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A B S T R A C T

Online retail pharmacies usually price their products differently from traditional drugstores.
Based on real-time consumer behaviors, this paper proposes a dynamic bundle pricing strategy
to maximize the pharmacy’s profit. Given free shipping thresholds and consumer budgets, we
propose a mixed-integer nonlinear programming model and a heuristic to sequentially price
customized bundles. We further conduct a numerical study using the data from a leading
e-pharmacy in China. Our computational results indicate that the proposed model not only
improves the e-pharmacy’s profit by attracting more customers but noticeably contributes to
consumer surplus. Through sensitivity analysis, our model is proved to be robust under various
scenarios.

. Introduction

Nowadays, shopping online has been welcomed by consumers all around the world, with global online sales predicted to exceed
4 trillion by 2020 (eMarketer, 2016). This trend makes online pharmacy, also called Internet pharmacy or e-pharmacy, become
ncreasingly popular worldwide. By 2023, the global online pharmacy market is estimated to reach around $128 billion (Statista,
018a) with a compound annual growth rate of 14.2% from the year 2018 to 2023 (Statista, 2018b). The development of online retail
harmacy (hereafter referred to as ‘‘e-pharmacy’’) in China has boomed these years. By April 2018, approximately 7500 pharmacy
utlets provided services on Ping An Good Doctor, China’s biggest online healthcare platform (Mordor Intelligence, 2018).

In practice, Internet retailers often motivate customers by adopting online recommendation systems (ORS). ORS recommend
roducts to customers based on customers’ online purchase behaviors, together with expert evaluations and analysis of prod-
ct/customer characteristics. They often provide consumers with product bundles at lower prices (Ansari et al., 2000; Bakos and
rynjolfsson, 2000). Those ORS are especially important for e-pharmacies since customers who purchase pharmaceutical products
eed more professional recommendations than any other categories. Different from products in other online retailer platforms,
harmaceutical products also have various relationships with each other (i.e. substitutes, independence and complements), and
arious combinations of drugs for different diseases intensify the importance of professional recommendations. However, there is a
imited number of research on e-pharmacy, this paper focuses on the e-pharmacy bundle pricing problem, which can not only satisfy
onsumers’ pharmaceutical recommendation needs but can also improve e-pharmacy’s profit and consumer surplus. Nowadays, ORS
as been put into use by some e-pharmacies, but their bundle prices had not been optimized yet. For example, when a customer
rowses a supplement containing NMN (a molecule that boosts NAD+ levels and supports cellular health), Amazon suggests other
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Fig. 1. E-pharmacy’s recommendation system and bundle pricing strategy.

products with similar features (see Fig. 1(a)). Besides, it also offers some prepared bundles and shows their bundle prices (see
Fig. 1(b)).

It is well known that customer preferences and product prices are the two main factors influencing consumers’ purchasing
decisions (Keeney, 1999). However, the current ORS tends to focus on a customer’s purchase history, and recommend relevant
products with little consideration on the profitability of Internet retailers or customer savings (Jiang et al., 2011). For example,
the most common way for Amazon is to offer customers to‘‘buy A and get B at an additional 10% off’’, where you only enjoy the
discounts if certain products are chosen. This phenomenon is also widely observed in online pharmacies, where the bundle sizes
and prices are predetermined and customers cannot create their own bundles.

In this paper, we propose an Interactive Bundle Pricing Strategy (IBPS) for e-pharmacies to optimally price their bundles.
Following Xu et al. (2022), to successfully apply this strategy to e-pharmacies, we create a novel heuristic for our nonlinear
mixed-integer programming model. Finally, we offer e-pharmacies an interactive pricing scheme that considers both free shipping
policy and customer budget and provides a customized price to maximize the profits of e-pharmacy, customers’ surplus also has
a remarkable improvement in response to the pricing scheme. According to Häubl and Trifts (2000), customers’ online shopping
behavior can be regarded as a multistage process in that customers browse products sequentially, add the ones they like to the
shipping cart, and delete some from it if they find better alternatives later. Meanwhile, the IBPS determines the bundle price of
each possible product combination in the shopping cart, and it also captures the real-time events of adding or deleting items in
the shipping cart to generate new bundle prices. Because the bundle price will be cheaper than the sum of the individually posted
prices shown on the e-pharmacy’s website, customers are encouraged to buy more products in one transaction.

Based on the data collected from a leading e-pharmacy in China (we henceforth refer to as company A) and through a numerical
study, we find that the proposed approach is a ‘‘win-win’’ strategy because the IBPS yields more profits for e-pharmacies and extra
surplus for customers. The contributions of the proposed IBPS are as follows:

(1) Most of the traditional strategies ignore customer surplus and the e-pharmacy’s profitability. For example, although Jiang
et al. (2011) consider the e-pharmacy’s profitability, they do not involve the maximization of consumer surplus. Our model considers
both, and we also incorporate the free shipping policy and consumer budget into the proposed IBPS.

(2) Different from the relevant literature that treats customers’ purchasing behavior as a buy-or-not-buy one-stage decision
process, our model provides real-time bundle prices and allows customers to explore as many times as they wish in terms of the
number and variety of products.

(3) Our model and the corresponding heuristic developed in this paper contribute to the implementation of online pricing, which
helps e-pharmacies obtain near-optimal solutions efficiently that match the real-time interactive environment.

The remainder of this article is organized as follows. In Section 2, we review the relevant literature. In Section 3, we propose a
nonlinear mixed-integer programming model and a heuristic to solve it. Numerical results and sensitivity analysis are conducted in
Sections 4 and 5, respectively, followed by conclusions and further research.

2. Literature review

Our research belongs to the stream of price discrimination, which has been widely adopted in several industries. Tthere are three
degrees of price discrimination. The first degree is based on consumer identification. Although the online shopping environment
2
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provides the most convenient way for this price discrimination, Internet retailers would not adopt it since it may be discordant
with current views on privacy. Second-degree price discrimination relies on product versions or quantities, which is a relatively
common acceptable method. For example, consumers usually enjoy a big discount when they purchase mobile phones together
with service plans (Yang and Ng, 2010), and strategic consumers can harm the profits of firms by purchasing their products
until a discounted price occurs (Farshbaf-Geranmayeh and Zaccour, 2021). Another publicly acceptable practice, i.e., third-degree
price discrimination, separates the market into segments based on observable group characteristics, e.g., hotels usually divide
their customer groups into business class and leisure class. All those degrees of price discrimination have been well studied in
the literature. For example, Spulber (1979) studies first-degree price discrimination, and finds that marginal cost pricing strategy
contributes to the social welfare. Armstrong and Vickers (2001) shows that the adoption of third-degree price discrimination will
improve the retailer’s profit when the shipping cost is infinitely close to zero. He and Chen (2018) investigate the optimal pricing
strategies for a platform when consumer reviews occur. Xiao et al. (2020) compare the conventional differential price strategy with
the uniform price strategy. In our model, we consider the bundling strategy that is one of the most commonly used second-degree
price discrimination methods.

Our research is on a bundle pricing problem based on online retailers. Internet retailers usually adopt price discrimination across
ustomers or products by dynamically updating the posted prices or by offering quantity discounts. Bundling strategy is commonly
sed by Internet retailers to provide a discount when two or more products are sold together (Lin et al., 2020). Indeed, bundling can
lso be used as a strategic tool for the inventory-control purpose to bundle a popular product with a less popular one (Gökgür and
arabati, 2019). Actually, the practice of bundling can be regarded as one of second-degree discrimination (Kannan and Praveen,
001). For example, Stigler (1963) observes that bundling can increase sellers’ profits when consumers’ reservation prices for two
oods are negatively correlated, Salinger (1995) finds that under certain circumstances even positively correlated reservation prices
ay increase the incentive to bundle. The bundle pricing problem for more than two goods is considerably more challenging,

nd often considers three forms: pure component (only individual products), pure bundling (only bundle), and mixed bundling
individual and bundle) (Adams and Yellen, 1976; Stremersch and Tellis, 2002). Bakos and Brynjolfsson (1999) show that pure
undling is optimal when marginal costs are negligible and consumer valuations are independently distributed. Chung and Rao
2003) also focus on the pure bundling case and develop a product attribute model of consumer utility for bundling. When product
alues may be related, Jedidi et al. (2003) study the corresponding bundling strategies and find that a uniformly high-price strategy
s optimal when the heterogeneity is high. In terms of mixed bundling, Chuang and Sirbu (1999) show that mixed bundling can
ominate either pure bundling or individual sale alone for digital information goods. Bhargava (2013) further calculates the exact
nalytical solution for mixed bundling strategy of two information goods. Bajwa et al. (2016) incorporate capacity constraints,
etup costs, and dynamic demand in multiple products’ pricing problem. Honhon and Pan (2017) study mixed bundling strategy
o maximize a firm’s profit when its products are vertically differentiated. Zhou (2021) proposes a framework to study competitive
ixed bundling with an arbitrary number of firms. In our model, we introduce a mixed bundling model and aim to improve customer

atisfaction and the e-pharmacy’s profit by optimizing the price for each bundle. In particular, we allow customers to interactively
elect the products of their choice, and provide them with a dynamic price menu in real-time.

The complexity of the bundling problem grows exponentially as more and more factors are taken into consideration, such as
imited capacities (Banciu et al., 2010), different channels (Cao et al., 2022), reservation price (Hanson and Martin, 1990; Chung and
ao, 2003; Wu et al., 2008; Lee and Sarkar, 2017), shipping cost (Sahay et al., 2015), budget constraint (Ansari et al., 1996; Zhang
t al., 2014), and cost ratio (Jiang et al., 2011). In the past, researchers provide a general structure for solving simple bundling
roblems in closed form by mathematical method (Armstrong, 1996; Rochet and Choné, 1998; Giri et al., 2017). However, due to
he increase in product variety and influence factors, it is difficult to solve complex bundling problems analytically. An alternative
pproach is to solve the problem directly using numerical methods. Hanson and Martin (1990) propose a mixed-integer programming
odel and bundle pricing algorithm to determine the optimal bundling strategy. By using empirical tests, Chung and Rao (2003)
evelop a product attribute model to generate market segments and optimal bundle prices. Xue et al. (2016) further study the
ricing strategies for personalized product bundles through an empirical approach, with respect to the factors of bundle features and
onsumer attributes. Mayer et al. (2013) adopt a simulation-based approach and develop a VNS-based metaheuristic to solve mixed
undling problem with capacity constraints. Cataldo and Ferrer (2016) develop a mixed-integer nonlinear program and a novel two-
hase solution approach to generate the optimal bundles. Considering complementary products, Taleizadeh et al. (2017) develop an
ntegrated pricing inventory model and propose an algorithm to solve this problem. Zhang et al. (2023) use numerical analysis to
ptimize mixed bundle pricing strategy considering consumer regret. In our mixed bundling model, we consider reservation price,
hipping cost, free shipping policy, and consumer budget. Moreover, we propose a heuristic solution approach to optimize each
undle price efficiently.

. The bundling and pricing model

.1. Problem description and model assumptions

In this section, we formulate the IBPS problem as a nonlinear mixed-integer programming model for e-pharmacies. The model
s developed from the seller’s perspective. Given that customers are allowed to choose any number of goods to form personalized
undles, how to price these bundles in real-time to maximize the total profit of the e-pharmacy, subject to a set of consumer
articipation and incentive compatibility constraints? Following Stigler (1963), we first assume that consumer demand information
3

s captured by a vector of reservation prices of the items that go into a bundle. We also assume that consumers maximize their
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Fig. 2. Timing of the IBPS model.

Table 1
The nominations.

Nomination Descriptions

𝐼 Product index denotes the 𝑖th product
𝐽 Customer index denotes the 𝑗th customer
𝐾 Bundle index denotes the 𝑘th bundle
𝑆 Scenario index denotes the 𝑠th scenario
𝑛 The number of products the e-pharmacy sells
𝑚 The number of potential customers in market
𝑐𝑖 Cost of the 𝑖th product
𝑤𝑖 Posted price of the 𝑖th product
𝑥𝑖,𝑘 A binary that shows whether the 𝑘th bundle includes the 𝑖th product
𝑮𝑘 The vector of the 𝑘th bundle
𝑓𝑘 Shipping cost of the 𝑘th bundle
𝑏𝑗 Budget constraint of the 𝑗th customer
𝑹𝑠

𝑗 The vector of consumer 𝑗’s reservation prices for all products under scenario 𝑠
𝑟𝑠𝑗,𝑖 Reservation price for the 𝑖th product of the 𝑗th customer under scenario 𝑠
𝐿0 free shipping threshold level
𝑆𝑠
𝑗,𝑘 Consumer surplus of the 𝑘th bundle to the 𝑗th customer under scenario 𝑠

𝑘𝑠𝑗 Bundle 𝑘 as customer 𝑗’s optimal bundle decision under scenario 𝑠
𝑋𝑠

𝑘 Posted price of the 𝑘th bundle under scenario 𝑠
𝑮𝑘𝑗 The best bundle the 𝑗th customer chooses at last
𝐼𝑠
𝑘 A binary that shows whether customer pay the shipping fees when bundle 𝑘 is chosen under scenario 𝑠
𝑦𝑠𝑗,𝑘 A binary that shows whether customer 𝑗 chooses the optimal bundle 𝑘 under scenario 𝑠

surplus based on the difference between the total reservation prices for items in a bundle and the posted price they pay. The seller
has to account for consumers’ optimal choice behavior given their preferences and the reservation prices for product offerings, which
appears as constraints in the seller’s optimization problem. Fig. 2 illustrates the sequence of our model.

Before delving into the model, we outline several assumptions related to the process of consumers buying medicines online.
irstly, we assume that customers are rational in their purchasing decision, and prioritize the highest consumer surplus — which
s the difference between the reservation price and the posted price. We estimate the reservation price of a bundle by summing up
he reservation prices of individual items in the bundle, as proposed by Jiang et al. (2011). To determine the reservation prices
f consumers, we can use various practical methods, such as Wertenbroch and Skiera (2002), Jedidi et al. (2003) and Bitran and
errer (2007). Additionally, we assume that each customer has a unique budget, which can be estimated based on their past purchase
istory using sales data, as suggested by Ulkumen et al. (2008). These budgets will limit their purchasing power. From the perspective
f e-pharmacy, we assume that free shipping is provided if a customer’s order meets or exceeds a specified threshold, denoted by
0 and that orders will not be split into multiple sub-orders. Finally, we assume that the e-pharmacy adopts second-degree price
iscrimination, whereby customers receive a discount when they purchase more, resulting in the price of a bundle being lower than
he sum of the posted prices of the individual sub-bundles.

.2. The interactive bundle pricing systems

Here we consider an e-pharmacy that sells 𝑛 products through an online website to 𝑚 potential customers. Each customer demands
at most one unit of each good. The costs of the products are defined as a vector 𝑪 =

(

𝑐1 𝑐2 ⋯ 𝑐𝑛
)

, where 𝑐𝑖(𝑖 = 1, 2,… , 𝑛)
represents the unit cost of the 𝑖th item. The posted prices of the products are defined as a vector 𝑾 =

(

𝑤1 𝑤2 ⋯ 𝑤𝑛
)

, where
𝑤𝑖(𝑖 = 1, 2,… , 𝑛) is the corresponding posted price of the 𝑖th item. These 𝑛 products make up 2𝑛 different bundles 𝑘, 𝑘 = 1, 2,… , 2𝑛.
We use a binary vector to define this sequence, i.e., 𝑮𝑘 =

(

𝑥1,𝑘 𝑥2,𝑘 ⋯ 𝑥𝑛,𝑘
)

, where 𝑥𝑖,𝑘 is a binary variable that 𝑥𝑖,𝑘 = 1 if the
customer chooses the 𝑖th item and 𝑥𝑘𝑖 = 0 otherwise. Thus, the cost of the 𝑘th bundle is 𝑪 ⋅ 𝑮𝑇

𝑘 . Let 𝑓𝑘 as the shipping cost of the
𝑘th bundle, and 𝑏 (𝑗 = 1, 2,… , 𝑚) as the budget constraint of the 𝑗th customer. The notations are summarized in Table 1.
4
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In this paper, customers’ reservation prices are stochastic factors, a common method is to use scenarios to represent the
ncertainty since stochastic factors are really hard to be applied in computational process. We follow Hu and Hu (2016) to use

scenarios to represent customer 𝑗’s reservation price. The reservation prices of the products under scenario 𝑠 are defined as
vector 𝑹𝑠

𝑗 =
(

𝑟𝑠𝑗,1 𝑟𝑠𝑗,2 ⋯ 𝑟𝑠𝑗,𝑛
)

, where 𝑟𝑠𝑗,𝑖 is the reservation price of the 𝑗th customer for the 𝑖th product under scenario 𝑠.

𝑅𝑗 =
{

𝑅1
𝑗 , 𝑅

2
𝑗 ,… , 𝑅𝑠

𝑗

}

with each scenario’s probability to be 𝑃𝑟𝑜𝑏(𝑅𝑠
𝑗 ) = 𝑝𝑠. Therefore, every scenario is a discrete value of reservation

price for customer 𝑗, and discrete values with their corresponding probabilities can be generated to represent continuous distribution.
The stochastic programming model is formulated as follows:

Under scenario 𝑠, the e-pharmacy decides the posted price 𝑋𝑠
𝑘 of bundle 𝑘 chosen by the customer. In particular, 𝑋𝑠

1 = 0 represents
that the shopping cart of the customer is empty, and 𝑋𝑠

𝑖+1 = 𝑤𝑖 refers to the customer who only selects the 𝑖 th item into the shopping
cart, and the recommend price is the posted price of this item. Like most e-pharmacies do, such as Ali Health, they operate the online
business under the free shipping policy that the shipment cost is covered by the e-pharmacy if the total sale of a consumer is above
a certain threshold 𝐿0. Therefore, we denote 𝑆𝑠

𝑗,𝑘 as the surplus for customer 𝑗 of bundle 𝑘 in scenario 𝑠.

𝑆𝑠
𝑗,𝑘 =

{

𝑅𝑠
𝑗 ⋅𝑮

𝑇
𝑘 −𝑋𝑠

𝑘 − 𝑓𝑘 ⋅ 𝐼𝑠𝑘 , 𝑋𝑠
𝑘 + 𝑓𝑘 ⋅ 𝐼𝑠𝑘 ≤ 𝑏𝑗

0, 𝑋𝑠
𝑘 + 𝑓𝑘 ⋅ 𝐼𝑠𝑘 > 𝑏𝑗 .

(1)

where 𝐼𝑠𝑘 is an indicator function that 𝐼𝑠𝑘 = 1 if 𝑋𝑠
𝑘 < 𝐿0 and 𝐼𝑠𝑘 = 0 otherwise. If the total spending of the product set excesses

customer 𝑗’s budget, we defined 𝑆𝑠
𝑗,𝑘 to be 0 because of the negative consumer surplus. This assumption guarantees that customers

prefer the option of buying nothing rather than the option that the total spending is above the budget. The e-pharmacy pays the
shipment cost 𝑓𝑘 if the posted price 𝑋𝑠

𝑘 is larger than 𝐿0, where 𝐿0 is defined as the free-shipment threshold. We denote 𝑘𝑠𝑗 as the
optimal bundle decision of customer 𝑗 chooses bundle 𝑘, then we have

𝑘𝑠𝑗 =

⎧

⎪

⎨

⎪

⎩

arg max
𝑘

{𝑆𝑠
𝑗,𝑘}, max

𝑘
{𝑆𝑠

𝑗,𝑘} ≥ 0

1, max
𝑘

{𝑆𝑠
𝑗,𝑘} < 0.

(2)

The e-pharmacy takes into account the customer reservation price, customer budget and product data, and obtains the optimal
osted prices of each bundle that maximizes the total profit given by Eq. (3).

max
𝑋𝑠
𝑘 ,𝑦

𝑠
𝑗,𝑘 ,𝐼

𝑠
𝑘

𝑆
∑

𝑠=1
𝑝𝑠 ⋅

{ 𝑚
∑

𝑗=1

2𝑛
∑

𝑘=1
𝑦𝑠𝑗,𝑘

[

𝑋𝑠
𝑘 − 𝑪 ⋅𝑮𝑇

𝑘 − 𝑓𝑘 ⋅ (1 − 𝐼𝑠𝑘)
]

}

(3)

s.t. 𝑪 ⋅𝑮𝑇
𝑘 ≤ 𝑋𝑠

𝑘,∀𝑘, 𝑠 (4)

𝑋𝑠
𝑘 ≥ 𝑋𝑠

𝑎 −𝑋𝑠
𝑏 , 𝑎, 𝑏 = {𝑎, 𝑏|𝑮𝑎 −𝑮𝑏 = 𝑮𝑘},∀𝑘, 𝑎, 𝑏, 𝑠 (5)

𝐼𝑠𝑘 = 0 𝑜𝑟 1,∀𝑘, 𝑠 (6)

𝑦𝑠𝑗,𝑘 = 0 𝑜𝑟 1,∀𝑘, 𝑗, 𝑠 (7)

The above constraints are explained as follows. Constraints (4) demonstrates that the sum of the costs of the bundled products
should be less than the sum of the corresponding posted prices. Constraints (5) indicates that the posted price of each bundle should
not exceed the total posted prices of the sub-bundles. That means, if customers split a bundle into several sub-bundles, the sum of
all sub-bundles’ posted prices is greater than the original bundle’s posted price. Finally, there are two binary variables in the model,
i.e., Constraints (6) and (7), where 𝐼𝑠𝑘 equals 1 means the customer needs to pay the shipping fee if bundle 𝑘 is chosen, and 𝑦𝑠𝑗,𝑘
equals 1 means the customer 𝑗 decides to buy bundle 𝑘.

As more products are added to the product list, the number of bundles grows exponentially, which makes the model hard to
solve. To handle this large-scale case, we propose a heuristic algorithm based on Constraints (5), that we can calculate the optimal
price of each bundle more efficiently from the larger bundle to the smaller one because each small bundle can be viewed as the
subset of the large one, thus the upper and lower bound of each small bundle can be narrowed according to Constraints (5), and
we describe our heuristic steps in detail in Section 3.3, also we prove that our heuristic can improve e-pharmacy’s profit by 9.97%
and improve consumer surplus by 32.64% in Table 5, in Section 4.2.

3.3. Heuristic algorithm

In the IBPS model, the e-pharmacy makes decision to maximize the total profit, while consumers choose bundles that maximize
their own surplus. In this section, we propose a heuristic solution approach to optimize the price of each bundle. Note that the
posted prices of bundles that contain only one product are not optimized and are equal to the posted price of the single product.
For each scenario 𝑠, the optimization process is in the order of large bundles to small bundles is presented as follows.

Step 1. Divide all the bundles, 𝑘 = 1, 2⋯ , 2𝑛, into three groups:

Group 1: 𝑮1 is the vector of bundle with no product;
5

Group 2: 𝑮2,𝑮3,… ,𝑮𝑛+1 is the vector of bundles which contain only one product;
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Group 3: 𝑮𝑛+2,𝑮𝑛+3,… ,𝑮2𝑛 is the vector of bundles that contain multiple products.

We only need to calculate bundle price in Group 3 whose bundles have multiple products.
Step 2 For each bundle 𝑘, sum the posted prices and costs of all products within the bundle as the upper and lower bounds of the

initial posted price, referred to as 𝑈𝑘 and 𝐿(1)
𝑘 , respectively. Initialize the posted bundle price to the upper bound of the initial

posted price, i.e., 𝑋𝑠
𝑘 = 𝑈𝑘.

Step 3 Keep the posted prices of Group 2 constant, while optimizing the posted prices of Group 3 starting from 𝑘 = 2𝑛.
Step 4 Under budget 𝐵𝑗 , each consumer chooses a bundle considering products’ reservation prices, bundles’ posted prices, and

shipping fee which will generate the highest surplus, and then calculate the initial e-pharmacy’s profit, referred to as 𝛱 ′.
Step 5 Find all the pairs (𝑮𝑎,𝑮𝑏) which fit 𝑮𝑎 − 𝑮𝑏 = 𝑮𝑘. Get a new lower bound for bundle 𝑘, referred to as 𝐿(2)

𝑘 = 𝑚𝑎𝑥{𝑋𝑠
𝑎 −

𝑋𝑠
𝑏 |𝑮𝑎 −𝑮𝑏 = 𝑮𝑘}, which can sufficiently narrow the gap between the upper bound and lower bound.

Step 6 Set the lower bound price of bundle 𝑘 as 𝐿𝑘 = 𝑚𝑎𝑥{𝐿(1)
𝑘 , 𝐿(2)

𝑘 }.
Step 7 Reduce the 𝑘th bundle price by a small reduction step 𝛥𝑤, i.e., 𝑋𝑠

𝑘 = 𝑋𝑠
𝑘 − 𝛥𝑤.

Step 8 Under budget 𝐵𝑗 , each consumer then selects a bundle under each 𝑋𝑠
𝑘 with the highest surplus as Step 4 does, and calculate

the new total profit 𝛱 .
Step 9 Observe the posted price of bundle 𝑘, which contains two cases:

Case 1: The posted bundle price is larger than the lower bound, i.e., 𝑋𝑠
𝑘 > 𝐿𝑠

𝑘. If 𝛱 > 𝛱 ′, reset profit 𝛱 ′ as 𝛱 and posted
price 𝑋𝑠′

𝑘 as 𝑋𝑠
𝑘, and keep profit 𝛱 ′ and posted price 𝑋𝑠′

𝑘 unchanged otherwise. Go back to Step 7;
Case 2: The posted bundle price is less than or equal to the lower bound, i.e., 𝑋𝑠

𝑘 ≤ 𝐿𝑘. Turn to Step 10 if 𝑘 = 𝑛 + 2, and
set 𝑘 = 𝑘 − 1 and go back to Step 5 otherwise.

tep 10. Output the optimal profit 𝛱 ′ and the optimal posted price set
{

𝑋′
1,𝑠, 𝑋

′
2,𝑠,… , 𝑋′

2𝑛 ,𝑠

}

.

Instead of starting with bundles containing a small number of products, we calculate bundle prices in an opposite way. In Step
, the larger bundle can be divided into several smaller bundles, which can narrow the gap between the upper bound and lower
ound for each smaller bundle, thus saving calculation time considerably. In our numerical test, our heuristic algorithm can save at
east half of the calculation time compared with that of the traditional method, and as the bundles grow larger, the more calculation
ime it can save.

The reduction step is the key factor that will influence the performance of the heuristic algorithm, when the reduction step
s relatively low, the heuristic can find better solutions but also need longer computation time, thus it is important to balance the
fficiency and effectiveness by choosing a suitable reduction step. In our paper, we set the reduction step to 0.1 to get a near-optimal
olution, which can efficiently improve e-pharmacy’s profit by 9.97% and improve consumer surplus by 32.64%.

.4. The performance of the heuristic

To explore the performance of the algorithm, we then study the upper and lower bounds of the algorithm. The proposed heuristic
lgorithm aims to maximize the profit of the e-pharmacy by iteratively testing the optimal bundle prices of each bundle in a finite
umber of steps. In cases where the algorithm does not optimize the bundle price, the posted price of each bundle is calculated
ased on the posted prices of its individual products. This yields a lower bound for the model, which serves as a benchmark for
ubsequent numerical studies. The benchmark is a special case of our model, which does not consider the existence of bundles. The
odel can be formulated as follows:

max
𝑦𝑠𝑗,𝑘 ,𝐼

𝑠
𝑘

𝑆
∑

𝑠=1
𝑝𝑠 ⋅

{ 𝑚
∑

𝑗=1

2𝑛
∑

𝑘=1
𝑦𝑠𝑗,𝑘

[

(𝑾 − 𝑪) ⋅𝑮𝑇
𝑘 − 𝑓𝑘 ⋅ (1 − 𝐼𝑠𝑘)

]

}

(8)

s.t. (6)–(7)

Compared to Eq. (3), Eq. (8) considers the sum of prices of products within a bundle as its posted price, as there is no need to
rice the bundles when the bundling strategy is not taken into account.

After obtaining the lower bound using the benchmark, we focus on analyzing the upper bound of the algorithm. We start by
xamining Eq. (3), which is the profit function of the e-pharmacy. This equation consists of three parts: the revenue generated by
undles chosen by customers under different scenarios, the cost of the products included in the bundles, and the possible shipping
ees. The key to finding the upper bound is to determine how to make the most of the information available regarding customers’
eservation prices for each product and total budgets in order to maximize profits. Constraints (4) ensures that the minimum price
f a bundle is not lower than its cost, setting a lower bound for the pricing of each bundle and thereby narrowing the search space
f feasible solutions without affecting optimality. Constraints (5) guarantees that the prices of bundles do not violate second-degree
rice discrimination, which means that consumers who purchase more products are entitled to greater price discounts. However,
econd-degree price discrimination does not utilize consumers’ private information. To increase profits, we can consider further
djusting the posted prices of the bundles while keeping the consumers’ choices constant. Consider the example of pricing bundles
or three products: under the determinate scenario 𝑠, refer to the previous naming rules for bundles, one bundle contains products

and 𝐵 with a posted price of 𝑋 while another bundle contains products 𝐴, 𝐵, and 𝐶 with a posted price of 𝑋 . If a consumer
6

5 8
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Table 2
Scenarios for customer’s reservation price.

Scenario number Probability Reservation price for scenario 𝑠

1 0.2 {40.4, 46.1, 18.8}
2 0.2 {31.5, 49.6, 17.9}
3 0.2 {35.0, 61.6, 17.6}
4 0.2 {37.6, 40.7, 11.1}
5 0.2 {44.4, 44.0, 17.9}

chooses the latter bundle, it means that both bundles are within their budget and the latter provides a greater consumer surplus.
If we can estimate the consumer’s reservation price for each product in advance, we can set the price of the second bundle to be
the price of the former plus the consumer’s reservation price for product 𝐶, that is 𝑋5 + 𝑟𝑠𝑗,3, where 𝑟𝑠𝑗,3 represents consumer 𝑗’s
reservation price on product 𝐶 under scenario s.

The literature has extensively studied various methods for evaluating consumer reservation prices, including conjoint analy-
is (Jedidi and Zhang, 2002), incentive-compatible elicitation (Wang et al., 2007), and semi-compensatory approaches (Kaplan et al.,
011). Thus, it is feasible to estimate customers’ reservation prices for bundles. We aim to leverage this information to enhance the
rofitability of e-pharmacies by finding the upper bound of the algorithm based on known or predicted customer reservation prices.
uilding on this concept, our objective is to optimize bundle pricing strategies to obtain an upper bound. To do so, we first run
he previous heuristic algorithm and obtain a set of initial bundle prices 𝑋𝑠0

𝑘 and consumer choices 𝑦𝑠0𝑗,𝑠, which is the basis for
subsequent optimization of the bundle price. Then we relax Constraints (5) and adjust the pricing of the bundles. For all bundles,
let 𝐽𝑘 =

{

𝑗𝑘 ∈ 𝐽𝑘|𝑦𝑠0𝑗,𝑘 = 1, 𝑘 = 𝑛 + 1, 𝑛 + 2,… , 2𝑛
}

, which records all consumers’ original choices. 𝑘 starts from (𝑛 + 1) to 2𝑛 because
irst 𝑛 bundles represent either empty bundles or bundles consisting of individual products. Then starting from the (n + 1)th bundle,
e add some constraints to formulate the upper bound model and optimize the prices as follows:

max
𝑋𝑠
𝑘 ,𝐼

𝑠
𝑘

𝑆
∑

𝑠=1
𝑝𝑠 ⋅

{ 𝑚
∑

𝑗=1

2𝑛
∑

𝑘=1
𝑦𝑠0𝑗,𝑘

[

(𝑋𝑠
𝑘 − 𝑪 ⋅𝑮𝑇

𝑘 − 𝑓𝑘 ⋅ (1 − 𝐼𝑠𝑘))
]

}

(9)

s.t. (6)–(7)

𝑋𝑠
𝑘 ≤ 𝑋𝑠

𝑎 + 𝑅𝑠
𝑗 ⋅ 𝐺

𝑇
𝑏 , 𝑎, 𝑏 =

{

𝑎, 𝑏|𝐺𝑎 + 𝐺𝑏 = 𝐺𝑘
}

,∀𝑘, 𝑠, 𝑗 ∈ 𝐽𝑘 (10)

𝑋𝑠
𝑘 + 𝑓𝑘 ⋅ 𝐼

𝑠
𝑘 ≤ 𝑏𝑗 ,∀𝑘, 𝑠, 𝑗 ∈ 𝐽𝑘 (11)

𝑋𝑠
𝑘 ≥ 𝑋𝑠0

𝑘 ,∀𝑘, 𝑠 (12)

Constraints (10) states that the price of any bundle should not exceed the price of any of its sub-bundles plus the customers’
eservation prices for the remaining products, resulting from a consumer’s current choice must be greater than that of other choices
hen bundle prices change, where 𝑅𝑠

𝑗 represents the vector of consumer j’s reservation prices for all products under scenario s.
onstraints (11) indicates that the adjusted bundle price must remain within the customer’s budget. Constraints (12) demonstrates
hat the adjusted bundle prices should be higher than the initial prices. Together, Constraints (11) and (12) ensure that customers
ill maintain their choices while also obtaining greater consumer surplus. As a result, the profit serves as an upper bound for the
euristic algorithm. Our experimental results demonstrate that the proposed heuristic algorithm can reach an upper bound of 99.6%,
ndicating its high effectiveness.

. Numerical study

In this section, the proposed approach will be tested and evaluated using the real operation data from company A. All the
xperiments are implemented on a Windows10 workstation with two Intel Core i5-2410M CPUs and 4G RAM.

.1. Data description

Posted Price and Product Cost. Chen et al. (2008) suggest that consumers, in general, order no more than eight items in one
ransaction. Thus, we collect the data of the top-8-ranked healthcare products from company A, including product titles and posted
rices, in June 2018. Since we were not able to obtain the real information of product costs even though company A knows the
xact costs of their products, we follow Sampson (2007) and assume the product costs are uniformly distributed at 𝑈 (0.6, 0.8) of the
osted price.
Reservation Price. Following Li et al. (2013), we assume the reservation prices of all the consumers are independent and follow

niform distribution. We follow Hu and Hu (2016) to use scenarios to represent customer 𝑗’s reservation price, we assume each
ustomer’s reservation price has 5 scenarios that can be estimated from his purchasing history (Jedidi et al., 2003). Thus we have
ustomer 𝑗’s reservation price to be 𝑅𝑗 =

{

𝑅𝑗1, 𝑅𝑗2,… , 𝑅𝑗𝑠
}

with each scenario’s probability to be 𝑃𝑟𝑜𝑏(𝑅𝑗,𝑠) = 𝑝𝑠. Table 2 shows a
7

customer’s reservation price scenarios on 3 products to represent their uniform distribution.
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Table 3
Comparison of two heuristic algorithms.

Bundle size Execution time (s) E-tailer’s profit improve Consumer surplus improve

Method A Method B Method A Method B Method A Method B

3 7.61 3.18 1.77% 1.77% 10.21% 10.21%
4 22.38 4.54 2.25% 2.32% 8.61% 8.05%
5 73.81 10.04 3.43% 5.09% 14.68% 11.55%
6 291.29 33.44 5.18% 7.03% 20.73% 15.82%
7 1077.19 88.97 2.89% 7.21% 22.36% 14.77%
8 3920.47 169.91 3.74% 6.98% 16.41% 8.97%

Shipping Cost. As for the shipping cost, it is calculated based on the real operation of company A as follows: shipping cost =
¥7.50 + ¥2.50 × number of products, and the free shipping threshold level is assumed to be ¥69.

Consumer Budget. We assume the customer budgets follow the normal distribution 𝑁(𝑢𝑏, 𝜎2), and we set square coefficient of
variation to be 0.2, which is 𝜎2 = 0.2 ∗ 𝑢2𝑏 . In the following analysis, we set 𝑢𝑏 = 100.

4.2. Comparison of heuristic algorithms

Considering the search process of the heuristic algorithm, we might calculate each bundle price starting with the smaller bundles,
labeled as method A, and calculate bundle price in an opposite way, labeled as method B. Jointly considering the effectiveness of
the above two types of heuristic algorithms and the calculation time, a better one would be chosen through a numerical study. In
particular, we analyze the impact of the two optimization directions on e-pharmacy’s profit and consumer surplus. As we mentioned
before, consumer orders, in general, contain no more than eight items in one transaction, thus we assume the bundle size follows
𝑈 (3, 8). We use second (s) as the unit of execution time and percentage (%) as the measurement of the improvement rate. The testing
results are shown in Table 3.

From Table 3, we find that, although method A can improve consumer surplus, from the perspective of e-pharmacies, considering
the timeliness in bundle price and the profitability, method B has a shorter execution time and more significant profit improvement.
We thus adopt method B to conduct our numerical study.

4.3. Experiment procedure

To evaluate the effectiveness of IBPS, we first use a regression model. Xue et al. (2016) use an exponential regression model
to assess the value of each component in a bundle package, as they encountered the issue of multicollinearity in their regression.
Through the variance inflation factor method, we found no multicollinearity among the independent variables in our model, and thus
we directly used a linear model for regression. In this model, we use 𝑃𝑅𝑂𝐹𝐼𝑇 to represent the e-pharmacy’s profit, while 𝑆𝑈𝑅𝑃𝐿𝑈𝑆
represents the total consumer surplus, both of which are the dependent variables of interest. We also include 𝐶𝑈𝑆_𝑁𝑈𝑀 to
denote the number of consumers who purchase a bundle, 𝑇𝐻𝑅𝐸𝑆𝐻𝑂𝐿𝐷 to represent the value required for free shipping, and
𝑆𝐻𝐼𝑃 _𝐶𝑂𝑆𝑇 as the fixed cost for each shipment. Additionally, we incorporate 𝐵𝑈𝐷_𝑀𝐸𝐴𝑁 and 𝐵𝑈𝐷_𝑆𝐶𝑉 to represent the mean
and squared coefficient of variation of the budget, respectively. Finally, 𝐼𝐵𝑃𝑆 is included as a binary variable to indicate whether
the IBPS strategy has been adopted and 𝜀 is represents the stochastic error. In order to investigate the impact of IBPS on profit and
consumer surplus, we establish two models:

𝑃𝑅𝑂𝐹𝐼𝑇 = 𝜃0 + 𝜃1𝐶𝑈𝑆_𝑁𝑈𝑀 + 𝜃2𝑇𝐻𝑅𝐸𝑆𝐻𝑂𝐿𝐷 + 𝜃3

𝐵𝑈𝐷_𝑀𝐸𝐴𝑁 + 𝜃4𝐵𝑈𝐷_𝑆𝐶𝑉 + 𝜃5𝑆𝐻𝐼𝑃 _𝐶𝑂𝑆𝑇 + 𝜃6𝐼𝐵𝑃𝑆 + 𝜀 (13)
𝑆𝑈𝑅𝑃𝐿𝑈𝑆 = 𝜃0 + 𝜃1𝐶𝑈𝑆_𝑁𝑈𝑀 + 𝜃2𝑇𝐻𝑅𝐸𝑆𝐻𝑂𝐿𝐷 + 𝜃3

𝐵𝑈𝐷_𝑀𝐸𝐴𝑁 + 𝜃4𝐵𝑈𝐷_𝑆𝐶𝑉 + 𝜃5𝑆𝐻𝐼𝑃 _𝐶𝑂𝑆𝑇 + 𝜃6𝐼𝐵𝑃𝑆 + 𝜀 (14)

The fitting results in Table 4 show that our linear model has a good fit and reveal that the coefficient on 𝐼𝐵𝑃𝑆 is positive and
statistically significant in two of the models. Specifically, the results indicate that the adoption of IBPS leads to an average increase
of 1130.243 in profit and 2164.439 in consumer surplus.

In our numerical study, we let the market size 𝑚 equal 1000. In general, we have done 80 groups of experiments with 20 groups
each time, to test the optimal amount of samples. In order to identify the significance of the difference between 10 groups and 20
groups, we randomly choose 10 groups of data out of every 20 groups to run t-test and show the results in Table 5. We find that
the significance of difference decreases with increased sample size, and a sharp reduction in 𝑡-value appears when the sample size is
1000. Thus, 1000 might be the most appropriate amount if we take the running time into account. We then collect three best-sellers
from company A, the posted prices of which are ¥40, ¥49, and ¥15, respectively.

In the numerical experiment, the consumers’ purchase behavior is as follows : First, the optimal price of each bundle is obtained
by running this model. Then each customer independently chooses the bundle that maximizes its consumer surplus based on post
8
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Table 4
Regression results.

Variables 𝑃𝑅𝑂𝐹𝐼𝑇 𝑆𝑈𝑅𝑃𝐿𝑈𝑆

Constant 939.206*** −5018.417***
(228.932) (188.131)

𝐶𝑈𝑆_𝑁𝑈𝑀 6.757*** 11.787***
(0.232) (0.190)

𝑇𝐻𝑅𝐸𝑆𝐻𝑂𝐿𝐷 36.469*** 9.223***
(0.988) (0.812)

𝐵𝑈𝐷_𝑀𝐸𝐴𝑁 84.995*** 22.715***
(0.810) ( 0.665)

𝐵𝑈𝐷_𝑆𝐶𝑉 −118.008 −104.035
(128.306) (105.439)

𝑆𝐻𝐼𝑃 _𝐶𝑂𝑆𝑇 −793.679*** 11.336
(10.588) (8.701)

𝐼𝐵𝑃𝑆 1130.243*** 2164.439***
(42.115) (34.609)

Observations 3270 3270
R-squared 0.870 0.874

Note:
***Indicates the significance at the 1%. The standard errors are in parentheses.

Table 5
Difference of significance with different market sizes.

Market size 100 500 1000 10 000

t-value 7.379 6.286 3.226 3.157
𝑝(sig) <0.001 <0.001 0.011 0.016

Table 6
Sales data, consumer surplus, and e-pharmacy’s profit.

Benchmark IBPS Improvement rate

Customer number 502 603 20.12%
Sales volume 1067(=500 + 499 + 68) 1530(=587 + 571 + 372) 43.39%
Sales revenue (¥) 45 471 55 365 21.76%
E-pharmacy’s profit (¥) 6817.81 7497.67 9.97%
Consumer surplus (¥) 4619.49 6127.07 32.64%
Average consumer surplus (¥) 9.2 10.16 10.42%

prices, their own budget, and the reservation prices of the products. Finally, we calculate the profit of the e-pharmacy as an indicator
to evaluate our algorithm efficiency.

According to Chernev (2003), customer selection made from large numbers of assortments leads to weaker preferences. In fact,
xtending the size of choice set may confuse customers, which increases the probability of delaying their choice or not choosing at
ll (Dhar, 1997; Greenleaf and Lehmann, 1995; Iyengar and Lepper, 2000). In most categories, the recommended bundle size on
he website of company A is no more than three items. Thus we choose at most three products as a bundle in our model.

Then, we can calculate the optimal posted price of each bundle by the proposed heuristic algorithm within two minutes. We
ompare the sales data, consumer surplus, and e-pharmacy’s profit under the IBPS with those under the strategy without the bundling
olicy (hereafter referred to as ‘‘benchmark strategy’’). The results are listed in Table 6, where ‘‘customer number’’ refers to the
umber of consumers who purchase the product, and we henceforth use ‘‘number of customers’’ to represent the above meaning.

Table 6 shows that, compared to the benchmark strategy, the IBPS has a number of desirable effects: it improves the sales volume
nd sales revenue by 43.39% and 21.76%, respectively; it enhances e-pharmacy’s profit by 9.97%, even though e-pharmacy enjoys
ess profit margin; it also improves the consumer surplus and customer number by 32.64% and 20.12%, respectively, where every
ustomer get a 10.42% higher consumer surplus. Thus we conclude that the IBPS is not only beneficial to e-pharmacy but also
ontributes to consumer surplus. Moreover, the IBPS contributes more to the consumer surplus than to e-pharmacy’s profit.

Further, we analyze the sales of each bundle, the results are shown in Table 7. We use three circles to represent the three
roducts, respectively, and different markings of the circle to show the customer’s purchasing decision. In particular, the symbol

‘◦’’ stands for the customer who do not purchase the product and the symbol ‘‘∙’’ refers to the customer who buys the product. For
xample, ‘‘∙ ∙ ◦’’ means that the customer chooses the bundle that contains the first product and the second one but without the
hird one.

As shown in Table 6, compared to the benchmark strategy, the IBPS has a positive effect on attracting customers: It reduces
he number of customers who purchase nothing by 20.3%, i.e., (498-397)/498; it increases the number of consumers who buy the
undle of all three products by 406.3%, i.e., (324-64)/64. In particular, almost half of the customers who choose to buy the first and
he second products together under the benchmark case buy all three products under the IBPS. Moreover, compared with purchasing
9

he product individually, each of the posted bundle price reduce by ¥4.5 except that of the bundle with the first and the second
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Table 7
The purchase decisions of 1000 customers.

Purchasing choice Benchmark strategy IBPS

No. Products Profit margin (¥) Posted price (¥) Customer number Profit margin (¥) Posted price (¥) Customer number

1 ◦ ◦ ◦ 0 0 498 0 0 397
2 ∙ ◦ ◦ 9.56 40 0 9.56 40 0
3 ◦ ∙ ◦ 16.08 49 1 16.08 49 0
4 ◦ ◦ ∙ 5.72 15 0 5.72 15 0
5 ∙ ∙ ◦ 13.13 89 433 13.13 89 231
6 ∙ ◦ ∙ 15.28 55 3 10.78 50.5 32
7 ◦ ∙ ∙ 21.8 64 1 17.3 59.5 16
8 ∙ ∙ ∙ 16.36 104 64 11.86 99.5 324

Table 8
Impact of consumer budget’s average value on e-pharmacy’s profit, consumer surplus, and customer number.

Budget E-pharmacy’s profit (¥) Consumer surplus (¥) Customer number

Benchmark IBPS Improve Benchmark IBPS Improve Benchmark IBPS Improve

70 2947.20 5733.76 94.55% 523.89 4104.33 683.43% 183 619 238.25%
80 3456.05 6121.56 77.13% 594.74 3333.43 460.49% 201 562 179.6%
90 5310.65 6783.20 27.73% 2879.45 3746.59 30.11% 374 526 40.64%
100 6817.81 7497.67 9.97% 4619.49 6127.07 32.64% 502 603 20.12%
110 7932.26 8207.57 3.47% 5221.73 5851.87 12.07% 537 578 7.64%
120 8172.47 8346.06 2.12% 5340.99 5861.72 9.75% 544 579 6.43%
130 8172.47 8346.06 2.12% 5340.99 5861.72 9.75% 544 579 6.43%
140 8172.47 8346.06 2.12% 5340.99 5861.72 9.75% 544 579 6.43%

Table 9
Impact of consumer budget’s SCV on e-pharmacy’s profit, consumer surplus, and customer number.
𝑆𝐶𝑉 E-pharmacy’s profit (¥) Consumer surplus (¥) Customer number

Benchmark IBPS Improve Benchmark IBPS Improve Benchmark IBPS Improve

0.1 6641.69 7237.73 8.97% 4186.42 5361.68 28.07% 466 559 19.96%
0.2 6817.81 7497.67 9.97% 4619.49 6127.07 32.64% 502 603 20.12%
0.3 5894.84 6107.24 3.60% 3626.87 3912.07 7.86% 399 429 7.52%
0.4 5577.43 5878.84 5.40% 3279.82 3586.40 9.35% 373 404 8.31%
0.5 4910.23 5103.79 3.94% 3096.38 3524.89 13.84% 328 366 11.59%

products, which remains unchanged. This is because customers can enjoy free shipping service, another form of price promotion
provided by the e-pharmacy when they purchase the first and the second products together (¥40 + ¥49 = ¥89 >¥69). Thus the
e-pharmacy has no incentive to further reduce the posted price of the bundle.

5. Sensitivity analysis

In this section, we further analyze the impact of consumer budget, product cost, shipping cost, and free shipping strategy on the
IBPS performance by three indicators, i.e., the e-pharmacy’s profit, consumer surplus, and customer number.

5.1. Impact of consumer budget on IBPS performance

From customers’ perspectives, the budget is an important factor that affects their purchasing decisions. This section examines
the e-pharmacy’s profit, consumer surplus, and customer number under different levels of consumer budget. As mentioned before,
we assume that the consumer budget follows the distribution 𝑁(𝑢𝑏, 𝜎2). Here, we further assume the average value 𝑢𝑏 changes from
70 to 140 and 𝑆𝐶𝑉 changes from 0.1 to 0.5. The results are shown in Tables 8 and 9, illustrated in Fig. 3.

Tables 8 and 9 both imply that IBPS outperforms the benchmark when consumer budget varies. Table 8 shows that e-pharmacy’s
profit, consumer surplus, and customer number reach the highest when 𝑆𝐶𝑉 = 0.2, Table 9 shows that e-pharmacy’s profit, consumer
surplus and customer number all increases at first and stays stable after then with the increasing consumer budget, under both
the IBPS and the benchmark strategy. In particular, their increase rates plunge sharply as the budget increases at a low level (see
Fig. 3). This is because the budget plays a significant role in determining the customer’s purchasing behavior when it is low, causing
most customers buy nothing even though they have preferences for the products under the benchmark strategy. When the IBPS is
adopted, customers have extra choices of purchasing bundles with lower prices compared to the case of the benchmark strategy,
which contributes to large improvements in customer number, consumer surplus, and e-pharmacy’s profit. However, the above
effects are weakened with the increase in budget, since the majority of the demand has already been satisfied by the IBPS under
low budget levels. When the budget is high enough, exceeding 120 in our test, customers have already got rid of budget constraints
and achieve optimal choices which will maximize their surplus. Thus e-pharmacy’s profit, consumer surplus, and customer number
10
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Fig. 3. Impact of consumer budget on IBPS performance.

Table 10
Impact of cost ratio on e-pharmacy’s profit, consumer surplus, and customer number.

Cost ratio E-pharmacy’s profit(¥) Consumer surplus(¥) Customer number

Benchmark IBPS Improve Benchmark IBPS Improve Benchmark IBPS Improve

0.60 11 364.91 13 789.80 21.34% 4619.49 8738.19 89.16% 502 716 42.63%
0.65 8204.49 9251.46 12.76% 4619.49 6415.94 38.89% 502 618 23.11%
0.70 6817.81 7497.67 9.97% 4619.49 6127.07 32.64% 502 603 20.12%
0.75 5203.78 5367.60 3.15% 4619.49 4824.21 4.43% 502 518 3.19%
0.80 3428.34 3519.44 2.66% 4619.49 4824.21 4.43% 502 518 3.19%

Fig. 4. Impact of cost ratio on IBPS performance.

all remain unchanged with the continuous increase of the budget. In general, the IBPS is better than the benchmark strategy with
respect to e-pharmacy’s profit, consumer surplus, and customer number, especially when the consumer budget is tight.

In addition, from Fig. 3(b) and (c), we observe that the improvement rate of consumer surplus decreases faster than that of
customer number, indicating that e-pharmacy raises the posted prices for the bundles when consumer budget increases. In this way,
e-pharmacy squeezes more consumer surplus which contributes to his own profit.

5.2. Impact of cost ratio on IBPS performance

For e-pharmacies, product cost determines their marginal profits. We define the ‘‘cost ratio’’ as the percentage that the product
cost makes up in the posted price of a bundle, and set its value from 0.6 to 0.8. The cost ratio reflects e-pharmacy’s potential profit
margin regardless of the shipping cost. Since the posted price is determined by the market rather than e-pharmacy itself, we thus
assume the posted price is an exogenous variable, and then the change of cost ratio is mainly reflected by the change in product
cost. Table 11 shows the impacts of cost ratio on e-pharmacy’s profit, consumer surplus, and customer number under both IBPS and
benchmark strategy. Fig. 4 illustrates the above impacts under the IBPS.

From Table 10, we find that e-pharmacy’s profit, consumer surplus and customer number all decrease with the increased cost
ratio under the IBPS; while under the benchmark strategy, e-pharmacy’s profit decreases but consumer surplus and customer number
both remain unchanged as the cost ratio increases. The reason behind is, the posted prices are fixed under the benchmark strategy,
while the posted bundle prices are adjusted according to the cost ratio under the IBPS. When cost ratio rises to more than 0.75,
11
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Table 11
Impact of shipping cost on e-pharmacy’s profit, consumer surplus, and customer number.
Shipping E-pharmacy’s profit (¥) Consumer surplus (¥) Customer number

cost Benchmark IBPS Improve Benchmark IBPS Improve Benchmark IBPS Improve

1.2𝑓 5483.59 5605.40 2.22% 4616.57 4858.43 5.24% 499 515 3.21%
1.1𝑓 6139.66 6575.81 7.10% 4616.98 6073.48 31.55% 500 593 18.60%
1.0𝑓 6817.81 7497.67 9.97% 4619.49 6127.07 32.64% 502 603 20.12%
0.9𝑓 7550.83 8492.17 12.47% 4630.47 6197.42 33.84% 509 620 21.81%
0.8𝑓 8525.88 9499.76 11.42% 4672.40 6609.86 41.47% 533 657 23.26%
0.7𝑓 9378.95 10 462.77 11.56% 4757.03 6716.88 41.20% 552 670 21.38%
0.6𝑓 10 517.10 11 473.27 9.09% 4892.64 6817.38 39.34% 590 684 15.93%
0.5𝑓 11 608.09 12 490.54 7.60% 5106.35 6895.32 35.03% 645 707 9.61%

Fig. 5. Impact of shipping cost on IBPS performance.

e-pharmacy tends to hold their bundle prices still due to the low-profit margin, resulting in the stability of consumer surplus and
customer number. Moreover, compared to the benchmark strategy, the IBPS has the following effects: it significantly improves
e-pharmacy’s profit; it contributes to consumer surplus; it increases customer number.

From Fig. 4, we find that, with the increase in cost ratio, the improvement rates of e-pharmacy’s profit, consumer surplus,
and customer number decrease largely. However, the improvement rates of consumer surplus and customer number both remain
unchanged when cost ratio rises from 0.75 to 0.8. This somehow reflects the fact that the IBPS at least guarantees improvements
on consumer surplus and consumer number no matter how high the cost ratio is.

5.3. Impact of shipping cost on IBPS performance

The shipping cost cannot be ignored in an online transaction, and the only difference is who pays for it, i.e., the e-pharmacy
or the customer. In practice, e-pharmacies often induce consumers to buy more products by providing free-shipping policy. This
section examines the impacts of reducing shipping cost on e-pharmacy’s profit, consumer surplus, and customer number. We assume
the shipping cost varies from half of the original shipping cost (0.5𝑓 ) to 1.2 times of the original shipping cost (1.2𝑓 ). The results
are shown in Table 11, and illustrated in Fig. 5.

Table 11 shows that e-pharmacy’s profit, consumer surplus and customer number all increase with the reduction of shipping cost
under both strategies. In particular, e-pharmacy’s profits almost doubled when the shipping cost reduces by half. This explains why
many big e-pharmacies, such as ehaoyao.com, spend a large amount of money on improving the efficiency of their logistics systems,
which aims to reduce the shipping costs and improve consumer experience at the same time. Compared to the benchmark strategy,
the IBPS exhibits the following performance: it enhances e-pharmacy’s profit by at least 2.22% to at most 12.47%; it improves the
consumer surplus by at least 5.24% to at most 41.47%; it increases customer number by at least 3.21% to at most 23.26%.

Fig. 5 shows that the above improvement rates of e-pharmacy’s profit, consumer surplus, and customer number have similar
changing patterns that they almost increase at first and decrease after then with the reduction of the shipping cost. Thus we conclude
that the IBPS is especially useful for improving e-pharmacy’s profit, consumer surplus and customer number when the shipping cost
is intermediate.

In the following part, we further consider the effect of free shipping strategy on e-pharmacy’s profit, consumer surplus, and
customer number when different levels of shipping cost are adopted. We set the free shipping threshold at ¥60, ¥30, ¥0, and list
the results in Table 10.

From Table 12, we conclude the following observations. First, with the decrease of the free shipping threshold value, e-pharmacy’s
profit decreases while the consumer surplus and customer number increase. This reflects the fact that, for e-pharmacy, the profit
earned from the increasing customer numbers cannot offset the losing profits caused by lowering the free shipping threshold, which
12



Transportation Research Part E 177 (2023) 103223J. Li et al.

T
t

i
t
s
c
t

6

t
c
W
t
p
u
p
s
I
c
r
a
s

m
F
r
m

C

D

D

t

D

Table 12
Impact of free shipping threshold under different shipping cost.

Shipping Free E-pharmacy’s profit (¥) Consumer surplus (¥) Customer number

cost threshold Benchmark IBPS Improve Benchmark IBPS Improve Benchmark IBPS Improve

60 6767.86 7472.04 10.40% 5619.44 6409.38 14.06% 581 616 6.02%
1.0𝑓 30 5538.01 6139.17 10.86% 7345.46 8493.07 15.62% 808 812 0.50%

0 4735.91 5364.87 13.28% 7596.30 8797.08 15.81% 871 873 0.23%
60 5536.94 5822.42 5.16% 5674.06 6680.04 17.73% 618 667 7.93%

0.75𝑓 30 3135.16 3300.91 5.29% 7345.46 8705.74 18.52% 808 813 0.62%
0 2263.79 2475.31 9.34% 7596.30 9001.29 18.50% 871 873 0.23%
60 4146.52 4291.58 3.50% 5893.91 6955.83 18.02% 688 711 3.34%

0.50𝑓 30 3970.09 4167.79 4.98% 7346.74 9804.04 33.45% 811 833 2.71%
0 3362.27 3609.31 7.35% 7596.30 10 022.32 31.94% 871 880 1.03%

reduces e-pharmacy’s profit at last. Second, compared to the benchmark strategy, IBPS improves e-pharmacy’s profit, consumer
surplus and customer number under all shipping cost levels and free shipping thresholds. In particular, comparing the above
improvement rates under free shipping threshold 60 with those under 0, the improvement rates of e-pharmacy’s profit all increase.

hus, compared to the benchmark strategy, the IBPS is especially useful for enhancing e-pharmacy’s profit when free shipping
hreshold is low.

Moreover, comparing the improvement rates of the same free shipping threshold under different shipping cost levels, the
mprovement rate of e-pharmacy’s profit gradually reduces as the shipping cost decreases, indicating that the IBPS outperforms
he benchmark strategy in enhancing e-pharmacy’s profit especially when the shipping cost is high. With respect to the consumer
urplus, we find that the improvement rate of consumer surplus increase with the rise of the free-shipping threshold (or shipping
ost). Thus, we conclude the adoption of the IBPS greatly improves consumer surplus when the logistics cost and the free shipping
hreshold are both low.

. Conclusion

Product bundling is a commonly adopted method for Internet pharmacies to attract customers and make more profits. However,
he traditional pricing strategies used by online pharmacies usually prespecify bundle sizes and prices, which largely limit customer
hoices. To solve this problem, this paper provides a new approach to offering interactive bundling and pricing for e-pharmacies.
e allow customers to put any goods into the shopping cart as a bundle, and provide real-time online pricing so as to maximize

he e-pharmacy’s profit. We incorporate free shipping policy and consumer budget into our proposed mixed-integer nonlinear
rogramming model and designed a heuristic algorithm to solve this interactive bundling pricing problem. Through numerical study
sing the data from company A, we find that the proposed IBPS outperforms the benchmark strategy with respect to e-pharmacy’s
rofit, consumer surplus, and customer number. The intuition behind this lies in that, the IBPS takes full advantage of the bundling
trategy to attract customers and raise sales by reducing profit margins. In this way, compared with the benchmark strategy, the
BPS contributes more to the consumer surplus than to e-pharmacy’s profit. Moreover, we analyze the effects of consumer budget,
ost ratio, shipping cost, and free shipping threshold on e-pharmacy’s profit, consumer surplus, and the number of customers,
espectively. We find that, compared to the benchmark strategy, the IBPS is especially useful for improving e-pharmacy’s profit
nd consumer surplus when one of the following conditions is satisfied: (1) consumer budget is tight, (2) cost ratio is low, (3)
hipping cost is intermediate, and (4) free shipping threshold is low.

The proposed IBPS model provides a starting point for exploring bundle pricing in the context of e-pharmacy. However, we
ake several assumptions in our model such as the expressions of reservation price and shipping cost, which can be further studied.

or example, considering the reservation price can largely influence e-pharmacy’s pricing decision, the estimation of the consumer
eservation price can be further improved. Another direction for future research is to incorporate the inventory level into our IBPS
odel to help e-pharmacies manage their inventories.
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