 0,073973917
30 2 0,769043028 30 2 0,800981948
31 2 0,712704322 31 2 0,751822904
32 5 0 32 4 0
33 1 0 33 1 0

The average Silhouette Score based on Euclidean distance of 0.3579 indicates moderate
clustering quality, reflecting clusters that are partially formed but still have many points close to
the inter-cluster boundaries. Individual silhouette scores vary widely, ranging from
approximately -0.072460855 to 0.769043028, indicating differences in the level of cohesion and
separation between clusters. This condition indicates that there is still data that is not accurately
placed in its cluster, so the separation between clusters is not yet fully optimal.

Meanwhile, the use of the Canberra distance resulted in an average Silhouette Score of
0.415, which is slightly higher, indicating a relatively better cluster structure, although not yet
perfect. Most Silhouette values range from -0.165643889 to 0.800981948, indicating that much
of the data is grouped fairly appropriately, though there are still negative values indicating that
some points are closer to other clusters. This suggests that while the Canberra distance method
can enhance cluster clarity, the potential for data misclassification or the presence of outliers still
requires caution.

CONCLUSION

Based on the results of implementing the K-Means algorithm in clustering provincial
resilience status using Provincial Food Security Index (IKP) data consisting of two main features,
namely the Food Security Index (IKP) and the Percentage of Adequate Food Consumption, the
quality of clustering was evaluated using the Silhouette Score. The evaluation results show that
the use of Canberra distance produces an average Silhouette Score of 0.415, while the use of
Euclidean distance produces a score of 0.3865. A Silhouette Score value closer to 1 indicates that
Canberra distance provides better clustering results than Euclidean distance in the context of the
IKP data used. This means that the distances between points within clusters are more consistent
and better separated between clusters when using the Euclidean distance. Thus, it can be
concluded that in grouping food security status based on the IKP, the choice of distance metric
has a significant influence on the clustering results, and Canberra Distance is more suitable for
use in this context than Euclidean Distance. This is important to consider in data-driven policy-
making in the field of rural development.
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