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In today’s highly dynamic and competitive environment, an effective and practical inventory policy is
critical for every supply chain and can dramatically affect its performance. When a supply chain faces
multiple types of customers with different characteristics, management encounters even more challenges in
making decisions about inventory policies. By integrating inventory rationing policies and dynamic pricing
strategies, this study proposes a critical-level dynamic pricing (CLDP) mechanism associated with
inventory ordering policies to address these challenges. Furthermore, to demonstrate the implementation
and evaluate the effectiveness of the proposed policy, we develop a simulation model with the CLDP
mechanism and apply it to a specific numerical case. The results show that the proposed inventory policy
improves the total net profit by 12.58%. Finally, the conclusions and future research topics are discussed.
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INTRODUCTION

In a highly competitive market, more organizations differentiate their customers according to demand
patterns and profit margins (Biller, Chan, Simchi-Levi, & Swann, 2005). Differentiation allows
organizations to customize their operations and fully utilize their resources to better serve the needs of
different customer types and achieve improved performance. For example, at Amazon.com, customers who
are willing to wait longer for their orders can receive free shipping services. This allows Amazon.com to
utilize this flexibility to increase its processing speed for customers who require products as soon as possible
and are willing to pay for this service (Duran, Liu, Simchi-Levi, & Swann, 2007). Similar practices have
been observed in various industries, such as manufacturing (ElHafsi, Fang, & Hamouda, 2021), retail
(Gumasta, Chan, & Tiwari, 2012), health care (Papastavrou, Andreou, & Efstathiou, 2014), and electronic
business (Imroz, 2021).

Due to the potential for achieving improved efficiency, profitability, and customer satisfaction,
managing supply chain inventories with multiple types of customers has attracted the attention of academics
and practitioners. Veinott (1965) and Topkis (1968) first studied inventory ordering policies for multiple
types of customers with different priorities. They established a set of critical inventory levels that triggered
a decision to stop deliveries to certain customers. Sobel and Zhang (2001) considered a periodic review-
based inventory system with deterministic (scheduled) demand and stochastic (unscheduled) demand.
Deterministic demand must be satisfied immediately, and stochastic demand may be backordered. Isotupa
Isotupa (2011) studied a lost-sale (r, Q) inventory model with two types of customers by comparing two
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policies. Both customers were treated alike in one policy, while in the other, the critical-level inventory
policy was applied. The results showed that the critical-level inventory policy yielded lower costs and better
customer service levels. More recently, EIHafsi et al. (2021) studied an inventory system with two types of
customers: one class had long-term commitment and accepted backorders, while the other class had no
long-term commitment and would cancel their order if no inventory was available. They proposed three
heuristic policies for minimizing the total costs.

In addition to relying only on inventory rationing methods to minimize costs, several studies have
investigated the impacts of price incentives on total revenue or net profit. For example, Ding, Kouvelis, and
Milner (2006) proposed a dynamic pricing mechanism that provides optimal discounts to multiple types of
customers during the backorder stage to improve net profit and customer satisfaction. Gumasta et al. (2012)
studied two types of customers in perishable product supply chains: one customer buys only the newest and
freshest goods, and the other buys both fresh and old goods while considering price incentives. They
proposed a transportation model to maximize revenue and minimize inventory and transportation costs.

However, most of the literature has focused either on inventory rationing methods without pricing
adjustments or on dynamic pricing strategies for fixed amounts of inventory without considering reordering
policies. Therefore, research that integrates inventory ordering policies with dynamic pricing is highly
desirable for both marketing and operations scholars (Eliashberg & Steinberg, 1993; Elmaghraby &
Keskinocak, 2003; Simchi-Levi, Kaminsky, & Simchi-Levi, 2003; Transchel & Minner, 2009). Academic
scholars and business practitioners have noted the value of price-inventory decision-making. For example,
Nicholls (2018) identified customer differentiation and corresponding pricing strategies as the top
approaches for making better business decisions. A global survey of 1,700 business leaders revealed that
85% of the respondents believed they needed to improve their pricing decision mechanisms (Kermisch &
Burns, 2018). As a pricing leader, Amazon.com dynamically updates the prices of millions of its products
multiple times a day based on inventory levels and other factors to increase its conversion rates and revenue
(Naceva, 2024).

Responding to calls from industry and academia, we approach the supply chain inventory management
problem with multiple customer types by linking inventory rationing policies and dynamic pricing
strategies, proposing a critical-level dynamic pricing (CLDP) mechanism. The proposed mechanism
modifies the critical-level inventory rationing policy with dynamic and continuous price functions of on-
hand stock for each type of customer, and it is expected to increase the total net profit.

This study contributes to the literature in at least three ways. First, although many existing studies have
been conducted on supply chain inventory management, few studies have considered the case of multiple
customer types. This study fills these research gaps by addressing cases with multiple types of customers
in terms of their order sizes, order frequencies, shortage costs, and profit margins. These customer
classifications are more practical and comprehensive. Second, the critical-level rationing policy dominates
the inventory management literature with multiple types of customers, and extensions of these models are
expected and necessary. By integrating the policies and strategies derived from the operations and
marketing fields, we propose a new supply chain inventory ordering policy to increase the total net profit
obtained with multiple customer types. Decision-makers can practically implement the newly proposed
ordering policy without much computational complexity. Third, we treat all customer types equally without
priority differences. Unlike the traditional rationing policy, which prevents low-end customers from
accessing the existing inventory, we use dynamic pricing strategies to provide all types of customers with
access to the existing inventory. This setting can be valuable for low-end customers who need products in
an emergency.

The remainder of this paper is organized as follows. Section 2 first defines the problem and variables
used in the model development stage. This is followed by Section 3, where we develop the CLDP
mechanism based on the research concerning inventory management policies and dynamic pricing
strategies. A simulation model is developed in Section 4 for the investigated problem, and then the CLDP
mechanism is applied to a numerical example in Section 5 to illustrate its implementation and effectiveness.
Finally, conclusions and suggestions for future studies are discussed in Section 6.
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PROBLEM DEFINITION

The investigated inventory system contains multiple customer types i (i = 1,2, ..., n) with demands
following a compound Poisson distribution. The numbers of orders per day follow Poisson distributions
with arrival rates of i, and the order sizes follow exponential distributions with means of ;. No partial
shipments are allowed, and unmet demand is lost. The shortage cost G; is fixed per unfilled customer order,
and its value varies for different customer types. The selling price pi for each type of customer has two
stages: when the inventory is abundant, it remains at a constant regular price Pi, and when the inventory is
lower than the critical level K, the dynamic pricing system is triggered, and p; is adjusted based on a function
of the on-hand inventory. Simultaneously, the demand of this customer type D; will be modified according
to the newly adjusted price pi. The variables used in the model development process are listed in Table 1,
and they are followed by the objective function, which is expected net profit E[NP].

TABLE 1
VARIABLES USED IN THE MODEL

Variables Meaning
Ai Means of the arrival rates
Ui Means of the customer order sizes
L Lead time for replenishment from the external suppliers
Pi Regular prices for high-end and low-end customers, respectively
pi Adjusted prices when the CLDP is triggered
Di Demand per unit time
Fi Fulfilled demand in units
I Current inventory on hand
TI Total inventory (on-hand inventory + in-transit inventory)
B Product buying cost per unit
Ci Coefficients of price-demand functions
A Ordering cost of placing an order
N Number of replenishment orders placed from external suppliers
H Holding cost per unit per unit time
la Average on-hand inventory
Gi Shortage cost per unfulfilled order
Si Number of customer orders lost due to shortage
K Critical level
Q Order quantity
r Reorder point
E[NP] Expected net profit

The objective function is the expected net profit per unit time, which relates to the revenue, cost of
goods sold (COGS), ordering cost, holding cost, and shortage cost. Using the variables defined in Table 1,
we present this relationship as follows:

E[NP] = Revenue — COGS — ordering cost — holding cost — shortage cost
where the Revenue = Y, p;F;, COGS = BF;, the ordering cost = AN, the holding cost = Hl,, and the

shortage cost =3, G;S;.
Thus, the expected net profit can be written as Eq. (1).

E[NP] =3 (p; —B)F; — AN, — Hl, — ¥}_, G; S; (1)
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where K is the total number of fulfilled customers and | is the total number of unfulfilled customers.
CRITICAL-LEVEL DYNAMIC PRICING MECHANISM

To maximize the total net revenue in Eq. 1, in this section, we first review the supporting research and
then present the proposed four-step CLDP mechanism in detail.

Integrating Critical-Level Policies With Dynamic Pricing Strategies

The term “critical level” (also called “reserve level,” “stock level,” or “threshold level”) used in
inventory rationing policies generally refers to the amount of inventory such that “at a given time one
satisfies the demand of a given class only if no demand of a more important class remains unsatisfied and
as long as the stock level does not fall below the critical rationing level for that class at that time” (Kaplan,
1969, p. 160). In other words, when the stock level is lower than a predetermined point (critical level), the
inventory will be reserved for future demand from high-priority customers, while the demand from low-
priority customers is denied.

Dynamic pricing mechanisms have been developed and used in many industries and studied by
researchers from different perspectives (Faruqui, 2010; Marban, van der Zwaan, Grigoriev, Hiller, &
Vredeveld, 2012). Revenue management and price-inventory decision-making are two closely related but
not identical business practices (Ding et al., 2006; Zhang & Bell, 2007). Revenue management is intended
to increase profits by charging different prices corresponding to customer characteristics and other market
conditions, given that the amount of total available products is fixed (Ding et al., 2006; Gallego & Ryzin,
1994; Sen, 2013; Smith, Leimkuhler, & Darrow, 1992).

On the other hand, price-inventory decision-making (dynamic pricing in the presence of inventory
considerations) involves adjusting the product supply and allows for the use of price adjustments to manage
sales and shortages (Elmaghraby & Keskinocak, 2003; Simchi-Levi et al., 2003). Price-inventory decision-
making is the interface between marketing and operations (Eliashberg & Steinberg, 1993; Transchel &
Minner, 2009).

According to the above analysis, we propose a CLDP mechanism by integrating a critical-level
inventory policy and dynamic pricing strategies, and it is expected to increase net profit. We present the
details of the proposed mechanism in four steps.

The Four Steps of the CLDP Mechanism
Step 1: Determining Whether the CLDP Mechanism Is Triggered

If the current inventory on hand (1) is greater than the critical level (K), then the price remains the same,
and the CLDP mechanism is skipped. Otherwise, we continue to Step 2.

Step 2: Adjusting the Price If the Mechanism Is Triggered
Since the CLDP mechanism is triggered, the selling price pi must be adjusted according to the current
on-hand inventory and other settings. This relationship is represented in Eq. (2).

~ P, I >K 2
pl_{Pi+(K—I)><Ci I<K 2)

Here, Cj is the coefficient linking the price and inventory status, and it represents the slope of the price
function. In this study, we set C; = %, which represents the scenario where the maximum price at which a

company can charge its customers is twice the regular price. Following this setting, when the on-hand
inventory | is greater than or equal to the critical level K, pi remains the original price P;. When the on-hand
inventory | is reduced to half of K, the price increases by half of P;. If the value of I is zero, then p; is twice
the original price Pi, which matches our assumption. Notably, for other practical scenarios, the value of C;
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can be set differently by management, depending on the specific observed market conditions and customer
preferences.

Step 3: Updating the Demand Corresponding to the Adjusted Price
After the price is adjusted, the demand must be updated according to the new price. In the literature, at
least three classic methods are available for modeling the relationship between price and demand.
1) Linear price-demand relationship: Additive model (Petruzzi & Dada, 1999; Transchel &
Minner, 2009)

a
a—bXp When0<pSE

D(p) = a
0 whenp > 3

where a, b > 0.
2) Exponential price-demand relationship: (Transchel & Minner, 2009)

D(p) = a x e P*p
where a,b > 0.
3) Log-linear price-demand relationship: Multiplicative model (Petruzzi & Dada, 1999; Ray,
Gerchak, & Jewkes, 2005)

D(p) = axp™®

wherea > 0,b > 1
In this study, we use the linear price-demand relationship (additive model) for demonstration purposes,
as shown in Eq. (3). The proposed mechanism can also be applied to other price-demand relationships.

a; — b; X p; when0<piSZ—:

D;(p)) = 3)

0 when p; > %
i

where the constants a;, b; > 0.

Step 4: Updating the Customer Arrival Rate to Reflect the New Demand Level

Because the units of demand are updated according to the new price, the arrival rate of this type of
customer needs to be reduced corresponding to the updated demand. Since D = Au, the relationship
between the arrival rate and price can be stated as follows:

a;—biXp; a;
&imoinbi < 2
s ) _ o When0<pl_bi .
() = 280 = (4)
Hi 0 when p; > o

The above is the design of the four-step CLDP mechanism, which is also summarized in the
comprehensive flowchart (Fig. 1) presented in Section 4.

DEVELOPMENT OF THE SIMULATION MODEL

Simulation modeling is a valuable and powerful tool for making business decisions and analyzing
dynamic and complex systems (Bazargan, Lange, Tran, & Zhou, 2013; Heidary, 2023; Moosavi & Hosseini,
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2021). In this section, we develop a simulation to model the investigated inventory system for random
situations in practical scenarios. The simulation model is described in detail, and an overall logic flowchart
is presented in Fig. 1.

The simulation model generates different types of entities to represent the multiple types of customers
in this investigated inventory problem. Customer entities enter the simulation system following Poisson
distributions with average arrival rates of 4;, and their order quantities are assigned following exponential
distributions with average order quantities of Wi After a specific customer entity enters, the simulation
model compares the currently available on-hand inventory (1) with the critical level (K). If I is less than K,
then the CLDP mechanism is triggered, and the four steps developed in Section 3 are implemented. If the
value of | is not less than K, then the CLDP mechanism is skipped, and the regular price P; remains the
same.

Next, the simulation model checks whether the currently available on-hand inventory is sufficient for
the order quantity of this customer. If the answer is “Yes”, the model immediately fulfills the customer
order using the available on-hand inventory and records the revenue generated from this customer. At the
same time, the simulation model updates not only the currently available on-hand inventory level but also
the total inventory level, which includes both the on-hand inventory and in-transit inventory. If the answer
is “No”, then a shortage occurs, and the shortage cost (Gi) is recorded according to the customer type.

Before the customer entity exits, the simulation model checks the most recently updated total inventory
level to determine whether it is time to place a replenishment order with the external suppliers. On the one
hand, if the current total inventory level (TI) is equal to or lower than the designed reordering point (r), then
a new replenishment order (Q) is placed. In this case, the total inventory level must be updated immediately,
but the on-hand inventory level needs to wait for a lead time period. On the other hand, if Tl is greater than
r, then the entity exits the system without making any replenishment orders.

Following this design logic, we implement the simulation model by using the ARENA@ software,
which is the most widely used simulation software for discrete event modeling (Bazargan et al., 2013; Tsali,
Wang, & Hung, 2023; Yousefi, Yousefi, & Fogliatto, 2020). We use this simulation model to implement
and evaluate the CLDP mechanism through a numerical example in Section 5.
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AN ILLUSTRATIVE EXAMPLE

In this section, we apply the proposed policy to a specific numerical example to illustrate its
implementation and evaluate its effectiveness. We first define the sample dataset and then use it to apply
the CLDP mechanism step-by-step. Next, the developed simulation model is implemented with and without
the CLDP mechanism, and finally, the results are compared to evaluate the effectiveness of the developed
approach.

Dataset Used in the Example

In this illustrative example, we analyze an inventory system containing two types of customers:
commercial customers and retail customers. The two types of customers have different order sizes, order
frequencies, profit margins, and shortage costs. Commercial customers typically have larger order sizes and
higher profit margins but lower ordering frequencies and higher shortage costs. In comparison, retail
customers typically have smaller order sizes and lower profit margins but higher ordering frequencies and
lower shortage costs. According to these characteristics, the data and parameters of this numerical example
are listed in Table 2.

TABLE 2

PARAMETERS USED IN THE NUMERICAL EXAMPLE
Parameters Values Parameters Values
M 1 customer per day by 14
A2 4 customers per day b2 9
M1 700 units per customer | L 5 days
U2 75 units per customer B $10 per unit
P1 $30 per unit A $1,000 per order
P, $20 per unit H $0.02/unit/day
G1 $1400 per order Simulation length (hour) | 80,000
G $150 per order Warm-up period (hour) 8,000
ai 1,120 Number of replications 50
a 480

Implementation of the CLDP Mechanism
Following the four steps developed in Section 3, we apply the CLDP mechanism to this specific dataset,
and the details of each step are presented as follows.

— Step 1: We first determine when to trigger the CLDP mechanism by comparing the inventory
level (I) and the critical level (K). For demonstration purposes, this section selects the
reordering point (r) as K. A further discussion concerning other cases with different critical
level settings is provided in Section 8.

— Step 2: By applying Eq. (2) to the dataset described in Table 2, we obtain that for the

commercial customers, P, = 30 and p; = 30+(r—1)><¥ , and for the retail
customers, P, =20andp, = 20+ (r —1) X ?

— Step 3: We then apply Eq. (3) to establish the relationships between demand and price for the
commercial and retail customers as follows.

D, (p) = {1,120 —14p; when0<p; <80
1\P1) = 0 when p; > 80

and
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_ (480 —9p, when0 <p, <53
D2 (p2) = { 0 when p, > 53

— Step 4: Finally, we apply Eqg. (4) and obtain the arrival rates of the commercial and retail
customers as follows.

1,120 — 14p
D) (= ~1 wheno<p, <80
Mi(py) = — ={ 700 whentl < p1 =
0 when p; > 80
and
480 — 9p
D) |—/—2 when0<p, <53
Ay (py) = —= ={ 75 whent < pz =
2 0 when p, > 53

Simulation Model With and Without the CLDP Mechanism
Utilizing the above parameters and results, we implement the proposed CLDP mechanism in the
simulation model and search for the optimal solution (Q, r) that maximizes the total net profit. We use the

2(700+4x%75)x1000

0.02
order quantity Q and extend the search range to 5000, 10,000, 15,000, and 20,000. For the initial reordering
point, we use the expected lead-time demand, which is 5,000 ((4x75+700)x5), and conduct a search among
5,000, 10,000, 15,000, and 20,000 for the optimal reordering point r. We thus need to search for 16
combinations (4x4) of (Q, r). The simulation runs for 80,000 hours (10,000 days) for each combination and
is repeated 50 times. To prevent the initial settings of the parameter values, such as the initial on-hand
inventory, from impacting the results, the simulation runs for a warm-up period of 8,000 hours (1,000 days)
before starting to collect simulation results.

We first implement the simulation model without the CLDP mechanism for comparison purposes. With
the above settings, the simulation-based search process finds that the optimal solution includes an order
quantity of 10,000 and a reordering point of 15,000, which leads to a net profit of $16,593.33 per day. Then,
we implement the simulation model with the CLDP mechanism and find that when the order quantity is
5,000 and the reordering point is 10,000, the net profit is maximized at $18,680.46 per day.

Therefore, we can compare the two optimal results to demonstrate the effectiveness of the CLDP
mechanism. In this illustrative example, the simulation study shows that after implementing the proposed
CLDP mechanism, the net revenue increases from $16,593.33 to $18,680.46, which is an increase of
12.58%. The results are affected by the parameters assumed for illustration purposes. Still, this explorative
example demonstrates the stepwise application of the CLDP mechanism and shows the potential of the
CLDP mechanism for improving profits.

classic economic order quantity of 10,000 ( \/ ) as the initial search point for the optimal

CONCLUSIONS AND DISCUSSION

To improve the existing supply chain inventory ordering policies with multiple types of customers and
multiperiod continuous demands, we propose a new supply chain inventory policy by integrating rationing
inventory policies with dynamic pricing strategies. This research contributes to the literature by conducting
an interdisciplinary inventory policy improvement investigation and extending the price-inventory
decision-making paradigm to multiple types of customers.

Due to the explorative nature of this study, future research can extend it in multiple ways. The proposed
CLDP mechanism allows flexible settings for the key components, such as the critical level and the
inventory-price relationship function. The critical level can be a proportion of the reordering point r or
studied as an independent variable for optimization. Each type of customer can have a specific critical level,
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which could provide even further improvement. Although this setting would lead to greater computational
complexity, another future research direction is to develop heuristics that identify the optimal critical level
for each customer type. Furthermore, our proposed model uses one of the several available price-demand
relationships, and future research can develop models based on the other price-demand relationship
functions.

Overall, in this study, we propose an inventory ordering policy with a CLDP mechanism by linking the
inventory rationing policy with dynamic pricing strategies to improve the net profits obtained while
considering multiple types of customers with different characteristics. The developed simulation model
produces encouraging results in an illustrative example, potentially leading to more future research on this
topic.
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