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To stimulate purchases from consumers, retailers nowadays use the multiple retail prices strategy (MRPS), i.e., selling the products
at multiple prices simultaneously. The paper extends the current newsboy model and proposes an optimal ordering model for
MRPS corresponding to uncertain consumer demands. The Lagrangian multiplier method is applied to solve the problem, and an
algorithm for finding the approximate optimal total order quantity is designed. Numerical results show that MRPS is better than
the single retail price strategy (SRPS). It further reveals that when there is an order quantity constraint, the retailer needs to control
the number of retail prices; that is, retailer’s MRPS is affected by order quantity constraint; sensitivity analysis demonstrates that
MRPS is also affected by the price discount coefficient in the case of no order quantity constraint while it is not affected by demand
volatility. The research work provides some useful managerial inspirations for retailers.

1. Introduction

The multiple retail prices sales are widely used in practice.
Consumers often find that the same product is sold at
multiple retail prices simultaneously online or offline, a
promotional strategy of retailers. For example, food, daily
necessities, cosmetics, health products, office supplies, cloth-
ing, books, and others are sold simultaneously but at dif-
ferent retail prices on platforms like Tmall.com, JD.com,
Dangtang.com, and Amazon.com, and even in the same sales
outlet, products like Starbucks coffee, McDonald’s ice cream
cones, and shared massage chairs are also sold at multiple
retail prices. Examples are found in Table 1. It has been proved
by practices that MRPS can effectively increase retailers’ sales
volume and profits as compared to SRPS.

Most MRPS researches are concerned with the effects
of MRPS on consumer behavior. Some have demonstrated
that MRPS often results in greater sales volume relative
to SRPS [1–4]. There are other research papers covering
the consumers’ purchasing intention under MRPS [5, 6]

and the effects of consumers’ perceptions towards MRPS
[7]. However the studies focused only on the empirical
assessment of the effectiveness of MRPS from the perspective
of marketing and consumer behavior.

There are also several mathematical models concerning
MRPS, but the focus is not on ordering decision with MRPS;
e.g., Thomas and Chrystal (2013) [8] and Kim et al. (2016)
[9] studied MRPS focusing on relative utility pricing model
and dynamic pricing, respectively; Bazargan et al. (2018) [10]
and Bazargan et al. (2019) [11] used game theoretic approach
to evaluate the profitability of ‘buy n times, get one free’
loyalty programs; and Rahimi et al. (2019) [12] applied a
mixed integer nonlinear programming to design a sustainable
supply chain network.

Khouja (1999) [13] and Qin et al. (2011) [14] reviewed
many newsboy models about SRPS ordering strategies.
Therefore, the obtained ordering strategies of SRPS are not
suitable for the ordering problem of MRPS provided by
retailers. To the best of our knowledge, it is very common
for retailers to provide MRPS. Retailers who apply MRPS
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can always see an increase in the order quantity due to
increasing demand and can obtain more consumer surplus
[15]. Currently, the studies on MRPS of retailers focus on the
different retail prices at different sales stages to handle excess
inventory [16–18] instead of handling it simultaneously.
Therefore motivated by this research gap, the present work
attempts to establish an optimal ordering model for retailers
providing simultaneous MRPS.

The contributions of this paper include the following:(1) the research is a beneficial supplement to the extant
literature on MRPS of retailers and ordering decision prob-
lem; (2) we take the uncertainty in consumer demand into
consideration, and based on expected profit maximization,
we give the retailer simultaneous MRPS ordering strategy
by establishing an extended newsboy model; (3) a solution
algorithm, namely, the MRPS algorithm, is given to obtain
the approximate optimal total order quantity of the retailer;(4) the paper solves the ordering problem of MRPS from the
two perspectives, with and without order quantity constraint,
compares the corresponding results, and derives insights to
support the retailer’s optimal ordering decisions.

The rest of the paper is organized as follows. Section 2
summarizes the relevant representative studies. Section 3
presents a single-period single-product inventorymodel with
MRPS and order quantity constraint based on the classical
newsboy model. After that, some properties of the model are
analyzed. Section 4 develops theMRPS algorithm to solve the
model and Section 5 gives numerical results. Finally, Section 6
discusses somemanagerial insights and gives further areas for
study.

2. Literature Review

As an important branch of revenue management, MRPS has
been widely applied by retailers. At present, researches on
ordering decision under MRPS fall into SRPS and MRPS of
retailers, where the ordering decision of SRPS is seen as a
special case of MRPS, because there is only one retail price
in the SRPS.

2.1. Ordering Problem for SRPS. Relevant representative stud-
ies on SRPS can be found in literature [19–27], where the
ordering decision of retailers selling products to customers
at a single price is to minimize cost and/or maximize profit
and the quantity discounts provided by suppliers include all-
units discount, incremental discount, and other discounts.
For example, Chen & Ho [19, 20] focused on incremental
quantity discounts and all-units discounts, respectively, to
find the optimal order quantity for the single-order newsboy
problem and minimize the total cost when the demand is
fuzzy, while Chung et al. (2015) [21] studied markdown price
by the supplier to determine optimal retail prices and order
quantity to maximize the total expected profits. Taleizadeh
et al. (2015) [22] proposed EOQ models with incremental
discounts and Wang et al. (2019) [23] considered the optimal
procurement strategies with all-units discounts; however,
the ordering problem was solved from the perspective of
backordering and lost-sales, respectively.

In addition, many studies of SRPS took constraint condi-
tion into consideration to make the ordering strategy more
realistic [24–27]. Different constraints like budget constraint
[24], production volume limits [25], and minimum-order
quantity [26, 27] were considered. The above-mentioned
studies focusedmainly on the influence of quantity discounts
provided by suppliers on the optimal ordering strategy of
retailers and thus are not applicable to retailers’ ordering
problem under MRPS (multiple prices provided by retailers).

2.2. Ordering Problem for MRPS. In the real business world,
it is common for retailers to apply MRPS, but under the
order quantity constraint. To the best of our knowledge, the
extant literature mainly focuses on the ordering problem
when multiple prices discounts are used to handle excess
inventory. Relevant representative studies can be found in
literature [16–18, 28–31].

In such studies, with the purpose of maximizing the
expected profit/revenue, newsboy problem is extended to
the situations when different retail prices are used to handle
excess inventory. Khouja [28–30] extended newsboy problem
in which multiple prices discounts are used progressively
to sell excess inventory. Recently, using newsvendor frame-
work, Avittathur and Biswas (2017) [16] modeled the limited
clearance sale inventory problem for determining the optimal
order quantity, which was later extended by Biswas and
Avittathur (2018) [17] to determine the optimal pricing and
ordering decision.

However, the above studies do not take the constraints of
the retailer into account, which is not a clear profile of the real
world. There is rich literature discussing budget constraint,
capacity constraint, etc.; for instance, many dealt with a
multi-item newsboy problem with either a budget constraint
or capacity constraint [32–34]. Constraints are to be taken
into consideration just to make the ordering strategy more
realistic, which in essence are the order quantity constraints.
However, the studies do not consider MRPS of the retailer,
which provides this paper the ideas of solving the retailer
ordering problems under MRPS with the order quantity
constraint.

Fortunately, there are a few researches on MRPS of
retailers with constraints. For instance, Khouja and Mehrez
[31] proposed a multiproduct newsboy problem to sell excess
inventory through multiple discounts under a storage or
budget constraint. They provided an efficient algorithm to
solve themodel. Further, excess inventory can be handled not
only withmultiple prices discounts, but also with upgrades or
a combinationmethod, and the newsboy problem was solved
accordingly with a storage or budget constraint [18].

In the real world,MRPS is an alternative price strategy for
retailers to maximize profit. Therefore, studying the optimal
ordering decisions for retailers usingMRPS is of fundamental
significance. However, after considerable efforts on literature
searching and sorting, a few researches are found in this
respect when the products are sold at multiple prices simul-
taneously. Lu et al. (2014) [35] studied a dual-pricing strategy
over a planning horizon and presented a joint analysis on
quantity-based price differentiation and inventory control
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under a utility-based demand framework to maximize total
expected profit. However it considered only two prices and
did not take order quantity constraint into consideration.
Consequently, we are to take the order quantity constraint
into consideration, study a general MRPS scheme (the prod-
uct is sold simultaneously at n different retail prices by the
retailer), and propose an optimal ordering model for MRPS
to obtain an optimal ordering strategy for the retailer.

3. Proposed Optimal Ordering
Model for MRPS

Based on the different consumers’ tolerance to prices, retailers
adopt MRPS to attract potential consumers and increase
sales. In this paper, it is assumed that there is a retailer who
offers one product to customers over a finite horizon of time
using MRPS. In other words, the retailer sells the product
simultaneously at n different quantity-discount prices. 𝑝 =(𝑝1, 𝑝2, ⋅ ⋅ ⋅ , 𝑝𝑛) is the price vector. Assume 𝑝𝑖 = (1 − (𝑖 −1)𝑑)𝑝1, where 𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑛, d is the discount coefficient,
and 𝑝𝑖 is the unit retail price when i units are sold at the
same time (i.e., 𝑝1 is the normal retail price of the product),
so the prices are strictly monotonically decreasing under the
condition of 0 < 𝑑 < 1, i.e., 𝑝1 > 𝑝2 > ⋅ ⋅ ⋅ > 𝑝𝑛.
Let 𝜉 denote the demand of the product; 𝜉 is a random
variable with unknown distribution. Let 𝑓(𝜉) and 𝐹(𝜉) be the
marginal probability density function (pdf) and the marginal
cumulative distribution function (cdf) of 𝜉, respectively. 𝛼𝑖
is defined as the ratio of the demand under 𝑝𝑖 in the total
demand (called demand ratio), where ∑𝑛𝑖=1 𝛼𝑖=1, 𝛼𝑖 > 0.
Therefore 𝛼𝑖𝜉 represents the demand for the product under𝑝𝑖. Table 2 provides an example of 𝛼𝑖, where Retailer A sells
one product at three different retail prices simultaneously:
p = (10, 9, 8), which means the normal retail price (i.e., no
discount), “buy two get 10% off ”, and “buy three get 20% off ”,
respectively. The sales volume in Table 2 gives the historic
sales of Retailer A at each retail price, based onwhich demand
ratios are calculated; e.g., demand ratio 𝛼1 when 𝑝1 = 10 is
40/(40+70+90) = 0.2.

Assume that the retailer is risk-neutral and its goal is
to maximize the expected profit through the optimal total
order quantity. The order quantity 𝑞𝑖 corresponding to 𝑝𝑖 is a
decision variable; then the total order quantity is ∑𝑛𝑖=1 𝑞𝑖. The
retailer decides the total order quantity at the beginning of the
sales period at the unit ordering cost c, which is less than 𝑝𝑖,
as otherwise there is a loss before the sales. When a stock-out
occurs during the sales period, therewill be losses from short-
ages; 𝑠𝑖 is the shortage cost of per unit product when the prod-
uct is sold at the price of 𝑝𝑖. After the end of the sales period,
if there is any surplus, it might be disposed at the unit price𝑝ℎ
which is either a very low price less than c or a disposal cost.

Based on the classic newsboy model, the retailer’s profit
then is formulated as

𝜋 (𝑞, 𝜉) = 𝑛∑
𝑖=1

(𝑝𝑖 − 𝑐)min (𝛼𝑖𝜉, 𝑞𝑖)
− 𝑛∑
𝑖=1

(𝑐 − 𝑝ℎ) (𝑞𝑖 − 𝛼𝑖𝜉)+ − 𝑛∑
𝑖=1

𝑠𝑖 (𝛼𝑖𝜉 − 𝑞𝑖)+ .
(1)

Table 2: An example of demand ratio 𝛼𝑖.
Retail Price Sales Volume Demand Ratio
10 40 0.2
9 70 0.35
8 90 0.45

In (1), 𝑞 = (𝑞1, 𝑞2, . . . , 𝑞𝑛) is the vector of order quantities,
the first term is the net sales revenue of the product, the
second is the loss due to excessive orders, and the last is the
penalty cost for the shortage.

The retailer’s expected profit is written as

𝐸 [𝜋 (𝑞, 𝜉)] = 𝐸[ 𝑛∑
𝑖=1

(𝑝𝑖 − 𝑐)min (𝛼𝑖𝜉, 𝑞𝑖)

− 𝑛∑
𝑖=1

(𝑐 − 𝑝ℎ) (𝑞𝑖 − 𝛼𝑖𝜉)+ − 𝑛∑
𝑖=1

𝑠𝑖 (𝛼𝑖𝜉 − 𝑞𝑖)+]

= 𝑛∑
𝑖=1

[(𝑝𝑖 + 𝑠𝑖) ∫∞
𝑞𝑖/𝛼𝑖

𝑞𝑖𝑓 (𝜉) 𝑑𝜉 − 𝑠𝑖 ∫∞
𝑞𝑖/𝛼𝑖

𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉

+ (𝑝𝑖 − 𝑝ℎ) ∫𝑞𝑖/𝛼𝑖
0

𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉 + 𝑝ℎ ∫𝑞𝑖/𝛼𝑖
0

𝑞𝑖𝑓 (𝜉) 𝑑𝜉
− 𝑐𝑞𝑖] .

(2)

It is easy to verify that the expected profit of retailer𝐸[𝜋(𝑞, 𝜉)] is continuous in 𝑞𝑖, and then the concavity of𝐸[𝜋(𝑞, 𝜉)] is proved in Lemma 1.

Lemma 1. The expected profit of retailer 𝐸[𝜋(𝑞, 𝜉)] is strictly
concave in 𝑞𝑖 for each 𝑖 = 1, 2, . . . , 𝑛.
Proof. From (2), it is clear that the expected profit under 𝑝𝑖 is

𝐸 [𝜋𝑖 (𝑞𝑖)] = (𝑝𝑖 + 𝑠𝑖) ∫∞
𝑞𝑖/𝛼𝑖

𝑞𝑖𝑓 (𝜉) 𝑑𝜉
− 𝑠𝑖 ∫∞
𝑞𝑖/𝛼𝑖

𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉
+ (𝑝𝑖 − 𝑝ℎ) ∫𝑞𝑖/𝛼𝑖

0
𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉

+ 𝑝ℎ ∫𝑞𝑖/𝛼𝑖
0

𝑞𝑖𝑓 (𝜉) 𝑑𝜉 − 𝑐𝑞𝑖] .

(3)

The first derivative of (2), with respect to (w.r.t.) 𝑞𝑖, is
𝜕E [𝜋 (𝑞, 𝜉)]

𝜕𝑞𝑖 = 𝜕E [𝜋𝑖 (𝑞𝑖)]𝜕𝑞𝑖
= (𝑝𝑖 + 𝑠𝑖) [∫∞

𝑞𝑖/𝛼𝑖

𝑓 (𝜉) 𝑑𝜉 − 𝑞𝑖𝛼𝑖𝑓(𝑞𝑖𝛼𝑖)]
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+ 𝑠𝑖 𝑞𝑖𝛼𝑖𝑓(𝑞𝑖𝛼𝑖) + (𝑝𝑖 − 𝑝ℎ) 𝑞𝑖𝛼𝑖𝑓(𝑞𝑖𝛼𝑖)
+ 𝑝ℎ [∫𝑞𝑖/𝛼𝑖

0
𝑓 (𝜉) 𝑑𝜉 + 𝑞𝑖𝛼𝑖𝑓(𝑞𝑖𝛼𝑖)]

− 𝑐
= 𝑝𝑖 + 𝑠𝑖 − 𝑐

− (𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) ∫𝑞𝑖/𝛼𝑖
0

𝑓 (𝜉) 𝑑𝜉.
(4)

Technically, the concavity is checked:

𝜕2E [𝜋 (𝑞, 𝜉)]
𝜕𝑞𝑖2 = 𝜕2E [𝜋𝑖 (𝑞𝑖)]𝜕𝑞𝑖2

= −𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ𝛼𝑖 𝑓(𝑞𝑖𝛼𝑖) .
(5)

For 𝑓(∙) > 0, 𝛼𝑖 > 0, and 𝑝𝑖 + s𝑖 − 𝑝ℎ > 0, the second-
order condition of the expected profit function is strictly less
than zero; that is, (2) is a strict concave function w.r.t. 𝑞𝑖, 𝑖 =1, 2, ⋅ ⋅ ⋅ , 𝑛. This completes the proof.

The total order quantity cannot be increased arbitrarily
because of the restriction in retailer’s own budget or stor-
age space. Therefore, it is more practical for the retailer
to consider the order quantity constraint in the ordering
decision.

Furthermore, the constrained order quantity problem
under MRPS is analyzed for the retailer. The total order
quantity satisfies ∑𝑛𝑖=1 𝑞𝑖 ≤ 𝑄0, where 𝑄0 is the maximum of
retailer’s total order quantity. That is, the retailer’s total order
quantity must be less than or equal to 𝑄0. Then the ordering
model for maximizing expected profit is rewritten as

max
𝑞𝑖

𝐸 [𝜋 (𝑞, 𝜉)] = 𝑛∑
𝑖=1

𝐸 [𝜋𝑖 (𝑞𝑖)]

= 𝑛∑
𝑖=1

[(𝑝𝑖
+ 𝑠𝑖) ∫∞

𝑞𝑖/𝛼𝑖

𝑞𝑖𝑓 (𝜉) 𝑑𝜉 − 𝑠𝑖 ∫∞
𝑞𝑖/𝛼𝑖

𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉 + (𝑝𝑖
− 𝑝ℎ) ∫𝑞𝑖/𝛼𝑖

0
𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉 + 𝑝ℎ ∫𝑞𝑖/𝛼𝑖

0
𝑞𝑖𝑓 (𝜉) 𝑑𝜉 − 𝑐𝑞𝑖] ,

𝑠.𝑡. 𝑛∑
𝑖=1

𝑞𝑖 ≤ 𝑄0.

(6)

According to Lemma 1, the objective function of Model (6)
is strictly concave w.r.t. 𝑞𝑖. In order to apply the Lagrangian
multiplier method, Model (6) may be rewritten as the
following one with equality constraint.

max
𝑞𝑖

𝐸 [𝜋 (𝑞, 𝜉)] = 𝑛∑
𝑖=1

𝐸 [𝜋𝑖 (𝑞𝑖)] ,
𝑠.𝑡. 𝑛∑

𝑖=1

𝑞𝑖 = 𝑄0.
(7)

The Lagrangian multiplier function corresponding to
Model (7) is

𝐿 (𝑞, 𝜆) = 𝑛∑
𝑖=1

[(𝑝𝑖 + 𝑠𝑖) ∫∞
𝑞𝑖/𝛼𝑖

𝑞𝑖𝑓 (𝜉) 𝑑𝜉
− 𝑠𝑖 ∫∞
𝑞𝑖/𝛼𝑖

𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉 + (𝑝𝑖 − 𝑝ℎ) ∫𝑞𝑖/𝛼𝑖
0

𝛼𝑖𝜉𝑓 (𝜉) 𝑑𝜉

+ 𝑝ℎ ∫𝑞𝑖/𝛼𝑖
0

𝑞𝑖𝑓 (𝜉) 𝑑𝜉 − 𝑐𝑞𝑖] + 𝜆( 𝑛∑
𝑖=1

𝑞𝑖 − 𝑄0) ,
(8)

where 𝜆 is the Lagrangian multiplier.

Let the superscript ∗ denote optimality. Take the partial
derivative of 𝐿(𝑞, 𝜆) w.r.t. 𝑞𝑖, and set the derivative to zero
and solve 𝑞𝑖; then we obtain the optimal order quantity 𝑞∗𝑖
corresponding to 𝑝𝑖:

𝑞∗𝑖 = 𝛼𝑖𝐹−1 (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ ) , 𝑖 = 1, 2, . . . , 𝑛. (9)

Note that the retailer’s order quantity relates to the value
of Lagrangian multiplier 𝜆. When 𝜆 in (9) is 𝜆∗—the optimal
Lagrangian multiplier—the optimal ordering strategy that
maximizes the retailer’s expected profit under order quantity
constraint is obtained. The conclusions are as follows.

Theorem 2. In the case of order quantity constraint, the
retailer’s total optimal order quantity as per (9) satisfies the
following condition:

𝑄∗ (𝜆∗) = 𝑛∑
𝑖=1

𝑞∗𝑖 = 𝑛∑
𝑖=1

𝛼𝑖𝐹−1 (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ ) , (10)

where 𝜆∗ satisfies 𝑐 − 𝑝𝑖 − 𝑠𝑖 ≤ 𝜆∗ < 𝑐 − 𝑝ℎ, 𝑖 = 1, 2, . . . , 𝑛.
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Proof. Take the partial derivative of (8) w.r.t. 𝑞𝑖; then
𝜕𝐿 (𝑞, 𝜆)

𝜕𝑞𝑖 = − (𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) ∫𝑞𝑖/𝛼𝑖
0

𝑓 (𝜉) 𝑑𝜉 + 𝑝𝑖 + 𝑠𝑖
− 𝑐 + 𝜆

= − (𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹(𝑞𝑖𝛼𝑖) + 𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆,
𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑛.

(11)

According to Lemma 1, the objective function of Model
(6) is strictly concave w.r.t. 𝑞𝑖. Set the first-order condition of
the Lagrangian multiplier function (8) to zero and solve 𝑞𝑖;
then we get 𝑞∗𝑖 corresponding to 𝑝𝑖:

𝑞∗𝑖 = 𝛼𝑖𝐹−1 (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ ) , 𝑖 = 1, 2, . . . , 𝑛. (12)

Therefore, the optimal ordering strategy under order
quantity constraint is

𝑄∗ (𝜆) = 𝑛∑
𝑖=1

𝑞∗𝑖 = 𝑛∑
𝑖=1

𝛼𝑖𝐹−1 (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ ) . (13)

For 0 ≤ 𝐹(⋅) ≤ 1, we have 0 ≤ (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗)/(𝑝𝑖 + 𝑠𝑖 −𝑝ℎ) ≤ 1. However, when (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗)/(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) = 1,𝑞∗𝑖 → +∞, and 𝑄∗(𝜆) → +∞, the order quantity tends
to be infinite, which is not in line with the actual situation.
Therefore, 0 ≤ (𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗)/(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) < 1; that is,𝑐 − 𝑝𝑖 − 𝑠𝑖 ≤ 𝜆∗ < 𝑐 − 𝑝ℎ. This completes the proof.

Note. InTheorem 2, the total order quantity𝑄0 is a parameter,
and we take𝑄0 := 𝑄∗(𝜆∗) = ∑𝑛𝑖=1 𝑞∗𝑖 .The total order quantity
is calculated according to (10) to ensure that the retailer
maximizes his/her expected profit. Therefore, 𝑄∗(𝜆∗) in (10)
is called the optimal total order quantity. If 𝑄0 > ∑𝑛𝑖=1 𝑞∗𝑖 , the
retailer’s total order quantity is calculated according to (10),
and 𝑞∗𝑖 in (9) is the optimal order quantity for Model (6); if𝑄0 < ∑𝑛𝑖=1 𝑞∗𝑖 , the retailer’s total order quantity is calculated
based on a given order quantity 𝑄0, but it is not the optimal
total order quantity and 𝑞∗𝑖 in (9) is not the optimal order
quantity for Model (6).

Theorem 3. If 𝜆∗ = 0, then Model (6) degenerates into an
unconstrained problem, so the optimal total order quantity is

𝑄∗𝑁 = 𝑛∑
𝑖=1

𝑞∗𝑖 = 𝑛∑
𝑖=1

𝛼𝑖𝐹−1 ( 𝑝𝑖 + 𝑠𝑖 − 𝑐𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) . (14)

Proof. Eq. (2) is strictly concave w.r.t. 𝑞𝑖. Hence, set (4) to
zero; then we have

𝐹(𝑞∗𝑖𝛼𝑖 ) = 𝑝𝑖 + 𝑠𝑖 − 𝑐𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ . (15)

Therefore, when there is no order quantity constraint, the
optimal ordering strategy to maximize the retailer’s expected
profit is

𝑄∗𝑁 = 𝑛∑
𝑖=1

𝑞∗𝑖 = 𝑛∑
𝑖=1

𝛼𝑖𝐹−1𝑖 ( 𝑝𝑖 + 𝑠𝑖 − 𝑐𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) . (16)

Substitute 𝜆 = 0 into (10); the optimal ordering strategy
with order quantity constraint is the same as the above. This
completes the proof.

When n = 1,𝑄∗𝑁 in (14) is the optimal total order quantity
when the retailer adopts SRPS, which is the same as the
conclusion of the classic newsboy model.

When the relevant parameters change, the optimal order-
ing strategy will change accordingly. And the following
conclusions are obvious.

Corollary 4. When 𝑝𝑖, 𝑠𝑖, and 𝑝ℎ are fixed, 𝑞∗𝑖 decreases with
the increase in c, and so does ∑𝑛𝑖=1 𝑞∗𝑖 .
Proof. From (9), we have the following.

(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹(𝑞∗𝑖𝛼𝑖 ) = 𝑝𝑖 + 𝑠𝑖 − 𝑐 + 𝜆∗. (17)

The first derivative of (17), w.r.t. c, is

(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑐 = −1. (18)

For 𝑝𝑖+𝑠𝑖−𝑝ℎ > 0, 𝛼𝑖 > 0, 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, we get 𝜕𝑞∗𝑖 /𝜕𝑐 <0, so (𝜕∑𝑛𝑖=1 𝑞∗𝑖 )/𝜕𝑐 = 𝜕𝑞∗𝑖 /𝜕𝑐 < 0, which implies 𝜕𝑞∗𝑖 /𝜕𝑐 and(𝜕∑𝑛𝑖=1 𝑞∗𝑖 )/𝜕𝑐 are negative. This proves that 𝑞∗𝑖 and ∑𝑛𝑖=1 𝑞∗𝑖
decrease with the increase in c. This completes the proof.

Corollary 5. When 𝑝𝑖, c, and 𝑝ℎ are fixed, 𝑞∗𝑖 increases with
the increase in 𝑠𝑖, and so does ∑𝑛𝑖=1 𝑞∗𝑖 .
Proof. The first derivative of (17), w.r.t. 𝑠𝑖, is

𝐹(𝑞∗𝑖𝛼𝑖 ) + (𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑠𝑖 = 1, (19)

that is

(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑠𝑖 = 1 − 𝐹(𝑞∗𝑖𝛼𝑖 ) . (20)

In (20), the right side is 1 − 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, the left 𝑝𝑖 +𝑠𝑖 − 𝑝ℎ > 0,𝛼𝑖 > 0, and 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, so we get 𝜕𝑞∗𝑖 /𝜕𝑠𝑖 > 0,
and then (𝜕∑𝑛𝑖=1 𝑞∗𝑖 )/𝜕𝑠𝑖 = 𝜕𝑞∗𝑖 /𝜕𝑠𝑖 > 0, which proves that 𝑞∗𝑖
and ∑𝑛𝑖=1 𝑞∗𝑖 increase with the increase in 𝑠𝑖. This completes
the proof.

Corollary 6. When 𝑝𝑖, c, and 𝑠𝑖 are fixed, 𝑞∗𝑖 increases with
the increase in 𝑝ℎ, and so does ∑𝑛𝑖=1 𝑞∗𝑖 .
Proof. The first derivative of (17), w.r.t. 𝑝ℎ, is

−𝐹(𝑞∗𝑖𝛼𝑖 ) + (𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑝ℎ = 0, (21)

that is

(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑠𝑖 = 𝐹(𝑞∗𝑖𝛼𝑖 ) . (22)
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In (22), the right side 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, the left 𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ >0, 𝛼𝑖 > 0, and 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, so we get 𝜕𝑞∗𝑖 /𝜕𝑝ℎ > 0 and(𝜕∑𝑛𝑖=1 𝑞∗𝑖 )/𝜕𝑝ℎ = 𝜕𝑞∗𝑖 /𝜕𝑝ℎ > 0, which proves that 𝑞∗𝑖 and∑𝑛𝑖=1 𝑞∗𝑖 increase with the increase in 𝑝ℎ. This completes the
proof.

Corollary 7. When c, 𝑠𝑖, and 𝑝ℎ are fixed, 𝑞∗𝑖 increases with
the increase in 𝑝𝑖, and so does ∑𝑛𝑖=1 𝑞∗𝑖 .
Proof. The first derivative of (17), w.r.t. 𝑝𝑖, is

𝐹(𝑞∗𝑖𝛼𝑖 ) + (𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑝𝑖 = 1, (23)

that is

(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑝𝑖 = 1 − 𝐹(𝑞∗𝑖𝛼𝑖 ) . (24)

In (24), the right side 1 − 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, the left 𝑝𝑖 + 𝑠𝑖 −𝑝ℎ > 0, 𝛼𝑖 > 0, and 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, so we get 𝜕𝑞∗𝑖 /𝜕𝑝𝑖 > 0
and (𝜕∑𝑛𝑖=1 𝑞∗𝑖 )/𝜕𝑝𝑖 = 𝜕𝑞∗𝑖 /𝜕𝑝𝑖 > 0, which proves that 𝑞∗𝑖 and∑𝑛𝑖=1 𝑞∗𝑖 increase with the increase in 𝑝𝑖. This completes the
proof.

Corollary 8. When 𝑝1, c, 𝑠𝑖, and ph are fixed, we have two
cases: when n>1 and i>1, 𝑞∗𝑖 decreases with the increase in 𝑑;
when i=1, 𝑞∗𝑖 is unrelated to 𝑑. Therefore, when n>1 (i.e., MRPS
is adopted),∑𝑛𝑖=1 𝑞∗𝑖 decreases with the increase in d; when n=1
(i.e., SRPS is adopted), 𝑞∗1 is the optimal total order quantity,
and it is unrelated to d.

Proof. With 𝑝𝑖 = (1 − (𝑖 − 1)𝑑)𝑝1 and (17), we get

[(1 − (𝑖 − 1) 𝑑) 𝑝1 + 𝑠𝑖 − 𝑝ℎ] 𝐹 (𝑞∗𝑖𝛼𝑖 )
= (1 − (𝑖 − 1) 𝑑) 𝑝1 + 𝑠𝑖 − 𝑐 + 𝜆∗.

(25)

The first derivative of (25) w.r.t. d is

− (𝑖 − 1) 𝑝1𝐹(𝑞∗𝑖𝛼𝑖 )
+ [(1 − (𝑖 − 1) 𝑑) 𝑝1 + 𝑠𝑖 − 𝑝ℎ] 𝐹 (𝑞∗𝑖𝛼𝑖 )

1𝛼𝑖
𝜕𝑞∗𝑖𝜕𝑑

= − (𝑖 − 1) 𝑝1,
(26)

that is

[(1 − (𝑖 − 1) 𝑑) 𝑝1 + 𝑠𝑖 − 𝑝ℎ] 𝐹 (𝑞∗𝑖𝛼𝑖 )
1𝛼𝑖

𝜕𝑞∗𝑖𝜕𝑑
= − (𝑖 − 1) 𝑝1 [1 − 𝐹(𝑞∗𝑖𝛼𝑖 )] .

(27)

When n>1 and i>1, the right side of (27) −(𝑖 − 1)𝑝1[1 −𝐹(𝑞∗𝑖 /𝛼𝑖)] < 0, and the left side (1 − (𝑖 − 1)𝑑)𝑝1 + 𝑠𝑖 − 𝑝ℎ =𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ > 0, 𝛼𝑖 > 0, 𝐹(𝑞∗𝑖 /𝛼𝑖) > 0, so we get 𝜕𝑞∗𝑖 /𝜕𝑑 < 0,

which proves that 𝑞∗𝑖 decreases with the increase in d when
n>1 and i>1.

When i=1, (9) becomes 𝑞∗1 = 𝛼1𝐹−1((𝑝1+𝑠1−𝑐+𝜆∗)/(𝑝1+𝑠1 − 𝑝ℎ)), where d is not found, so 𝑞∗1 is unrelated to d.
When n>1, (𝜕∑𝑛𝑖=1 𝑞∗𝑖 )/𝜕𝑑 = 𝜕𝑞∗𝑖 /𝜕𝑑 < 0; when n=1, 𝑞∗1 is

the optimal total order quantity, and it is unrelated to d. This
completes the proof.

4. MRPS Algorithm

To solve the retailer MRPS ordering problem with order
quantity constraint, 𝜆∗ should be first found. The MRPS
algorithm is proposed to find the approximate optimal value
of Lagrangian multiplier �̃�∗ after which the approximate
optimal total order quantity 𝑄∗ is solved.

The step-by-step procedure of MRPS algorithm is given
as follows.

Initialization. Set the initial value of the parameters (see
Section 5.1).

Step 1. Determine the interval range of Lagrangianmultiplier𝜆. Set 𝜆𝑚𝑖𝑛 = 𝑚𝑎𝑥𝑖{𝑐 − 𝑝𝑖 − 𝑠𝑖} and 𝜆𝑚𝑎𝑥 = 𝑐 − 𝑝ℎ; then𝜆𝑚𝑖𝑛 ≤ 𝜆 < 𝜆𝑚𝑎𝑥.
Step 2. TakeM values in the interval range of 𝜆 uniformly. Set
�𝜆 = (𝜆𝑚𝑎𝑥 − 𝜆𝑚𝑖𝑛)/(𝑀 + 1); the range of 𝜆 is divided into𝑀 + 1 intervals with the length of �𝜆, and the value of 𝜆(𝑘) is𝜆𝑚𝑖𝑛 + 𝑘Δ𝜆, 𝑘 = 1, 2, . . . ,𝑀.

Step 3. Substitute 𝜆(𝑘) into (8) to calculate 𝑞(𝑘)𝑖 , where 𝑖 =1, 2, . . . , 𝑛, 𝑘 = 1, 2, . . . ,𝑀; then calculate ∑𝑛𝑖=1 𝑞(𝑘)𝑖 , where𝑘 = 1, 2, . . . ,𝑀.

Step 4. Determine the approximate optimal value of
Lagrangian multiplier �̃�∗. Find ∑𝑛𝑖=1 𝑞(𝑘∗)𝑖 which is closest to
𝑄0; that is, |𝑄0 − ∑𝑛𝑖=1 𝑞(𝑘∗)𝑖 | = 𝑚𝑖𝑛𝑘|𝑄0 − ∑𝑛𝑖=1 𝑞(𝑘)𝑖 |, where
𝑘 = 1, 2, . . . ,𝑀; then �̃�∗ = 𝜆(𝑘∗)
Step 5. Calculate the approximate optimal total order quan-
tity 𝑄∗ and the corresponding expected profit 𝐸∗ for the
retailer under the order quantity constraint. Comparing∑𝑛𝑖=1 𝑞(𝑘∗)𝑖 with 𝑄0, we have two cases.
Case 1. When ∑𝑛𝑖=1 𝑞(𝑘∗)𝑖 ≤ 𝑄0, the approximate optimal total
order quantity𝑄∗ is∑𝑛𝑖=1 𝑞(𝑘∗)𝑖 ; then substitute 𝑞(𝑘∗)𝑖 into (4) to
calculate the retailer’s expected profit 𝐸∗ = ∑𝑛𝑖=1 E[𝜋𝑖(𝑞(𝑘∗)𝑖 )].
Case 2. When ∑𝑛𝑖=1 𝑞(𝑘∗)𝑖 > 𝑄0, 𝑄0 should be taken as the
total order quantity, and as 𝑄0 usually satisfies ∑𝑛−𝑗𝑖=1 𝑞(𝑘∗)𝑖 <
𝑄0 < ∑𝑛−𝑗+1𝑖=1 𝑞(𝑘∗)𝑖 , where 𝑗 = 1, 2, . . . , 𝑛, then the retailer’s
expected profit is 𝐸∗ = ∑𝑛−𝑗𝑖=1 E[𝜋𝑖(𝑞(𝑘∗)𝑖 )] + E[𝜋𝑛−𝑗+1(𝑞(𝑘∗)𝑛−𝑗+1 −(∑𝑛−𝑗+1𝑖=1 𝑞(𝑘∗)𝑖 − 𝑄0))].

Examples are given in the next section to calculate the
optimal ordering strategy of retailers who adopt SRPS and
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MRPS, respectively, and to verify the validity of the extended
newsboy model.

5. Numerical Example

Take a real case of fruit stores as an example to illustrate the
optimal ordering strategy and expected profit for retailers
who sell the same product at one or multiple retail prices
simultaneously. The results with and without order quantity
constraint, applying SRPS or MRPS, are shown, respectively.
The effect of price discount coefficient and demand volatility
on retailer’s MRPS is analyzed through sensitivity analysis.

5.1. Case Description. Three fruit stores, A, B, and C, in Xihu
District, Hangzhou, are surveyed. They are similar in scale
and all locate near the open agriculture market with similar
population density but in different communities. The three
retailers adopt different pricing strategies to sell Quzhou
ponkan (a kind of orange commonly available in December,
also known as Chinese honey orange) of the same quality in
a package of 5kg per box: Retailer A adopts a SRPS of CNY 35
per box, Retailers B and C adopt MRPS, of which Retailer B
uses the prices strategy of CNY 35 per box and CNY 68 every
2 boxes, and Retailer C uses the prices strategy of CNY 35 per
box, CNY 68 every 2 boxes, and CNY 99 every 3 boxes. Then
we have 𝑝(1)=35, 𝑝(2)=(35,34), and 𝑝(3)=(35,34,33) to denote
the pricing strategies of RetailersA, B, andC, respectively, and
the price discount coefficient d = 1/35.

The daily sales data from December 17, 2017, to February
14, 2018, and from February 25, 2018, to March 31, 2018, is
collected. The missing days in February are in the Spring
Festival, the holiday, when stores are closed. The sales season
of Quzhou ponkan usually starts from every December and
finishes in April the next year. Due to the different beginning
and ending time of the three retailers here, our data only
cover the above period. Figure 1(a) shows daily sales volume
of Retailers A, B, and C and Figure 1(b) C’s daily sales volume
at each price.

Every 5 days, the three retailers place the order. It is found
that the sales volume for every ordering period approximately
obeys normal distribution with 𝜇(1)=406.42, 𝜎(1)=63.40;𝜇(2)=671.95, 𝜎(2)=81.24; and 𝜇(3)=768.74, 𝜎(3)=106.97. As per
the definition of the demand ratio 𝛼 in Section 3, it is easy
to get 𝛼(1)=1, 𝛼(2)=(0.29,0.71), and 𝛼(3)=(0.14,0.33,0.53). And
c(i)=15, 𝑝(𝑖)

ℎ
=5, and s(𝑖) = 𝑝(𝑖) − 𝑐(𝑖) are the order cost, the

disposed price, and shortage cost per box, respectively, and
𝑄(𝑖)0 = 700, where i =1,2,3, is the total order quantity for any
of the three retailers.

5.2. Optimal Ordering Strategy. M=100 is taken. The initial
values of all the parameters are shown in Section 5.1. The
MRPS algorithm in Section 4 is used to calculate the optimal
total order quantity and the expected profit of Retailers A, B,
and C. The corresponding results are illustrated in Figures 2
and 3, respectively.

When there is order quantity constraint, the approxi-
mate optimal Lagrangian multiplier �̃�∗, the abscissa value

corresponding to the order quantity closest to 𝑄0, is shown
in Figure 2, after which the retailer’s approximate optimal
total order quantity and expected profit are calculated and
shown using the MRPS algorithm. According to Theorem 3,
when 𝜆∗ = 0, the constrained problem degenerates into an
unconstrained problem and the expected profit is maximum
as shown in Figure 3 with the optimal total order quantity
in Figure 2. Table 3 shows the comparison between the
results with and without order quantity constraint, namely,
the specific values marked in Figures 2 and 3.

With MRPS, the order quantity and expected profit
increase considerably, which explains why retailers useMRPS
as frequently used discount strategy and verifies the effective-
ness of the extended newsboy model.

Observing the left and right ends of the total order
quantity curves in Figure 2 and the expected profit curves
in Figure 3, it is found that the retailer should not increase
or reduce the order quantity blindly. MRPS (n>1) is better
than SRPS (n=1). The incremental revenue brought by MRPS
to retailers gradually decreases with the increase in n in
the case without order quantity constraint; i.e., the expected
profit when n=2 is 63% higher than the expected profit when
n=1, while the expected profit when n=3 is only 8% higher
than the expected profit when n=2 as shown in Figure 3 and
Table 3. Therefore the retailer cannot blindly increase n to
increase revenue in the case with order quantity constraint.
In Figure 2, when n=2, 3, the optimal ordering strategies are
the same, both of which are𝑄0; however the expected profit is
the largest when n=2 as shown in Figure 3 and Table 3. Hence,
the retailer who sells the product at n different quantity-
discount prices simultaneously in the casewith order quantity
constraint should control n. In other words, a larger n does
not mean a better expected profit for the retailer. Therefore,
order quantity constraint has an effect on the retailer’s choice
of MRPS.

Note. In Figures 2 and 3, ‰ represents the approximate
optimal total order quantity and expected profit correspond-
ing to �̃�∗ with order quantity constraint; ◼ represents the
optimal total order quantity and expected profit without
order quantity constraint.

From Table 3, it is found that the expected profit without
order quantity constraint is more than that with order
quantity constraint, which is easy to understand: when n=1
(i.e., Retailer A adopts SRPS), the risk of excessive orders
increases, while the loss due to shortage is reduced which is
not sufficient to compensate for the losses caused by excessive
orders, thus resulting in a decrease in the expected profit;
when n>1 (i.e., Retailers B and C adopt MRPS), the risk of
shortage increases, while the loss due to excessive order is
reduced, a reduction which is not enough to make up for the
increase in shortage loss, thus resulting in a decrease in the
expected profit.

The difference in retailer’s optimal ordering strategy
betweenwith andwithout order quantity constraint is further
explained by Lagrangian multiplier. The Lagrangian multi-
plier can reflect the effect of changes in order quantity con-
straint on the retailer’s optimal total order quantity; therefore,



Discrete Dynamics in Nature and Society 9

0 10 20 30 40 50 60 70 80 90 100
0

50

100

150

200

250

300

Day

Sa
le

s V
ol

um
e

Retailer A(n=1)
Retailer B(n=2)
Retailer C(n=3)

(a) Daily sales volume

0 10 20 30 40 50 60 70 80 90 100
0

50

100

150

200

Day

Sa
le

s v
ol

um
e

Ｊ1

Ｊ2

Ｊ3

(b) Daily sales volumes at each price

Figure 1

−40 −30 −20 −10 0 10
200

300

400

500

600

700

800

900

1000

1100

Lagrange Multiplier 

To
ta

l O
rd

er
 Q

ua
nt

ity

n=1
n=2
n=3

Figure 2: Retailer’s total order quantity.

change in 𝜆∗ can reflect the change in the retailer’s optimal
ordering strategy in the case with order quantity constraint.
As illustrated in Figure 2, when n=1, the approximate optimal
value of Lagrangian multiplier �̃�∗ is at the right end of the
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Figure 3: Retailer’s expected profit.

total order quantity curve, and the approximate optimal total
order quantity is much larger than that without the order
quantity constraint; when n=2, �̃�∗ is on the left side of the
zero, and the approximate optimal total order quantity is
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smaller than that without order quantity constraint; when
n=3, �̃�∗ is close to the left endof the total order quantity curve,
and the approximate optimal total order quantity is much
smaller than the case without the order quantity constraint.
Therefore, the order quantity constraint has a significant
effect on the retailer’s optimal ordering strategy.

5.3. Sensitivity Analysis. Theunit sales price 𝑝𝑖 is greater than
the unit ordering cost c, so we get 0 < (𝑝𝑖 − 𝑐)/𝑝𝑖 < 1.
According to the proof of Theorem 2, we have 0 ≤ (𝑝𝑖 + 𝑠𝑖 −𝑐 + 𝜆)/(𝑝𝑖 + 𝑠𝑖 − 𝑝ℎ) < 1.

The purpose of the retailer adopting MRPS is to increase
sales and gain more profit, when 𝑖 < 𝑗 and 𝑝𝑖 > 𝑝𝑗, but
the retailer’s profit selling j unit products at the favorable
price 𝑝𝑗 is less than that selling i unit products at 𝑝𝑖; i.e.,𝑖(𝑝𝑖 − 𝑐) ≤ 𝑗(𝑝𝑗 − 𝑐); otherwise, the retailer will not sell
products at the low price 𝑝𝑗. However, consumers want to
spend less and buy more. When 𝑖 < 𝑗 and 𝑝𝑖 > 𝑝𝑗, then the
consumer purchasing j units at a favorable price 𝑝𝑗 spends
more than that purchasing i units at a price 𝑝𝑖; i.e., 𝑖𝑝𝑖 ≤ 𝑗𝑝𝑗;
otherwise the demand at unit price 𝑝𝑖 is zero, and the retailer
will not gain any sales at the high price 𝑝𝑖.

In selling seasons, retailers usingMRPShave to determine
reasonable quantity discounts for the product, i.e., determine
price discount factor d, in order to increase sales and profits.
Meanwhile, retailers’ sales as well as profits are affected by
demand uncertainty (i.e., demand volatility). On the basis of
the above, we analyze the effect of price discount coefficient
and demand volatility on the retailer’s MRPS, respectively.

5.3.1. Effect of Price Discount Coefficient on the Retailer’s
MRPS. The sensitivity analysis is performed for d varying
from 0.01 to 0.14, as any d otherwise does not conform to the
reality described above. In this part of the study, it is assumed
the other parameters remain unchanged. Regardless of the
order quantity constraint, the expected profit of the retailer
corresponding to different discount coefficients is calculated,
as shown in Figures 4(a) and 4(b).

As illustrated in Figures 4(a) and 4(b), when n=1, the price
discount coefficient does not affect the expected profit.When
n>1, the price discount coefficient affects the expected profit;
as shown from each profit curve, the expected profit decreases
gradually with the increase in d.

When the retailer offers consumersmore favorable prices,
the results without the order quantity constraint are different
from that with order quantity constraint. Figure 4(a) shows
the increases in retailer’s expected profit with the increase
in n in the case without order quantity constraint. With the
increase in n, the expected profit of the retailer who adopts
MRPS increases significantly when the discount coefficient is
low. At the same time, the decrease in expected profit is more
obvious when the effect of discount coefficient on expected
profit increases with the increase in n, especially when n=3.
The expected profit curve when n=3 is below that when n=2
when the discount coefficient is high. Figure 4(b) shows that
in the case with order quantity constraint, when n≤2, the
retailer’s expected profit increases with the increase in n, and

when n=3, the expected profit curve is always below the one
when n=2.

The results show that no matter whether the order
quantity constraint exists, MRPS is superior to the SRPS. But
the effect of the price discount coefficient on the retailer’s
choice of MRPS is different depending on whether there is
an order quantity constraint. When there exists no order
quantity constraint, the retailer needs to determine n accord-
ing to the size of discount coefficient. In the condition with
order quantity constraint, the retailer should control n when
adopting MRPS.

5.3.2. Effect of Demand Volatility on the Retailer’s MRPS. The
standard deviation is always used to show the volatility of
demand. To better understand the effect of demand volatility
on the retailer’s MRPS, the standard deviation is set at 0.5 to
2.5 times of the initial standard deviation 𝜎(𝑖) in Section 5.1,
represented by 𝜎(𝑖)𝑚 , where 𝑖 = 1, 2, 3, 𝑚 = 1, 2, ⋅ ⋅ ⋅ , 5. In
this part of the study, it is assumed that the other parameters
remain unchanged.Then the optimal total order quantity and
the expected profit of the retailer corresponding to different
demand volatility under the conditionwith andwithout order
quantity constraint are calculated, with the corresponding
results shown in Tables 4(a), 4(b), 5(a), and 5(b).

The results illustrated in Tables 4(a) and 4(b) show,
respectively, that with the increase in demand volatility the
optimal total order quantity increases gradually when there
exists no order quantity constraint, and the approximate
optimal total order quantity increases gradually until the
total order quantity 𝑄0 is reached under the condition of
order quantity constraint. The results illustrated in Tables
5(a) and 5(b) show that the expected profit decreases with
the increase of demand volatility in both cases. Due to
demand uncertainty, the retailer might choose to increase
order quantity to cope with the possibility of an increase
in demand, and then the loss arising from excessive orders
may increase. However, shortage loss may increase if the
retailer’s optimal total order quantity reaches the condition of
order quantity constraint. As a result, the optimal total order
quantity and the approximate optimal total order quantity
increase but the expected profit decreases.

As shown in Tables 5(a) and 5(b), the expected profit
without order quantity constraint is the largest when n=3
and the expected profit with order quantity constraint is the
largest when n=2. Therefore, no matter whether an order
quantity constraint exists, the demand volatility does not
affect the retailer’s choice of MRPS. The expected profit
increases graduallywith the increase inn.The retailerwithout
order quantity constraint tends to chooseMRPS with a larger
n. Meanwhile, the retailer with order quantity constraint has
to control n when adopting MRPS.

6. Conclusion

With the above analysis, the following managerial inspira-
tions are drawn:

(1) The retailer’s optimal ordering strategy may not be
realized when the order quantity is constrained. To obtain
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Figure 4: Effect of discount coefficient on the retailer’s expected profit.

Table 4

(a) Optimal total order quantity without order quantity constraint when demand standard deviation increases

𝑛 Optimal total order
quantity of 𝜎(𝑖)1

Optimal total order
quantity of 𝜎(𝑖)2

Optimal total order
quantity of 𝜎(𝑖)3

Optimal total order
quantity of 𝜎(𝑖)4

Optimal total order
quantity of 𝜎(𝑖)5

1 433.10 459.78 486.46 513.14 539.82
2 705.29 738.63 771.97 805.30 838.64
3 811.52 854.30 897.07 939.85 982.63

(b) Approximate optimal total order quantity with order quantity constraint when demand standard deviation increases

𝑛 Approximate optimal
total order quantity of𝜎(𝑖)1

Approximate optimal
total order quantity of𝜎(𝑖)2

Approximate optimal
total order quantity of𝜎(𝑖)3

Approximate optimal
total order quantity of𝜎(𝑖)4

Approximate optimal
total order quantity of𝜎(𝑖)5

1 480.28 554.15 628.01 700.00 700.00
2 700.00 700.00 700.00 700.00 700.00
3 700.00 700.00 700.00 700.00 700.00

Table 5

(a) Expected profit without order quantity constraint when demand standard deviation increases

𝑛 Expected profit of 𝜎(𝑖)1 Expected profit of 𝜎(𝑖)2 Expected profit of 𝜎(𝑖)3 Expected profit of 𝜎(𝑖)4 Expected profit of 𝜎(𝑖)5
1 7684.66 7240.92 6797.16 6352.40 5903.54
2 12399.92 11837.93 11275.94 10713.89 10150.72
3 13574.96 12843.67 12112.37 11380.56 10644.38

(b) Expected profit with order quantity constraint when demand standard deviation increases

𝑛 Expected profit of 𝜎(𝑖)1 Expected profit of 𝜎(𝑖)2 Expected profit of 𝜎(𝑖)3 Expected profit of 𝜎(𝑖)4 Expected profit of 𝜎(𝑖)5
1 7384.45 6640.51 5896.53 5168.73 5083.21
2 12394.99 11695.56 10938.99 10167.57 9388.90
3 11634.22 10956.92 10078.31 9137.94 8170.12
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higher expected profit, the retailer needs to relax the budget.
When there exists no order quantity constraint, the retailer
who adoptsMRPS should choose a larger n. As order quantity
constraint has an effect on the choice of the retailer’s MRPS,
the retailer should choose a larger n but put it under control,
when an order quantity constraint exists.

(2) As the expected profit decreases gradually with the
increase in discount coefficient, when adopting MRPS, the
retailer should try their best to prevent the discount coeffi-
cient from being too high and make prudent decisions on
the discount coefficient to maintain a certain profit level. The
price discount coefficient has an effect on retailer’s choice
of MRPS when there is no order quantity constraint; thus
the retailer needs to consider discount coefficient and order
quantity constraint when deciding on the number of retail
prices.

(3) Because an inverse relationship exists between
demand volatility and expected profit, the retailer should
reduce the effect of demand volatility on the expected
profit through various methods, such as demand forecasting.
Furthermore, the demand volatility has no effect on retailer’s
choice ofMRPS in the case without order quantity constraint;
therefore the retailer does not need to consider demand
volatility when deciding the number of retail prices.

The above inspirations can provide a reference for the
realization of retailer’s optimal ordering strategy and profit
maximization. And further studies could cover the following
areas: different categories of products, consumer purchasing
tendency, transition probability, risk-averse retailer, etc.
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