
 
Engineering Advances, 2026, 6(3), 187-191 

https://www.hillpublisher.com/journals/ea/ 
ISSN Online: 2768-7961 

 

DOI: 10.26855/ea.2026.09.011 187 Engineering Advances 
 

Construction of a Data-driven Decision-making 
Framework for Bulk Commodity Supply Chains 

Zelin Wang 

Hangzhou Shennong Jinjian Agricultural Technology Co., Ltd., Hangzhou 310000, Zhejiang, China. 
 

How to cite this paper: Zelin Wang. 
(2026) Construction of a Data-driven Deci-
sion-making Framework for Bulk Com-
modity Supply Chains. Engineering Ad-
vances, 6(3), 187-191. 
DOI: 10.26855/ea.2026.09.011 
 
Received: May 29, 2026 
Accepted: June 26, 2026 
Published: July 24, 2026 
 
*Corresponding author: Zelin Wang, 
Hangzhou Shennong Jinjian Agricultural 
Technology Co., Ltd., Hangzhou 310000, 
Zhejiang, China. 
 
© 2026 by the author(s). 
This article is an open access article 
distributed under the terms and conditions 
of the Creative Commons Attribution- 
NonCommercial-NoDerivatives (CC BY-
NC-ND) license, which permits non-
commercial use, distribution, and 
reproduction in any medium, provided the 
original work is properly cited and is not 
modified or adapted. 
https://creativecommons.org/licenses/by-
nc-nd/4.0/ 

  Abstract 
Bulk commodity supply chains operate under tightly coupled conditions shaped by 
price volatility, inventory accumulation, transportation delay and risk transmission, 
where experience-based judgement alone is often too slow to process multiple var-
iables moving at the same time. In response to the need for coordinated procure-
ment, inventory, logistics and risk decisions, a data-driven decision-making frame-
work is developed based on literature synthesis, framework modelling and a 12-
week anonymized scenario simulation; the framework integrates data access, indi-
cator transformation, predictive optimization, decision output and feedback calibra-
tion, while bringing spot prices, futures curves, order demand, inventory coverage, 
in-transit volume and port congestion indicators into a unified analytical chain. The 
simulation comparison shows that the framework reduces demand forecasting error 
from 12.8% to 8.6%, lowers average inventory coverage from 34.5 days to 27.2 
days, increases logistics delay warning lead time from 1.6 days to 4.8 days, and 
shortens the decision cycle from 48 hours to 12 hours, indicating that the proposed 
framework can improve procurement timing, inventory structure, delivery stability 
and risk response speed in bulk commodity supply chains. 
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Introduction 

The value of bulk commodity supply chains is often reshaped across price curves, shipping deviations, inventory 
levels and contract fulfilment. Metals, energy products and agricultural commodities usually involve large transac-
tion volumes, long delivery cycles, heavy capital occupation and multiple logistics nodes, which allows a local 
market signal to expand quickly into cost fluctuation across procurement, warehousing and delivery processes. 
When procurement plans, inventory policies and logistics scheduling still rely on fragmented reports and managerial 
experience, supply chain management becomes less capable of capturing price windows, identifying delay shocks 
and controlling risk diffusion [1]. 

1. Input Basis for Data-Driven Decision-making in Bulk Commodity Supply Chains 

1.1 Market Signals Drive Price and Demand Recognition 

The starting point of decision-making in bulk commodity markets lies in the simultaneous recognition of price 
signals and demand signals, as spot quotations, futures curves, basis changes, exchange rates, fuel costs and ocean 
freight jointly reshape procurement windows [2]. Focusing only on price rises or declines may lead to distorted 
judgement, so transaction history, order demand, contract delivery periods, inventory levels and price volatility need 
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to be placed within the same analytical chain to generate procurement trigger thresholds, hedging reference ranges 
and demand deviation rules. With this refined basis, procurement rhythm can be adjusted around market changes, 
allowing replenishment, order splitting, delayed purchasing and contract execution sequencing to reduce cost expo-
sure caused by concentrated purchases at high price levels. 

1.2 Operational Signals Support Inventory and Logistics Judgement 

Operational pressure in bulk commodity supply chains is concentrated in inventory accumulation, in-transit occu-
pation and node delay, while inventory coverage, in-transit volume, storage capacity, shipping schedule deviation, 
port congestion index, loading efficiency and delivery priority jointly determine the actual pressure level of supply 
chain operations. Once operational signals enter a unified analytical scope, safety stock lines, warehouse utilization, 
logistics delay rates and fulfilment deviations can be converted into continuous monitoring indicators, supporting 
decisions on replenishment rhythm, route adjustment, temporary storage and customer delivery sequencing. The 
linked interpretation of inventory and logistics data reduces information gaps among procurement, warehousing and 
delivery functions, making supply chain operations closer to real business dynamics [3]. 

2. Technical Construction of the Data-driven Decision-making Framework 

2.1 Multi-source Data Access Builds a Unified Foundation 

Multi-source data access should first unify the coding standards for market, order, inventory, logistics, and risk 
signals, ensuring consistent definitions for commodity codes, contract numbers, warehouse IDs, transport nodes, 
price sources, and timestamps [4]. Price data should be updated daily, inventory data should be refreshed by hour 
or shift, and logistics status should be recorded according to loading port, departure, arrival, and warehousing events; 
data completeness should remain above 95%, while abnormal prices, duplicate orders, missing inventory records, 
and shipping schedule deviations need to be included in cleaning rules. A data-driven decision-making system for 
bulk commodity supply chains requires a continuous chain from data access to feedback calibration, as shown in 
Figure 1. 

 
Figure 1. Data-driven Decision-Making Framework for Bulk Commodity Supply Chains. 

2.2 Predictive Optimization Models Jointly Generate Solutions 

The predictive optimization layer should establish a linked calculation chain around price trends, demand changes, 
inventory consumption, and transportation cycles, while forecasting models may adopt time series methods, 
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machine learning regression, or ensemble learning, with MAPE and RMSE used to examine error ranges. Optimi-
zation models need to incorporate procurement volume, inventory coverage, storage capacity, transport routes, de-
livery deadlines, and total cost constraints, with safety stock divided into a 10-25 day range, and port delays ex-
ceeding 72 hours triggering alternative route calculations. Scenario simulation further tests pressure conditions such 
as sharp price increases, demand surges, node congestion, and supplier delays, allowing procurement, inventory, 
and logistics solutions generated by the system to remain operationally executable [5]. 

2.3 Execution Feedback Loop Calibrates Decision Parameters 

The decision engine needs to convert model outputs into executable business actions and set clear triggering condi-
tions. When spot prices fall more than 3% below the 20-day moving average, inventory coverage drops below 15 
days, and demand forecasts remain stable for the next two weeks, the system may generate a replenishment recom-
mendation; when the port congestion index exceeds the threshold for three consecutive days and in-transit volume 
accounts for more than 40% of demand over the next two weeks, the system should calculate alternative port use, 
split transportation and temporary storage options. After each decision is executed, actual procurement cost, arrival 
duration, inventory change, delivery deviation, and warning hit rate should be written back weekly or by batch to 
recalibrate thresholds, weights, and risk scores. 

3. Application Verification and Comparative Analysis of the Data-driven Decision Framework 

3.1 Rolling Procurement Identifies Ordering Windows 

The anonymized scenario is set around the procurement of metal concentrate by an international trading enterprise, 
with a 12-week simulation period [6]. Each week, the system reads spot quotations, futures curves, basis levels, 
ocean freight rates, order demand, contract delivery periods, inventory coverage, and in-transit volume. The pro-
curement trigger is defined by three simultaneous conditions: the spot price falls more than 3% below the 20-day 
moving average, inventory coverage drops below 15 days, and forecast demand fluctuation over the next two weeks 
remains within 8%. After data validation, the system generates ordering recommendations according to the demand 
gap and price deviation rate, splitting a single concentrated purchase into two or three batches and providing a 40%-
60% pricing-lock range to avoid placing the full procurement volume at a short-term high-price point. 

During execution, procurement staff first confirm undelivered contracts, in-transit batches, and order consump-
tion over the next two weeks in the system, and then select replenishment volume, order date, and pricing-lock ratio 
according to the model output. In week 5, for example, when the spot price falls 3.6% below the 20-day average 
and inventory coverage declines to 13.8 days, the system generates a recommendation of “45% first-batch replen-
ishment, 3-5 days observation before the second batch, and 50% pricing lock,” while marking two alternative actions 
for further price decline and upward demand revision. In the simulation comparison, procurement cost deviation 
decreases from 5.7% under the conventional monthly mode to 3.1% under rolling procurement, and the procurement 
calculation cycle is shortened from 48 hours to 12 hours [7]. 

3.2 Dynamic Inventory Balances Capital Exposure and Supply Risk 

The dynamic inventory process is stratified according to commodity volatility, delivery cycle, and demand stability. 
Inventory items are first divided into three groups: commodities with price volatility above 12% and delivery cycles 
longer than 30 days are assigned an 18-25 day safety stock range; commodities with price volatility between 6% 
and 12% and delivery cycles of 15-30 days are assigned a 14–18 day range; commodities with stable demand and 
transport cycles shorter than 15 days are controlled within a 10–15 day range. Each week, the model reads inventory 
coverage, in-transit volume, expected arrival date, warehouse utilization, unit storage cost, and order consumption 
rate, then generates recommendations for replenishment, delayed inbound delivery, split warehousing, and cross-
warehouse allocation. 

In the anonymized simulation, an energy commodity reaches 31.6 days of inventory coverage in week 7, while 
warehouse utilization rises to 82% and demand forecasts for the next two weeks increase by only 4.2%. The system 
adjusts the original 9,000-ton single inbound plan into “5,000 tons received on schedule, 2,500 tons delayed by five 
days, and 1,500 tons transferred to a reserve warehouse.” Under the fixed inventory line, average inventory coverage 
remains at 34.5 days, whereas the dynamic threshold mode reduces it to 27.2 days; stock-out risk decreases from 
8.4% to 4.9%, and the reduced inventory occupation still retains the minimum safety boundary for supply continuity 
[8]. 
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3.3 Logistics Warning Calibrates Delivery Arrangements 

The logistics warning process should establish an event-level monitoring table for transport nodes, including 
planned departure time, actual departure time, estimated arrival time, port congestion index, loading and unloading 
efficiency, inland transfer duration, warehouse receiving capacity, and customer delivery priority. The system sets 
a combined warning threshold with three conditions: the port congestion index remains above 1.20 for three con-
secutive days, the expected delay exceeds 72 hours, and in-transit volume accounts for more than 40% of demand 
over the next two weeks. Once triggered, the system immediately generates four options, namely port diversion, 
route adjustment, split shipment, and temporary storage, with additional freight, storage cost, delay days, and deliv-
ery deviation calculated for each option [9]. 

In the anonymized case, a batch of metal raw material is originally scheduled to enter storage through Port A, but 
in week 9 the system identifies that the congestion index of Port A has risen to 1.34, the estimated arrival delay has 
reached 76 hours, and the in-transit volume accounts for 42.5% of demand over the next two weeks. The model 
compares diversion through Port B with temporary storage at Port A; the Port B option adds USD 18 per ton in 
freight, reduces storage cost by USD 3.2 per ton per day, and cuts customer delivery deviation from 4.6 days to 1.2 
days, so it is ranked as the preferred execution plan. The simulation shows that logistics delay warning lead time 
increases from 1.6 days to 4.8 days, and the comparative results can be presented in Table 1. 

Table 1. Comparative Results between Conventional Decision Making and Data-driven Framework 

Indicator Conventional decision making Data-driven framework Change 

Demand forecasting error MAPE 12.8% 8.6% -32.8% 

Average inventory coverage 34.5 days 27.2 days -21.2% 

Stock out risk probability 8.4% 4.9% -41.7% 

Logistics delay warning lead time 1.6 days 4.8 days +200.0% 

Average decision cycle 48 hours 12 hours -75.0% 

Procurement cost deviation 5.7% 3.1% -45.6% 

4. Conclusion 

The decision quality of bulk commodity supply chains depends on whether market signals, inventory status, logistics 
nodes and risk information can be integrated in time and converted into operational actions. The data-driven deci-
sion-making framework relies on a unified data foundation, predictive optimization models, and feedback calibra-
tion loops to place procurement window identification, inventory threshold adjustment, and logistics delay warning 
within a continuous calculation process, allowing supply chain management to move toward parameter-based, sce-
nario-oriented, and rolling correction. The 12-week anonymized simulation shows stronger performance in demand 
forecasting error, inventory coverage, stock-out risk, warning lead time, and decision cycle. Future work may further 
incorporate digital twins, real-time simulation, and reinforcement learning algorithms to strengthen adaptability 
under complex price movements and multi-node transportation conditions. 

References 
[1] Giannelos S, Konstantelos I, Strbac G. Optimal supply chain design using machine learning, risk assessment and optimisation 

applied to coal distribution. EURO J Decis Process. 2025;13:100062. 

[2] Guo L, Yu F, Sui C, et al. Country-level vulnerability in maritime bulk commodity supply chains: an integrated framework for 
identification, monitoring, and extrapolation. Systems. 2026;14(2):120. 

[3] Tarei PK, Kumar G, Ramkumar M. A mean-variance robust model to minimize operational risk and supply chain cost under 
aleatory uncertainty: a real-life case application in petroleum supply chain. Comput Ind Eng. 2022;166:107949. 

[4] Seyedan M, Mafakheri F. Predictive big data analytics for supply chain demand forecasting: methods, applications, and research 
opportunities. J Big Data. 2020;7:53. 

[5] Jha AK, Agi MAN, Ngai EWT. A note on big data analytics capability development in supply chain. Decis Support Syst. 2020; 
138:113382. 



Zelin Wang 
 

 

DOI: 10.26855/ea.2026.09.011 191 Engineering Advances 

 

[6] Yang M, Fu M, Zhang Z. The adoption of digital technologies in supply chains: drivers, process and impact. Technol Forecast 
Soc Change. 2021;169:120795. 

[7] Bhandal R, Meriton R, Kavanagh RE, et al. The application of digital twin technology in operations and supply chain manage-
ment: a bibliometric review. Supply Chain Manag. 2022;27(2):182-206. 

[8] Zamani ED, Smyth C, Gupta S, et al. Artificial intelligence and big data analytics for supply chain resilience: a systematic 
literature review. Ann Oper Res. 2023;327(2):605-632. 

[9] Smyth C, Dennehy D, Wamba SF, et al. Artificial intelligence and prescriptive analytics for supply chain resilience: a systematic 
literature review and research agenda. Int J Prod Res. 2024;62(23):8537-8561. 


