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Abstract 

The development of retail store businesses in Indonesia is widespread across various regions, positively impacting the increase in shopping 

activities among the community. Alongside the intense competition among retailers, fundamental issues are found regarding the shopping 

experience of customers who feel uncomfortable and dissatisfied with retail services. Customers are an essential aspect that needs attention, and 

their desires must be fulfilled to maintain the existence of a retail store. This study attempts to implement the concept of visual merchandising to 

enhance service quality through the planogram method aimed at improving the visual arrangement of sales shelfs. Regarding the layout of retail 

stores, shelf arrangement plays a significant role visually in influencing and attracting customer attention while shopping. In this study, two data 

mining techniques are used. The first method is association rule mining using the Apriori algorithm, which reveals the association rules formed 

between two or more product items, utilizing a total of 6,325 customer transaction records. The results indicate 12 rules formed based on product 

categories and 17 rules based on product sub-categories. The second technique is k-means clustering, which is used to identify differences in 

customer preferences in retail stores based on several variables regarding customers using 104 data customers. In practice, both the apriori and 

k-means algorithms face challenges, especially when handling large and complex data. Differences in preferences were found among the clusters, 

particularly regarding product arrangement on the sales shelf, such as grouping products by brand and price. A two-dimensional planogram design 

was developed to integrate the results from the previous stages. This design considers the availability and specifications of the shelves in the 

retail store. A planogram adjusted to customer purchasing patterns and preferences is expected to provide good service and positively impact 

store operations and stock management. 
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1. Introduction  

The sustained impact of various sectors, such as the economy and society, has driven significant economic growth in 

Indonesia. These two sectors are closely intertwined with changes in human lifestyle patterns, which can boost buying 

and selling activities in a market. One form of economic advancement can be seen in the proliferation of retail stores 

spread across Indonesia. The presence of these retail stores provides significant benefits, especially for the community, 

by making it easier for customers to meet their needs. This retail store development has a positive impact, as household 

consumption dramatically contributes to Indonesia's gross domestic product (GDP) growth.  

However, retail managers still face crucial problems in providing services. This situation occurs due to the uneven 

implementation of management standards by retail managers. One factor is that these retail stores are still considered 

traditional due to limited information, physical environmental conditions, and capital resources [1]. The retail 

management process becomes less optimal, particularly in providing services that satisfy customers and draw attention 

to the products being sold. Mistakes in product placement on shelves are also a problem that can lead to low customer 

satisfaction in a retail store. Consequently, customers may have difficulty finding their desired products and complain 

about product placement issues and inaccurate information [2].  There is a relationship between customer shopping 
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experiences and the diverse conditions of retail stores. If a retail store has clear visibility and shopping flow, it will 

affect its attractiveness to customers. The more appealing the visual display and impression the store management 

accommodates, the higher the likelihood of increasing sales and competing effectively with rivals. If customers 

negatively perceive the store’s layout and visual aspects, it can decrease their interest in shopping [3]. In addition to 

managing the retail visual display, understanding customer purchasing patterns is crucial to retail success. Information 

about purchasing patterns and product preferences can serve as a basis for implementing better sales strategies [4]. 

Furthermore, it is essential to identify customer preferences that reflect the shopping experience they desire. Addressing 

both aspects makes it possible to resolve customer complaints through marketing strategies that offer the best deals and 

services [5]. 

The approach and application of data mining techniques can be utilized to accommodate valuable information related 

to improving customer service. The association rule method is used to identify customer purchase patterns based on 

historical sales data from retail stores. The results reveal a strong relationship between two product items likely to be 

purchased together in a single transaction [6]. Products involved in association rules indicate a high frequency of 

simultaneous purchases and should be further examined by retail store managers. Identifying customer preferences 

uses the K-Means clustering method to understand customer characteristics. With clustering, several smaller groups 

can be identified, revealing differences in customer desires or behaviours between the formed clusters related to their 

shopping experience in the retail store.  

Customer shopping experience is crucial and is influenced by the visual aspects of the store. The better a retail store's 

visual management, the more it will enhance customer attraction during shopping and provide satisfaction with the 

service [7]. This research aims to accommodate all findings from data mining techniques and develop them through 

visual merchandising in retail stores, explicitly focusing on shelf display. This development uses the planogram 

method, which focuses on arranging product displays on shelves to attract customer attention. The application of a 

planogram for shelf displays needs to consider several critical visual aspects related to the products, such as quantity, 

size, volume, and other specifications [8]. Implementing this planogram is hoped to serve as a basis for retail store 

managers to adjust store conditions by applying visual merchandising. Both data mining methods used in this study 

aim to explore further and uncover patterns formed from key elements in retail business operations. There is a close 

relationship between product sales and customer behavior, which can be combined through the chosen data processing 

methods. The patterns or knowledge discovered are highly valuable for business development in retail, particularly in 

terms of marketing that relies on visual aspects. This concept can be used to increase product attractiveness to 

customers, making products more accessible to recognize and encouraging higher purchase intentions. 

2. Literature Review  

2.1. Retail Store 

Retail is a business sector that provides and sells goods or services in individual units to customers. The products or 

services sold are intended for personal use by the end customer, not for further business purposes [9]. Retail 

development has introduced various types of retail stores, leading to intense competition among retail managers. 

Effective retail management is crucial to maintaining the business's presence by ensuring smooth product distribution 

and quality service. The success of a retail store is greatly influenced by its customers, who are the primary sales targets. 

Additionally, it is important to understand customer needs and behaviors to ensure their comfort and positively impact 

the store's existence through increased customer loyalty [10]. The important aspect of retail service is the store layout, 

which plays a crucial role in the effectiveness of the shopping process. Providing an appealing visual impression, 

organizing sales products, and ensuring smooth and comfortable customer traffic is essential [11]. Customers will 

explore aisles and navigate the store to find their desired products. Therefore, retail managers should provide clear 

information to assist customers, as it is common for customers to make impulse purchases after browsing the store. A 

well-designed store layout can create a positive shopping experience and increase product sales. The store layout is 

adjusted to the manager's needs and sales strategy, while considering cleanliness, security, and strategic product 

placement [12]. 
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2.2. Visual Merchandising 

Customers will feel satisfied and comfortable when they have a positive shopping experience at a retail store. A good 

shopping experience can stimulate customers to shop again, facilitate finding products, and increase their shopping 

time at the store [13], [14]. Providing services can be enhanced by integrating visual aspects and store conditions into 

sales strategy designs, representing non-verbal communication to customers. One such strategy is visual 

merchandising, which combines applied science and art to create an appealing presentation of products. Visual 

merchandising can influence customers to purchase products by considering several visual attributes such as store 

condition, product value, and product quality [15]. Important aspects include the store's exterior, sales displays, 

atmosphere, and promotional advertising. These attributes and aspects are used in visual merchandising to provide 

information on product specifications, location, customer circulation flow, and responsive service [16].  

2.3. Planogram 

A planogram is a design concept for layout and display that considers the conditions of a retail shelf and the availability 

of products in a retail store. It is often referred to as space management because its purpose is to manage the 

arrangement and allocation of products comprehensively to attract customer attention and positively impact sales [17]. 

The development of a planogram can be carried out using previous evaluations, such as sales data and inventory 

management in a retail setting while considering various aspects like the ideal number of items per shelf row, product 

and shelf specifications, and the art of combining products with others [8]. In the retail business, planogram design is 

executed as effectively as possible, maintaining neatness by grouping products based on size, weight, type, and color 

on specific shelf displays [3]. 

2.4. Apriori Algorithm 

The Apriori algorithm is one of the algorithms used in association rules, designed to discover relationships or 

association rules within large datasets. The application of association rules can identify an event along with its 

consequences in an IF-THEN logical statement. In association rules, there are three primary parameters: support, which 

describes the frequency of an item in the dataset; confidence, which describes the certainty of a rule or relationship 

between items that are formed; and lift ratio, which determines the validity of a rule, where the ratio must be greater 

than 1 [6]. Apriori can be used for the process of identifying association rules using two techniques: pruning and data 

merging. The pruning technique is used to reduce the search space based on the support and confidence values in the 

processed data. Meanwhile, the merging technique is done by combining the rules formed from the pruning results to 

find valid association rules [18]. According to [19], Apriori has the following main stages: determining the support 

value, calculating candidate itemsets, recalculating candidate itemsets, and repeating the process to ensure the final 

result (i.e., no additional itemsets remain). The application of association rules or the Apriori algorithm is typically 

used for market basket analysis and banking transactions, which can be leveraged as a strategy management tool for 

improvement [20]. 

2.5. K-Means Clustering 

Clustering is one of the critical functions in data mining, aimed at grouping data into specific clusters. The data being 

grouped is taken from an extensive database and then processed through the clustering stage to identify similarities in 

characteristics and proximity between objects [21]. In clustering, there are two types of data processing: hierarchical 

and non-hierarchical. One of the commonly used algorithms in non-hierarchical clustering is the K-Means algorithm, 

which allows for determining the number of clusters through trial and error or according to the research objectives [22]. 

However, to determine the ideal number of clusters, cluster data testing is required using the elbow and silhouette 

visualization methods. In the elbow method, the number of clusters can be identified by observing the percentage 

comparison results, which will form a sharp angle at a certain point (resembling an elbow) [23].  
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3. Methodology  

Several key stages are involved in addressing the problem and achieving the objectives of this research. These stages 

are interconnected in designing the outcome, such as a planogram for shelf sales displays in retail stores. The flow and 

mechanism of this research are illustrated in figure 1 below. 

 

Figure 1. Research Stages 

Several methods are employed, including the Apriori algorithm, K-means clustering, and planogram. Each method 

serves a specific function in formulating and solving the problem of visual merchandising for retail store shelves. The 

use of the Apriori algorithm in the application of association rule methods is due to its superiority in handling large 

datasets, allowing it to optimally search for item combinations in high-volume sales transactions [24]. Then, K-means 

clustering is used to determine customer clusters based on predefined characteristics. This algorithm can obtain results 

through an iterative approach and divides objects into various clusters by adjusting the Euclidean distance to the 

centroid centers of the involved objects [25]. Meanwhile, the planogram is used to accommodate all findings from the 

two data mining techniques, with improvements made from a visual aspect perspective. This method is generated in 

the form of identifying the design of sales shelves, adjusted to the purchase patterns of items and customer preferences.  

3.1. Data Collection 

Three methods require data collection: association rules, clustering, and planogram. In the association rules method 

(Apriori algorithm), the data used are sales transaction records from a retail store located in Yogyakarta. Over one 

month, data were collected from 6.325 customer transactions, which were grouped based on transaction numbers. For 

the clustering method, data related to customer characteristics were obtained through questionnaires distributed to retail 

store customers. The customer data encompasses several aspects that support this research, including demographics, 

visual merchandising evaluation, customer satisfaction and loyalty, and shelf design preferences, as shown in table 1 

on the determination of research aspects and variables below.  

Table 1. Aspects and Variables of Questionnaire Model 

Aspect Variable Code 

Demography 

Gender X1 

Age X2 

Monthly Income X3 

Shopping Expenses X4 

Visual Merchandising [26] 

Store Exterior X5 

Store Interior X6 

Interior Point of Purchase Display X7 

Store Layout and Shelf X8 

Customer [27] 
Satisfaction X9 

Loyalty X10 
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Aspect Variable Code 

Planogram Design [3] 

Product Brand X10 

Colour X11 

Size X12 

Price X13 

Data was collected from 104 respondents who are customers of the retail store. The data used in the clustering process 

adequately represents the population of customers shopping at the retail store, which falls into the category of small to 

medium-sized retail stores. The shelf planogram development method utilized findings from association rules and 

clustering methods. The results from association rules help identify which products are potential candidates for 

inclusion in the planogram design strategy. The clustering method provides information about customer interests and 

shopping characteristics, specifically related to visual merchandising aspects and preferences for shelf sales display 

design. Additionally, data collection included specifications for shelf displays, shelf arrangement conditions, and 

available shelf layouts in the retail store. Various shelves with different specifications, including height, width, and 

depth, were considered. The planogram integrates these differences to create a shelf display design tailored to customer 

preferences.  

3.2. Data Pre-Processing 

The collected data then proceeds to the next stage, data pre-processing, including cleaning up double entries, noise, 

and invalid data. In association rules, duplicate data refers to items in a transaction that share the same category, where 

one item is used as a representative. Additionally, noise and invalid data are removed, which includes data that has no 

correlation with the study, such as input errors made by respondents. In the association rules method, the sales 

transaction data used are transactions that include two or more product items. The data is then transformed by changing 

the naming conventions based on product categories and subcategories. This grouping process follows the designation 

of 15 product categories and 65 sub-categories. After data transformation, 3.242 transactions were selected based on 

categories, and 3.655 valid transactions were selected based on subcategories. There was a decrease in the number of 

transactions due to this pre-processing and differences in the product grouping rules. Additionally, customer 

questionnaire data undergo a transformation process using the Likert scale or weighting for specific questions. This 

transformation aims to standardize the collected data into a simpler and more calculable form for the K-means 

clustering method.  

3.3. Retail Transaction Data 

Processing association rules involves using transaction data selected based on their categories and subcategories. At 

this stage, the Apriori algorithm is applied to generate association rules that may emerge from the transaction data. 

Before processing the transaction data, it is necessary to determine the minimum values for the association rules 

parameters, namely support and confidence. Researchers have the flexibility to set these parameter values according to 

their needs or the characteristics of the data [28]. Therefore, experiments with different parameter scenarios can be 

conducted to determine the appropriate parameter values, taking into account the number of output rules that can be 

generated, as shown in table 2 and table 3 below. 

Table 2. Parameter Determination for Product Category 

Trial Support Confidence Output Rules 

1 30% 50% 0 

2 15% 30% 9 

3 5% 25% 28 
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Table 3. Parameter Determination for Product Sub-category 

Trial Support Confidence Output Rules 

1 7.5% 20% 0 

2 4% 20% 4 

3 3% 20% 19 

The tables above are the result of trial and error to determine the minimum parameter values (support and confidence) 

used, based on the number of outputs generated and having a lift ratio value above 1. The results indicate that the 

smaller the minimum support value, the more rules can be generated. The selection of support and confidence 

thresholds in this study takes into account the total amount of data obtained and processed. The data used consists of 

thousands of transactions, containing a wide range of product categories. The more products that appear in a transaction, 

the smaller the support value used, which is proportional to the product frequency ratio. Similarly, the confidence value 

reflects the certainty of the rules formed, and this determination is well-suited for retail store transaction data due to 

the large volume of data involved.  

3.4. Customers Preferences Questionnaire 

A total 104 retail store customers answered all the questions distributed through a digital questionnaire related to the 

specified aspects. One specific variable in the questions was related to the customers preferred eye-catching colors. 

Customers have particular tendencies and interests when identifying products based on color. As shown in figure 2 

below, the customer color preference response is presented.  

 

Figure 2. Color Preferences 

The results from the above image reveal that the most frequently chosen colors are red (39 customers), white (19 

customers), and blue (18 customers). Based on these preferences, these three colors will be used as the foundation for 

designing a planogram that aligns with the majority preferences. Proper use of color in product placement on shelf 

displays can enhance visual appeal and make it easier for customers to find the products. 

The multicollinearity test aims to identify any high correlation between variables, as a significant correlation can disrupt 

the stability of the final clustering model results. Multicollinearity among independent variables has a detrimental 

impact on the interpretation process of clustering results because it can create an imbalance in weighting, which in turn 

affects the linear regression estimator, making it biased and inaccurate according to predictions [29]. In the context of 

customer-related variables, a high correlation between independent variables can lead to unclear cause-and-effect 

relationships. For example, when a variable has a very high correlation with two other variables, it becomes difficult 

to determine the primary reason why a customer behaves or possesses unique characteristics. As a result, it becomes 

challenging to develop interpretations to understand customer characteristics and to identify the reasons or preferences 

behind the customer's behavior [30]. Figure 3 below presents the results of multicollinearity testing for all variables 

using RStudio software. 
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Figure 3. Multicollinearity Test 

According to the rule that a variable is free from multicollinearity if it has a Variance Inflation Factor (VIF) value of 

less than 10, the test results indicate no significant multicollinearity in this clustering model. This result is shown by 

the fact that the VIF values for all variables are below 10, allowing for the continuation of the next stage of clustering. 

Data processing to determine the optimal number of clusters is shown in figure 4 and figure 5 below for each method. 

  

Figure 4. Elbow Method Figure 5. Silhouette Method 

Data cleared of assumption tests undergoes a transformation known as data standardization. This transformation 

process aims to normalize the range of numerical data to be more uniform, facilitating the clustering of data processing. 

This study employed a visual approach using silhouette and elbow methods to determine the ideal number of clusters 

to form. The elbow method identifies the ideal number of clusters based on the first significant bend (similar to an 

elbow) at 2. In contrast, the silhouette method is determined by the vertical line that appears at 2. The selection of two 

clusters formed aims to test the representativeness of the sample population, which is assumed to be divided into 

different groups. This approach is facilitates the analysis of differences in the average value or characteristics of the 

customers within each cluster. Subsequently, statistical approaches such as T-tests or F-tests may be used, depending 

on the applicable case study. However, in this research, the analysis is limited to generating customer groups, which 

are then interpreted using the average values of each variable for profiling purposes. 

3.5. Retail Shelf Specification 

This study utilizes supporting data in the form of shelf sales display specifications as a consideration in the planogram 

design development process. The retail store contains various types of shelves, each with its dimensions, as detailed in 

table 4 below regarding the specifications of shelf sizes. It was found that the products on the shelf sales display are 

arranged in such a way by the retail managers to attract customer attention. 

Table 4. Retail Shelf Specification 

Types 
Size (cm) 

Height Width Row Height Depth 

Cashier 
90 55 20 20 

90 160 20 20 

Small 
137,5 75 15 30 

137,5 75 17 30 

Medium 
135 90 21 30 

135 90 30 30 
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Types 
Size (cm) 

Height Width Row Height Depth 

Large 
180 87,5 25 30 

180 87,5 40 30 

Refrigrator 180 125 28 50 

The variety of shelf types available in retail stores provides insight and an advantage for this research. It can be used 

to address and resolve issues related to product size preferences in a shelf sales display and as a platform for more 

optimal product management. The diversity of types and sizes of shelves presents its own challenges for retail store 

managers or merchandisers managing product display shelves. Therefore, improvements are needed, including a 

combination of structure and shelf size customization to accommodate or address issues related to visual merchandising 

concepts. 

4. Results and Discussion 

4.1. Association Rules – Apriori Algorithm Results 

The results were obtained by determining or experimenting with the minimum values of the support and confidence 

parameters. The study indicates that the higher the support and confidence values, the more likely these rules will apply 

in a transaction. According to the established criteria, a rule is considered valid if it has a lift ratio greater than one and 

includes at least two different product items. During the data processing stage for product categories, 28 rules were 

generated, and after sorting, only 12 valid rules were identified. Consequently, 19 rules were generated for product 

subcategories, and 17 valid rules were selected, as shown in table 5 and table 6. 

Table 5. Categories Rules 

No. rules support confidence coverage lift count 

1 {Groceries} => {Breakfast} 0.074 0.432 0.171 1.198 239 

2 {Breakfast} => {Groceries} 0.074 0.204 0.361 1.198 239 

3 {Breakfast, Confectionery} => {Food} 0.056 0.679 0.082 1.143 180 

Table 6. Sub-categories Rules 

No. rules support confidence coverage lift count 

1 {Chips} => {Cake n Bread} 0.033 0.253 0.131 1.862 121 

2 {Cake n Bread} => {Chips} 0.033 0.243 0.136 1.862 121 

3 {Sachet Drink} => {Instant Noodle} 0.035 0.231 0.152 1.63 128 

Table 5 and table 6 above present the results of sales transaction data processing using the apriori algorithm approach. 

In this study, 3 rules were showed with the highest lift ratio values in both category and sub-category scenarios from 

the dozens of rules formed. Based on the results, rules with high confidence and lift ratio values indicate a stronger 

andmore valid likelihood of a relationship between two or more item combinations. Figure 6 and figure 7 illustrate the 

results of visualizing the relationships between items or product categories that emerged after data processing. 
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Figure 6. Rules Results Based on Product Category 

 

Figure 7. Rules Results Based on Product Sub-category 

The items on the left-hand side (LHS) represent the primary items (antecedents) that can trigger the purchase of items 

on the right-hand side (RHS), which are secondary (consequents). This association rule is visualized in the form of a 

matrix group where the larger the circle, the higher the support value, and the darker the green color of the circle, the 

higher the confidence value of the rule. Most results from both scenarios (category and sub-category) of transaction 

data processing show that the items involved in the association rules belong to categories of consumable goods. This 

finding means that these products are frequently purchased by customers and categorized as Fast Moving Consumer 

Goods (FMCG), which have a short shelf life due to high consumer demand. Therefore, retail managers must pay 

attention to the inventory and placement of certain products to ensure customers easily find them, especially for daily 

consumable products (food and beverages) are those with high confidence values.  

Retail store managers can implement several suggestions regarding layout, such as providing sufficient space for 

customer movement. Adequate spacing or distance between shelf displays will create a comfortable shopping 

experience and provide insights into customer movement patterns during shopping [31]. Grouping products by category 

enhances customer comfort by ensuring that products are not contaminated by one another [32]. Specifically, this study 

uses a combined approach to incorporate key findings such as store conditions, room size, shelf spacing, and product 

positioning into a planogram method. A planogram can be a strategic tool to increase customer satisfaction, attract 

attention, and stimulate purchases.  

4.2. K-Means Clustering Results 

In the previous stage, it was determined that based on the elbow and silhouette methods, the optimal number of clusters 

formed was two using the K-Means method. With the formation of these two clusters, further analysis can be conducted 

to explore whether there are differences in characteristics among these customers. The determination of the number of 

clusters formed using silhouette and elbow methods aims to ensure that the clusters are optimal in terms of both quantity 

and membership. Figure 8 illustrates the visualization of customer distribution based on the clustering results. 

 

Figure 8. K-Means Cluster Plot 

The optimal number of clusters is determined through the silhouette score and elbow method, which indicate the quality 

of the formed clusters [33]. The results show that Cluster 1 has 66 customers, while Cluster 2 has 38 customers. In Fig. 
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8, the customer distribution visualization based on Cluster 1 is depicted in green, and Cluster 2 is depicted in orange 

color. Table 7 displays the profiling results of the established clusters according to the data transformation rules. 

Table 7. Cluster Profiling 

Variable 
Cluster Average Cluster Profile 

1 2 1 2 

X1 1.53 (2) 1.47 (1) Women Men 

X2 23.56 (24) 25.76 (26) 24 26 

X3 2.43 (2) 3.00 (3) 500.000 – 1.000.000 1.000.000 – 2.000.000 

X4 2.90 (3) 3.05 (3) 50.000 – 100.000 50.000 – 100.000 

X5 13.84 (14) 17.50 (18) Fair Good 

X6 10.47 (10) 13.26 (13) Fair Good 

X7 10.16 (10) 12.76 (13) Fair Good 

X8 10.00 (10) 13.34 (13) Fair Good 

X9 3.75 (4) 4.50 (5) Satisfied Very Satisfied 

X10 1.98 (2) 2.00 (2) Return Return 

X11 1.22 (1) 1.55 (2) Grouped Blended 

X12 1.25 (1) 1.26 (1) Grouped Grouped 

X13 1.18 (1) 1.02 (1) Sorted Sorted 

X14 1.72 (1) 1.42 (1) Sorted Blended 

The result shown in table 7 that the characteristics were determined based on the average values of most cluster 

members (customers), followed by rounding and adjustments to the research model transformation. There are 

significant differences between the two customer clusters across several variables. Cluster 1 is dominated by male 

customers with lower spending per shopping trip, while female customers with higher spending and higher satisfaction 

levels dominate Cluster 2. For the design of sales shelf planograms, the differences between these clusters regarding 

product grouping by brand and price indicate that shelf design preferences vary. These preference differences should 

be considered in planogram development to meet the needs of each cluster. In terms of customer satisfaction, it has a 

positive impact on the level of customer loyalty in retail stores. In this study, it was found that the majority of customers 

are loyal and will return to the retail store for future shopping. Customer satisfaction and loyalty are significantly 

influenced by the perceived visual atmosphere of the retail store. Therefore, it is crucial to organize and manage the 

retail store's visual layout in aspects such as product facing, product positioning (vertical and horizontal), category 

arrangement, and product adjacencies. By integrating these aspects, a visual value can be created that enhances the 

effectiveness of the store layout and increases customer attractiveness during shopping [34]. 

Based on gender, clusters of female customers should be targeted with sales strategies that appeal to women and offer 

visually appealing product arrangements. Women customers make impulsive decisions when purchasing certain 

products, influenced by the condition or visual appeal [35]. Equally important is product pricing, which relates to the 

customers' financial considerations. Customers will select products based on their shopping budget, evaluating the price 

quality concerning the cost [36]. A different approach can be applied to clusters of men customers, who tend to spend 

less time shopping than women. Men customers are often quick to compare products and make purchasing decisions. 

Therefore, a suitable strategy would be to place products targeted at men in strategic locations within the retail store 

and to provide detailed product information [37]. Additional insights related to product color indicate that there is a 

tendency for color choices to vary based on gender. Preferred colors among customers, both men and women, are blue 

and red, which are recognized for their universal appeal and easy identification [38]. 

Based on the cluster characteristic analysis, significant differences were found in several aspects, such as demographics, 

visual merchandising evaluation, loyalty, satisfaction, and planogram design preferences for shelves. This study 
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highlights how product arrangement on sales shelves through planograms can enhance customer satisfaction by 

creating visual appeal and making it easier to find products. There is a striking difference between the two clusters 

regarding design preferences and product arrangement on shelves. Female customers prefer products grouped by brand 

and organized from the cheapest to the most expensive. In contrast, male customers prefer products not grouped by 

brand (blended) and do not consider price order. These findings indicate varying preferences among the clusters. 

Customers will feel satisfied if they can quickly find the products they want. Retail store managers should leverage 

visual merchandising concepts to enhance this experience, focusing on interior design, visuals, and shelf layout. 

Effective product arrangement considers factors such as brand, size, color, and price grouping and provides markers 

that reflect customer preferences. This strategy should be tailored to the purchasing patterns previously identified 

through the Apriori algorithm to maximize profits and reach a broader customer base. 

4.3. Planogram Design Results 

The development of shelf design is conducted by considering the research findings using association rules and 

clustering methods. The product transaction combinations used are those from the food and beverage category because 

they have a high confidence value. Related products are plotted into the sale shelf display with several adjustments. 

Customer preference clustering results are also used to determine the product arrangement on the shelf. Customers in 

the two clusters have different product arrangement preferences, particularly regarding brand positioning and product 

ordering based on price.  

Figure 9 below shows the results from processing and developing a 2D planogram design adjusted to customer 

preferences. The products displayed represent the items that appear in the association rules, with the condition that they 

have a high confidence value. Various adjustments are needed regarding the shelf size and the spacing between rows 

to address the issue of product arrangement based on size. Therefore, different types of products are combined on a 

single shelf based on their size and weight. The design of this planogram results from implementing visual 

merchandising concepts, which are essential elements in the product sales strategy on shelves. Retail store managers 

or merchandisers are responsible for providing clear information on the shelves. The visual design aspect serves as a 

communication tool between the product provider and the customer, encompassing elements such as text information 

(price, promotions, bundling), brand label information, and color selection that is easily recognizable to the customer’s 

eye [39]. 

The arrangement of products using planograms serves various purposes to meet customer preferences and optimize 

product allocation on shelves. There is a relationship between brand and price, as customers usually have standards 

determined by the perceived quality of a brand's product. Product placement on shelves can focus on specific brands 

with high potential or boost the sales of a specific product [36]. Additionally, ordering price labels on a row of shelves 

(within the same product category) provides a means for customers to compare products. Comparing products based 

on price is one way of making purchase decisions, commonly called price awareness about the product's quality [40]. 

It is crucial to provide price information to communicate with customers, which can influence the arrangement or 

placement of products based on their prices, as it can serve as an efficient profit analysis tool. Below, figure 9 represents 

the planogram resulting from the data processing of product item combinations and customer preference clustering. 
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Figure 9. Shelf Planogram 

The combination of shelf spacing applied in this planogram design aims to maximize the allocation or plotting of 

products. The planogram design and product arrangement must consider the standard shelf specifications based on 

height, width, depth, and row spacing [41]. A single shelf can hold many products of various sizes and weights. Small 

and lightweight products are placed on the upper shelves to be easily reached by customers, while larger products are 

allocated to the lower shelves to be closer to the floor support of the shelf. Small products can be combined on the 

same shelf row, or a dedicated space can be provided for potential products. This approach is essential to facilitate 

product identification, improve customer reach, and enhance the neatness and aesthetics of the shelf display [42], [43].  

Easily recognizable colors can capture customer attention and potentially boost sales. Therefore, these specifically 

colored products are placed on the same shelf. Organizing products by color is the most effective communication tool 

to ensure that the products and packaging are easily visible to customers [44]. However, from the entire application of 

visual merchandising concepts mentioned above, it would be beneficial if future research could incorporate a process 

of verification or proof of results. By implementing a mixed strategy or combining product arrangement scenarios, a 

comparison between certain merchandising scenarios is needed to observe the differences in their effects. This aims to 

demonstrate how effective the merchandising strategy is in relation to the purchasing rate or the profit gained.  

5. Conclusion 

The transaction sales data holds valuable insights when processed using the Apriori algorithm, revealing customer 

purchasing patterns in retail stores. The data analysis results show that numerous association rules have been discovered 

(12 rules in the category and 17 rules in the sub-category) involving products that are typically daily consumption items 

frequently purchased by customers. These products require a particular location to ensure their quality is maintained 

and customers can easily find them. This can be maximized by adjusting and reorganizing the store layout to be 

managed based on product categories. The findings from the K-Means clustering indicate differences in customer 

characteristics within each cluster, particularly in aspects related to visual preferences and planogram design, which 

involve the arrangement of products based on brand, size, color, and price. Organizing products on retail store shelves 

is crucial for optimizing shelf management. Creating a planogram while considering the visual merchandising concept 

aims to provide adequate customer service or sales communication. The implementation of planogram design and 

product arrangement must consider the availability of space and containers in the form of shelves and their detailed 
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specifications. These adjustments are expected to meet the diverse preferences of customers, ultimately improving the 

retail store's service quality. 
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