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Abstract - Price changes are critical indicators of economic dynamics and government policies. This study uses clustering and 

association rule mining techniques to analyze retail price data of staple goods and commodities in Bukittinggi and Padang from 

2017 to 2023. The K-Means algorithm identified significant price patterns, validated by high silhouette scores, revealing distinct 

clusters that illustrate regional price trends. The Apriori algorithm uncovered strong correlations between commodity prices, such 

as the relationships between salt and cement and between salt and flour, indicated by high confidence and lift values. These 

findings provide valuable insights into price behaviours and can inform decision-making in price management and policy 

formulation. The results demonstrate the potential of data mining techniques to enhance understanding and optimization of 

regional economic stability, offering a robust approach to analysing complex price data. This information can help local 

governments make better decisions and manage prices more effectively. Additionally, this study underscores the importance of in-

depth data analysis to understand price patterns and develop more effective price management strategies in the future. For 

further research, it is recommended to explore long-term price trends and external factors affecting prices, as well as to apply 

other machine learning methods and expand the research to other regions for comparative price dynamics.  
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I. INTRODUCTION 

Price changes reflect economic dynamics and government 

policies [13]. Price affordability and stable supply are crucial 

for consumers [15]. For example, a 30-year-old consumer 

stated that affordability of goods has been their top priority for 

the past five years. They also expressed great gratitude for 

being able to afford them [16]. When prices rise, it impacts 

the amount of loans and leads to higher interest costs.9 

Therefore, regulations and policies in a region are essential to 

maintain the economy, as the economy and technological 

changes are closely related to the political context [22]. 

One source of regional data providing statistical 

information to the public is Statistics Indonesia [17]. The 

Statistics of Sumatera Barat Province reported the average 

retail prices of staple goods, cement, and gold in Bukittinggi  
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and Padang from 2017 to 2023 [7][8]. This data is used for 

clustering based on price movements [2] and identifying 

association rules between prices [21]. Therefore, clustering 

and association rule mining are highly necessary [3]. 

To perform clustering based on price movements, the K-

Means algorithm can be used [2]. This K-Means algorithm 

shows 98.7% classification accuracy in segmentation [23]. 

With varying cluster numbers, the silhouette score is used to 

evaluate the optimal cluster [18]. Meanwhile, to identify 

association rules between prices, the Apriori algorithm can be 

used [21]. The relevance and strength of the generated 

association rules are determined using specific support and 

confidence levels [4]. 

This research aims to apply clustering and association rule 

mining techniques to the retail price data of staple goods and 

commodities in Bukittinggi and Padang. Thus, it is expected 

that the results of this study can reveal significant patterns and 

relationships in the retail price data, which can be used to 

optimise price management and improve community welfare. 

II. METHOD 

This research uses retail price data of staple goods and 

commodities from Bukittinggi and Padang reported by BPS 

Sumatera Barat Province from 2017 to 2023. The data 

includes the average prices of staple goods such as rice (Kg), 

chicken meat (Kg), cooking oil (Kg), granulated sugar (Kg), 

salt (Kg), chicken eggs (10 pieces), infant milk (400 grams 

package), red chilli (Kg), wheat flour (Kg), and other 

commodities like cement (50 sacks), and 24-carat gold (gram) 

[7][8]. 

Main tools were used for data analysis: Orange 3.36.2 was 

used to run the K-Means Clustering and Apriori Association 

algorithms and data visualisation. 
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A. Process Mining 

Process mining is a method for objectively observing and 

understanding processes by analysing event data in detail. 

This method automatically creates models that show how 

events occur, thus enhancing process transparency and 

understanding [1]. The Data Preparation stage is crucial and 

includes several key steps: collecting data from various 

relevant sources, merging data to form a comprehensive 

dataset, filling in missing values and addressing 

inconsistencies, reducing data volume through feature 

selection, and transforming data into a suitable format for 

analysis [14]. Process mining allows for dynamic analysis of 

process models from start to finish, providing information to 

improve and optimise workflows [1]. 

B. K-Means Clustering 

Clustering in Data Mining is an unsupervised machine 

learning method that groups objects into clusters based on 

similarity, so that objects within a cluster are more similar to 

each other than to those in other clusters [11]. The K-means 

method is well-known for its ease of implementation, 

computational speed, and ability to handle large datasets, 

requiring only one parameter, the number of clusters (K). The 

algorithm starts with the formation of initial clusters and 

iterates until there are no significant changes, indicating 

convergence [18]. 

 

     (1) 

 

Where: 

•  is the coordinate of the i-th centroid, 

•  is the number of objects in the cluster, 
•  is the value of the i-th attribute of the j-th object 

in the cluster. 
 

This process is repeated until the centroids' positions are 

stable and there are no significant changes, indicating the 

algorithm's convergence [20]. To find the silhouette 

coefficient, use equation (2). The silhouette coefficient is a 

metric for assessing the quality of clustering, determining 

whether the algorithm has grouped the data well. Higher 

silhouette coefficients indicate better clusters [12]. 

 

  (2) 

 

Where: 

•  is the coordinate of the -th centroid, 

•  is the average distance of object  to all clusters 

other than the one containing object  [18]. 
 

Calculate the silhouette value comparatively for clusters 2, 

3, and so on by repeating the above steps. The cluster with the 

highest silhouette value is the best according to the evaluation 

method. Calculate the average silhouette value of all objects to 

evaluate the entire cluster [18]. 

C. Apriori Association 

Association Rule Mining (ARM) is an important data 

mining technique for extracting hidden knowledge from 

databases. As part of Machine Learning (ML), ARM identifies 

interesting relationships between objects in the data [5]. The 

initial stage of the Apriori Algorithm forms a set of popular 

items by setting a minimum support threshold, which affects 

the number of rules generated. The second stage is the 

formation of association rules from the identified popular 

itemsets [6]. Association rules are usually represented in an 

IF-THEN format, making it easier for researchers to interpret 

and understand the results. The mined association rules are 

filtered using three main statistical indicators: support, 

confidence, and lift ratio [4]. 

Support measures how often an item or combination of 

items appears in the dataset [19]. It is expressed in the form of 

 as in equation (3).  is known as the antecedent or 

LHS, and  is known as the consequent or RHS [10]. 

 

  (3) 

Confidence assesses how often item B appears in 

transactions that also contain item A [19], as reflected in 

equation (4). The higher the confidence value, the more likely 

the consequent and antecedent appear together [10]. 

 

  (4) 

 

Lift is the ratio between the confidence of a rule and the 

expected confidence, depicted in equation (5). Lift indicates 

the strength of the relationship between the antecedent and the 

consequent [10]. 

 

   (5) 

 

A lift value greater than 1 indicates a strong relationship 

between A and B, signifying that the presence of A increases 

the likelihood of B's presence. A lift value less than 1 

indicates that A and B are less likely to occur together, thus 

having no strong relationship or having a negative relationship 

[19]. 

III. RESULTS  

A. Data Integration 

The data we obtained comes from the official reports of 

average retail prices by the Statistics of Sumatera Barat 

Province. This data was collected and integrated into a 

single .csv file to facilitate further processing and analysis. 

The data integration process involved merging several data 

sets from various time periods and different types of 

commodities. This step is crucial to ensure that the data used 

accurately reflects the retail price conditions in the Bukittinggi 

and Padang areas. 

B. Testing 

The testing phase is a crucial step in our analysis to ensure 

the accuracy and reliability of the results obtained from both 

clustering and association rule mining techniques. The data 

we used comes from the Statistics of Sumatera Barat Province, 

which includes monthly average retail prices from 2017 to 

2023 for staple goods, cement, and gold in Bukittinggi and 

Padang. This data was meticulously integrated into a 

single .csv file, facilitating seamless processing and analysis. 
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For the clustering analysis, we first processed the data by 

editing the domain type of the "Month" column to Time and 

setting the "City" column as Metas. This setup allowed us to 

focus on the 11 features representing the average retail prices 

of various goods, ensuring the analysis was aligned with the 

research objectives. In the main steps as listed in figure 1. 

 

 
Fig. 1. Workflow in Orange 3.36.2 for data analysis 

 

The K-Means clustering was then performed with a fixed 

number of clusters set to 3. This decision was guided by the 

need to identify distinct price patterns and group them 

accordingly. To evaluate the quality of these clusters, we 

employed the silhouette score, a robust metric for assessing 

the coherence and separation of the clusters. The silhouette 

score ranges from -1 to 1, with higher values indicating well-

defined clusters. By calculating the silhouette score for 

different numbers of clusters, we determined that 3 clusters 

provided a meaningful and interpretable segmentation of the 

data. 

For the association rule mining, we discretized the features 

using the equal frequency method with k=4, as shown in 

Figure 2. This step was essential to transform the continuous 

price data into categorical intervals, making it suitable for the 

Apriori algorithm. The discretization process involved 

dividing the data into four equal-sized intervals, ensuring that 

each interval contained an approximately equal number of 

data points. This approach facilitated the identification of 

meaningful associations between different price levels. 

 

 

Fig. 2. Result of Discretized Data 

 

Next, we applied the Apriori algorithm to generate 

association rules. We set the minimum support threshold to 

20% and the minimum confidence threshold to 50%. The 

support threshold ensured that only frequently occurring 

itemsets were considered, while the confidence threshold 

focused on the strength of the association between items. The 

generated rules were then filtered based on these criteria to 

retain only the most significant and relevant associations. 

C. Evaluation of Clusters 

When evaluating the quality of the best cluster, the average 

Silhouette score is assessed across all clusters [18]. The scatter 

plot visualisation in Figure 3 shows the clustering quality 

across three clusters. The low Silhouette Score in C1 indicates 

poor cluster quality in both Bukittinggi and Padang. C2 shows 

better quality compared to C1, with a higher score. The best 

quality is found in C3, which has a high Silhouette Score in 

both cities, indicating that the data within this cluster is very 

similar to each other and well-separated from other clusters. 

 

 
Fig. 3 Silhouette Score of Retail Price Clusters 

 

Based on the clustering results shown in Table 1, there are 

several notable differences in the average retail prices between 

Bukittinggi and Padang. In cluster C1, Bukittinggi has more 

price items in 2017 (11 count) and 2018 (8 count) compared 

to Padang, which is not included in this cluster. In cluster C2, 

Bukittinggi shows a significant increase in the number of 

price items in 2021 (11 count), while Padang experiences 

fluctuations with the highest number of price items in 2020 

(11 count) and a sharp decrease in 2022 (2 count). In cluster 

C3, Bukittinggi shows an increase in the number of price 

items in 2019 (8 count) and a decrease in 2021 (2 count). 

Meanwhile, Padang shows a significant increase in the 

number of price items in 2019 (12 count) and a decrease in 

2022 (2 count). These differences highlight the varying retail 

price patterns between the two cities, reflecting market 

dynamics and economic factors that may influence 

commodity prices in each region. Further analysis is required 

to understand the causes of these fluctuations and how local 

policies may impact retail prices in Bukittinggi and Padang. 
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TABLE I 

CLUSTERS OF RETAIL PRICE IN BUKITTINGGI AND PADANG 

Clusters City 2017 2018 2019 2020 2021 2022 

C1 Bukittinggi 11 8     

C2 

Bukittinggi    6 11  

Padang    5 11 2 

C3 

Bukittinggi    2   

Padang    2   

 

From the results of this analysis, it can be concluded that 

there is a significant difference in the number of items in the 

average retail price of basic commodities, cement and gold 

between Bukittinggi and Padang. Clustering produces three 

significant clusters with fairly high validity, based on 

Silhouette Score analysis. These results provide insight into 

price trends and variations between cities, which can be used 

for decision making in pricing and distribution policies of 

basic commodities. 

D. Evaluation of Associations 

By applying a minimum support of 20% and a minimum 

confidence of 50% in discovering association rules, we can 

gain an understanding of how often item B appears in 

conjunction with item A. This can be seen in Fig. 5, which 

shows that a lift value greater than 1 indicates a strong 

relationship between A and B, suggesting that the presence of 

A increases the likelihood of B's presence (Samuel et al., 

2022). The details of these association rules can be found in 

Table 2. 

TABLE II 

PRODUCTS PRICE ASSOCIATION RULES 

Antecedent Consequent Support Confidence Lift 

Garam (Kg) 

=0.771277-

0.976915 

Semen(50sak) =<-

0809335 

0.241 0.87 3.437 

Garam (Kg) 
=0.850638-

0.771277 

Semen(50sak) =-
0809335--0525437 

0.241 0.952 3.04 

Garam (Kg) 

=<-0.850638 

Tepung Terigu (Kg) 

=>0.010229 

0.217 0.947 3.744 

Semen (50sak) 

=0.809335--

0.525437 

Garam (Kg) =-

0850638-0.771277 

0.241 0.769 3.04 

Semen (50sak) 

=<-0.809335 

Garam (Kg) 

=0.771277-0.976915 

0.241 0.952 3.437 

Tepung Terigu 

(Kg) =>0.010229 

Garam (Kg) =<-

0.850638 

0.217 0.857 3.744 

 

 

From the analysis in table 2, it was found that if the price of 

salt falls within the range of 0.771277 to 0.976915, then it is 

highly likely that the price of cement per 50 sacks will be less 

than or equal to -0.809335. This is supported by a confidence 

of 87%, a lift of 3.437, and a support of 24.1%, meaning that 

approximately 24.1% of all transactions meet this rule. This 

rule indicates a strong relationship between the given salt 

price range and a decrease in the price of cement. 

Furthermore, if the price of salt is within the range of -

0.850638 to 0.771277, it is very likely that the price of cement 

per 50 sacks will be within the range of -0.809335 to -

0.525437. With a confidence of 95.2%, a lift of 3.040, and a 

support of 24.1%, this rule applies to about 24.1% of all 

transactions. This shows a very strong correlation between 

this range of salt prices and lower cement prices. 

Additionally, if the price of salt is less than or equal to -

0.850638, it is very likely that the price of flour will be greater 

than or equal to 0.010229. A confidence of 94.7%, a lift of 

3.744, and a support of 21.7% indicate that this rule applies to 

approximately 21.7% of all transactions. This rule suggests 

that a lower salt price is correlated with a higher flour price. 

If the price of cement per 50 sacks is within the range of -

0.809335 to -0.525437, it is likely that the price of salt will be 

within the range of -0.850638 to 0.771277. With a confidence 

of 76.9%, a lift of 3.040, and a support of 24.1%, this rule 

applies to about 24.1% of all transactions. This indicates a 

significant relationship between the prices of cement and salt 

within this range. 

Moreover, if the price of cement per 50 sacks is less than or 

equal to -0.809335, it is highly likely that the price of salt will 

be within the range of 0.771277 to 0.976915. With a 

confidence of 95.2%, a lift of 3.437, and a support of 24.1%, 

this rule applies to about 24.1% of all transactions. This 

demonstrates a very strong correlation between lower cement 

prices and the given range of salt prices. 

Finally, if the price of flour is greater than or equal to 

0.010229, it is likely that the price of salt will be less than or 

equal to -0.850638. With a confidence of 85.7%, a lift of 

3.744, and a support of 21.7%, this rule applies to about 

21.7% of all transactions. This shows that higher flour prices 

are correlated with lower salt prices. Through the application 

of minimum support and confidence in association analysis, 

we can identify significant patterns between the prices of 

staple goods, cement, and flour in Bukittinggi and Padang. 

 

IV. CONCLUSIONS 

This research demonstrates the efficacy of applying 

clustering and association rule mining techniques to retail 

price data of staple goods and commodities in Bukittinggi and 

Padang. The use of K-Means clustering revealed significant 

patterns in the price movements, allowing us to identify 

distinct clusters that provide insights into regional price trends. 

The silhouette score analysis confirmed the validity of these 

clusters, highlighting the differences in retail price behaviours 

between the two cities. 

Moreover, the application of the Apriori algorithm for 

association rule mining uncovered meaningful relationships 

between the prices of various commodities. High confidence 

and lift values in the generated rules indicate strong 

correlations, such as the relationship between salt and cement 
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prices, as well as between salt and flour prices. These findings 

can guide decision-making processes in price management 

and policy formulation. 

Overall, the study's results contribute to a better 

understanding of regional price dynamics and their underlying 

factors. By leveraging statistical techniques and robust data 

analysis, this research provides valuable insights for 

optimizing pricing strategies and improving economic 

stability in Bukittinggi and Padang. Future research can build 

upon these findings by exploring additional variables and 

employing more advanced machine learning models to further 

enhance the analysis of retail price data. 
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