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  Abstract 
The management of product mix in retail enterprises is shifting from individual 
product performance evaluation to basket relationship identification. The tradi-
tional selection method relying on sales volume, gross profit margin, and inventory 
turnover is unable to capture the complementary purchasing, scenario complemen-
tarity, and implicit collaborative value among products. By leveraging data such as 
transaction orders, product codes, purchase time periods, and promotion statuses, 
and using association rule analysis to extract support, confidence, and lift indica-
tors, core driving, collaborative supplementary, and weakly collaborative redundant 
products can be identified, and combined imbalance issues such as high sales but 
low association, low sales but high association, and inventory mismatch can be fur-
ther discovered. Based on this, optimization designs are carried out around sce-
nario-based product matrices, shelf adjacency, combined promotions, and inven-
tory linkage, and pilot store comparison data are introduced for verification. The 
results show that after optimization, average transaction value, association rate, and 
the proportion of combined product sales have improved, while the proportion of 
inefficient SKUs and the shortage rate of associated products have decreased sim-
ultaneously. This provides an operational path for retail enterprises to improve the 
accuracy of product mix decision-making and the level of operational resource al-
location. 
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The difficulties in retail operations no longer lie in “what products to sell”, but rather in “which products should be 
presented together, displayed together, and promoted together”. Behind a single transaction often lie various con-
sumption tasks such as breakfast supplies, household cleaning, maternal and child care, and pet feeding. Customers 
do not complete purchases according to the category boundaries set by the enterprise, but rather select products based 
on life scenarios. If the purchasing, display, and elimination are still determined by individual ranking, some long-
tail products with pairing value are likely to be compressed, and high-frequency products may lose the opportunity 
to drive average transaction growth. Therefore, product mix optimization requires more detailed data identification 
tools [1]. 

1. The Theoretical Basis and Analytical Framework of Product Combination Optimization 

1.1 The Value Focus of Product Combination Optimization 

The product combination optimization of retail enterprises essentially involves re-identifying the value of the 
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relationships between products in the shopping basket. Traditional SKU management mostly relies on sales volume, 
gross profit margin, inventory turnover days, and frequency of stockouts to assess the performance of products. These 
indicators can present the results of single-product operation, but are difficult to explain the placement of products in 
a purchase behavior, their ability to attract customers, and their role in scenario integration. Some products have 
limited sales volume when sold alone, but often co-occur with high-frequency products, fulfilling functions such as 
supplementary purchases, profit expansion, and closing the consumption loop; some high-selling products, if lacking 
associated products for connection, may remain at the level of single-point transactions and are difficult to drive an 
upward shift in the average order value structure. Therefore, product combination optimization should shift the eval-
uation focus from single-product results to the collaborative relationships in the shopping basket, incorporating the 
co-purchase frequency, matching intensity, substitution boundaries, and scene contribution of products into the same 
analytical framework, providing a more precise basis for subsequent display, promotion, and inventory allocation [2]. 

1.2 The Analytical Path Driven by Association Rules 

Association rule analysis provides a technical path for product combination optimization from transaction records to 
business decisions. As shown in Figure 1, retail enterprises need to first complete order data cleaning, unified product 
coding, elimination of abnormal transactions, and shopping basket reconstruction, and then extract the co-purchase 
relationships between products based on support, confidence, and lift. Support is used to determine the scale of the 
combination, confidence is used to describe the strength of the purchase path, and lift is used to identify the additional 
gain beyond the natural sales level. These three indicators jointly constitute the basis for screening product relation-
ships. After the rule results enter business interpretation, they can be further classified as core driving type, collabo-
rative supplementary type, and weak collaborative redundant type products, and based on this, structural problems 
such as high sales but low association, low sales but high association, and inventory mismatch can be identified, 
enabling data mining results to be connected with product matrix reconstruction, shelf adjacency arrangement, com-
bination promotion design, and inventory linkage verification [3]. 

 
Figure 1. Framework for optimizing the product mix of retail enterprises based on association rule analysis. 

2. Identification and Diagnosis of Product Combinations Under Association Rule Analysis 

2.1 Processing of Transaction Data and Rule Extraction 

Samples were selected from the anonymous transaction records of a retail enterprise’s pilot store over a period of 12 
consecutive weeks [4]. A total of 48,620 orders and 1,268 SKUs were included. The fields retained were order number, 
SKU code, category label, transaction time period, purchase quantity, promotion status, and store type. During the 
data preprocessing stage, return orders, abnormal group purchase orders, employee internal purchase orders, and non-
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typical orders with more than 30 SKUs per order were excluded. The same items within an order were reorganized 
into a shopping basket set, resulting in 43,870 exploitable samples. When extracting rules, the support threshold was 
set to ≥1.5%, the confidence threshold was ≥30%, and the improvement degree was >1.2. Weak explanatory rules 
consisting only of low-price substitutes of the same category were deleted to focus the subsequent diagnosis on the 
real co-purchase relationships [5]. 

2.2 Feature and Structural Layering of Product Combinations 

After rule screening, a total of 214 high-quality association rules were obtained, which could be classified according 
to rule strength and business contribution. Core driving products usually have a high transaction frequency, with 
support levels ranging from 3.2% to 7.8%, and can consistently point to 2 to 4 supplementary products, making them 
suitable as shopping basket entry points and shelf layout nodes. Collaborative supplementary products have relatively 
low individual sales rankings, but their improvement degrees are mostly above 1.5, indicating that they have a strong 
pairing gain for specific consumption tasks. Weakly collaborative redundant products are consistently below the rule 
threshold, with inventory turnover days exceeding the average of the category by more than 1.3 times. They should 
be included in the scope of reduction, replacement, or regional retention [6]. 

2.3 Diagnosis Results of Product Combination Imbalance 

The association rule results show that 18.4% of the high-selling products in the sample did not form stable co-pur-
chase chains, mostly concentrated in basic beverages, paper products, and daily consumables. This indicates that 
these products have the function of high-frequency entry points but lack adjacent display and promotion continuation. 
Among the long-tail SKUs, 11.7% have a sales scale that is relatively low, but form an improvement degree of more 
than 1.6 with core products, such as light food accessories, cleaning consumables, and small-sized care products. If 
directly compressed by sales ranking, it is likely to weaken the completeness of scene purchases. Another 14.9% of 
the SKUs did not enter high-quality rules for three consecutive analysis periods and had an average inventory turnover 
of 38.6 days, indicating that the shelf occupancy and inventory accumulation pressure were relatively heavy [7]. 

3. Retail Enterprise Product Portfolio Optimization Strategy and Application Verification 

3.1 Strategy for Reconfiguration Based on Rule Results 

Based on 214 high-quality association rules, retail enterprises should first reorganize the product matrix according to 
consumption tasks, include the combinations with a support rate of ≥ 3.0%, a confidence rate of ≥ 35%, and an 
improvement rate of ≥ 1.6% in the key configuration list, and mark the shelves and procurement priorities as “core 
products, supplementary products, profit products, and substitute products”. Taking the convenience retail morning 
scenario as an example, instant coffee and baked bread have a support rate of 4.8%, the confidence rate of coffee 
purchase, followed by the addition of light food, is 42.6%, and the improvement rate of coffee and portable napkins 
is 1.73. Based on this, the enterprise can establish a “coffee - bread - light food - small-sized paper towel” combination 
unit. Core products are arranged in the entrance flow and the adjacent area of the cold storage, supplementary products 
are controlled within the 1.5-meter visible range, profit products enter the end display small set, and substitute prod-
ucts are retained in 2 price bands to meet the demand for shortage and price sensitivity. When adjusting the combi-
nation, the store will review the rule changes once every two weeks. For products with a score lower than the threshold 
for two consecutive cycles, they will be transferred to the observation pool. Products with a high improvement rate 
but low support rate will be advanced to a 4-week trial display to avoid inventory accumulation caused by large-scale 
distribution [8]. 

3.2 Collaborative Implementation Strategy for Store Operations 

The store side should break down the rule results into three execution lists: display, promotion, and replenishment. 
These lists should be assigned to shelf positions, promotion periods, and responsible positions based on the combi-
nation numbers. Stable combinations with a support degree of ≥3.0% will be placed in regular adjacent displays. 
Products with a confidence level of ≥40% will be placed on the same shelf or end display. Potential combinations 
with a promotion degree of ≥1.6 but a support degree of less than 3.0% will be subject to 4-week A/B testing. Taking 
the combination of “pet food - snacks - deodorizing spray - urine pad” as an example, the confidence level of the 
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combination of pet food and urine pad is 41.8%, and the improvement degree of snacks and deodorizing spray is 1.69. 
The store can set up a lightweight supplementary shelf on the right side of the main food area within a range of 1.2 
meters and simultaneously release member purchase coupons. When a main food item is purchased, a 20% discount 
reminder for snacks will be triggered to avoid the dilution of gross profit by the overall discount. For the replenish-
ment side, the trigger point is the safety stock of core products. When the main food inventory is lower than the 
coverage of 7 days of sales, the inventory of urine pads, deodorizing products, and alternative specifications will be 
checked simultaneously. SKUs with a delivery cycle of more than 3 days will be entered into the allocation list in 
advance to ensure that the combination products are always available in the same purchase task [9]. 

3.3 Comparative Verification Analysis of Optimization Effects 

To test the execution results of the combination optimization plan, a 12-week comparative experiment can be con-
ducted on 20 stores of the same type. Group A consists of 10 stores that continue to use the sales ranking of individual 
products and regular promotions, while Group B consists of 10 stores that complete the reorganization of the product 
matrix, shelf adjacency, member purchase coupons, and linked replenishment configuration based on the association 
rules. Group B will include combinations with a support degree of ≥3.0% in fixed displays, set end display prompts 
for products with a confidence level of ≥40%, and arrange potential combinations with a promotion degree of ≥1.6 
for 4-week rolling tests. The average transaction price per customer, cross-selling rate, sales proportion of combina-
tion products, inventory turnover, and changes in the shortage of related products will be recorded on a weekly basis. 
The results are shown in Table 1. The average transaction price per customer of Group B increased from 18.6 to 21.4, 
the cross-selling rate increased from 1.72 to 2.05, and the inventory turnover days decreased from 32.4 to 28.7, 
indicating that the display, promotion, and replenishment actions after rule screening have entered the transaction 
result level. 

Table 1. Comparison of Key Indicators Before and After Product Portfolio Optimization 

Indicator Before Optimization After Optimization Change 

Average basket value 18.6 21.4 +15.1% 

Cross-selling rate 1.72 2.05 +19.2% 

Sales share of bundled products 24.8% 31.6% +6.8 pts 

Inventory turnover days 32.4 28.7 -11.4% 

Stockout rate of related products 7.9% 5.1% -2.8 pts 

Low-efficiency SKU share 18.3% 13.7% -4.6 pts 

4. Conclusion 

Association rule analysis converts retail transaction records into evidence of commodity relationships, enabling the 
optimization of commodity combinations to go beyond the ranking of individual sales volumes. After identifying the 
co-purchase structure of commodities based on support, confidence, and lift, enterprises can further divide core-
driving, collaborative-supplementing, and weak-cooperative-redundant commodities and accordingly adjust the com-
modity matrix, shelf adjacency, combination promotions, and inventory allocation. The pilot comparison results show 
that the combination optimization driven by rules has a positive impact on average transaction value, co-purchase 
rate, combination sales proportion, and inventory turnover, and also reduces the shortage of associated commodities 
and inefficient SKU occupation. In the future, data such as membership stratification, price elasticity, and channel 
differences can be included to make the commodity combination decision more in line with changes in consumer 
scenarios.  
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