
International Journal of Advances in Applied Sciences (IJAAS) 

Vol. 15, No. 2, June 2026, pp. 830~843 

ISSN: 2252-8814, DOI: 10.11591/ijaas.v15.i2.pp830-843      830 

 

Journal homepage: http://ijaas.iaescore.com 

Descriptive data mining for multi-shelf product allocation in 

traditional retail 
 

 

Singgih Saptadi, Wiwik Budiawan, Ary Arvianto, Purnawan Adi Wicaksono,  

Chaterine Alvina Prima Hapsari, Dhimas Wachid Nur Saputra 
Department of Industrial Engineering, Faculty of Engineering, Diponegoro University, Semarang, Indonesia 

 

 

Article Info  ABSTRACT 

Article history: 

Received Dec 10, 2024 

Revised May 29, 2025 

Accepted May 23, 2026 

 

 The business expansion of minimarkets in small cities is one of the serious 

threats to the sustainability of traditional retail businesses or small 

independent retailers. Many traditional retailers eventually closed due to 

their inability to maintain competitiveness, as customers increasingly prefer 

shopping at modern retail outlets. A well-organized store layout can improve 

the shopping experience of customers, which has an impact on customer 

satisfaction and retail competitive advantage. Currently, shelf space 

allocation in traditional retail is still inattentive, making the placement of 

products on the shelf random and erratic. Based on these problems, this 

research aimed to design multi-shelf product allocation according to 

customer shopping patterns by combining clustering algorithms and market 

basket analysis (MBA). Clustering aims to divide data points into two 

different clusters, namely dominant product and less favored product, while 

MBA aims to identify the customer purchase pattern and preferences. The 

three MBA scenarios produced four, twelve, and forty rules. The research 

successfully designed two layouts by utilizing a combination of clustering 

and MBA algorithms. The utilization of data mining allows traditional 

retailers to extract information from the database to be arranged into a layout 

design that fits the shopping patterns and customer preferences. 
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1. INTRODUCTION 

Business expansion by modern retail in small cities is one of the serious threats to the sustainability 

of traditional retail businesses or small independent retail [1]. Traditional retailers initially dominated the 

market in small towns, but finally had to compete with minimarkets. Minimarkets that are classified as 

modern retail have a better business system than traditional retail, making it difficult for traditional retail to 

overcome business competition [2], [3]. Many traditional retailers eventually closed because they were 

unable to compete with minimarkets. For example, in Indonesia, based on data from the United States 

Department of Agriculture (USDA), as many as 39,750 traditional store outlets were no longer operating in 

2022. In contrast, minimarket outlets are predicted to grow by 1,000 outlets/year [4]. Another impact that 

arises is a decrease in turnover and the number of traditional retail customers [5]. 

The failure of traditional retail in maintaining business is influenced by changes in customer 

shopping preferences that prefer shopping in modern retail. Research from Irfan et al. [2] and Ye et al. [6] 

states that retail store layout plays an important and fundamental role as a factor influencing customer 

shopping preferences. A well-organized store layout can improve the shopping experience of customers, 
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which has an impact on customer satisfaction and retail competitive advantage [7], [8]. In addition, a well-

planned layout can provide comfort for customers, so customers spend longer browsing the store, increase 

the likelihood of impulsive buying, product sales, and encourage customers to shop again [2], [8], [9].  

Modern retailers design the layout based on category areas such as clothing and food, which makes 

shelf space allocation is not a major concern. Meanwhile, traditional retailers with more limited space require 

detailed layout, including shelf product allocation strategies. Shelf space allocation is often based on  

short-term operational needs rather than strategic planning, making it occasionally less relevant. For example, 

when instant food products are sold out, empty shelves are refilled with products from other categories. In 

some cases, instant food is placed near body care products, making the placement less relevant due to the 

category mismatch. These conditions decrease customer satisfaction due to changes in layout that make it 

difficult to find products. 

As a result, customers tend to switch to modern retailers that offer more organized layouts. These 

arbitrary and unstructured placements also lead to a significant gap in product sales. Product displays are not 

maximized as a tool to introduce the available products and become ineffective as a medium for product 

awareness. The significant differences in product variety and assortment between traditional and modern 

retail formats prevent traditional retailers from adopting modern retail layouts [10]. Therefore, traditional 

retailers face the challenge of developing customized layout and shelf arrangement strategies that not only 

address the limitations of their space but also enhance product visibility and customer satisfaction, both of 

which are currently hindered by arbitrary and unstructured placement. 

Research related to retail layout has been extensive and utilizes various approaches such as  

agent-based simulation [11], data mining [12], [13], and artificial intelligence [14]. Data mining extracts 

information on customer purchase patterns through customer transaction datasets by modeling association 

rules [15]. Research by Febrianti et al. [16], Fageeri et al. [17], Ünvan [18], and Martinez et al. [19] 

employed association rule mining (ARM) modeling to extract information from customer transaction 

databases. Based on these works, ARM modeling can be applied at various product levels, ranging from 

category and subcategory to individual product levels.  

However, while these studies successfully explored and generated association rules, they tend to 

focus more on the exploration of these rules rather than proposing concrete steps for practical 

implementation. On the other hand, Kuşakcı and Cesur [20] and Yanti et al. [13] developed an ARM model 

that results in a macro-level retail store layout design with concrete steps. However, this design does not 

address the micro-level layout or shelf space allocation. The existing research has not yet provided a 

comprehensive model that integrates macro-level layout planning with detailed shelf space allocation  

(micro-level layout), which remains a challenge for traditional retailers. 

This study aims to develop a multi-shelf space allocation model based on customer shopping 

patterns to address layout arrangement issues in traditional retail at both macro and micro levels. The 

research utilizes two algorithms, namely clustering and market basket analysis (MBA) (descriptive data 

mining). Clustering is used to identify product groups that dominate sales and are less favored, considering 

the uneven sales trends conducted in traditional retail. The uneven product sales resulted from suboptimal 

product placement, which failed to maximize product visibility and attract customer interest. The results of 

this clustering model will affect the rules formed through MBA modeling. If the rules formed contain two 

products that are included in a group of products that dominate sales, the rules will be eliminated, and the 

products will not be placed close together. There are three scenarios used to create models with the output of 

multi-shelf product allocation design. After the rules are formed, layout and shelf allocation are planned 

using activity relationship chart (ARC). The research results can be a solution to help traditional retailers 

solve shelf product allocation problems. 

The rest of the paper is organized as follows: section 2 provides a literature review on the 

application of data mining for retail layout design. Section 3 details the research methodology used in this 

study. Section 4 presents the research findings, including the proposed layout design and it is analysis; and 

finally, section 5 concludes the study and outlines potential directions for future research. 

 

 

2. DATA MINING FOR RETAIL LAYOUT 

Retail can be categorized into two types: traditional retail (small-independent retail) and modern 

retail. Traditional retail refers to a home-based business that is usually run by one family and with small 

selling space. The characteristics of traditional retail include being independent, having fewer than five 

employees, targeting customers in the surrounding community, and tend to be end-users, relying on 

independent funds for capital, serving customers’ daily needs, and usually being available only in offline 

stores. Traditional retail also typically experiences unplanned cash flow and lacks information systems to 

support store performance.  
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On the other hand, modern retail refers to corporate-chain businesses that operate multiple branch 

stores and typically employ more than five people. They target a wider customer base, from end-users to 

small-scale retailers, and fulfill customers’ needs ranging from daily to monthly items. These retailers usually 

have both online and offline stores and are equipped with well-planned information systems and cash-flow 

management [10]. 

The competition in the retail sector forces businesses to constantly develop innovations and 

strategies to increase competitive advantage [7]. One of the widely used tools is the extraction of dataset 

information through data mining modeling [21]. In the retail sector, data mining can be used to predict 

customer shopping habits, MBA, product placement, customer segmentation, and others [16], [21], [22]. In 

terms of layout planning, association rules algorithm modeling can be used to discover hidden relationships 

between categories or products [13]. Clustering algorithm modeling is widely used to develop marketing 

strategies by generating customer segments [22] (e.g., [23]−[25]) and product segmentation (e.g., [26]−[28]). 

Meanwhile, MBA can be used to develop marketing strategies and improve store layouts [13], [18]−[20]. 

Research by Parikh and Abdelfattah [24] compared four types of clustering models combined with the 

recency, frequency, and monetary value (RFM) model to group customers. The model formed two clusters 

that can be used as a guide for developing a differentiation strategy for supermarkets. 

Research by Golderzahi and Pao [25] combines clustering and regression algorithms to predict 

revenue from retail businesses. The clustering algorithm is used to group customers, and the modeling results 

become additional attributes in regression modeling. The results showed that the combination of the two 

algorithms had better performance in predicting revenue. In addition to grouping customer segments, 

clustering can also be used to group products. Research from Gustriansyah et al. [26] and Ruitenbeek et al. [27] 

forecasted sales by combining clustering and forecasting methods. Research by Tabianan et al. [28] attempts 

to group products into two clusters representing the most popular and desirable products. 

Research on data mining in layout planning primarily focuses on the placement of shelves or 

departments of each product category and excludes the allocation of products on each shelf [13]. The reason 

is that most studies have used data from modern retailers with large selling spaces, such as hypermarkets and 

supermarkets. For example, Yanti et al. [13] conducted a study to develop retail sales strategies using the 

ARM model. The results of this modeling can be used to improve store layouts, discount strategies, and 

bundled offers. 

Liao and Tasi [29] utilized clustering algorithms, classification and regression trees (CART), and 

association rules to propose alternative store layouts, bundling sales, and management development. The 

output of modeling can serve as a useful reference in finding potential store layouts, designing possible 

brand/products cross-selling bundling, and proposing effective promotional activities to get higher profits 

from the mining process. Kuşakcı and Cesur [20] conducted research to find a new approach to designing 

facility layouts through combining ARM and modified computerized relative allocation of facilities 

technique (MCRAFT). However, these studies are limited to modern retail, while traditional retail, 

characterized by smaller selling spaces and significant challenges in sustaining operations, is rarely considered 

the focus of research. 

This research contributes by taking traditional retail as the main object and integrating two data 

mining algorithms to generate more structured layouts, and the multi-shelf product allocation plan includes 

shelf layout in the store (macro-level layout) to product placement on each shelf (micro-level shelf 

allocation). Furthermore, the use of the ARC diagram for layout design enables a more systematic modeling 

of product relationships compared to manual arrangement based on association rules. This approach provides 

a more practical and relevant solution for retailers with limited selling space. 

 

 

3. METHOD 

The research applied the cross-industry standard process for data mining (CRISP-DM) framework. 

CRISP-DM, which consists of six stages: business understanding, data understanding, data preparation, 

modeling, evaluation, and deployment [30]. The business understanding stage identifies business problems 

and objectives. The data understanding stage is focused on identifying data patterns and determining the type 

of modeling relevant to business understanding. It includes collecting, describing, exploratory analysis, and 

checking data quality. 

Next, the data preparation process involves cleaning and formatting the data to ensure clean data and 

data formats that are suitable for modeling. The modeling stage includes model selection and the construction 

of models to problem the solving. After the model is built, an evaluation or review of the modeling results is 

carried out to determine whether the model has addressed the business problems. The final stage is 

deployment, which involves writing the final report [31]. CRISP-DM is the most frequently used method as it 
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provides steps that can maximize research success and minimize errors [32]. Figure 1 shows the stages of 

research with the CRISP-DM framework. 

 

3.1.  Business understanding and data understanding 

The purpose of this research is to design a multi-shelf product allocation model based on descriptive 

data mining to increase competitive advantage, enabling traditional retail to survive in business competition. 

The study utilized customer transaction datasets from traditional retail, collected from January to February.  

A total of 6,964 transaction records were collected. The attribute descriptions of the dataset can be seen in 

Supplementary Table S1. The visualization of the dataset analysis can be seen in Supplementary Figure S1. 

Based on the exploration results, it is observed that traditional retail has a high gap in each attribute.  

The sales gap of these product categories explains why traditional retailers experience losses, causing  

low-demand products to be stored in warehouses and eventually expire before being sold. Therefore, 

clustering modeling is required to identify product groups from the dataset. 

 

 

 
 

Figure 1. Research framework 

 

 

3.2.  Data preparation 

The data preparation consists of data cleansing and data transformation. In the data cleansing 

process, it is known that the data has no anomalies and missing values. Then the data used can proceed to the 

data transformation process. The limitations of the existing dataset cause traditional retailers unable to 

compile association rules modeling based on the product level.  

However, these limitations can be solved by modeling MBA at the product category level [16]. The 

dataset is transformed into a product category level that matches the product hierarchy in Supplementary 

Figure S2 [33]. Then, the input data format for clustering and MBA modeling can be seen in Supplementary 

Table S2 and Supplementary Table S3. In the data preparation process for clustering modeling, the data 

normalization process is carried out with the min-max normalization method, as shown in (1). Let 𝑥′ be the 

normalized value, 𝑥 be original value, 𝑥𝑚𝑎𝑥 and 𝑥𝑚𝑖𝑛 be the maximum and minimum value. 

 

𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
 (1) 
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3.3.  Modeling 

This research utilizes clustering algorithm modeling to cluster products and association rules to 

discover the relationship between two products. Clustering modeling uses agglomerative and k-means 

clustering algorithms and uses RapidMiner as the modeling tool. Based on preliminary findings in data 

exploration, clustering modeling tends to produce the optimum number of clusters (k) at two clusters. 

Therefore, to validate the preliminary findings, an agglomerative clustering modeling process was 

conducted. The modeling and results are shown in Supplementary Figure S3. Based on the results of 

agglomerative clustering modeling, the number of clusters (k) selected is between one and two. To avoid 

losing details of the data structure, the optimal number of clusters is two. In addition, by using the value of 

k =2, the initial purpose of modeling is answered. Two product groups are formed with significant group 

differences. Agglomerative clustering modeling with RapidMiner cannot identify the characteristics of the 

formed clusters, so a k-means clustering model is required. K-means clustering aims to divide data points 

into k distinct clusters, where each point is assigned to the cluster whose mean is closest to it. Formulas  

(2) and (3) show the calculation of k-means clustering. Figure 2 shows the RapidMiner-based modeling 

design. Figure 2(a) shows the final clustering model. Measure type and divergence in k-means parameters 

are set the same as the agglomerative clustering model, so both models produce the same output. 

 
𝐺(𝑐𝑘) = ∑ ‖𝑥𝑖⃗⃗⃗  − 𝜇𝑘‖

2
𝑥𝑖⃗⃗  ⃗∈𝑐𝑘

 (2) 

 
𝐺(𝐸) = ∑ ∑ ‖𝑥𝑖⃗⃗⃗  − 𝜇𝑘‖

2
𝑥𝑖⃗⃗  ⃗∈𝑒𝑘

𝐾
𝑘=1  (3) 

 
Where, 𝑐𝑘 is cluster number and 𝜇𝑘 is centroid of cluster 𝑐𝑘. 

The MBA modeling parameter values of support (), confidence (𝛽), and lift value are shown in (4) 

to (6). The support value () is the number of transactions containing data items A and B from the total 

transactions. The confidence value (𝛽) is the transaction proportion that contains A and B [34]. Meanwhile, a 

lift ratio value ≥1 means that the rules generated by the model are valid or their occurrence is more frequent 

than expected. The greater the lift ratio value, the more reliable the rules are [35]. 

 

 (AB) =
|𝐴∪𝐵|

𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠
 (4) 

 

𝛽(𝐴 ⟹ 𝐵) =
|𝐴∪𝐵|

|𝑡𝑜𝑡𝑎𝑙 𝑡𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑖𝑛𝑔 𝐴|
 (5) 

 

𝑙𝑖𝑓𝑡 𝑣𝑎𝑙𝑢𝑒 =
𝛽(𝐴⟹𝐵)

𝛼(𝐵)
 (6) 

 
Three scenarios are used in MBA modeling: the first scenario ( = 3% and 𝛽 = 30%), the second 

scenario ( = 2% and 𝛽 = 20%), and the third scenario ( = 0.34% and 𝛽 = 20%). The minimum value of 

support and confidence for modeling is quite low because traditional retail is dominated by single-product 

purchases. This dominance is due to the function of traditional retail as a fulfillment of customers’ daily 

needs. Figure 2(b) shows the MBA model using RapidMiner. The minimum value  is set in the parameters 

in the frequent pattern growth (FP-Growth) operator (scenario 1, scenario 2, and scenario 3) while the 

minimum value β is set in the parameters in the create association rules operator (scenario 1 rules, scenario 2 

rules, and scenario 3 rules). 

 
3.4.  Evaluation and deployment 

The evaluation and deployment process includes designing shelf allocation based on product 

proximity information obtained from the ARC output, analyzing the design results, and writing the final 

results of the research [31]. The MBA modeling output is then used as the base for planning traditional retail 

layouts. Layout design using ARC. ARC is a method of arranging layouts by considering the level of 

proximity [36]. The ARC diagram has six levels of closeness and five reasons for closeness shown in 

Supplementary Table S4 and Supplementary Table S5 [37]. In the proximity reason section, modifications 

are made according to the results of modeling association rules. Reason code 1 is used if the lift value of the 

generated rules is >1, and because not all rules produce a lift value >1, reason code 2 can be used if the rules 

cannot fulfill reason code 1. These two reason codes can be used in conjunction with proximity levels A, E, 

and I. The product categories contained in the modeled rules must be close to each other. 
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(a) 

 

 
(b) 

 

Figure 2. RapidMiner-based modeling design for (a) clustering and (b) MBA 

 

 

4. RESULTS AND DISCUSSION 

This research focuses on planning layout and shelf space allocation in traditional retail using 

descriptive data mining. Descriptive data mining algorithms consist of clustering and MBA. Several previous 

studies have explored similar topics involving conducted similar studies involving ARM algorithms. These 

studies aim to explore the rules that are formed and then become the base for improving product layout [13], 

[18]−[20]. The research was not concerned with the possibility of forming groups of products that dominate 

sales. Based on the exploration of the dataset collected from traditional retailers, there is a considerable gap 

in terms of income, frequency of product purchases, and number of products sold between product 

categories. The smallest income of a product category in the dataset is Rp 91,000, while the largest income of 

a product category in the dataset is Rp 41,222,500. This clustering model makes product placement more 

optimized. Placing the products that form the rules resulting from MBA modeling close to each other can 

increase the probability of products being sold [15], [38]. If dominant products are placed close to each other, 

the visibility of unpopular products decreases, which has an impact on decreasing the probability of products 

being sold. Therefore, this research adds a clustering model to identify product groups and optimize the rules 

generated by the MBA model as a basis for preparing store and shelf layouts. There are two clustering 

models used in this study. Based on agglomerative clustering modeling, it is known that the optimal number 

of clusters to be identified is two clusters. Next, the two clusters are identified using the k-means clustering 

model. Figure 3 shows a plot of the k-means modeling results, where Cluster_1 is a product with a greater 
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number of product sales, product purchase frequency, and income compared to Cluster_0. Based on the plot, 

it is known that each attribute significantly differentiates between clusters. 

 

 

 

 

Figure 3. Clustering output 

 

 

Based on the descriptive statistics presented in Table 1, it is evident that each attribute of the 

Cluster_1 group has a mean value smaller than the median value, indicating that most product sales, 

transaction frequency, and income in this group are concentrated at higher amounts. In contrast, each 

Cluster_0 attribute has a mean value that is greater than the median value, suggesting that most product sales, 

transaction frequency, and income in this group are lower. Furthermore, when examining the minimum and 

maximum values, the minimum value of each attribute in Cluster_1 is higher than the maximum value of the 

corresponding attribute in Cluster_0. Additionally, a plot of each attribute is provided in Supplementary 

Figure S4, showing a more detailed visualization of the data distribution across clusters. Based on the 

characteristics and pattern observed, it can be concluded that Cluster_1 is a product group that dominates 

sales with higher product sales, transaction frequency, and income, whereas Cluster_0 consists of products 

that are less favored, resulting in smaller sales, transaction frequency, and income. 

 

 

Table 1. Descriptive statistic of clustering output 

Statistics 
Product sold (pcs) Transaction frequency Income (rupiah) 

Cluster_0 Cluster_1 Cluster_0 Cluster_1 Cluster_0 Cluster_1 

Minimum 84 2,631 31 1,654 91,000 10,343,500 

Maximum 2,469 5,086 863 2,097 6,772,000 41,222,500 

Mean 426 5,076 178 1,875 1,656,250 40,522,000 
Median 707 4,264 266 1,875 2,527,467 30,696,000 

 

 

Each attribute in the clustering model exhibits a positive correlation, as shown in Table 2. These 

correlations range from moderate to strong. Strong positive correlation indicates that an increase in one 

attribute leads to a proportional increase in others [39]. Additionally, a moderate positive correlation is 

observed within Cluster_1, particularly between the number of products sold and income. The correlation 

value of 0.600 suggests that while an increase in one attribute tends to be associated with an increase in 

others, the effect is less pronounced compared to a strong positive correlation. This variation in correlation is 

likely due to the significant differences in unit prices among products. 

 

 

Table 2. Correlation output 
Attribute 1 Attribute 2 Cluster_0 Correlation Cluster_1 Correlation 

Product sold Transaction 0.791 Strong 0.871 Strong 

Product sold Income 0.914 Strong 0.600 Moderate 
Transaction Income 0.971 Strong 0.728 Strong 
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The relationship between the number of products sold and transaction frequency may indicate that 

product visibility influences sales [40]. Products that frequently appear in transactions have higher visibility, 

which may increase their likelihood of being sold. The relationship between the two attributes in Cluster_1 

and Cluster_0 exhibits a strong positive correlation, suggesting that products in Cluster_1 (dominant 

products) should not be placed adjacent to each other. Placing dominant products adjacent to each other may 

enhance their visibility but could also reduce the visibility of less favored products. A decrease in visibility 

may lower the probability of Cluster_0 products being sold. 

Based on the results of the clustering and correlation analysis, any rules generated by the MBA 

model that include two products from the dominant product group (Cluster_1) will be excluded. This 

exclusion aims to prevent a further increase in the sales of Cluster_1 products. Instead, products in Cluster_1 

are expected to serve as a gateway product, attracting customers to purchase items from Cluster_0 that are 

placed adjacent. The MBA was modeled with three scenarios: the first scenario ( = 3% and 𝛽 = 30%), the 

second scenario ( = 2% and 𝛽 = 20%), and the third scenario ( = 0.34% and 𝛽 = 20%). The modeling 

results are presented in Supplementary Table S6, Supplementary Table S7, and Supplementary Table S8. The 

first scenario produced four rules, the second scenario produced twelve rules, and the third scenario produced 

forty rules. 

Effective product placement serves to provide comfort and satisfaction to customers [2], [8], [9]. 

However, a lack of knowledge and reference material often prevents traditional retailers from optimizing 

product layout arrangements. Unlike modern retail stores, traditional retail spaces are smaller, making 

product placement more challenging [10], [41]. This limitation complicates layout adjustments and shelf 

space allocation for products, as the number of products must be arranged within a confined area [42]. 

Currently, traditional retailers tend to arrange product placement randomly and erratically. Figures 4 and 5 

show the layout of one of the existing traditional retailers. For example, the electronics shelf (Shelf O) is 

adjacent to the rice product category (Shelf P). Additionally, based on field observations in Figure 5, show 

that when rice and eggs are sold out, the shelves for both categories are temporarily filled with products from 

the powder drink and syrup category. Once rice and eggs are restocked, they are placed in any available 

empty space. This happens continuously, making it difficult for customers and employees to find products. 

Therefore, improvements in product placement are necessary to create a more organized and comfortable 

layout. These improvements involve analyzing customer purchasing patterns through the data mining process 

and transforming it into a shelf space allocation layout design. 
 

 

 
 

Figure 4. Existing layout 
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Figure 5. Existing condition of traditional retail 

 

 

The first scenario generated four rules with the highest , 𝛽, and lift ratio values in the bread and 

biscuit→snack and candy (5.8%; 46.5%; 1,424). This rule appears in 5.8% of the total transactions, and 46% 

of the transactions containing bread and biscuit category items also bought snacks and candy simultaneously 

in one transaction. The complete modeling results are shown in Supplementary Table S6. Based on the 

existing shelf layout, the four rules generated are located close to each other, making the design of shelf 

allocation cannot be conducted. The second scenario ( =2% and 𝛽 =20%) generated twelve rules, with four 

rules also appearing in the first scenario. The detailed results of the second modeling are shown in 

Supplementary Table S7. In this second scenario, the rule with the highest  value remains bread and 

biscuit→snack and candy rule at 5.8%. Meanwhile, the highest β and lift ratio values in this scenario are 

observed in the sugar→tea and coffee rules of 56.2% and 6.108. The second scenario demonstrates that the 

small values of  and 𝛽 in the modeling are not inevitably negative [43]. The primary goal of this modeling 

is to increase the sales of less-favored products. Thus, smaller  and 𝛽 values can generate more association 

rules for further analysis. Overall, bread and biscuit→snack and candy are the most frequently occurring 

rules in the dataset. However, only 46% of the transactions containing bread and biscuit category items also 

included snacks and candy in the same transaction. Conversely, tea and coffee→sugar appears only 2% of the 

dataset, yet 56% of the total transactions containing tea and coffee items also included Sugar in the same 

transaction. The resulting lift ratio value is greater than 1, confirming that this rule is valid. The ARC for the 

second scenario layout can be seen in Supplementary Figure S5. The results of the store layout plan and 

space allocation product are shown in Figure 6, while detailed product allocation on each shelf can be found 

in Supplementary Figure S6. 

The third scenario ( =0.34% and 𝛽 =20%) was developed using the smallest  value to allow all 

category items to pass the first support elimination. The third scenario generated forty rules. Based on the 

third model, the rules with the highest  and 𝛽 values are the same as those in the second scenario. The 

difference lies in the highest lift ratio value, which is found in the dental care→hygiene rule at 7.974. 

However, this rule has an  value of only 0.4% and 𝛽 value of 43%. The complete modeling results are 

shown in Supplementary Table S8. The ARC for the third scenario layout is presented in Supplementary 

Figure S7. The results of the store layout plan and shelf space allocation are shown in Figure 7, while 

detailed shelf space allocation can be found in Supplementary Figure S8. The last scenario is the scenario 

with the largest layout modifications and the largest number of rules generated from MBA model. Changes 

affect more than 50% of the existing layout, including relocating shelves (e.g., Shelfs S and U were moved 

adjacent to Shelf T) and reassigning shelf contents (e.g., Shelf I, which initially contained bread ingredients 

and plastics category products, was converted into a Bread and Biscuit category shelf). Both layout designs 

can be an alternative shelf space allocation product for traditional retailers. 

Based on the three models, clustering and MBA in traditional retail differ from modern retail. The 

designed model must be adapted to the unique characteristics of traditional retail. Traditional retail primarily 

functions to meet customers’ daily needs, leading to a dataset that is often dominated by single-item 

transactions. These characteristic limits the effectiveness of modeling based on product group datasets.  
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To address this, modeling should use category-level datasets. The output of the modeling can be used to 

develop product bundling strategies with the aim of increasing sales of less favored products. Additionally, 

the  and 𝛽 value in MBA modeling should not be set too high to ensure meaningful rules. 
 

 

 
 

Figure 6. Layout and shelf space allocation second scenario 
 

 

 
 

Figure 7. Layout and shelf space allocation third scenario 
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The model prioritizes rules with a high confidence value (𝛽) over product occurrence () in 

transaction. A high proportion of simultaneously purchased products suggest a greater potential to attract 

customers. For example, the rule toys→snack and candy have a  s value of 0.8%, which is considered low. 

However, it has a significantly higher 𝛽 than other rules. Toys→snack and candy generate a 𝛽 value of 

52.3%, which means that 52.3% of customers who purchase toys also buy snack and candy at the same 

transaction. This rule was not observed in the first and second scenario modeling because the minimum  

threshold was set higher than the actual  value of the rule. From the generated rules, customer purchasing 

patterns can be analyzed as a foundation for layout planning, shelf space allocation strategies, and strategies 

for introducing other products to customers to increase sales of other products that are less in demand by 

customers. Furthermore, all rules generated from the modeling show a positive relationship as evidenced by 

𝛽(X→Y)>(X). This finding aligns with the study by [43], which states that when 𝛽(X→Y)>, product X 

depends on product Y. This suggests that placing product X near product Y can enhance sales for both items. 

In this context, product Y acts as a “trigger” product, encouraging customers to purchase product X due to 

their strong association. 

Although the developed model has successfully addressed the complexities of shelf space allocation 

in traditional retail, it has yet to incorporate layout optimization, price variations across categories, and the 

associated costs. The optimization of shelf space allocation will be the next research focus. Several studies 

have explored shelf allocation optimization models, such as research from Chu [44], which developed a 

generic algorithm to maximize the profit from shelf allocation. proposed an integrated non-linear integer 

problem (NLIP) model for shelf space allocation and replenishment. The model aimed to determine the 

optimal shelf size for each product, thereby optimizing shelf space management and increasing sales and 

profitability for retailers [45]. More recently, Gecili and Parikh [46] developed a shelf design and product 

allocation optimization model by combining particle swarm optimization (PSO) for partitioning planogram 

areas and constraint programming (CP) for solving the shelf sizing and product placement subproblems. 

Further research will enhance the current research model with an optimization model, enabling it to serve as a 

decision-making tool for shelf space allocation design that maximizes retail profitability. 

 

 

5. CONCLUSION 

This study finds that traditional retailers have the same potential as modern retailers to develop more 

structured and strategic product shelf allocation. By employing simple algorithms such as clustering and 

MBA (descriptive data mining), retailers can optimize their shelf space. Clustering identified two distinct 

product groups: dominant products (Cluster_1) and less favored products (Cluster_0). Correlation analysis 

revealed the importance of clustering in identifying product groups for a more structured layout and shelf 

space allocation. A strong positive correlation was found between transaction frequency and product sales, 

indicating that higher product visibility leads to increased sales. While placing dominant products (Cluster_1) 

together can boost sales, it may reduce visibility and sales of less popular products (Cluster_0). Therefore, 

identifying product groups is crucial for optimal layout and shelf placement. The MBA model was developed 

with three scenarios, with the output of each scenario being four rules, 12 rules, and 40 rules. The output was 

evaluated based on the clustering model results. Since dominant products (Cluster_1) cannot be near each 

other, rules containing two products from the dominant product group were eliminated. This research also 

reveals that a small support value limit does not always produce less useful rules. In the third scenario, more 

rules with a high confidence value and a lift value (>1) were generated, indicating that product pairs with low 

sales have the potential to grow when the consequent product (Y) is placed near the antecedent product (X). 

These findings have important implications for the retail industry, particularly in layout and shelf space 

allocation to enhance customer experience, customer satisfaction, and loyalty. Additionally, this study 

provides practical contributions to the field of retail analytics by demonstrating the effectiveness of simple 

yet powerful data mining techniques in improving store performance. However, this study has certain 

limitations, and further studies are needed to analyze the performance of the layouts and examine the actual 

impact on customer behavior and sales performance. In addition, future research can utilize more granular 

data from various retail types to provide a more in-depth analysis of customer shopping behavior. 
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