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  Abstract 
As the retail channel touchpoints continue to expand, marketing data such as search, 
browsing, add to cart, member interaction, evaluation, and return/exchange have 
become important variables for identifying demand changes at the front end of the 
supply chain. Focusing on the transformation of omnichannel marketing data into 
supply chain collaborative decision-making, an intelligent collaborative framework 
consisting of data governance, demand perception, inventory linkage, supplier re-
sponse, and fulfillment scheduling is constructed. A benchmark group and experi-
mental group are set up based on the full-channel promotion scenario for compari-
son, and the model performance is tested by evaluating prediction errors, shortage 
rates, inventory turnover, on-time fulfillment rates, and replenishment response cy-
cles. The results show that after embedding marketing behavior variables into the 
prediction and inventory allocation processes, it is possible to identify rising de-
mand earlier, compress the replenishment lag, and reduce channel inventory mis-
match, enabling the retail supply chain to form a more stable resource allocation 
and service fulfillment capability in the face of market fluctuations. 
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Introduction 

The pressure of retail competition is extending from customer acquisition at the front end to fulfillment at the back 
end. The behavioral traces left by consumers in different channels also make demand changes exhibit earlier, more 
fragmented, and faster characteristics. Store transactions, e-commerce searches, mobile app favorites, member re-
purchase rate, social interactions, and after-sales evaluations jointly constitute the new language of demand. If the 
supply chain still relies solely on historical sales data and fixed replenishment cycles, it will be difficult to respond 
in a timely manner to promotional peaks, new product trials, regional heat changes, and omnichannel order switches. 
The value of omnichannel marketing data thus goes beyond advertising placement and user segmentation, and be-
gins to enter procurement plans, inventory configuration, supplier replenishment, and fulfillment scheduling. The 
retail supply chain also needs to use intelligent models to convert scattered signals into continuous decisions. 

1. The Foundation of Supply Chain Transformation for Omnichannel Marketing Data 

1.1 Mapping of Multi-source Data to Demand Signals 

After omnichannel marketing data enters the supply chain scenario, the first step is to complete the translation from 
consumption behavior records to demand variables [1]. Store POS data reflects the immediate purchasing intensity 
in a region, while online search, browsing duration, and add-to-cart changes can indicate the early rise in demand, 
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and the repeat purchase cycle corresponds to the replenishment frequency, product combination, and price elasticity 
judgment. Social interaction, content clicks, and new product collection data are suitable for capturing the speed of 
trend diffusion, while evaluations, returns and exchanges, and after-sales reasons point to specification compatibility, 
packaging strength, delivery stability, and supplier quality fluctuations [2].  

1.2 Calibration of Data Governance for Coordinated Metrics 

Before omnichannel data enters the prediction and coordinated decision-making process, it needs to first complete 
field cleaning, code standardization, time alignment, and business label annotation, as shown in Figure 1. SKU 
codes, promotion standards, order statuses, member identities, and return reasons often vary across different plat-
forms. If directly imported into the model, it will lead to duplicate demand calculations, incorrect inventory quantity 
judgments, and mismatched replenishment batches. The data governance phase should first integrate POS, e-com-
merce, mobile, member, and after-sales data, then eliminate duplicate orders, delayed records, and abnormal returns, 
and subsequently unify product codes, channel sources, time granularity, and event labels. Finally, a feature variable 
library that can be called for demand prediction, inventory linkage, and fulfillment scheduling is generated [3]. 

 
Figure 1. Omnichannel Marketing Data-Driven Supply Chain Collaboration Process. 

2. Intelligent Supply Chain Collaboration Model Construction 

2.1 Demand Sensing Model Pre-forecasting 

The core of the demand sensing model lies in converting omnichannel marketing signals into short-term forecast 
values at the SKU - region - channel three-dimensional levels [4]. The input layer of the model can set variables 
such as historical sales volume, search index, browsing duration, add-to-cart rate, member activity level, promo-
tional exposure volume, regional store sales volume, social interaction frequency, and after-sales feedback tags. The 
prediction window is calculated hierarchically by daily, 3-day rolling, and 7-day rolling, and then MAPE and RMSE 
are used to verify the prediction deviation. For promotional overlays, new product launches, and seasonal holiday 
traffic, the business end needs to simultaneously mark the activity intensity, price changes, and channel release 
nodes to avoid the model mistakenly classifying one-time traffic as stable demand. The value of this model lies in 
the identification phase before order formation. 

2.2 Inventory Linkage Model Dynamic Allocation 

The inventory linkage model follows the demand prediction results and focuses on handling the allocation sequence 
and allocation path of multi-node inventories. The model input includes predicted demand value, available inventory, 
in-transit inventory, replenishment lead time, channel order density, store service radius, warehouse daily processing 
capacity, shortage risk coefficient, and inventory turnover days, and establishes a unified inventory view by region 
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warehouse, store warehouse, pre-position warehouse, and supplier inventory. The safety inventory should adopt a 
dynamic threshold, which can be rolled back and corrected by “predicted demand fluctuation × replenishment 
lead time × service level coefficient”, and additional channel heat correction items are added during promotional 
periods and new product trial sales periods. The model output should specifically fall on SKU on-hand quantity, 
store-to-store allocation list, regional warehouse inventory upper limit, shortage warning level, and slow-moving 
reduction sequence, shifting inventory allocation from static stocking to dynamic adjustment based on demand heat, 
delivery radius, and inventory digestion speed [5]. 

2.3 Collaborative Response Model Linkage Execution 

The coordinated response model is located at the execution layer and is responsible for converting the predic-
tion, inventory, and fulfillment rules into supplier replenishment and order delivery actions. The supplier side re-
ceives parameters such as predicted demand, inventory consumption rate, promotion schedule, minimum order 
quantity, production lead time, transportation cycle, and delivery stability rate. Based on these parameters, the sys-
tem generates replenishment batches, delivery times, supply priority, and abnormal alternative solutions. The ful-
fillment side synchronously reads customer location, inventory nodes, distribution costs, delivery time commitment, 
store handling capacity, and order splitting costs, and matches warehouse dispatch, store dispatch, store pickup, or 
cross-store allocation paths. During the operation process, the model can refresh orders, inventory, and fulfillment 
pressure at a frequency of 2-4 hours, trigger additional replenishment for high-conversion SKUs, cross-store allo-
cation for low-inventory stores, adjust shipping nodes for delayed orders, and reflow returns and negative review 
labels back to supplier evaluations and the next round of product planning [6]. 

3. Experimental Comparison and Retail Application Verification 

The experimental scenario can select omnichannel promotional activities as the verification object [7]. The product 
range is limited to SKUs with significant sales fluctuations in clothing, fast-moving consumer goods, or consumer 
electronics. First, extract historical sales data for 12 consecutive weeks, then add pre-promotion data for 7 days and 
omnichannel marketing data for 4 weeks during the promotion period. The fields include SKU daily sales, search 
index, browsing volume, add-on rate, member reservation volume, promotion exposure volume, regional store in-
ventory, online warehouse inventory, return rate, on-time fulfillment rate, and replenishment arrival time. The ex-
periment is divided into the baseline group and the experimental group. The baseline group uses historical sales 
prediction and fixed safety stock rules, while the experimental group imports search, add-on, member reservation, 
regional popularity, and promotion response variables, and outputs prediction results in three windows: daily, 3-day 
rolling, and 7-day rolling. The indicators need to cover five aspects: prediction, inventory, replenishment, fulfillment, 
and review. The prediction end uses MAPE to measure errors, the inventory end records out-of-stock rate and turn-
over days, the replenishment end counts response cycle, the fulfillment end calculates on-time delivery ratio, and 
the review end tracks the proportion of unsold inventory after the event, as shown in Table 1. 

Table 1. Model Comparison Experimental Design 

Comparison Item Baseline Group Experimental Group Evaluation Metrics 

Demand Forecasting Historical sales forecast-
ing 

Sales+search+add-to-cart+promotion 
response MAPE forecasting error 

Inventory Allocation Fixed safety stock Dynamic safety stock Stockout rate, inventory 
turnover days 

Replenishment Collabora-
tion Periodic replenishment Demand-triggered replenishment Replenishment response cy-

cle 

Fulfillment Arrangement Single-warehouse prior-
ity fulfillment 

Warehouse-store collaborative fulfill-
ment On-time fulfillment rate 

Review and Adjustment Sales-result-based re-
view Sales+reviews+returns-based review Slow-moving inventory ra-

tio 
Comparison Item Baseline Group Experimental Group Evaluation Metrics 

3.1 Analysis and Interpretation of Comparative Results 

The comparative results can be presented in five categories: “prediction - inventory - replenishment - fulfillment - 
review”. Avoid giving only a general judgment. The simulation results show that after introducing search index, 
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add-on rate, member reservation volume, and promotional response variables, the MAPE prediction error of the 
experimental group decreased from 18.6% to 11.3%. Among them, the 3-day rolling prediction deviation of high-
frequency promotional SKUs was controlled within 10%-12%. After synchronizing the dynamic safety inventory 
in the inventory configuration process, the shortage rate during the promotion period decreased from 9.8% to 5.1%, 
the inventory turnover days were shortened from 31 days to 24 days, the frequency of allocation between regional 
warehouses and core stores increased by 18%, but the single allocation batch size decreased by approximately 12%, 
indicating that the inventory movement was closer to the actual demand position. On the replenishment end, sup-
pliers were triggered to add batches based on the demand heat level. The average replenishment response period 
was compressed from 48 hours to 28 hours. For high-conversion SKUs, they automatically entered the priority 
replenishment queue when the inventory coverage was less than 1.5 days. On the fulfillment end, collaborative 
delivery between warehouses and stores was adopted, and the on-time fulfillment rate increased from 91.2% to 
95.6%, and the split order rate was controlled within 7%. The data from the review after the event showed that the 
proportion of unsold inventory in the experimental group decreased from 13.5% to 8.7%, and the reasons for returns 
and negative reviews further pointed to size compatibility, packaging strength, and delivery node deviations. This 
provided a more detailed basis for the revision of the SKU combination and supplier scheduling in the next round 
[8]. 

3.2 Application Case Embedding and Review 

Taking the joint promotion at the end of the season by a certain omni-channel retail enterprise as an example, the 
enterprise locked in 120 core SKUs 10 days before the event. It included the preheating clicks of members, the 
increase in product collection, the growth rate of search, the conversion rate of additional purchases, and the fre-
quency of social interaction in the heat score [9]. SKUs with a score of 80 or above were listed as A-level inventory 
preparation objects. It will be allocated in advance to regional warehouses, core stores, and forward fulfillment 
nodes. After the event started, the system refreshed the transaction speed, inventory coverage days, store picking 
capacity, and delivery pressure every 2 hours. For SKUs with inventory coverage lower than 1.5 days and a con-
version rate of added purchases exceeding 18%, the supplier was triggered to increase supplementary supply. For 
stores with a fulfillment load exceeding 85%, the neighboring stores were switched to collaborate for delivery. For 
regions with a delivery time risk higher than 30%, the warehouse dispatch ratio was increased. After the event, the 
enterprise sorted out the review list based on “sales completion rate - return reason - negative review theme - inven-
tory remaining - repeat purchase performance”, and included the size segment with a return rate higher than 8% in 
the product specification review. For categories with a packaging damage rate higher than 3%, the category was 
transferred to the warehouse distribution end for adjustment of packaging materials. For regions with a delivery 
time risk higher than 30%, the store dispatch radius and carrier schedule were re-verified, and SKUs with remaining 
inventory higher than the plan by 20% were transferred to member targeted coupons, combined sales, and cross-
regional allocation queues. 

4. Conclusion 

After omnichannel marketing data enters the retail supply chain, demand judgment is no longer limited to historical 
sales volume, but extends to front-end signals such as search, browsing, added purchase, member interaction, eval-
uation, and return and exchange. By building an intelligent supply chain collaborative model around data govern-
ance, demand perception, inventory linkage, and collaborative response, a continuous chain of prediction, replen-
ishment, allocation, fulfillment, and review can be formed. Experimental comparisons and promotion cases show 
that after embedding marketing behavior variables into supply chain decision-making, the prediction deviation, 
shortage rate, and non-sold inventory ratio have been reduced, and inventory turnover, replenishment response, and 
on-time fulfillment performance have become more stable. Further, real-time streaming data, dynamic pricing var-
iables, and multi-level supplier network information need to be introduced to enhance the model’s adaptability in 
complex retail scenarios. 
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