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Abstract—Food price volatility exhibits heterogeneous characteristics across commodities, making uniform monitoring and
stabilization strategies potentially ineffective. This study proposes a multidimensional clustering framework to identify
homogeneous price profiles among 31 food commaodities in Indonesia using Principal Component Analysis (PCA) and K-Means
clustering. Daily commaodity prices observed from September 2, 2019, to January 17, 2020, were transformed into statistical price
characteristics, including mean, standard deviation, minimum, maximum, coefficient of variation, price changes, and volatility.
The features were standardized using Z-score normalization and subsequently transformed using PCA to reduce redundancy
while preserving the majority of information. The first ten principal components retained 97.39% of the total variance. Candidate
cluster solutions were evaluated using the Elbow Method, Silhouette Score, Davies—Bouldin Index, and Calinski-Harabasz
Index, resulting in an optimal three-cluster solution based on the combined validation criteria. The resulting clusters represent
distinct multidimensional price profiles characterized by differences in price level, dispersion, price variation, and volatility. The
proposed framework contributes a data-driven approach for grouping food commodities according to their joint price
characteristics rather than considering price level alone. The resulting profiles can support differentiated monitoring priorities and
more targeted food price stabilization policies.

Keywords: Food Commodity Prices; Price Volatility; Principal Component Analysis; K-Means Clustering; Cluster Validation;
Food Price Stabilizatio

1. INTRODUCTION

Food commodity prices are an important determinant of food security, household purchasing power, and market
stability. Persistent price fluctuations can increase uncertainty for consumers, producers, distributors, and
policymakers, particularly when price movements differ substantially across commodities. Recent evidence from
Indonesia indicates that strategic food commodities exhibit heterogeneous levels of price fluctuation and volatility,
suggesting that food price stabilization cannot necessarily rely on a uniform intervention strateg [1], [2]. In the
Indonesian context, the vast geographical expanse and inter-regional distribution structure mean that price change
patterns across commodities may exhibit distinct characteristics. Research on strategic food commodities in
Indonesia also indicates differences in the degree of fluctuation across commodities, with some horticultural
commodities tending to exhibit higher volatility compared to certain food commodities that are relatively stable
[31.[4].

These issues indicate that food price analysis cannot be adequately conducted based solely on average values
or individual price changes. An approach is needed that can identify similarities in characteristics among
commodities based on multiple price indicators simultaneously. A clustering approach can be used to group objects
based on the degree of similarity in their characteristics without requiring prior class labels. One widely used
algorithm for this purpose is K-Means, which performs clustering based on the proximity of objects to the cluster
center (centroid) and iteratively minimizes the variance within clusters [5]. This approach allows commodities with
relatively similar price patterns to be placed in the same cluster, enabling a more systematic analysis of each
cluster’s characteristics [6], [7].

However, the use of many price characteristic variables can result in a relatively high data dimension and
potentially lead to information redundancy among variables. Therefore, Principal Component Analysis (PCA) can
be used as a dimension reduction approach prior to the clustering process [8]. PCA transforms a set of initial
variables into principal components, which are linear combinations of those variables, and ranks them based on their
ability to explain data variance [9], [10]. Thus, PCA can produce a more concise representation of the data while
retaining most of the essential information. The use of PCA can also aid in visualizing the data structure, making the
clustering patterns among objects easier to interpret [11].

Determining the number of clusters is a critical aspect in applying K-Means because too few clusters can
result in an unrepresentative grouping, while too many can increase the complexity of interpretation. The Elbow
Method can be used by evaluating the within-cluster sum of squares or inertia for several alternative numbers of
clusters. In addition, the Silhouette Score can be used to evaluate the degree of cohesion of objects within clusters
and the separation between clusters [12], [13].These evaluation approaches provide a more objective basis for
determining a cluster structure that aligns with the data’s characteristics [14], [15], [16].

A number of previous studies have examined the volatility and dynamics of food prices in Indonesia using
statistical and econometric approaches. Sari et al. analyzed the volatility characteristics of food commaodity prices in
Indonesia and demonstrated differing volatility patterns across commodities [17]. Matondang et al. also
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demonstrated that strategic food commaodities exhibit different levels of fluctuation and volatility, thus requiring
management approaches tailored to the characteristics of each specific commodity[18] . More recent research
indicates that the volatility of food producer prices may also exhibit inter-regional correlations, meaning that price
characteristics are not always isolated to a single region or a single commaodity [19]. Furthermore, research on rice
price transmission in Indonesia shows that price changes at the market level may be linked to price dynamics at
other levels of the supply chain [20].

Although numerous studies on food price volatility and transmission have been conducted, approaches that
specifically cluster food commaodities based on combinations of price characteristics using PCA and K-Means still
have room for development. This study addresses this gap by constructing a representation of price characteristics
through feature engineering, standardization, and dimensionality reduction using PCA, followed by clustering using
K-Means.

This study aims to identify patterns of similarity in price characteristics and to cluster food commaodities into
groups with relatively homogeneous characteristics using a combination of PCA and K-Means clustering. The
number of clusters was determined using the Elbow Method, while the clustering results were subsequently
analyzed based on the feature characteristics of each cluster. The results of this study are expected to contribute to
the application of unsupervised learning methods for food price analysis and to provide information that can support
monitoring, the identification of commodity characteristics, and the formulation of food price stabilization
strategies.

2. RESEARCH METHODOLOGY
2.1 Research Stages
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Figure 1. Research Flowchart

Figure 1 illustrates the problem identification stage, which involves examining differences in price levels and
fluctuations across various food commodities. These varying characteristics result in price patterns that are not
always consistent across commodities, thus requiring a data mining approach to identify groups of commodities with
similar price characteristics. Next, data were collected in the form of daily price data for 31 food commodities
during the period from September 2, 2019, to January 17, 2020. The data obtained then underwent a data
preprocessing stage, which included checking and handling missing values, duplicate data, data types, price formats,
and data consistency to produce a clean dataset ready for analysis.

The next stage involved feature engineering and standardization, which entailed creating a set of features
representing the price characteristics of each commaodity, such as average price, price change, standard deviation,
minimum and maximum values, coefficient of variation, and price volatility. The resulting features are then
standardized using the Z-Score method to normalize the scale across variables. Next, Principal Component Analysis
(PCA) is applied to reduce the data dimensions and help illustrate the structure of relationships among commaodities
in a simpler manner. Afterward, the optimal number of clusters is determined using the Elbow Method and
Silhouette Score to identify the number of groups that yields the best clustering structure.

Based on the optimal number of clusters obtained, the K-Means clustering process was performed by
grouping commodities based on the similarity of their price characteristics. The K-Means algorithm operates
iteratively by determining centroids, calculating the distance of each object from the centroids, forming groups
based on the nearest centroid, and updating the centroids until a stable result is obtained. The final stage involves the
analysis and interpretation of the clusters, specifically identifying the characteristics of each group based on feature
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values, the degree of variation, and price volatility. The clustering results are then visualized using PCA scatter
plots, elbow plots, silhouette plots, and cluster characteristic visualizations. These results are subsequently used to
identify commodity groups with relatively stable prices as well as those exhibiting high volatility, serving as the
basis for formulating the study’s conclusions and recommendations.

2.2 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a dimension reduction method used to simplify a set of variables into
several principal components while retaining most of the information or variance in the data. In this study, PCA was
applied after standardizing the food commodity price features.[21]

Xij_Xj

Zij 5; 1)

Where (Z;;) represents the standardized value of the (i)th object for the (j)th variable, (X;) denotes the
original value of the (i)th object for the (j)th variable, (X;) represents the mean of the (j)th variable, and (S;) denotes
the standard deviation of the (j)th variable. The standardization process transforms the original observations into
values with a mean of zero and a standard deviation of one, thereby eliminating differences in measurement scales
among Vvariables. This transformation ensures that each variable contributes comparably to subsequent statistical
analyses and prevents variables with larger numerical scales from disproportionately influencing the results.

2.3 Cluster Validation

The optimal number of clusters was determined using multiple internal validation criteria rather than relying
exclusively on the Elbow Method. Candidate values of K from 2 to 10 were evaluated using the Silhouette Score,
Davies—Bouldin Index, and Calinski—-Harabasz Index. The Elbow Method was additionally used to examine the
reduction in within-cluster sum of squares (WCSS). The final value of K was selected based on the consistency of
the validation results.
.~ b()-a(i)
S(l) max(a(i),b(i)) (2)

The silhouette coefficient, denoted as (S(i)), represents the silhouette value of the (i)-th object or observation
and is used to evaluate the quality of clustering. The value (a(i)) is the average distance between the (i)-th object and
all other objects within the same cluster, representing the degree of cluster cohesion. Meanwhile, (b(i)) is the
minimum average distance between the (i)-th object and the objects belonging to the nearest neighboring cluster,
indicating the degree of separation between clusters. The term (\max(a(i), b(i))) represents the larger value between
(a(i)) and (b(i)) and is used as the denominator to normalize the silhouette coefficient. Thus, the silhouette value
provides an overall measure of how well an observation is assigned to its cluster, with higher values indicating
better cohesion within the cluster and greater separation from neighboring clusters.

2.4 K-Means Clustering

K-Means Clustering is an unsupervised learning method used to group data based on the similarity of characteristics
among objects. In this study, K-Means was applied to cluster food commodities based on price characteristics after
undergoing standardization and dimensionality reduction using PCA. The number of clusters was determined based
on the results of the Elbow Method, namely K=3. Clustering is performed iteratively by calculating the distance of
each object from its centroid using Euclidean distance, then assigning the object to the cluster with the shortest
distance. The centroid of each cluster is subsequently updated based on the average value of the cluster members
until there is no change in membership or convergence is achieved.[22], [23], [24], [25].

Mathematically, the Euclidean distance between object xi and centroid Cj is defined as:

d(xi' Cj) = Zzzl(xik - Cjk)z (3)
Next, the new centroids are calculated using:

G = niijiecj X 4)
The K-Means process aims to minimize the Within-Cluster Sum of Squares (WCSS):

WCSS = Z?=1 inecj(xik - Cjk)2 (5)

The final result of the clustering process yields three commodity groups, namely Cluster 0, Cluster 1, and
Cluster 2, which are then analyzed based on price characteristics to identify patterns and differences between
clusters.
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3. RESULTS AND DISCUSSION
3.1 Data Loading

The data loading stage was performed by importing the food commodity price dataset into the system in CSV
format. The loaded data was then examined for its structure, number of attributes, number of observations, and data
types to ensure the dataset was successfully read and ready for use in the preprocessing stage. See Table 1.

Table 1. Dataset Loading

Grade | Grade Il Super Super Il

Grade Grade . . . . Fresh Local
No Date Rice |Rice | Rice Me(_jlum Me(_jlum Gra}de ngllty Chicken Chicken ... Granulated

(kg) (ka) Rice Rice | Rice Rice Meat (kg) Sugar (kg)

(kg) (kg) (kg) (kg)

0 09/02/2019 11,700 10,650 10250 11,800 11550 13050 12,600 30450 30450 .. 12,900
1 03/09/2019 11.700 10,650 10,250 11800 11550 13.050 12600 30300 30300 ..  12.900
2 04/09/2019 11,700 10.650 10250 11800 11.600 13050 12.600 30100 30100 .. 12.900
3 09/05/2019 11,700 10.650 10250 11800 11550 13050 12.600 30100 30100 .. 12.850
4 09/06/2019 11.700 10650 10250 11,800 11550 13050 12.600 30.050 30.050 .. 12.850
98 ‘]amz‘g%”' 10,800 10450 11,900 11,700 13,100 12,650 33100 33.100 118500 ... 122,050

3.2 Initial Data Exploration and Preprocessing

The initial data exploration and preprocessing stage was conducted to understand the structure and quality of food
commodity price data prior to further analysis. This process involved examining the data volume, attributes, data
types, missing values, duplicate data, as well as the consistency of price formats and observation periods. Next, non-
compliant data were corrected or addressed, and the price data were converted to a numeric format and prepared for
the stages of descriptive analysis, feature engineering, standardization, PCA, and K-Means clustering, as shown in
Table 2.

Table 2. Data Exploration

Low- Low- Medium- Medium Super 2;232 E::‘;
. Qualit Grade Quality Grade Grade Chicken ) Local
Date Rice . . . ) . 1 Chicke Beef ..
y Rice Rice Ricel IlIRice IRice Rice Meat n Meat Granulated
I (kg) Il (k k k k Sugar (k
ko) 11kg) (ko) (ko) (kQ) 0y (ko) gar (kg)
S;g{g 11,700 10,650 10,250 11,800 11,550 13,050 12,600 30,450 30,450 117,900 ... 12,900
Szegis 11,700 10,650 10,250 11,800 11,550 13,050 12,600 30,300 30,300 118,350 ... 12,900
Szeg;g 11,700 10,650 10,250 11,800 11,600 13,050 12,600 30,100 30,100 118,350 .. 12,900
5268;95 11,700 10,650 10,250 11,800 11,550 13,050 12,600 30,100 30,100 118,350 ... 12,850
Szegig 11,700 10,650 10,250 11,800 11,550 13,050 12,600 30,050 30,050 118,350 .. 12,850

3.3 Feature Selection and Data Scaling

The feature selection and data scaling stages were carried out by selecting variables relevant to representing the
price characteristics of each food commodity, such as average price, standard deviation, minimum and maximum
values, price changes, and volatility. The selected features were then scaled using StandardScaler (Z-Score) so that
each variable would have a comparable scale. This step is important because K-Means uses distance calculations to
determine cluster membership; therefore, differences in scale between features can affect the clustering results in
Table 3.

Table 3. Data after scaling:

Fresh

Low-  Low- Medium Medium Super  Super Breed Local
. Quality Grade -Quality Grade Il Gradel Grade Il Chicken . . .. Granulate
Date Rice . . - . . - Chicken Beef
Ricel Ricell Ricel Rice Rice Rice Meat Meat . d Sugar
(kg) (ko) (ko) (kg)  (kg)  (kg) (ka) (kg)
Sept - - - - - - - - - - .. -0.697446
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Low-  Low- Medium Medium Super  Super g:gzg Local
Date Rice Quality Grade -Quality Grade Il Grade | Grade Il Chicken Chicken Beef Granulate
Ricel Ricell Ricel Rice Rice Rice Meat Meat : d Sugar
(kg)  (kg)  (kg) (kg) (ko) (ko) (ka) (kg)
2, 1.34183 0.97256 1.6002 0.36230 1.38547 1.04538 0.31801 2.14849 2.14849 1.22020 .
201 6 4 1 6 2 3 8 3 3 0
9
Sept ) ) ) ) ) ) ) ) )
3, 0.63560 ..
1.34183 0.97256 1.6002 0.36230 1.38547 1.04538 0.31801 2.25707 2.25707 -0.697446
201 9 :
9 6 4 1 6 2 3 8 4 4
Sept ) i ) ) i i i i i
4, 0.63560 ..
1.34183 0.97256 1.6002 0.36230 0.31034 1.04538 0.31801 2.40184 2.40184 -0.697446
201 9 :
9 6 4 1 6 6 3 8 9 9
Sept ) ) ) ) ) ) ) ) )
5, 0.63560 ..
1.34183 0.97256 1.6002 0.36230 1.38547 1.04538 0.31801 2.40184 2.40184 -0.914978
201 9 :
9 6 4 1 6 2 3 8 9 9
Sept ) ) ) ) ) ) ) ) )
6, 0.63560 ..
1.34183 0.97256 1.6002 0.36230 1.38547 1.04538 0.31801 2.43804 2.43804 -0.914978
201 9 .
9 6 4 1 6 2 3 8 3 3

3.4 Principal Component Analysis (PCA)

The Principal Component Analysis (PCA) stage is used to reduce the number of feature dimensions without losing
important information in the data. PCA transforms features that have undergone standardization into a number of
principal components capable of explaining most of the data variation. In this study, PCA was also used to facilitate
the visualization of relationship patterns among commodities and to examine the data structure prior to the
clustering process. The PCA results were subsequently used to support the analysis and interpretation of the K-
Means Clustering results, as shown in Figure 2.

Cumulative Explained Variance by Principal Components
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Figure 2. Principal Component Analysis (PCA)

Variance explained by each Principal Component:
PC1: 0.5200
PC2: 0.2290
PC3: 0.0867
PC4: 0.0536
PC5: 0.0291
PC6: 0.0164
PC7:0.0136
PC8: 0.0112
PC9: 0.0075
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PC10: 0.0068
PC11: 0.0057
PC12: 0.0045
PC13: 0.0036
PC14: 0.0034
PC15: 0.0029
PC16: 0.0018
PC17:0.0016
PC18: 0.0011
PC19: 0.0005
PC20: 0.0003
PC21: 0.0003
PC22: 0.0002
PC23: 0.0001
PC24:0.0001
PC25: 0.0001
PC26: 0.0000
PC27:0.0000
PC28: 0.0000
PC29: 0.0000
PC30: 0.0000
PC31: 0.0000

The PCA results show that PC1 is the most dominant component, contributing 52.00%, followed by PC2 at
22.90%. These two components account for 74.90% of the data’s variation. When using five principal components,
the total explained variance reaches 91.84%, meaning that most of the information in the dataset can be retained
with far fewer dimensions than the original 31 features. Meanwhile, components beyond PC5 contribute relatively
little to the data’s variation. This indicates that PCA successfully performs dimensionality reduction effectively
without losing most of the important information.

3.5 PCA Components and Data Transformation

Based on the cumulative explained variance results, the number of principal components was selected by
considering each component’s ability to retain information in the dataset. The analysis results show that the 10
principal components (PC1-PC10) account for 97.39% of the total data variance, meaning that only about 2.61% of
the information is not represented by these ten components. Therefore, the 10 principal components were selected as
a lower-dimensional representation of the original 31 features. Next, the data were transformed from the original
feature space into a new space consisting of 10 principal components. This transformation produced a more concise
representation of the data while retaining most of the information or variation present in the dataset. The data
resulting from this PCA transformation can then be used for clustering analysis and visualization of food commodity
group patterns in Table 4.

Table 4. Data after dimensionality reduction using 10 PCA components:
PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10

Szegig -4.159944 3.367658 2_675220 o.oeé 4080, 495963 0.430493 1.749679 -0.898562 -0.569536 0.502383
5268;93 -3.767640 4.033935 2_12:5916 1.541027 1_02:,3826 0_08'3157 0.889705 -0.468704 -0.274255 0.262420
s;:gig ' -3.789873 4.010512 1_97'7999 1.623473 0_83;33 4g 0459960 0.707708 -0.163937 -0.028471 0_11'60 43
Szegig -4.143481 3.779760 1_98;1338 1.683336 0_88'2597 0.062688 0.836764 -0.163129 -0.225991 0.123126
Szegig -4.191419 3.696245 2_03'1156 1.671004 0_77;3638 0.016059 0.747228 -0.071228 -0.134632 0.136429

3.6 PCA Results

The PCA results indicate substantial dimensional redundancy among the standardized price characteristics. PC1
explains 52.00% of the total variance, while PC2 explains 22.90%, resulting in a cumulative variance of 74.90%.
The first five components explain approximately 91.84% of the total variance, while the first ten components
increase the cumulative explained variance to 97.39%. Therefore, ten principal components were retained for
subsequent clustering. This configuration substantially reduces the dimensionality while preserving most of the
information contained in the original standardized feature space.
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Because only a subset of principal components is retained, Euclidean distances in the reduced space represent
an approximation of the distances in the original standardized space. The 97.39% explained variance indicates that
the approximation retains most of the original information. Nevertheless, cluster interpretation is conducted using
the original price characteristics to avoid interpreting PCA scores as direct economic indicators.

3.7 Determining the Optimal Number of Clusters Using the Elbow Method

Before applying the K-Means Clustering algorithm, the optimal number of clusters (k) is determined to obtain the
most representative clustering structure. This determination is performed using the Elbow Method by evaluating the
inertia value, or Within-Cluster Sum of Squares (WCSS), for several alternative numbers of clusters. The inertia
value is calculated based on the total sum of the squared distances of each data point from its cluster centroid. Next,
these values were visualized in a graph, and the “elbow” point was identified based on the point where the rate of
decrease in the inertia value began to level off. The number of clusters at that point was considered the optimal
value of k because it provides a balance between the level of compactness within clusters and the complexity of the
number of clusters, as shown in Figure 3.

Elbow Method for Determining the Optimal Number of Clusters

nertia
7]
=
s

1000 4 PN

———
———

Mamber of Chstars [k}

Figure 3. Optimal Number of Clusters Using the Elbow Method
3.8 Application of K-Means Clustering

After determining the optimal number of clusters—for example, k=3 based on the results of the Elbow Method—the
K-Means Clustering algorithm is applied to group food commodities based on the similarity of their price
characteristics. The clustering process is performed using data that has undergone standardization and PCA
transformation. The K-Means algorithm iteratively determines the centroids, calculates the distance of each object
from the centroids, assigns objects to the cluster with the closest distance, and updates the centroid positions until a
stable clustering result is obtained. The final result of this process is a group of commodities with relatively similar
price characteristics, which are then analyzed to identify patterns and differences in characteristics between clusters,
as shown in Figure 4.
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Figure 4. Visualization of Clustering Results
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Once the optimal number of clusters has been determined based on the results of the EIbow Method—the K-
Means Clustering algorithm is applied to group food commodities based on the similarity of their price
characteristics. The clustering process is performed using data that has undergone standardization and PCA
transformation. The K-Means algorithm iteratively determines the centroids, calculates the distance of each object
from the centroids, assigns objects to the cluster with the closest distance, and updates the centroid positions until a
stable clustering result is obtained. The final result of this process is a group of commaodities with relatively similar
price characteristics, which are then analyzed to identify patterns and differences in characteristics between clusters.
K-Means was subsequently applied to the ten-dimensional PCA representation. Each commodity was assigned to
the nearest centroid based on Euclidean distance. The resulting clusters were subsequently profiled using the
original standardized price characteristics to preserve the interpretability of the clustering results.

3.9 Cluster Characteristic Analysis

The cluster characteristic analysis stage is conducted to identify and compare the characteristics of each commodity
group generated by the K-Means algorithm. The analysis is based on the average values of each feature within each
cluster, such as price level, standard deviation, coefficient of variation, price change, and volatility. The analysis
results were used to determine the dominant characteristics of each cluster and to identify commaodity groups with
relatively stable price patterns, high price levels, or greater fluctuations. Subsequently, these characteristics served
as the basis for interpreting the clustering results and explaining their implications for the price movement patterns
of food commodities, as shown in Figure 5.

Prasvurs Rice {1 o3}
Mefiurs Rice (1 &)
Lowe Quaity Rice (1%
Super Pramem Rina (1 %5
Pardan Viangs Ses {1
Processed Rxce {1 4g)
Sugar {1 &g}

Coglcng OF (1 L)
Curly Red O3 (3 &g}
Cayease Pepper {1 433
Shafet 13}

Garkc {1 %g)

Besder Ovcens (165}
Loy Oreciomn Bz (T ez!

Commodity
Mean Price

Vibend Vermriceds (2 peck}
Pomderzd Milk (1 zack)
Canned Sardines (1 can)
Evapocsbed Mk (1 <)

Cluster

Figure 5. Cluster Characteristics

Based on the visualization of the standardized average features for each cluster, there are clear differences in
price characteristics between Cluster 0, Cluster 1, and Cluster 2. The values on the heatmap represent the average of
the standardized results; thus, positive values indicate characteristics above the overall average, while negative
values indicate characteristics below the average.

Cluster 0 generally has negative values for most commodities. This indicates that commodities in this cluster
tend to have price characteristics that are relatively lower than the overall data average. However, several chili
pepper commodities show positive values, such as Red Bird’s Eye Chili at 0.78, Green Bird’s Eye Chili at 0.78, and
Bird’s Eye Chili at 0.74, indicating price characteristics that are relatively higher than the average.

Cluster 1 exhibits more diverse characteristics. Several commaodities have positive values, particularly Breed
Chicken Meat at 0.87, Chicken Eggs at 0.88, Fresh Breed Chicken Eggs at 0.88, and Red Onions at 0.83.
Conversely, the chili pepper commodity group has fairly large negative values, ranging from approximately —1.22 to
—1.31. This indicates that Cluster 1 has relatively moderate and heterogeneous price characteristics, with fairly
strong differences between commaodities.

Meanwhile, Cluster 2 shows predominantly positive values for most commaodities. High values are observed
for Branded Packaged Cooking Oil 2 at 2.37, Granulated Sugar at 2.32, Local Granulated Sugar at 2.27, Branded
Packaged Cooking Oil 1 at 2.23, and Medium-Sized Garlic at 2.21. These conditions indicate that Cluster 2 is
dominated by commodities with relatively high prices compared to the overall average.

Overall, the clustering results show that the three clusters have distinct characteristic patterns. Cluster 0 tends
to represent commodities with relatively low price characteristics; Cluster 1 exhibits more moderate and
heterogeneous price characteristics; while Cluster 2 is dominated by commodities with relatively high price
characteristics. These differences indicate that the K-Means Clustering method is capable of identifying groups of
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commodities based on the similarity of their price characteristics, and can therefore be used as a basis for
understanding the grouping patterns and price differences among food commaodities.

3.10 Discussion

The results demonstrate that food commodities in Indonesia exhibit heterogeneous multidimensional price
characteristics, indicating that price levels alone are insufficient to describe commodity price behavior. PCA reduced
the data dimensionality, with the first ten components retaining 97.39% of the total variance, consistent with its role
in preserving information while simplifying multidimensional data [8], [9]

The clustering results produced three distinct groups: Cluster 0 represents relatively lower price characteristics,
Cluster 1 exhibits moderate and heterogeneous characteristics, and Cluster 2 is dominated by relatively higher price
characteristics. These differences indicate that commodity price behavior involves not only price levels but also
variation, price changes, and volatility. The findings are consistent with previous studies on food commodity
clustering and price volatility [5],[6] [17],[18].

Compared with previous studies focusing on volatility, individual commodities, or temporal price
movements, this study contributes a broader classification by analyzing 31 food commodities using multiple price
characteristics. The results complement previous research on inter-regional price spillovers and price transmission
[19], [20]. Therefore, food price monitoring and stabilization should consider commodity-specific characteristics
rather than applying uniform interventions. Overall, the PCA-K-Means approach provides a practical framework for
identifying homogeneous commodity profiles and supporting differentiated price monitoring and stabilization
strategies..

4. CONCLUSION

This study demonstrates that food commodities in Indonesia exhibit distinct multidimensional price profiles and
therefore should not be evaluated solely based on average price levels. By integrating feature engineering,
standardization, Principal Component Analysis (PCA), and K-Means clustering, the study reduced data
dimensionality while retaining 97.39% of the total variance through ten principal components. The resulting three
clusters represent distinct combinations of price level, dispersion, price changes, and volatility, demonstrating that
commodities with similar price levels may have substantially different price-risk characteristics. The main
contribution of this study is the development of a data-driven framework for profiling food commodities based on
multiple price characteristics while maintaining interpretability through the original features. These findings provide
practical support for differentiated food price monitoring and stabilization policies, particularly by enabling
policymakers to prioritize commodities according to their respective price-risk profiles rather than applying uniform
interventions. However, this study is limited by the relatively short observation period and its reliance on historical
price-based indicators without incorporating supply, weather, distribution, inflation, and spatial-market factors.
Consequently, the identified clusters should not be regarded as permanent classifications. Future research should
employ longer observation periods, incorporate economic and spatial variables, and compare alternative clustering
algorithms to assess the temporal stability and robustness of the identified commodity profiles..
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