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A B S T R A C T  A R T I C L E   I N F O 
Raw material ordering under demand uncertainty is often hindered by inaccu-
rate forecasts, resulting in excess inventory, stockouts, and increased operating 
costs. Traditional Newsvendor models typically assume static demand distri-
butions and therefore have limited ability to capture dynamic changes in de-
mand. To address this limitation, this study proposes a Markov chain–based 
Newsvendor decision framework incorporating an [L, U] inventory boundary 
policy. The main contribution of the proposed framework is the integration of 
state-transition-based probabilistic demand forecasting with inventory opti-
mization. Specifically, raw material demand is classified into a finite set of 
states, and the transition probability matrix is estimated from historical de-
mand-state observations. The resulting predicted demand distribution is then 
incorporated into the Newsvendor model to determine the optimal order-up-
to level and the corresponding replenishment quantity. A simulation-based 
case study of an electronics manufacturing firm is conducted using a generated 
52-week demand dataset. The results show that the proposed MC-NM model 
reduces the expected total ordering cost from 4887.68 yuan to 4269.92 yuan, 
corresponding to a cost reduction of 12.6 %. These findings indicate that the 
proposed framework can reduce inventory-related costs while maintaining re-
sponsiveness to demand fluctuations, thereby providing practical decision sup-
port for raw material procurement under uncertainty. 
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1. Introduction 
In modern enterprise operations, raw material ordering decisions are an important component of 
supply chain management [1]. Their effectiveness directly affects operational efficiency and cost 
control. As an upstream stage of production, raw material procurement directly affects production 
continuity, cost control, and quality assurance. First, the stability of raw material supply deter-
mines whether the production line can operate according to plan. Any delay or disruption in the 
procurement process may interrupt production and propagate down the supply chain, ultimately 
reducing overall performance and service levels [2] and causing substantial losses. Second, the 
purchase cost of raw materials usually accounts for a large proportion of the total cost of enter-
prises, and the appropriateness of the purchase quantity and timing has a decisive impact on cap-
ital turnover efficiency and inventory level. Third, the quality level and reliability of raw materials 
are often key determinants of product performance and market competitiveness. Improper pro-
curement management may lead to rework, scrap and other hidden losses. Thus, raw material 
procurement is not only a fundamental component of production engineering but also a strategic 
lever for improving the overall operational efficiency and competitiveness of enterprises. 
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However, in the complex and changing market environment, the demand for raw materials is 
often subject to substantial uncertainty and dynamic fluctuations, which affect the optimal pur-
chase and inventory decisions of enterprises [3]. This uncertainty is not only due to periodic price 
changes and fluctuations in market demand but may also be influenced by external factors such 
as supply chain disruptions, geopolitical events, and macroeconomic changes. For example, sharp 
fluctuations in international raw material prices can quickly propagate to enterprise procure-
ment, leading to a significant increase in the difficulty of demand forecasting. A sudden supply 
chain disruption may cause a sharp drop in demand or an abnormal concentration of demand in 
the short term. Especially for seasonal, perishable or high-value raw materials, forecast errors can 
directly lead to serious consequences such as overstocking, excessive capital tied up in inventory 
or production stagnation. Traditional inventory decision-making methods often rely on empirical 
judgment [4] or assume a static demand distribution [5]. As a result, they may fail to capture de-
mand evolution in time. Such methods can neither effectively prevent stockout risk nor avoid the 
high holding costs associated with excessive inventory. Therefore, they are unable to meet enter-
prises’ needs for flexibility, agility, and accuracy in dynamic environments. Accordingly, it is im-
portant to develop a raw material ordering model that can support inventory management under 
dynamic and uncertain demand conditions. 

As a mathematical tool for modeling random state-transition processes, the Markov chain is 
often used to describe the dynamic evolution of demand, prices, behavior, and related phenomena. 
In demand forecasting, Li et al. [6] used the Markov decision process to develop an optimal am-
bulance destination strategy that addresses ambulance unloading delays caused by emergency-
room congestion, reduces patient waiting time, and rapidly restores ambulance service capacity; 
Chen et al. [7] proposed a market demand forecasting model based on a Markov chain, which an-
alyzed customer behavior and market trends through the state transition probability matrix, 
providing a quantitative basis for marketing decisions of enterprises. For inventory decision-mak-
ing under uncertain demand, Markov-chain forecasting also shows good applicability. Więcek and 
Kubek [8] analyzed the effects of time-series characteristics on the forecasting performance of 
ARIMA, SARIMA, and Markov-chain models for fuel demand, and found that the Markov chain per-
formed best in dynamic demand scenarios, especially in long-term pattern recognition; Lin and 
Ho [9] proposed a new single-supplier, multi-buyer integrated inventory model, which can predict 
buyers’ demand in a particular season through a Markov chain and historical demand data to min-
imize the cost; Chen and Song [10] studied multi-echelon inventory systems with Markov-modu-
lated demand, where the demand distribution in each period is determined by the current state 
of an exogenous Markov chain, and showed that state-dependent order-up-to policies can be op-
timal under such fluctuating demand environments; Yuna et al. [11] used a Markov process to 
model intermittent demand and determine lower and upper stock limits, showing that Markov-
based stock limits can help balance inventory holding costs and lost-sales costs. In addition, in the 
fields of energy structure [12] and energy consumption [13], power demand [14], equipment cy-
cle inspection and maintenance [15], Markov-chain models show good adaptability and forecast-
ing ability. In the field of supply chain management, researchers have also used Markov-chain 
models to study inventory optimization. Hashemi-Petroodi et al. [16] modeled the task allocation 
and worker movement process in the production system as a Markov decision process, character-
izing transitions between states and showing that the Markov-chain method can effectively cap-
ture the dynamic characteristics of complex manufacturing environments, thereby providing new 
approaches for inventory demand forecasting and ordering decisions; Su and Wu [17] used Mar-
kov chain Monte Carlo to model the wind speed in different seasons, and then simulated the wait-
ing time distribution of maintenance ships through a Markovian Monte Carlo method to evaluate 
the impact of random wind speed on the maintenance availability of offshore wind farms. These 
studies suggest that Markov-based prediction is suitable for scenarios with frequent demand fluc-
tuations and limited historical data. It can provide timely decision support for raw material de-
mand forecasting and procurement planning. 
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As a core tool for inventory optimization and supply chain decision-making, the Newsvendor 
model has been continually extended to address increasingly complex real-world decision set-
tings. For purchasing and inventory optimization of seasonal or perishable goods, Ni [18] consid-
ered market characteristics and sales patterns and proposed an improved Newsvendor model in-
tegrating information recognition mechanism and discount promotion strategy, which provides 
analytical support for operational decisions concerning seasonal goods; Lei et al. [19] extended 
the Newsvendor model to analyze the situation of partial demand substitution of two products. 
The study shows that demand substitution reduces the demand variability through the formation 
of effective demand, thereby improving expected profits and order-quantity decisions. To address 
the management of perishable products, Puranam et al. [20] introduced uncontrollable transfer 
inventory into the traditional Newsvendor model, highlighted the complexity of inventory man-
agement introduced by random transfers, and expanded the theoretical scope of the Newsvendor 
model. This suggests that the single-period Newsvendor model is an important tool for supply 
chain management, and its classical formulation focuses on perishable goods in a single sales cy-
cle. The model assumes that demand follows a known probability distribution [21], but in practi-
cal applications, the real demand distribution is often difficult to obtain, and the relevant param-
eter-estimation methods can be complex and prone to estimation errors [22]. To address demand 
uncertainty in complex Newsvendor settings, Gonzalez et al. [23] proposed a new method com-
bining fog computing, an attention mechanism, and a gated recurrent unit; Hua et al. [24] extended 
the Newsvendor model to incorporate barter exchange, showing that retailers can handle unsold 
products through the barter platform, which can help manage demand uncertainty and improve 
profits, and analyzed the effects of relevant parameters on the optimal order quantity; Zhu [25] 
studied a new model for the Newsvendor problem based on the theory of focus selection; Sousa 
et al. [26] proposed a multi-project Newsvendor model based on fuzzy logic and an improved ge-
netic algorithm to improve model performance under uncertain demand and optimize order-
quantity decisions in complex scenarios. 

Existing research on demand forecasting and inventory management provides substantial in-
sights but also faces important limitations. The classical Newsvendor model, foundational for sin-
gle-cycle optimization, relies on static, predefined demand distributions—a simplification that ne-
glects real-world dynamics and restricts its utility in unstable markets. Meanwhile, contemporary 
approaches utilizing neural networks [27], machine learning [28], or deep learning focus on dyna-
mic prediction but frequently decouple forecasting from optimization, leaving integration gaps 
unaddressed—particularly acute in raw material contexts where volatile demand challenges sta-
tic assumptions. Limited progress has been made in combining Markov chains with Newsvendor 
frameworks; examples include Sprenkels’ application of Markov decision processes to multi-pro-
duct pricing [29] and Keskin et al.’s extension of the Newsvendor concept into multi-stage settings 
via declining inventory constraints [30], though these remain fragmented efforts. Systematic 
mechanisms integrating Markov-driven forecasts with Newsvendor decisions are still underde-
veloped, especially for single periods where static models fail to capture temporal shifts [31], 
causing supply-demand misalignment during procurement. In practice, enterprises depend he-
avily on historical data mining for adaptive control [32]. Markov chains effectively map demand 
evolution and generate projections, while the Newsvendor model endures in short-lifecycle, non-
replenishable scenarios [33-34]. A key priority is to combine these strengths, namely the pre-
dictive adaptability of Markov chains and the decision efficiency of the Newsvendor model, to de-
velop raw material ordering systems balancing accuracy and flexibility.  

In summary, although existing research has made progress in demand forecasting and inven-
tory management, static Newsvendor models still struggle to reflect dynamic demand evolution, 
and many forecasting methods remain disconnected from inventory decision-making. Particularly 
in raw material inventory management, where real-time responsiveness and flexibility are im-
portant, there is a lack of a unified framework that can integrate dynamic demand forecasting with 
inventory optimization decisions. This research gap not only hinders the further development of 
inventory management methods, but also affects the practical effectiveness of enterprise applica-
tions in complex and changing environments. To address these limitations, the main contribution 
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of this paper is to propose a Markov chain–Newsvendor decision model for raw material ordering 
(MC-NM model) with [L, U] inventory constraints. Specifically, the framework uses Markov chains 
to characterize state transitions in raw material demand and implement dynamic demand fore-
casting, thereby overcoming the static-demand assumption of traditional Newsvendor models; 
introduces [L, U] inventory constraints to control the upper and lower bounds of the order quan-
tity and better reflect practical procurement and inventory management; and validates the pro-
posed model through numerical analysis. The results show that the method can significantly re-
duce total inventory costs under demand fluctuations and improve resource-allocation efficiency 
and operational resilience in uncertain environments. 

2. Problem statement and related assumptions 
2.1 Problem statement and parameter explanation 

In actual production and operations, companies often face the challenge of uncertainty in raw ma-
terial demand. Let this uncertainty be represented by the random variable 𝑅𝑅 for demand per cycle. 
Its fluctuations are influenced by various factors, such as periodic adjustments to production 
plans, fluctuations in the raw-material supply and demand market, potential disruptions in the 
supply chain, dynamic changes in supplier capacity, and the company's cash flow characteristics. 
These factors may cause 𝑅𝑅 to exhibit significant stage-specific and temporal dynamics. Therefore, 
in raw material ordering, companies need to dynamically balance total cost 𝐶𝐶𝑇𝑇, shortage loss 𝐶𝐶2, 
and inventory cost 𝐶𝐶1 by capturing the changing patterns of demand distribution in real time. This 
enables them to effectively avoid ordering decision errors caused by demand changes and ensure 
that the company can achieve the optimal balance between costs and risks in a complex and ever-
changing market environment. 

To address the potential errors in ordering decisions caused by changes in the distribution pat-
terns of raw material demand, this paper proposes a raw material ordering decision-making frame-
work that uses state prediction as the input and Newsvendor optimization as the output while in-
corporating [L, U]-type inventory strategy constraints. In this framework, Markov chains are used 
to describe how demand 𝑅𝑅 transitions over time within a finite state spac𝑒𝑒 𝑆𝑆 = {𝑠𝑠1, 𝑠𝑠2, . . . , 𝑠𝑠𝑛𝑛}. Based 
on the transition probability matrix 𝑃𝑃 = [𝑝𝑝𝑖𝑖𝑖𝑖], historical states can be used to estimate future distri-
butions, construct demand transition patterns across multiple states, provide time-dependent and 
traceable demand forecasting, and establish raw material ordering criteria under an [L, U] inventory 
strategy. The Newsvendor model, on the other hand, addresses a given demand distribution 𝑝𝑝(𝑅𝑅) 
by minimizing expected costs to determine the optimal order quantity 𝑄𝑄*. 

Compared with traditional Newsvendor models, which typically assume that demand follows 
a static or known distribution (such as a normal distribution), this paper proposes a dynamic 
modeling mechanism based on state transitions, using Markov chains as the computational basis 
for predicting the demand distribution. This transforms the Newsvendor decision problem from 
a static to a dynamic decision and introduces an [L, U] inventory strategy to reduce bias in the 
theoretical optimal solution of the Newsvendor model, ensuring that the actual order quantity 
remains within a safe range. By predicting the demand distribution 𝜋𝜋𝑡𝑡+1 = 𝑒𝑒𝑖𝑖𝑃𝑃 for the next cycle 
based on the transition probabilities of the current cycle's state 𝑠𝑠𝑖𝑖 , and using this as input for the 
Newsvendor model, the optimal raw material order quantity is determined by minimizing ex-
pected costs under the [L, U] inventory constraints (determined from the demand forecast re-
sults). This ultimately constructs a raw material ordering Newsvendor decision model based on 
Markov chain demand forecasting (i.e., the MC-NM model). This model aligns with the flexibility 
required for production scheduling and dynamic procurement environments, thereby strength-
ening the integration of dynamic forecasting and decision-making. A summary of the model pa-
rameters and their meanings is provided in Table 1. 
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Table 1 Summary of model-related parameters and meanings 
Notation Meaning 

𝐿𝐿 Minimum inventory level 
𝑈𝑈 Maximum inventory level, 𝐿𝐿 ≤ 𝑈𝑈 
𝐾𝐾 Unit cost of raw materials 
𝐶𝐶1 Holding cost per unit of raw material per cycle 
𝐶𝐶2 Stockout cost per unit of raw material per cycle 
𝐶𝐶3 The cost of each order of raw materials (independent of the order quantity) 
𝑅𝑅 Random variables of demand (in ascending order), 𝑅𝑅0,𝑅𝑅1,⋯ ,𝑅𝑅𝑚𝑚(0 ≤ 𝑅𝑅0,𝑅𝑅𝑘𝑘 < 𝑅𝑅𝑘𝑘+1) 

𝑝𝑝(𝑅𝑅) Demand probability, ∑ 𝑝𝑝𝑚𝑚
𝑘𝑘=0 (𝑅𝑅𝑘𝑘) = 1 

𝐼𝐼 Opening inventory (constant in this stage) 
𝑄𝑄 Actual replenishment quantity; if 𝐼𝐼 < 𝐿𝐿, 𝑄𝑄 = 𝑈𝑈 − 𝐼𝐼; if 𝐼𝐼 ≥ 𝐿𝐿, 𝑄𝑄 = 0 
𝑄𝑄* Theoretical optimal order-up-to level derived from the Newsvendor model 
𝐶𝐶𝑇𝑇 Total cost 

𝑋𝑋𝑡𝑡  
System state at time 𝑡𝑡 
(random variable indicating the current state) 

𝑠𝑠𝑖𝑖  The 𝑖𝑖-th specific state in state space 𝑆𝑆 

𝑒𝑒𝑖𝑖  
Unit state vector, indicating that the current state is 𝑠𝑠𝑖𝑖 , with the 𝑖𝑖-th element being 1 and the rest 
being 0. 

𝑆𝑆 State space, a set containing all possible states of the system (e.g., {𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑛𝑛}) 
𝑃𝑃 Probability function used to represent conditional probabilities 
𝑝𝑝𝑖𝑖𝑖𝑖 Single-step transition probability from state 𝑠𝑠𝑖𝑖  to state 𝑠𝑠𝑗𝑗  

P (matrix) Transition matrix, containing all transition probabilities 𝑝𝑝𝑖𝑖𝑖𝑖 , with rows and columns corresponding 
to the current and next states, respectively. 

𝑁𝑁 = (𝑛𝑛𝑖𝑖𝑖𝑖) 𝑛𝑛𝑖𝑖𝑖𝑖 denotes the number of transitions from state 𝑆𝑆𝑖𝑖 to state 𝑆𝑆𝑗𝑗 . 

𝜋𝜋0 Initial state distribution, a vector representing the probabilities of each state of the system at 𝑡𝑡 =
 0, (∑𝜋𝜋0 (𝑠𝑠𝑖𝑖) = 1) 

𝜋𝜋𝑡𝑡  The state distribution at time t, represented by a vector indicating the probabilities of each state. 

𝜋𝜋 Stationary distribution, a row probability vector representing the long-run probabilities of the  
states, satisfying π 𝑃𝑃 = 𝜋𝜋 

𝛾𝛾 Critical ratio, used to determine the optimal order quantity threshold 
𝐷𝐷�ℎ Smoothed demand value obtained using the three-point moving-average method in week 𝑡𝑡. 

2.2 Model assumptions 

To facilitate the description and construction of the model, this study makes the following as-
sumptions: 

• Timeliness and ordering constraints: Raw materials are time-sensitive and must be ordered 
before the start of each production cycle, with no additional purchases allowed during the 
cycle. The Newsvendor model, as a single-cycle ordering decision model, is suitable for raw 
materials subject to random demand and short cycles (such as perishable chemical raw ma-
terials, seasonal building materials, etc.), as its assumption of a single order aligns with prac-
tical scenarios involving continuously fluctuating raw material demand. 

• Cost-risk trade-off: Excess raw material inventory generates holding costs (such as ware-
housing, discounting, or scrapping costs), while shortages lead to opportunity costs associ-
ated with production interruptions or emergency procurement (such as production line 
downtime and additional logistics costs). The Newsvendor model minimizes expected costs 
or maximizes profits by balancing these two types of costs. 

• Dynamic demand modeling: The raw material demand for each production cycle is a finite-
state random variable, whose distribution depends on the state of the previous cycle and 
evolves according to a defined transition probability matrix (such as the correlation be-
tween raw material consumption and production plans in historical data). By estimating the 
transition probability matrix, firms can generate the conditional probability distribution of 
next-period demand given the current state. This provides the Newsvendor model with dy-
namic, state-dependent inputs that replace traditional static demand assumptions. 

• Data-driven forecasting: Companies can partition the demand state space and construct 
state transition matrices based on complete and stable historical raw material consumption 
data to ensure the feasibility and effectiveness of Markov chain forecasting. 
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• Idealized operating conditions: The lead time for raw material procurement is assumed to 
be negligible, and no natural deterioration or quality change in raw materials is assumed to 
occur during the cycle. These assumptions facilitate model development under idealized 
operating conditions. 

• [L, U] Inventory strategy constraints: The lower inventory limit (𝐿𝐿) and upper limit (𝑈𝑈) of 
inventory are introduced into the ordering decision. When the inventory is lower than 𝐿𝐿, 
the purchase order is triggered to restore the inventory to the upper limit 𝑈𝑈; when the in-
ventory is greater than or equal to 𝐿𝐿, the order is not triggered. The dynamic threshold is 
used to limit the quantity ordered in a single cycle, which both constrains deviations from 
the theoretical optimum of the Newsvendor model and reduces inventory risk. 

3. Model construction 
Fig. 1 shows the theoretical framework constructed in this paper. First, the historical demand data 
are used to divide the demand state and construct the transition matrix of the Markov chain. At 
the beginning of each cycle, the Markov chain is used to predict the demand distribution in the 
next period. Second, the predicted distribution is provided as input to the Newsvendor model, and 
the expected cost function is constructed. In practice, the [L, U]-type inventory strategy is intro-
duced to modify the upper and lower limits of the optimal solution, so as to ensure that the order 
quantity can meet demand without causing excessive inventory. Finally, the actual demand ob-
served by the enterprise will be fed back to the system, and the state distribution will be updated 
for the prediction of the next cycle. In this way, a closed-loop mechanism of prediction, optimiza-
tion, adjustment, and feedback is formed to ensure that the model can continuously adapt to the 
dynamic demand fluctuations. 

 
Fig. 1 Theoretical framework 

3.1 Markov chain demand forecasting model 

In the demand forecasting phase, this paper uses a Markov chain to describe the dynamic evolu-
tion of raw material demand. The basic idea is to divide the demand into several discrete states, 
such as "low, medium and high", and obtain the transition probability between different demand 
states from historical data. These probabilities constitute a transition matrix, which can reflect the 
dynamic evolution of demand in different periods. 

A Markov chain is a set of discrete random variables that exhibit the Markov property. If a sto-
chastic process, given the current state and all past states, has a conditional probability distribu-
tion for its future state that depends solely on the current state—that is, given the current state, it 
is conditionally independent of the past states (i.e., the historical path of the process)—then this 
stochastic process is said to have the Markov property. A process with the Markov property is 
typically referred to as a Markov process. 
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A Markov chain can be represented as: 
𝑃𝑃(𝑋𝑋𝑡𝑡+1 = 𝑠𝑠|𝑋𝑋𝑡𝑡 = 𝑠𝑠𝑡𝑡 ,𝑋𝑋𝑡𝑡−1 = 𝑠𝑠𝑡𝑡−1, … ,𝑋𝑋0 = 𝑠𝑠0) = 𝑃𝑃(𝑋𝑋𝑡𝑡+1 = 𝑠𝑠|𝑋𝑋𝑡𝑡 = 𝑠𝑠𝑡𝑡) (1) 

where 𝑃𝑃( ) denotes the probability function, representing the probability of a specific event; 𝑋𝑋𝑡𝑡 
represents the state of the system at time 𝑡𝑡; 𝑠𝑠𝑡𝑡 represents the current state; 𝑠𝑠 represents the pos-
sible next state. 

From historical data, the transition probability 𝑝𝑝𝑖𝑖𝑖𝑖  between the demand states can be esti-
mated, and the state transition matrix can be constructed 𝑃𝑃. When the current demand distribu-
tion is given by 𝜋𝜋𝑡𝑡, the demand distribution in the next cycle can be obtained as 𝜋𝜋𝑡𝑡+1 = 𝜋𝜋𝑡𝑡𝑃𝑃. This 
result provides a dynamic forecast input for the subsequent inventory optimization model. 

Specifically, when the demand state of the current cycle is known, the Markov chain can infer 
the probability of each future state according to the transition probability, and thereby obtain the 
demand distribution of the next cycle. The advantage of this prediction method is that it can use 
historical observations to capture the randomness and dynamics of demand. Compared with the 
traditional static distribution assumption, it better reflects the characteristics of demand fluctua-
tions over time in manufacturing. In this study, the Markov chain is selected because the weekly 
raw material demand is discretized into a finite number of demand states, and the subsequent 
Newsvendor decision requires a probability distribution rather than only a point forecast. The 
transition probability matrix can be estimated from the historical state sequence and used to gen-
erate a state-dependent demand distribution for the next ordering cycle. Therefore, the Markov 
chain provides a transparent and decision-oriented forecasting input that can be directly con-
nected with the inventory optimization model. 

The final demand forecast distribution will be used as input to the inventory optimization 
model, and combined with the subsequent Newsvendor model to determine the optimal ordering 
strategy. In order to keep the text concise, the relevant mathematical derivations and calculation 
details are provided in Appendix A. 

3.2 Raw material ordering criteria under the [L, U] inventory strategy 

The [L, U]-type inventory strategy determines the inventory lower bound 𝐿𝐿 and upper bound 𝑈𝑈 
through modeling. When the inventory at the end of the previous period is less than the inventory 
lower bound 𝐿𝐿, an order is placed, and the order quantity raises the existing inventory to the up-
per bound 𝑈𝑈; when the inventory at the end of the previous period is greater than or equal to the 
inventory lower bound 𝐿𝐿, no order is placed. 

The basic idea of the modeling approach is to achieve minimum total cost, minimum expected 
loss, or maximum expected profit. Because demand, inventory, and shortage quantities are ran-
dom, the inventory cost and shortage loss cost within a cycle (usually measured in weeks or 
months) are also random. Therefore, the objective function should be based on the expected value 
(or average value) for a cycle. 

The total cost includes ordering costs (ordering fees and raw material costs), inventory carry-
ing costs, and stockout costs. Among these, the ordering cost can be denoted as 𝐾𝐾𝐾𝐾 + 𝐶𝐶3. The ex-
pected inventory holding cost can be denoted as ∑ 𝐶𝐶1𝑅𝑅≤𝑈𝑈=𝐼𝐼+𝑄𝑄 (𝐼𝐼 + 𝑄𝑄 − 𝑅𝑅)𝑝𝑝(𝑅𝑅), which represents 
the expense of maintaining surplus raw materials when supply exceeds demand. The shortage 
cost can be denoted as ∑ 𝐶𝐶2𝑅𝑅>𝑈𝑈=𝐼𝐼+𝑄𝑄 (𝑅𝑅 − 𝐼𝐼 − 𝑄𝑄)𝑝𝑝(𝑅𝑅), which reflects the opportunity loss when 
demand exceeds supply. Thus, the total cost in this cycle can be expressed as: 

𝐶𝐶𝑇𝑇 = 𝐶𝐶𝑇𝑇(𝑈𝑈) = 𝐾𝐾𝐾𝐾 + 𝐶𝐶3 + � 𝐶𝐶1(𝐼𝐼 + 𝑄𝑄 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈=𝐼𝐼+𝑄𝑄𝑅𝑅≤𝑈𝑈=𝐼𝐼+𝑄𝑄

(𝑅𝑅 − 𝐼𝐼 − 𝑄𝑄)𝑝𝑝(𝑅𝑅)

= 𝐶𝐶3 + 𝐾𝐾(𝑈𝑈 − 𝐼𝐼) + �𝐶𝐶1
𝑅𝑅≤𝑈𝑈

(𝑈𝑈 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈

(𝑅𝑅 − 𝑈𝑈)𝑝𝑝(𝑅𝑅) 
(2) 

The upper-bound value 𝑈𝑈 is the value that minimizes 𝐶𝐶𝑇𝑇. Solving the model yields the inequality 
used to determine the 𝑈𝑈 value (i.e., the 𝑈𝑈𝑘𝑘  value) as follows: 
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� 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) <
𝐶𝐶2 − 𝐾𝐾
𝐶𝐶1 + 𝐶𝐶2

≤ � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) (3) 

See Appendix B for the detailed derivation. 
The value of 𝑈𝑈𝑘𝑘  is calculated according to Eq. 3, i.e., let 𝑈𝑈 = 𝑈𝑈𝑘𝑘 , then the order quantity 𝑄𝑄 for 

this stage is 𝑄𝑄 = 𝑈𝑈 − 𝐼𝐼. Thus, the order quantity is independent of the ordering fee. 
If no raw materials are ordered at this stage (i.e., 𝐶𝐶3 = 0, 𝐼𝐼 ≥ 𝐿𝐿), we then consider whether 

there is a value 𝐿𝐿 (𝐿𝐿 ≤ 𝑈𝑈) that satisfies the following relationship: 

𝐾𝐾𝐾𝐾 + �𝐶𝐶1
𝑅𝑅≤𝐿𝐿

(𝐿𝐿 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + �𝐶𝐶2
𝑅𝑅>𝐿𝐿

(𝑅𝑅 − 𝐿𝐿)𝑝𝑝(𝑅𝑅)

≤ 𝐶𝐶3 + 𝐾𝐾𝐾𝐾 + �𝐶𝐶1
𝑅𝑅≤𝑈𝑈

(𝑈𝑈 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈

(𝑅𝑅 − 𝑈𝑈)𝑝𝑝(𝑅𝑅) 
(4) 

𝐿𝐿 is selected from the discrete candidate values below 𝑈𝑈. If more than one candidate satisfies 
Eq. 4, the final value of 𝐿𝐿 is determined by comparing their expected no-order costs and selecting 
the feasible candidate with the minimum expected cost. 

When 𝐿𝐿 = 𝑈𝑈, Eq. 4 is satisfied. When 𝐿𝐿 < 𝑈𝑈, the expected storage cost ∑ 𝐶𝐶1(𝑈𝑈 − 𝑅𝑅)𝑝𝑝(𝑅𝑅)𝑅𝑅≤𝑈𝑈  on 
the right side of Eq. 4 is greater than the expected storage cost ∑ 𝐶𝐶1𝑅𝑅≤𝐿𝐿 (𝐿𝐿 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) on the left 
side, and the expected stockout loss cost ∑ 𝐶𝐶2𝑅𝑅>𝑈𝑈 (𝑅𝑅 − 𝑈𝑈)𝑝𝑝(𝑅𝑅) on the right side is less than the 
expected stockout loss cost ∑ 𝐶𝐶2𝑅𝑅>𝐿𝐿 (𝑅𝑅 − 𝐿𝐿)𝑝𝑝(𝑅𝑅) on the left side. 

After accounting for the corresponding increase and decrease, the relationship may still hold, 
and there may be more than one 𝐿𝐿 (in which case the smallest is selected). Solving for the value of 
𝐿𝐿 is more complicated than solving for the value of 𝑈𝑈, but the value of 𝐿𝐿 can still be obtained read-
ily for specific problems because of 𝐿𝐿 ∈ [𝑅𝑅0,𝑈𝑈]. 

To reduce the number of calculations, first set   𝐿𝐿 = 𝑅𝑅0 and substitute it into Eq. 4 for evalua-
tion. If the relationship holds, the procedure is complete; if it does not hold true, then set 𝐿𝐿 = 𝑅𝑅1 
and substitute it into the equation until a solution is found. 

3.3 Optimal ordering Newsvendor decision model 

After obtaining the probability distribution of raw material demand in the next cycle predicted by 
the Markov chain, this paper further uses the Newsvendor model to determine the optimal order 
quantity. The basic idea of the Newsvendor model is that in the single-cycle ordering decision, 
enterprises need to balance two types of risks: on the one hand, over-ordering increases inventory 
holding costs and ties up capital. On the other hand, under-ordering can lead to shortages, lost 
sales opportunities, and associated penalty costs. 

To balance these two types of costs, the Newsvendor model introduces a critical ratio. By com-
paring the relative magnitudes of the shortage cost and the holding cost, the optimal order quan-
tity 𝑄𝑄* is determined to minimize the expected total cost. On this basis, this paper further consid-
ers the practical management constraints, introduces [L, U] inventory boundary conditions, and 
constrains the optimal order quantity. This means that even if the optimal solution calculated by 
the model is 𝑄𝑄*, its implemented value must also lie within the [L, U] interval to better reflect 
practical constraints on cash flow, storage capacity, and supply contracts. To keep the text concise, 
the relevant mathematical derivations and calculation details are provided in Appendix C. 

In summary, the optimal Newsvendor ordering model uses the future demand probability dis-
tribution generated by the Markov chain as the primary input. By constructing an expected total 
cost function that includes procurement costs, holding costs, stockout costs, and fixed ordering 
costs, and applying marginal analysis to identify the cost-minimizing solution, the optimal order-
ing strategy is derived for different demand scenarios. On this basis, the theoretical optimal solu-
tion is further checked for feasibility and adjusted to satisfy the [L, U] inventory constraints, ulti-
mately forming an actual ordering plan that balances cost efficiency and inventory security. 
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4. Case study analysis 
4.1 Case study background and simulated data generation 

To verify the feasibility and effectiveness of the proposed MC-NM model, this study develops a 
simulation-based numerical case representing the raw material procurement scenario of a repre-
sentative medium-sized electronics manufacturing firm. The hypothetical firm is assumed to be 
engaged in the assembly of electronic controllers, and its production process is highly dependent 
on a specific type of precision component, referred to as raw material 𝑀𝑀. In electronics manufac-
turing, product updates are frequent, supply chain links are complex, and raw material demand is 
often affected by production plans, market fluctuations, promotional cycles, and seasonal changes. 
Therefore, this scenario is suitable for evaluating the applicability of the proposed Markov chain–
Newsvendor decision model under demand uncertainty. 

It should be noted that the dataset used in this case is simulated rather than being directly ex-
tracted from actual enterprise ERP records. The simulated data are constructed to imitate the 
weekly material-outbound records that are commonly available in enterprise ERP systems. This de-
sign allows the proposed model to be validated under a transparent and reproducible numerical 
setting while still reflecting typical demand fluctuation characteristics in electronics manufacturing. 

The inventory management cycle is set to one week, meaning that raw material ordering deci-
sions are made once per week. A 52-week demand sequence is generated to represent one year 
of raw material consumption. To make the simulated data consistent with the state-dependent 
characteristics required by the Markov chain model, five discrete demand states, S1 to S5, are first 
defined. A state transition sequence with 52 observations is then generated through a controlled 
random-walk mechanism, so that adjacent weeks exhibit reasonable state transitions while avoid-
ing unrealistic repeated cycles. For each demand state, a corresponding numerical demand inter-
val is specified, and weekly demand values are generated by using the interval median as the 
benchmark and adding moderate random fluctuations. As a result, the simulated demand se-
quence reflects both the switching characteristics among different demand levels and the ran-
domness commonly observed in raw material consumption. 

The generated 52-week demand data are then used for demand smoothing, state classification, 
transition frequency calculation, transition probability estimation, next-period demand predic-
tion, and ordering decision analysis. Therefore, the case study serves as a numerical validation of 
the proposed decision framework rather than a statistical inference based on real enterprise data. 
Table 2 presents the simulated weekly demand data for raw material 𝑀𝑀 over the 52-week numer-
ical case. 

Table 2 Simulated weekly demand data for raw material M 
Weeks 

number 
Weeks 
1 to 9 

Weeks 
10 to 18 

Weeks 
19 to 27 

Weeks 
28 to 36 

Weeks 
37 to 45 

Weeks 
46 to 52 

Specific 
demand 
volume 

52 90 110 150 170 138 
65 61 85 120 155 175 
80 55 65 95 125 160 
95 62 50 66 100 130 

110 85 68 53 78 105 
130 100 92 60 57 82 
160 125 115 88 66 60 
140 155 135 105 90  
115 145 165 130 112  

To reduce the influence of extreme values, the following preprocessing steps are performed as 
needed before the data are used: 

(1) Exclude weeks with zero demand due to equipment shutdowns or holidays. When forecasting 
demand, weekly observations with zero demand attributable to specific exogenous factors should 
be excluded. These factors include equipment shutdowns caused by maintenance, malfunctions, 
or upgrades that suspend production, as well as statutory holidays such as the Spring Festival and 
National Day, when companies or customers may suspend production or procurement activities. 
These zero-demand observations do not reflect underlying market demand but are outliers 
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caused by external factors. Retaining them may distort demand-pattern analysis or forecasting 
results and reduce model accuracy; therefore, they should be excluded. In this study, however, no 
zero-demand weeks are assumed, so no observations were removed. 

(2) To improve the predictive accuracy and robustness of the model, the historical weekly demand 
data were smoothed before model estimation. Specifically, the three-point moving average 
method was used to smooth the demand values for each week, thereby reducing the interference 
of occasional fluctuations or outliers on the classification of demand states. This commonly used 
trend-identification method in time-series analysis can effectively filter out high-frequency fluc-
tuations and extract a relatively stable demand trend. 

The formula for calculating the three-point moving average is as follows: 

𝐷𝐷�ℎ =
𝐷𝐷ℎ−1 + 𝐷𝐷ℎ + 𝐷𝐷ℎ+1

3
 

In this formula, 𝐷𝐷�ℎ represents the smoothed value of demand for week t; 𝐷𝐷𝑡𝑡−1 ,𝐷𝐷𝑡𝑡, and 𝐷𝐷𝑡𝑡+1 
represent the original demand data for weeks 𝑡𝑡 − 1, 𝑡𝑡, and 𝑡𝑡 + 1, respectively. To avoid missing 
data at the beginning and end, this paper only uses this method to calculate the smoothed values 
for demand data from week 2 to week 51. For week 1 and week 52, the two-point average method 
is used for boundary treatment, that is: 

𝐷𝐷�1 =
𝐷𝐷1 + 𝐷𝐷2

2
,      𝐷𝐷�52 =

𝐷𝐷51 + 𝐷𝐷52
2

 

The smoothed demand sequence is more stable in terms of volatility than the original data and 
retains the characteristics of overall demand trend changes, enabling more accurate and reason-
able state classification and Markov chain state modeling. Table 3 shows the smoothed historical 
data. 

Table 3 Smoothed simulated demand data for raw material 𝑀𝑀 
Weeks 

number 
Weeks 
1 to 9 

Weeks 
10 to 18 

Weeks 
19 to 27 

Weeks 
28 to 36 

Weeks 
37 to 45 

Weeks 
46 to 52 

Demand 
after 

smoothing 

58.5 88.7 113.3 145 151.7 141.7 
65.7 68.7 86.7 121.7 150 157.7 
80 59.3 66.7 94 126.7 155 
95 67.3 61 71.3 101 131.7 

111.7 82.3 70 59.7 78.3 105.7 
133 103.3 91.7 67 67 82.3 

143.3 126.7 114 84.3 71 71 
138.3 141.7 138.3 107.7 89.3  
115 136.7 150 135 113.3  

Since the smoothed data are used only to determine which demand range each week's demand 
falls into, the data items are not strictly rounded to integers. 

(3) Standardize the demand data for state classification. This removes differences in measure-
ment scale and magnitude, thereby facilitating subsequent classification into demand states (such 
as high, medium, and low demand levels) for analysis or modeling. 

According to the design of the simulated demand scenario, the demand for raw material 𝑀𝑀 is 
assumed to have pronounced seasonal characteristics. This paper divides demand into five states 
based on quantity ranges, with the following specific criteria: 

State S₁: Weekly demand ≤ 60 units 
State S₂: 60 units < weekly demand ≤ 90 units 
State S₃: 90 units < weekly demand ≤ 120 units 
State S₄: 120 units < weekly demand ≤ 150 units 
State S₅: 150 units < weekly demand 

For ease of calculation, in the subsequent solution, the median of each interval is taken as the 
specific demand for that interval, i.e., the specific demand for intervals 𝑆𝑆2, 𝑆𝑆3, and 𝑆𝑆4 is taken as 
75, 105, and 135 units, respectively, and the specific demand for intervals 𝑆𝑆1 and 𝑆𝑆5 is taken as 45 
and 165 units, respectively. 
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After state classification, the 52-week data are used to assign a state label to each week and 
construct a state sequence (see Table 4), which provides the basic input for the subsequent tran-
sition-probability estimation and demand-distribution prediction of the Markov chain model. 

In addition, to make the model more realistic, the company's procurement of raw material M 
is subject to minimum order quantity and storage capacity restrictions. Therefore, in the subse-
quent modeling, an [L, U] inventory strategy will be used to set minimum and maximum inventory 
thresholds to reflect the company's actual management constraints. 

 
Table 4 Status tag after smoothing 

Weeks 
number 

Weeks 
1 to 9 

Weeks 
10 to 18 

Weeks 
19 to 27 

Weeks 
28 to 36 

Weeks 
37 to 45 

Weeks 
46 to 52 

Status tag 

𝑆𝑆1 𝑆𝑆2 𝑆𝑆3 𝑆𝑆4 𝑆𝑆5 𝑆𝑆4 
𝑆𝑆2 𝑆𝑆2 𝑆𝑆2 𝑆𝑆4 𝑆𝑆4 𝑆𝑆5 
𝑆𝑆2 𝑆𝑆1 𝑆𝑆2 𝑆𝑆3 𝑆𝑆4 𝑆𝑆5 
𝑆𝑆3 𝑆𝑆2 𝑆𝑆2 𝑆𝑆2 𝑆𝑆3 𝑆𝑆4 
𝑆𝑆3 𝑆𝑆2 𝑆𝑆2 𝑆𝑆1 𝑆𝑆2 𝑆𝑆3 
𝑆𝑆4 𝑆𝑆3 𝑆𝑆3 𝑆𝑆2 𝑆𝑆2 𝑆𝑆2 
𝑆𝑆4 𝑆𝑆4 𝑆𝑆3 𝑆𝑆2 𝑆𝑆2 𝑆𝑆2 
𝑆𝑆4 𝑆𝑆4 𝑆𝑆4 𝑆𝑆3 𝑆𝑆2  
𝑆𝑆3 𝑆𝑆4 𝑆𝑆4 𝑆𝑆4 𝑆𝑆3  

4.2 Markov chain parameter estimation based on simulated data 

To dynamically predict the distribution of future raw material demand, this paper constructs a 
Markov chain model based on the simulated 52-week demand data to obtain the transition prob-
abilities between different states. 

State space construction 

According to the classification of demand states for raw material 𝑀𝑀 mentioned earlier, this paper 
divides the weekly demand for raw materials into five finite states: 𝑆𝑆1,𝑆𝑆2,𝑆𝑆3,𝑆𝑆4,𝑆𝑆5. Based on this, 
the state space can be defined as:  

𝑆𝑆 = {𝑆𝑆1,𝑆𝑆2,𝑆𝑆3,𝑆𝑆4,𝑆𝑆5} 
The historical 52-week demand data are smoothed and classified into states to form a state 

sequence, such as: 
{𝑆𝑆1,𝑆𝑆2,𝑆𝑆2,𝑆𝑆3,𝑆𝑆3,𝑆𝑆4,𝑆𝑆4,𝑆𝑆4,𝑆𝑆3,𝑆𝑆2, … , 𝑆𝑆2} 

A total of 51 consecutive state-transition pairs are obtained for subsequent frequency statistics. 

State transition frequency table 

From the state sequence, the number of transitions from the current state 𝑆𝑆𝑖𝑖 to the next period 
state 𝑆𝑆𝑗𝑗 is counted to construct the transition-frequency matrix 𝑁𝑁 = (𝑛𝑛𝑖𝑖𝑖𝑖). Here, 𝑛𝑛𝑖𝑖𝑖𝑖 denotes the 
number of transitions from state 𝑆𝑆𝑖𝑖 to 𝑆𝑆𝑗𝑗. The statistical results are shown in Table 5. 

 

Table 5 Frequency table of state transitions 
Current status 𝑆𝑆 Convert 

to 𝑆𝑆1 
Convert 

to 𝑆𝑆2 

Convert 
to 𝑆𝑆3 

Convert 
to 𝑆𝑆4 

Convert 
to 𝑆𝑆5 

Total 

𝑆𝑆1 0 3 0 0 0 3 
𝑆𝑆2 2 11 5 0 0 18 
𝑆𝑆3 0 5 2 5 0 12 
𝑆𝑆4 0 0 5 8 2 15 
𝑆𝑆5 0 0 0 2 1 3 

Total 2 19 12 15 3 51 

Calculation of the transition probability matrix 

According to the definition of a Markov chain, the state transition probability matrix 𝑃𝑃 = (𝑝𝑝𝑖𝑖𝑖𝑖) can 
be obtained by normalizing the frequency matrix: 

𝑝𝑝𝑖𝑖𝑖𝑖 =
𝑛𝑛𝑖𝑖𝑖𝑖

∑ 𝑛𝑛𝑖𝑖𝑖𝑖3
𝑗𝑗=1
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Based on this, the transition probability matrix (rounded to three decimal places) is: 

𝑃𝑃 =

⎣
⎢
⎢
⎢
⎡
0.000 1.000 0.000 0.000 0.000
0.111 0.611 0.278 0.000 0.000
0.000 0.417 0.166 0.417 0.000
0.000 0.000 0.333 0.534 0.133
0.000 0.000 0.000 0.667 0.333⎦

⎥
⎥
⎥
⎤
 

The sum of each row is 1, which is consistent with the properties of a Markov transition matrix. 

4.3 [L, U] Inventory strategy setting and optimal Newsvendor ordering decision analysis 

Based on the simulated demand distribution obtained using the Markov chain forecasting process, 
this section further applies the Newsvendor model to determine the optimal ordering decision 
under the [L, U] inventory boundary framework. The purpose of this section is to conduct a nu-
merical validation of the proposed MC-NM model and compare its decision results with those of 
the traditional static Newsvendor model. 

The cost parameters and inventory parameters used in this section are assumed values se-
lected for the simulation scenario. They are not drawn directly from the accounting records of a 
real enterprise. However, the relative cost relationships are set according to the operational char-
acteristics of electronics manufacturing. In particular, the unit stockout cost is assumed to be 
much higher than the unit holding cost, because production interruption and emergency procure-
ment usually cause greater losses than ordinary inventory storage. The initial inventory, fixed or-
dering cost, unit procurement cost, unit holding cost, and unit stockout cost are therefore used as 
scenario parameters for numerical analysis. 

Under this simulation setting, the demand state of the 52nd week is assumed to be  
𝑆𝑆2. Based on the estimated transition probability matrix, the next-period demand distribution is 
predicted and then used as the input of the Newsvendor model. The [L, U] inventory strategy is 
introduced to constrain the final ordering decision, ensuring that the calculated order quantity is 
not only cost-minimizing in theory but also feasible within the assumed inventory boundary. The 
comparison with the traditional Newsvendor model is conducted under the same simulated cost 
and inventory parameter settings, so that the performance difference can be attributed to whether 
dynamic Markov-based demand forecasting is incorporated. 

Parameter settings 

To enhance the responsiveness of the ordering strategy, the target control range for inventory 
levels is set to [L, U], meaning that the total inventory level at any given time must be controlled 
within this range to avoid the extreme risks of stockout losses due to insufficient inventory or a 
sharp increase in storage costs due to inventory exceeding the storage-capacity limit. Based on 
the characteristics of raw material management in the electronics manufacturing industry, the 
following cost parameters and inventory constraints are set, as shown in Table 6. 

Table 6 Assumed cost parameters for the simulation case 
Parameters Notation Numerical value Economic meaning 
Unit procurement 
cost 𝐾𝐾 50 yuan/unit Purchase price per unit of raw material 𝑀𝑀 

Unit holding cost 𝐶𝐶1 8 yuan/unit/week Storage, insurance, and capital occupation costs 

Unit stockout cost 𝐶𝐶2 120 yuan/unit Production downtime losses and emergency procurement 
premiums 

Fixed order fee 𝐶𝐶3 200 yuan/time Logistics and management costs (irrelevant to order vol-
ume) 

Initial inventory 𝐼𝐼 45 units Assumed initial inventory level at the end of week 52 

Parameter rationality explanation: The assumed unit stockout cost is 𝐶𝐶2 = 120 yuan/unit, which 
is much higher than the unit holding cost 𝐶𝐶1= 8 yuan/unit/week. This reflects the importance of 
production continuity in electronics manufacturing. In this type of production environment, losses 
caused by production interruption and emergency procurement are usually much greater than or-
dinary inventory storage costs. The ratio 𝐶𝐶2/𝐾𝐾 = 2.4 indicates that the potential loss caused by one 



Zhao, Ma, Wang, Su 
 

190 Advances in Production Engineering & Management 21(2) 2026 
 

unit of stockout is 2.4 times the unit procurement cost. Therefore, the assumed cost structure is 
consistent with the characteristics of production-critical raw materials in electronics manufacturing. 

Demand-distribution forecast 

In the simulation scenario, the demand state in week 52 is 𝑆𝑆2. Therefore, the unit state vector can 
be constructed as follows: 

𝑒𝑒𝑆𝑆2 = [0,1,0,0,0] 
Based on this, we can predict the demand distribution for the next cycle: 

𝜋𝜋𝑡𝑡+1 = 𝜋𝜋𝑡𝑡 ⋅ 𝑃𝑃 = 𝑒𝑒𝑆𝑆2 ⋅ 𝑃𝑃 

𝜋𝜋53 = 𝑒𝑒𝑠𝑠2 × 𝑃𝑃 =

⎣
⎢
⎢
⎢
⎡
0
1
0
0
0⎦
⎥
⎥
⎥
⎤
𝑇𝑇

⎣
⎢
⎢
⎢
⎡
0.000 1.000 0.000
0.111 0.611 0.278
0.000
0.000
0.000

0.417
0.000
0.000

0.166
0.333
0.000

0.000 0.000
0.000 0.000
0.417
0.534
0.667

0.000
0.133
0.333⎦

⎥
⎥
⎥
⎤
 

                   = [0.111 0.611 0.278 0.000 0.000] 

Thus, the probability of demand in the next period being in state 𝑆𝑆1 is 11.1 %, in state 𝑆𝑆2 is 61.1 
%, in state 𝑆𝑆3 is 27.8 %, and is 0 % for states 𝑆𝑆4 and 𝑆𝑆5. 

The forecast results are used as dynamic distribution inputs to the Newsvendor model to cal-
culate the expected inventory cost function and determine the optimal order quantity. 

Critical-ratio calculation and solution for the inventory upper limit 𝑈𝑈 and lower limit 𝐿𝐿 

The critical ratio is calculated from the cost parameters of the Newsvendor model: 

𝛾𝛾 =
𝐶𝐶2

𝐶𝐶1 + 𝐶𝐶2
=

120
8 + 120

= 0.9375 

The demand distribution is converted into a cumulative probability distribution, as shown in Table 7. 
Table 7 Cumulative probability distribution 

Demand ceiling 60 units 90 units 120 units 150 units > 150 units 
Status 𝑆𝑆1 𝑆𝑆2 𝑆𝑆3 𝑆𝑆4 𝑆𝑆5 

Probability density 0.111 0.611 0.278 0 0 
Cumulative  

probability ∑𝑃𝑃(𝑅𝑅) 0.111 0.722 1.000 1.000 1.000 

 
Calculation of inventory upper limit 𝑈𝑈: 
𝑈𝑈 denotes the target inventory upper limit. When the initial inventory 𝐼𝐼 <  𝐿𝐿, the order quan-

tity 𝑄𝑄 =  𝑈𝑈 − 𝐼𝐼. In this study, 𝑈𝑈 is calculated using the critical ratio method of the Newsvendor 
model together with the demand distribution predicted by the Markov chain. The specific steps 
for calculating 𝑈𝑈 are as follows: 

Based on the demand distribution forecast results above, we can conclude that: 
𝑃𝑃(𝑅𝑅 ≤ 60) = 0.111, 𝑃𝑃(𝑅𝑅 ≤ 90) = 0.722, 𝑃𝑃(𝑅𝑅 ≤ 120) = 1.000 

The inventory upper limit 𝑈𝑈 is the minimum 𝑈𝑈 satisfying 𝑃𝑃(𝑅𝑅 ≤ 𝑈𝑈) ≥ 𝛾𝛾 . Based on the cumula-
tive probability distribution: 

𝑃𝑃(𝑅𝑅 ≤ 90) = 0.722 < 0.9375  
𝑃𝑃(𝑅𝑅 ≤ 120) = 1.000 ≥ 0.9375  

Therefore, 𝑈𝑈 = 120 units is the theoretical optimal value for the upper limit of inventory 𝑈𝑈 
(i.e., the theoretical optimal order quantity 𝑄𝑄* in the Newsvendor model, as detailed below). 

Calculation of the lower bound of inventory 𝐿𝐿: 
𝐿𝐿 denotes the minimum inventory level that triggers an order. When 𝐼𝐼 ≥ 𝐿𝐿, no order is placed. 

To determine L, it is necessary to compare the expected costs at different inventory levels to en-
sure that: 

𝐸𝐸[𝐶𝐶𝑇𝑇(𝐼𝐼 = 𝐿𝐿)] ≤ 𝐸𝐸[𝐶𝐶𝑇𝑇(𝐼𝐼 = 𝐿𝐿 + 1)] (5) 
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where 𝐸𝐸[𝐶𝐶𝑇𝑇(𝐼𝐼 = 𝐿𝐿)] represents the expected total cost under the no-order condition when the in-
itial inventory is 𝐿𝐿, and 𝐸𝐸[𝐶𝐶𝑇𝑇(𝐼𝐼 = 𝐿𝐿 + 1)] represents the expected total cost under the no-order 
condition when the initial inventory is (𝐿𝐿 + 1). Requiring the lower inventory bound 𝐿𝐿 to satisfy 
Eq. 5 means that, when 𝐿𝐿 is chosen as the lower bound, its expected cost should not exceed the 
cost of adding one unit of inventory (𝐿𝐿 + 1). This ensures that 𝐿𝐿 is the cost-optimal trigger point. 
In other words, 𝐿𝐿 should be the optimal value immediately before additional inventory no longer 
reduces the expected cost. 

As noted above, Eq. 4 applies only when no purchase order is placed in the current stage (i.e., 
𝐶𝐶3= 0, 𝐼𝐼 ≥ 𝐿𝐿). Therefore, the left side of the equation represents the total expected cost when the 
initial inventory 𝐼𝐼 = 𝐿𝐿 (no purchase order, 𝑄𝑄 = 0). 

The value of 𝐿𝐿 can be determined using Eq. 4. Since the upper bound 𝑈𝑈 = 120 units has already 
been calculated, the value of 𝐿𝐿 is restricted to candidate values of 45 units, 75 units, or 105 units. 
The specific determination process is as follows: 

The calculation gives the lower inventory limit L as 75 units. See Appendix D for the specific 
determination process. 

In summary, based on the [L, U] inventory strategy logic described in this paper and the above 
calculations, the final lower inventory limit 𝐿𝐿 is determined to be 75 units, indicating that when 
the initial inventory 𝐼𝐼 ≥ 75 units, no purchase order is required; when 𝐼𝐼 < 75 units, an order is 
required to reach the upper inventory limit 𝑈𝑈 = 120 units. 

Optimal order quantity and expected cost analysis 

Using Eq. (C-3) and Eq. (C-4), together with Table 7, the optimal order quantity 𝑄𝑄* is obtained as 
the minimum 𝑄𝑄 satisfying the condition: ∑𝑃𝑃(𝑄𝑄∗) ≥ 𝛾𝛾: 

𝑃𝑃(90) = 0.722 < 0.9375,  𝑃𝑃(120) = 1.0 ≥ 0.9375 
It follows that the theoretically optimal order quantity 𝑄𝑄* = 120 units. 
As shown in Table 6, the initial inventory 𝐼𝐼 = 45 units < 𝐿𝐿 = 75 units, which satisfies the or-

dering condition and triggers a raw-material order. The target inventory level is the upper inven-
tory bound 𝑈𝑈, that is: 

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝑈𝑈 = 120 units 
Therefore, the actual order quantity is: 

𝑄𝑄 = 𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 − 𝐼𝐼, 0) = 120 − 45 = 75 units 
The theoretical optimal solution obtained using the Newsvendor model is Q* = 120 units. After 

applying the inventory upper-limit constraint, the actual order quantity is 𝑄𝑄 = 75 units.  
It should be noted that 𝑄𝑄 represents the replenishment quantity, while (𝐼𝐼 + 𝑄𝑄) represents the 

total available inventory after ordering. Therefore, the expected holding cost and expected stock-
out cost should be calculated using the post-order available inventory level (𝐼𝐼 + 𝑄𝑄), rather than 
the replenishment quantity 𝑄𝑄 alone. Under the current decision, the available inventory after or-
dering is 120 units. 

According to the Markov chain prediction results, the next-period demand takes the values 45, 
75, and 105 units with probabilities 0.111, 0.611, and 0.278, respectively, while the probabilities 
of demand states above 120 units are zero. Therefore, no expected stockout cost occurs under the 
MC-NM decision. The expected total cost is calculated as follows: 

 

𝐶𝐶𝑇𝑇(𝑄𝑄) = 𝐾𝐾𝐾𝐾 + 𝐶𝐶3 + � 𝐶𝐶1
𝑠𝑠𝑗𝑗<𝐼𝐼+𝑄𝑄

�𝐼𝐼 + 𝑄𝑄 − 𝑠𝑠𝑗𝑗�𝑝𝑝�𝑠𝑠𝑗𝑗� + � 𝐶𝐶2
𝑠𝑠𝑗𝑗>𝐼𝐼+𝑄𝑄

�𝑠𝑠𝑗𝑗 − (𝐼𝐼 + 𝑄𝑄)�𝑝𝑝�𝑠𝑠𝑗𝑗�

= 50 × 75 + 200 + 8[(120 − 45) × 0.111 + (120 − 75) × 0.611 + (120 − 105 × 0.278)] + 120 × 0
= 3750 + 200 + 319.92 = 4269.92 yuan

 

 

In the total cost 𝐶𝐶𝑇𝑇(𝑄𝑄∗), KQ represents the procurement cost, C3 represents the fixed ordering 
cost, ∑ 𝐶𝐶1(𝐼𝐼 + 𝑄𝑄 − 𝑠𝑠𝑗𝑗)𝑠𝑠𝑗𝑗<𝐼𝐼+𝑄𝑄 𝑝𝑝(𝑠𝑠𝑗𝑗) represents the expected holding cost, and ∑ 𝐶𝐶2[𝑠𝑠𝑗𝑗 − (𝐼𝐼 +𝑠𝑠𝑗𝑗>𝐼𝐼+𝑄𝑄

𝑄𝑄)]𝑝𝑝(𝑠𝑠𝑗𝑗) represents the expected stockout cost. Therefore, the expected total cost under the MC-
NM joint decision-making model is 4269.92 yuan. 
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4.4 Comparative analysis 

The traditional Newsvendor model assumes that the demand probability distribution is known, 
fixed, and does not change over time or with decisions. It typically bases ordering decisions on the 
overall distribution of historical data. The frequency of each demand state can be obtained from 
the state labels shown in Table 4. From these frequencies, the demand probability and cumulative 
distribution probability of each state can be obtained. Table 8 shows the demand state distribu-
tion and probability details of raw material 𝑀𝑀 in the simulated numerical case under the tradi-
tional Newsvendor model. 

Table 8 Distribution and probability of raw material 𝑀𝑀 

Demand 
status S Frequency Probability 𝑃𝑃(𝑅𝑅) Cumulative 

probability ∑𝑃𝑃(𝑅𝑅) 
Demand quantity 
𝑅𝑅 value (units) 

𝑆𝑆1 3 0.059 0.059 45 
𝑆𝑆2 19 0.373 0.432 75 
𝑆𝑆3 12 0.235 0.667 105 
𝑆𝑆4 15 0.294 0.961 135 
𝑆𝑆5 2 0.039 1.000 165 

From the above, we know that the critical ratio 𝛾𝛾 = 0.9375, and the optimal order quantity 𝑄𝑄* 
should satisfy: 

�𝑃𝑃(𝑅𝑅) ≥ 𝛾𝛾 = 0.9375 

From the data in Table 8, when 𝑅𝑅 = 135 units, ∑𝑃𝑃(𝑅𝑅) = 0.961 ≥ 𝛾𝛾 = 0.9375, so the optimal 
order quantity 𝑄𝑄* under the traditional Newsvendor model is 135 units.  

However, due to the constraints of the [L, U] inventory strategy, orders can only be placed up 
to the inventory upper limit of U = 120 units. Since the initial inventory 𝐼𝐼 = 45 units, the order 
quantity 𝑄𝑄 = 𝑈𝑈 − 𝐼𝐼 = 120− 45 = 75 units. The available stock after ordering is 120 units. 

The total cost at this time is: 
 

𝐶𝐶𝑇𝑇(𝑄𝑄) = 𝐾𝐾𝐾𝐾 + 𝐶𝐶3 + � 𝐶𝐶1
𝑠𝑠𝑗𝑗<𝐼𝐼+𝑄𝑄

�𝐼𝐼 + 𝑄𝑄 − 𝑠𝑠𝑗𝑗�𝑝𝑝�𝑠𝑠𝑗𝑗� + � 𝐶𝐶2
𝑠𝑠𝑗𝑗>𝐼𝐼+𝑄𝑄

�𝑠𝑠𝑗𝑗 − (𝐼𝐼 + 𝑄𝑄)�𝑝𝑝�𝑠𝑠𝑗𝑗�

= 50 × 75 + 200 + 8[(120− 45) × 0.059 + (120 − 75) × 0.373
 + (120− 105) × 0.235] + 120[(135− 120) × 0.294 + (165 − 120) × 0.039]
= 3750 + 200 + 197.88 + 739.80 = 4887.68 yuan

 

The comparison shows that the traditional Newsvendor model based on the static demand dis-
tribution assumption produces a less favorable inventory decision, with an expected inventory 
cost of 4887.68 yuan. The MC-NM model proposed in this paper combines Markov chain predic-
tion and [L, U] inventory constraints, and the expected inventory cost decreases to 4269.92 yuan, 
with a cost reduction of 12.6 %. This result shows that the MC-NM model can better capture de-
mand changes under dynamic conditions. It can also support more effective ordering strategies 
and reduce inventory risk and capital pressure in uncertain environments. For the electronics 
manufacturing industry and other enterprises with pronounced demand fluctuations and strong 
dependence on raw materials, the model can not only improve the analytical basis and flexibility 
of inventory decision-making but also provide a practical methodological pathway for enterprises 
to use ERP-type demand records in dynamic inventory management. 

4.5 Robustness and general applicability discussion 

The robustness and general applicability of the proposed MC-NM framework are mainly related 
to demand-state classification, transition probability estimation, inventory cost parameters, and 
data availability. First, the framework is applicable to raw material demand with seasonal, cyclical, 
or fluctuating patterns, as long as the demand can be divided into a finite number of states. When 
the demand pattern changes, the state boundaries and transition matrix can be updated without 
changing the basic structure of the model. Second, the transition probability matrix directly affects 
the predicted demand distribution. If the transition probabilities indicate a higher likelihood of 
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moving to high-demand states, the model tends to generate a higher order-up-to level. Conversely, 
if demand is more likely to remain in low or medium states, the ordering decision becomes more 
conservative. 

Inventory cost parameters also affect the final ordering decision through the Newsvendor crit-
ical ratio and the [L, U] inventory policy. To further examine this effect, a sensitivity analysis was 
conducted by changing the unit holding cost C1 and unit stockout cost C2 while keeping the demand 
transition matrix and other parameters unchanged. The results are shown in Table 9. To keep the 
presentation concise, only the sensitivity analysis results are reported in Table 9, while the de-
tailed calculation process is omitted because it follows the same procedure described in Section 
4.3 and Appendix D. 

The results show that the proposed MC-NM model maintains a lower expected total cost than 
the traditional Newsvendor model under all tested cost settings. When the unit stockout cost de-
creases, the cost saving decreases; when the unit stockout cost increases, the cost saving in-
creases. In the high holding-cost scenario, the critical ratio decreases, and the model correspond-
ingly reduces the inventory upper bound and replenishment quantity. This indicates that the pro-
posed framework can respond to changes in inventory cost structures and adjust ordering deci-
sions accordingly. 

Overall, the proposed framework is not limited to the specific 52-week simulated case used in 
this paper. Its core logic can be extended to other raw material procurement scenarios by rede-
fining demand states, re-estimating the transition matrix, and adjusting inventory cost parame-
ters according to practical operating conditions. However, the accuracy of the model still depends 
on the representativeness of historical demand data and the reasonableness of state classification. 
Future research may further validate the framework using larger real-world datasets and broader 
operational settings. 

Table 9 Sensitivity analysis under different inventory cost parameters 

Hypothetical scenario 𝐶𝐶1 𝐶𝐶2 𝛾𝛾 𝑈𝑈 𝐿𝐿 𝑄𝑄 MC-NM 
cost 

Traditional 
Newsvendor cost 

Cost  
saving (%) 

Baseline 8 120 0.9375 120 75 75 4269.92 4887.68 12.6 
Low stockout cost 8 90 0.9184 120 75 75 4269.92 4702.73 9.2 
High stockout cost 8 150 0.9494 120 75 75 4269.92 5072.63 15.8  
High holding-cost  50 120 0.7059 90 75 45 3658.40 5224.10 30.0 

5. Conclusion 
This paper proposes a Markov chain–based Newsvendor (MC-NM) decision framework for raw 
material ordering under demand uncertainty. The primary scientific contribution of the proposed 
framework is that it integrates state-transition-based probabilistic demand forecasting with 
Newsvendor inventory optimization under an [L, U] inventory boundary policy. Unlike the tradi-
tional Newsvendor model, which relies on a static historical demand distribution, the proposed 
framework uses a Markov chain to generate a state-dependent demand probability distribution 
and then transforms this distribution into an ordering decision. In this way, the model provides a 
transparent and decision-oriented mechanism for linking dynamic demand forecasting with raw 
material procurement decisions. 

The simulation-based numerical case in an electronics manufacturing scenario shows that the 
proposed MC-NM model reduces the expected total ordering cost from 4887.68 yuan to 4269.92 
yuan, achieving a 12.6 % cost saving compared with the traditional Newsvendor model. The ad-
ditional sensitivity analysis further indicates that the proposed framework maintains lower ex-
pected costs under different inventory cost settings. These results suggest that incorporating de-
mand-state transitions into ordering decisions can improve the alignment between demand fluc-
tuations and procurement planning, while also supporting cost control under changing inventory 
cost conditions. 

However, this study still has several limitations. First, the validation is based on a 52-week 
simulated demand dataset rather than a large-scale real-world enterprise ERP dataset. Second, 
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the model assumes that demand can be divided into finite states and that the transition probabil-
ity matrix can be estimated from historical state sequences. Third, several operational assump-
tions are simplified, such as negligible procurement lead time, no deterioration of raw materials 
during the cycle, and fixed cost parameters. These assumptions help clarify the model mechanism 
but may limit the direct generalization of the numerical results. 

The framework proposed in this paper can be extended to other industries where raw material 
demand is volatile, seasonal, or state-dependent, such as electronics manufacturing, machinery 
manufacturing, chemical materials, and seasonal building materials. In future research, the model 
should be further validated using larger real-world datasets from ERP or supply chain management 
systems. Future extensions may also consider multi-period replenishment, multi-item coordination, 
procurement lead time, and integration with machine-learning-based forecasting methods. 
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Appendix A 
Mathematical derivation and calculation details for Markov chain demand forecasting 
In the main text, Eq. 1 states that the probability of 𝑋𝑋𝑡𝑡+1 = 𝑠𝑠  conditioned on 𝑋𝑋𝑡𝑡 = 𝑠𝑠𝑡𝑡 ,𝑋𝑋𝑡𝑡−1 =
𝑠𝑠𝑡𝑡−1, … ,𝑋𝑋0 = 𝑠𝑠0, equals the probability of 𝑋𝑋𝑡𝑡+1 = 𝑠𝑠 conditioned on 𝑋𝑋𝑡𝑡 = 𝑠𝑠𝑡𝑡 . 

This formula represents the core property of Markov chains—the Markov property—which 
states that the future state 𝑋𝑋𝑡𝑡+1 = 𝑠𝑠 of the system depends only on the current state 𝑋𝑋𝑡𝑡 and is in-
dependent of previous states 𝑋𝑋𝑡𝑡−1,𝑋𝑋𝑡𝑡−2, … ,𝑋𝑋0. 

Definition 1: State space. The state space is the set of all possible system states, denoted as 𝑆𝑆 =
{𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑛𝑛}. The state space may be finite or infinite (e.g., in continuous-state systems). 

Definition 2: Transition probability matrix. Transition probabilities describe the probability of 
a system transitioning from one state to another. For the transition probability from state 𝑠𝑠𝑖𝑖  to 
state 𝑠𝑠𝑗𝑗, denoted as 𝑃𝑃(𝑠𝑠𝑖𝑖 → 𝑠𝑠𝑗𝑗) or 𝑝𝑝𝑖𝑖𝑖𝑖 , the following conditions are satisfied: 
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The sum of the transition probabilities for each state is 1. Transition probabilities are usually 
represented by a transition probability matrix 𝑃𝑃: 

𝑃𝑃 = �

𝑝𝑝11 𝑝𝑝12 ⋯ 𝑝𝑝1𝑛𝑛
𝑝𝑝21 𝑝𝑝22 ⋯ 𝑝𝑝2𝑛𝑛
⋮ ⋮ ⋱ ⋮
𝑝𝑝𝑛𝑛1 𝑝𝑝𝑛𝑛2 ⋯ 𝑝𝑝𝑛𝑛𝑛𝑛

� (A-2) 

Definition 3: Initial state distribution. The initial state distribution represents the state distri-
bution of the system at the initial time t = 0, denoted as 𝜋𝜋0 = [𝜋𝜋0(𝑠𝑠1),𝜋𝜋0(𝑠𝑠2), … ,𝜋𝜋0(𝑠𝑠𝑛𝑛)]. It speci-
fies the probability associated with aeach possible initial state. 

In actual business operations, raw material demand often exhibits temporal fluctuations, with 
different periods potentially corresponding to different demand “states.” Therefore, Markov 
chains can serve as an effective modeling tool. Assume that all possible raw material demand 
states constitute a discrete state space 𝑆𝑆 = {𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑛𝑛}, where each state si represents a specific 
demand level interval. Based on the transition frequency between states in historical data, com-
panies can construct a transition probability matrix 𝑃𝑃 = [𝑝𝑝𝑖𝑖𝑖𝑖], where: 

𝑝𝑝𝑖𝑖𝑖𝑖 = 𝑃𝑃(𝑋𝑋𝑡𝑡+1 = 𝑠𝑠𝑗𝑗|𝑋𝑋𝑡𝑡 = 𝑠𝑠𝑖𝑖) 
and ∑ 𝑝𝑝𝑖𝑖𝑖𝑖𝑛𝑛

𝑗𝑗=1 = 1. When the system is in state 𝑠𝑠𝑖𝑖  at time 𝑡𝑡, the probability of transitioning to state 
𝑠𝑠𝑗𝑗 at the next time step is determined by the transition matrix. Given the current state distribution 
vector πt, the next-cycle predicted distribution is: 
 

𝜋𝜋𝑡𝑡+1 = 𝜋𝜋𝑡𝑡𝑃𝑃 (A-3) 
Using this recursive formula, companies can dynamically predict the possible demand levels 

and their associated probabilities for the next period based on the known current demand state 
distribution πt and state transition rules 𝑃𝑃, thereby providing data input for inventory optimiza-
tion models. 

In addition, to facilitate calculation and decision-making, this paper further uses a “unit state 
vector” to represent the current exact state of the prediction system. Let 𝑒𝑒𝑖𝑖 ∈ 𝑅𝑅𝑛𝑛 denote a unit 
vector with a value of 1 at the 𝑖𝑖-th position and 0 at all other positions, indicating that the current 
system is in state 𝑠𝑠𝑖𝑖 . Then, the state distribution predicted for the next cycle can be simplified as 
follows: 

𝜋𝜋𝑡𝑡+1 = 𝑒𝑒𝑖𝑖𝑃𝑃 (A-4) 
This method makes the state prediction process of Markov chains more tractable and structur-

ally clear, and provides probabilistic inputs derived from state evolution for subsequent Newsven-
dor models, enabling the entire inventory optimization process to have a logical closed loop of 
prediction-driven decision-making. 

Appendix B 
In the ordering rules of raw materials under the [L, U] inventory strategy, the procedure for deter-
mining the upper inventory limit U is as follows. 

From Eq. 2 in the text: 
𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘+1) = 𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘+1 − 𝐼𝐼) + � 𝐶𝐶1

𝑅𝑅≤𝑈𝑈𝑘𝑘+1

(𝑈𝑈𝑘𝑘+1 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘+1

(𝑅𝑅 − 𝑈𝑈𝑘𝑘+1)𝑝𝑝(𝑅𝑅) 

𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘) = 𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑈𝑈𝑘𝑘 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅 − 𝑈𝑈𝑘𝑘)𝑝𝑝(𝑅𝑅) 

𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘−1) = 𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘−1 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑈𝑈𝑘𝑘−1 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘−1

(𝑅𝑅 − 𝑈𝑈𝑘𝑘−1)𝑝𝑝(𝑅𝑅) 

To obtain the minimum 𝑈𝑈-value for 𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘), 𝑈𝑈𝑘𝑘+1 should satisfy the following inequality: 
𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘+1) ≥ 𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘) (B-1) 
𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘−1) ≥ 𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘) (B-2) 
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Eq. (B-1) gives: 
𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘+1) − 𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘)

= ��𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘+1 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘+1

(𝑈𝑈𝑘𝑘+1 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘+1

(𝑅𝑅 − 𝑈𝑈𝑘𝑘+1)𝑝𝑝(𝑅𝑅)� −

  �𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑈𝑈𝑘𝑘 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅 − 𝑈𝑈𝑘𝑘)𝑝𝑝(𝑅𝑅)��

= ��𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘+1 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑈𝑈𝑘𝑘+1 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅≥𝑈𝑈𝑘𝑘+1

(𝑅𝑅 − 𝑈𝑈𝑘𝑘+1)𝑝𝑝(𝑅𝑅)� −

  �𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑈𝑈𝑘𝑘 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅 − 𝑈𝑈𝑘𝑘)𝑝𝑝(𝑅𝑅)��

= 𝐾𝐾(𝑈𝑈𝑘𝑘+1 − 𝑈𝑈𝑘𝑘) + 𝐶𝐶1(𝑈𝑈𝑘𝑘+1 − 𝑈𝑈𝑘𝑘) � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) − 𝐶𝐶2(𝑈𝑈𝑘𝑘+1 − 𝑈𝑈𝑘𝑘) � 𝑝𝑝
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅)

= (𝑈𝑈𝑘𝑘+1 − 𝑈𝑈𝑘𝑘)�𝐾𝐾 + 𝐶𝐶1 � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) − 𝐶𝐶2 � 𝑝𝑝
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅)� ≥ 0

 

 
Because (𝑈𝑈𝑘𝑘+1 − 𝑈𝑈𝑘𝑘) = 𝑅𝑅𝑘𝑘+1 − 𝑅𝑅𝑘𝑘 > 0, we obtain 𝐾𝐾 + 𝐶𝐶1 ∑ 𝑝𝑝𝑅𝑅≤𝑈𝑈𝑘𝑘 (𝑅𝑅)− 𝐶𝐶2 ∑ 𝑝𝑝𝑅𝑅>𝑈𝑈𝑘𝑘 (𝑅𝑅) ≥ 0, i.e.: 

𝐾𝐾 + 𝐶𝐶1 � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) − 𝐶𝐶2 � 𝑝𝑝
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅) = 𝐾𝐾 + 𝐶𝐶1 � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) − 𝐶𝐶2 �1 − � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅)�

= 𝐾𝐾 + (𝐶𝐶1 + 𝐶𝐶2) � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) − 𝐶𝐶2 ≥ 0
 

Therefore: 
� 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) ≥
𝐶𝐶2 − 𝐾𝐾
𝐶𝐶1 + 𝐶𝐶2

 (B-1) 
 

From Eq. (B-2): 
𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘−1) − 𝐶𝐶𝑇𝑇(𝑈𝑈𝑘𝑘)

= ��𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘−1 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑈𝑈𝑘𝑘−1 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘−1

(𝑅𝑅 − 𝑈𝑈𝑘𝑘−1)𝑝𝑝(𝑅𝑅)� −

  �𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑈𝑈𝑘𝑘 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘

(𝑅𝑅 − 𝑈𝑈𝑘𝑘)𝑝𝑝(𝑅𝑅)��

= ��𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘−1 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑈𝑈𝑘𝑘−1 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅>𝑈𝑈𝑘𝑘−1

(𝑅𝑅 − 𝑈𝑈𝑘𝑘−1)𝑝𝑝(𝑅𝑅)� −

  �𝐶𝐶3 + 𝐾𝐾(𝑈𝑈𝑘𝑘 − 𝐼𝐼) + � 𝐶𝐶1
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑈𝑈𝑘𝑘 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + � 𝐶𝐶2
𝑅𝑅≥𝑈𝑈𝑘𝑘

(𝑅𝑅 − 𝑈𝑈𝑘𝑘)𝑝𝑝(𝑅𝑅)��

= 𝐾𝐾(𝑈𝑈𝑘𝑘−1 − 𝑈𝑈𝑘𝑘) + 𝐶𝐶1(𝑈𝑈𝑘𝑘−1 − 𝑈𝑈𝑘𝑘) � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) − 𝐶𝐶2(𝑈𝑈𝑘𝑘−1 − 𝑈𝑈𝑘𝑘) � 𝑝𝑝
𝑅𝑅>𝑈𝑈𝑘𝑘−1

(𝑅𝑅)

= (𝑈𝑈𝑘𝑘−1 − 𝑈𝑈𝑘𝑘)�𝐾𝐾 + 𝐶𝐶1 � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) − 𝐶𝐶2 � 𝑝𝑝
𝑅𝑅>𝑈𝑈𝑘𝑘−1

(𝑅𝑅)� ≥ 0

 

 
Because(𝑈𝑈𝑘𝑘−1 − 𝑈𝑈𝑘𝑘) = 𝑅𝑅𝑘𝑘−1 − 𝑅𝑅𝑘𝑘 < 0, we obtain 𝐾𝐾 + 𝐶𝐶1 ∑ 𝑝𝑝𝑅𝑅≤𝑈𝑈𝑘𝑘−1 (𝑅𝑅)− 𝐶𝐶2 ∑ 𝑝𝑝𝑅𝑅>𝑈𝑈𝑘𝑘−1 (𝑅𝑅) ≤ 0, 

i.e.: 
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𝐾𝐾 + 𝐶𝐶1 � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) − 𝐶𝐶2 � 𝑝𝑝
𝑅𝑅>𝑈𝑈𝑘𝑘−1

(𝑅𝑅) = 𝐾𝐾 + 𝐶𝐶1 � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) − 𝐶𝐶2 �1 − � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅)�

= 𝐾𝐾 + (𝐶𝐶1 + 𝐶𝐶2) � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) − 𝐶𝐶2 ≤ 0
 

Therefore: 

� 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) ≤
𝐶𝐶2 − 𝐾𝐾
𝐶𝐶1 + 𝐶𝐶2

 (B-4) 

Combining Eq. (B-3) and Eq. (B-4) gives the non-strict bounds for 𝑈𝑈𝑘𝑘 . Since 𝑈𝑈𝑘𝑘  is defined as the 
smallest discrete candidate for which the cumulative demand probability reaches or exceeds the 
critical ratio, the cumulative probability at the preceding candidate 𝑈𝑈𝑘𝑘−1 must be strictly below 
the critical ratio. Therefore, the inequality for determining 𝑈𝑈𝑘𝑘  can be written as: 

� 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘−1

(𝑅𝑅) <
𝐶𝐶2 − 𝐾𝐾
𝐶𝐶1 + 𝐶𝐶2

≤ � 𝑝𝑝
𝑅𝑅≤𝑈𝑈𝑘𝑘

(𝑅𝑅) (B-5) 

Appendix C 
Mathematical derivation and calculation details for the optimal Newsvendor ordering decision 
model 

After obtaining the predicted demand distribution 𝜋𝜋𝑡𝑡+1 = {𝑝𝑝(𝑠𝑠1),𝑝𝑝(𝑠𝑠2), . . . ,𝑝𝑝(𝑠𝑠𝑛𝑛)}, the company 
needs to determine the order quantity Q at the beginning of the cycle to meet demand while min-
imizing losses caused by stockouts and overstocking. Given the predicted distribution, the ex-
pected total inventory cost function can be written as: 

𝐶𝐶𝑇𝑇(𝑄𝑄) = 𝐾𝐾𝐾𝐾 + 𝐶𝐶3 + � 𝐶𝐶1(𝑄𝑄 − 𝑠𝑠𝑗𝑗)
𝑠𝑠𝑗𝑗<𝑄𝑄

𝑝𝑝(𝑠𝑠𝑗𝑗) + � 𝐶𝐶2(𝑠𝑠𝑗𝑗 − 𝑄𝑄)
𝑠𝑠𝑗𝑗>𝑄𝑄

𝑝𝑝(𝑠𝑠𝑗𝑗) (C-1) 

In this expected total inventory cost function, 𝐾𝐾 is the unit procurement cost, 𝐶𝐶1  is the unit 
holding cost (i.e., the holding cost associated with excess raw material inventory), 𝐶𝐶2 is the unit 
stockout cost (i.e., the opportunity loss caused by failure to meet production demand), 𝐶𝐶3 is the 
fixed cost per order, 𝐼𝐼 is the initial inventory quantity, and 𝑄𝑄 is the raw material order quantity 
for the current period. 

If an inventory limit 𝑈𝑈 is imposed, the order quantity should satisfy 𝑄𝑄 = 𝑈𝑈 − 𝐼𝐼. The first term 
represents the procurement cost for the current period; the second term represents the fixed 
costs of the ordering operation itself; the third term represents the holding cost incurred when 
the post-order available inventory level (𝐼𝐼 + 𝑄𝑄) exceeds actual demand 𝑅𝑅, while the fourth term 
represents the shortage cost incurred when actual demand 𝑅𝑅 exceeds the post-order available in-
ventory level (𝐼𝐼 + 𝑄𝑄). 

To minimize costs, the optimal decision minimizes 𝐶𝐶𝑇𝑇(𝑄𝑄) and determines the raw material or-
der quantity 𝑄𝑄*: 

𝑄𝑄∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚
𝑄𝑄

𝐶𝐶𝑇𝑇(𝑄𝑄)  (C-2) 
If demand is discrete and the probability of each state is known, the critical ratio method can 

be used for efficient decision-making. The core idea of this method is: if the stockout cost is much 
greater than the holding cost, a larger order quantity is preferable to avoid stockouts; otherwise, 
ordersordering should be more conservative to reduce inventory risk. 

Define the critical ratio: 

𝛾𝛾 = 𝐶𝐶2
𝐶𝐶1+𝐶𝐶2

  (C-3) 

The critical ratio γ is a trade-off factor between 0 and 1 that reflects the importance a company 
places on “stockout losses” relative to “excess inventory costs.” 

Based on this ratio, the optimal order quantity for raw materials can be obtained as follows: 
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� 𝑝𝑝(𝑠𝑠𝑗𝑗) ≥ 𝛾𝛾
𝑠𝑠𝑗𝑗≤𝑄𝑄∗

 (C-4) 

That is, find the minimum order quantity Q* for which the cumulative probability is not less 
than the critical ratio. The critical ratio method requires little additional derivation and is straight-
forward to implement, making it especially suitable for scenarios with discrete demand and 
clearly defined states. 

Appendix D 
Calculation of the lower inventory bound L 
The calculation in this appendix is used to determine the lower inventory threshold 𝐿𝐿 by compar-
ing different candidate inventory levels. It should be noted that this comparison is different from 
the final operating cost calculation in Section 4.3. In Section 4.3, the actual procurement cost is 
calculated according to the actual replenishment quantity 𝑄𝑄, namely 𝐾𝐾𝐾𝐾. In this appendix, how-
ever, the calculation is used only to compare candidate values of L under the no-order condition. 
Therefore, the term (𝐾𝐾 × 𝐿𝐿) represents the material value associated with the candidate inven-
tory level 𝐿𝐿 in the threshold comparison, rather than the actual procurement cost of the current 
ordering cycle. The actual replenishment quantity still follows the [L, U] policy, namely 𝑄𝑄 = 𝑈𝑈 − 𝐼𝐼 
when 𝐼𝐼 < 𝐿𝐿 and 𝑄𝑄 = 0 when 𝐼𝐼 ≥ 𝐿𝐿. 

Determination of 𝐿𝐿 is conducted in two steps. First, Eq. 4 is used as a feasibility condition to 
examine whether a candidate inventory level is economically acceptable under the no-order con-
dition. Second, since more than one candidate may satisfy Eq. 4, Eq. 5 is further used to identify 
the cost-optimal trigger point. In other words, satisfying Eq. 4 only indicates that a candidate 𝐿𝐿 is 
feasible; the final lower threshold should be the candidate at which the expected no-order cost 
reaches the lowest value before it starts to increase again. 

First, substitute 𝑈𝑈 = 120 units into the right side of Eq. 4 to obtain: 

𝐶𝐶3 + 𝐾𝐾𝐾𝐾 + �𝐶𝐶1
𝑅𝑅≤𝑈𝑈

(𝑈𝑈 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + �𝐶𝐶2
𝑅𝑅>𝑈𝑈

(𝑅𝑅 − 𝑈𝑈)𝑝𝑝(𝑅𝑅) 

= 200 + 20 × 120 + 8 × [(120 − 45) × 0.111 + (120 − 75) × 0.611 + (120 − 105) × 0.278] + 120 × 0 
= 200 + 6000 + 8 × (75 × 0.111 + 45 × 0.611 + 15 × 0.278) 
= 6200 + 8 × 39.99 = 6200 + 319.92 = 6519.92 yuan 

Next, let 𝐿𝐿 = 45 units and substitute it into the left side of Eq. 4 to obtain: 
 

𝐾𝐾𝐾𝐾 + �𝐶𝐶1
𝑅𝑅≤𝐿𝐿

(𝐿𝐿 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + �𝐶𝐶2
𝑅𝑅>𝐿𝐿

(𝑅𝑅 − 𝐿𝐿)𝑝𝑝(𝑅𝑅)

= 50 × 45 + 8 × 0 + 120[(75 − 45) × 0.611 + (105 − 45) × 0.278]
= 2250 + 120(30 × 0.611 + 60 × 0.278) = 2250 + 4201.2 = 6451.2 yuan

 

 

Since 6451.2 yuan < 6519.92 yuan, 𝐿𝐿 = 45 units satisfies the condition of Eq. 4. 
Next, let 𝐿𝐿 = 75 units and substitute it into the left side of Eq. 4 to obtain: 
 

𝐾𝐾𝐾𝐾 + �𝐶𝐶1
𝑅𝑅≤𝐿𝐿

(𝐿𝐿 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + �𝐶𝐶2
𝑅𝑅>𝐿𝐿

(𝑅𝑅 − 𝐿𝐿)𝑝𝑝(𝑅𝑅) =

= 50 × 75 + 8 × (75 − 45) × 0.111 + 120 × (105 − 75) × 0.278
= 3750 + 8 × 30 × 0.111 + 120 × 30 × 0.278 = 3750 + 1027.44 = 4777.44 yuan

 

 

Since 4777.44 yuan < 6519.92 yuan, 𝐿𝐿 = 75 units satisfies the condition of Eq. 4. 
Next, let 𝐿𝐿 = 105 units and substitute it into the left side of Eq. 4 to obtain: 
 

𝐾𝐾𝐾𝐾 + �𝐶𝐶1
𝑅𝑅≤𝐿𝐿

(𝐿𝐿 − 𝑅𝑅)𝑝𝑝(𝑅𝑅) + �𝐶𝐶2
𝑅𝑅>𝐿𝐿

(𝑅𝑅 − 𝐿𝐿)𝑝𝑝(𝑅𝑅)

= 50 × 105 + 8 × [(105 − 45) × 0.111 + (105 − 75) × 0.611]
= 5250 + 8 × (60 × 0.111 + 30 × 0.611) = 5250 + 199.92 = 5449.92 yuan

 

 

Since 5449.92 yuan < 6519.92 yuan, 𝐿𝐿 = 105 units satisfies the condition of Eq. 4. 



Zhao, Ma, Wang, Su 
 

200 Advances in Production Engineering & Management 21(2) 2026 
 

Under the premise of Eq. 5, comparing the results for 𝐿𝐿 values of 45, 75 and 105 units, we obtain: 
 

𝐸𝐸[𝐶𝐶𝑇𝑇(45)] = 6451.2 > 𝐸𝐸[𝐶𝐶𝑇𝑇(75)] = 4777.44, not satisfied. 
𝐸𝐸[𝐶𝐶𝑇𝑇(75)] = 4777.44 < 𝐸𝐸[𝐶𝐶𝑇𝑇(105)] = 5449.92, satisfied. 

This means that 𝐿𝐿 = 75  units is the cost-minimizing point among the feasible candidates. 
Therefore, 𝐿𝐿 = 75 units is selected as the final lower inventory threshold. Under this threshold, 
when the opening inventory is lower than 75 units, replenishment is triggered and the inventory 
is restored to the upper level 𝑈𝑈 = 120 units; when the opening inventory is greater than or equal 
to 75 units, no replenishment order is placed in the current cycle. 
 


