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Abstract: Online reviews are an important part of product information and have important effects
on consumers’ purchasing decisions. Some sellers try to manipulate the market by inducing online
reviews. In this study, a signal game model based on Bayesian conditional probability is constructed
to analyze the preconditions, decision-making process, and effect on market demand and profit of this
behavior. The results show that first, when consumer sensitivity to rebates reaches a certain threshold,
low-quality sellers will adopt a conditional rebate strategy to induce consumers to give positive
reviews. Second, the optimal rebate cost (β∗) is obtained, where β∗ increases with the product price
(p), but it is not necessarily monotonic in consumers’ sensitivity to rebates (ρ) or the proportion of
high-quality products (α). Third, the conditional rebate strategy can only work in a market dominated
by low-quality goods. Using the conditional rebate strategy in a market dominated by high-quality
goods will not bring benefits to low-quality sellers but will harm their profits. This study proposes
that some developing online markets have collusive behaviors owing to a lack of regulations and
laws, as well as consumers’ concern for small interests. Ensuring the orderly development of online
markets will require joint efforts by platform enterprises, government agencies, and consumers.
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1. Introduction

In 2021, retail e-commerce sales amounted to approximately USD 5.2 trillion world-
wide. This figure is forecasted to grow by 56 percent over the next years, reaching about
USD 8.1 trillion by 2026 [1]. Against the backdrop of e-commerce retail progressively
encompassing a larger share of the overall retail landscape, electronic word of mouth
(eWOM) has emerged as a pivotal domain for merchants. Electronic word of mouth is
incredibly important when shopping online [2]. Consumers refer to online reviews of goods
and services to reduce risk and uncertainty in their purchasing decisions [3]. Park et al.
(2007) [4] suggested that online reviews are credible because the opinions about and de-
scriptions of products posted on Internet forums come from other consumers who are
considered to have no desire to manipulate readers. Therefore, when making decisions,
online shoppers are more likely to trust information provided by independent, credible
Internet users than by merchants [5]. Free and easy access to such information has weak-
ened the power of marketing communication, as information provided by online peers
influences customer perceptions, preferences, and decisions much more than information
provided by companies [6].

Given consumers’ considerable reliance on online reviews, a growing number of online
sellers are making efforts to influence buyers’ review behaviors, motivating them to submit
positive feedback. For instance, on certain online platforms, sellers have recently adopted a
conditional rebate strategy to manipulate the tone of online reviews. The conditional-rebate
strategy revolves around offering customers a rebate or discount on a product, contingent
on them leaving a positive online review after their purchases. These induced reviews can
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enhance both the quality and quantity of reviews, which can improve store rating rankings
and brand reputations [7]. Several Chinese e-commerce platforms, including Alibaba, have
witnessed a proliferation of sellers employing the conditional rebate strategy to elicit con-
sumer reviews. This phenomenon is particularly pronounced in the realm of experienced
goods, in stark contrast to search goods. Drawing from our earlier comprehensive survey
of China’s e-commerce landscape, a discernible pattern emerges: sellers embracing the con-
ditional rebate approach often gravitate toward vending low-quality products. Conversely,
purveyors of high-quality merchandise frequently manage to cultivate a positive reputation
without resorting to such manipulative tactics. Although specific regulations have been
implemented, their impact has been limited due to the strategy’s nature of covert collusion
between sellers and buyers. Insufficient attention has been devoted to this phenomenon
in research, leaving significant gaps in understanding key aspects such as the mechanics
behind sellers’ adoption of conditional rebate strategies and the appropriate regulatory
measures that platforms should undertake.

Targeted regulations have been introduced, but they have had little effect because the
strategy is a type of hidden collusion between sellers and buyers. Generally, sellers who
adopt the conditional rebate strategy sell low-quality goods. Sellers of high-quality goods,
meanwhile, are generally able to gain a good reputation without using such strategies.
Thus, the key concern with conditional rebates is that they can easily induce fake reviews,
which can have negative effects on the overall e-commerce market. However, research
has paid insufficient attention to this phenomenon, and problems such as the mechanism
of sellers’ behavior in adopting conditional rebate strategies and how platforms should
regulate them remain to be studied. This study, therefore, aims to answer the following
research questions:

1. Under what conditions will online sellers adopt a conditional rebate strategy to obtain
positive online reviews?

2. When using such rebates, what is the optimal cost to sellers to maximize profit?
3. How does the conditional rebate strategy affect different kinds of sellers’ profits?

To answer these questions, we created a two-stage model with sellers who sell ex-
perience goods. Product quality is the seller’s private information, and it may be high
or low. An h-type (or l-type) seller sells a product of high (or low) quality. Consumers
are uninformed about the product quality in stage 1 but can obtain a signal about the
product quality in stage 2 from early consumers through online reviews. Our research
outcomes reveal several key insights. Firstly, the manipulation of comments through the
conditional rebate strategy disseminates erroneous signals about product quality through-
out the market, inducing disorder. However, this strategy only proves effective when
consumers exhibit a certain level of sensitivity toward the rebate. Secondly, the conditional
rebate strategy’s effectiveness is confined to scenarios where low-quality goods hold a
dominant position within the market. Our study stands among the earliest examinations of
conditional rebate behavior, exploring it through the lens of interference in quality signals.
This enriches the existing body of research on quality signals in e-commerce transactions.
By employing a two-stage mathematical model built on Bayesian conditional probability,
this paper achieves a precise characterization of conditional rebate behavior, incorporating
innovative ideas.

The rest of this paper is organized as follows. Section 2 reviews the literature. Section 3
introduces our benchmarking model in the case of no rebate and in the case of receiving
positive reviews through rebate strategies. In Section 4, we calculate and analyze the seller’s
rebate decisions and profits, and the factors that affect the seller’s profit are discussed.
A numerical study is presented in Section 5. The conclusions and managerial implications
are presented in Section 6.
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2. Literature Review

This work examines a new rebate mechanism used to encourage online product
reviews. This study is closely related to three research streams: rebates, online reviews,
and quality signaling.

Consumer rebates have been explored in the economics and marketing literature [8].
Promotional tools such as rebates and coupons present different ways to price discriminate
against consumers [9]. Chen et al. (2007) [10] examined the effect of manufacturer rebates
on the attraction of end customers and found that unless all customers claim the rebate,
the rebate always benefits the manufacturer. Ho et al. (2017) [11], however, studied the
online cash-back mechanism, which reimburses the consumer for part of the transaction
amount in the form of cash back, a form of rebate that does not always profit the consumer.
Cash-back offers increase the likelihood that consumers will make additional purchases
and increase the size of those purchases [12]. Qiu and Rao (2020) [13] studied the effect of
cash-back sites on retailers and found that cash-back sites can serve as strategic partners
for retailers, making them profitable and stickier. Surprisingly, in some cases, consumers
who use cash-back sites pay higher prices. Unlike the existing literature on rebates, which
mostly focuses on unconditional rebates, we focus on rebates received by consumers on
e-commerce platforms who are induced by sellers to give positive reviews. In other words,
people who leave positive reviews receive rebates. This is a way for sellers on e-commerce
platforms to control online word-of-mouth.

Online reviews play an important role in consumers’ online shopping decision pro-
cesses and have been widely studied. Chatterjee (2001) [14] first proposed a definition
of online review usefulness, namely the degree of impact of online review information.
For consumers, searching for reviews before shopping online helps them understand
the risks associated with a purchase, thus offering a powerful source of information for
consumers [15,16]. Adopting a behavioral and psychological perspective on reviewers,
Racherla et al. (2013) [17] found that consumers uphold the principle of not hurting oth-
ers and are more likely to write positive reviews. The effect of aggregate measures of
reviews (e.g., average product ratings and number of reviews) on consumer behavior has
been previously investigated. It has been shown that after considering average product
ratings, individual reviews also have a strong influence on consumers’ purchase deci-
sions [16]. For firms, reviews have a significant effect on product sales [18]. Empirical
studies usually find that negative reviews affect sales to a greater extent than positive
ones [19]. With the rapid growth of online media, the potential impact of negative reviews
is increasing, as anonymous reviews by individuals allow for more authentic sharing of
negative experiences that does not lead to social consequences. In this context, companies
are beginning to use marketing tools such as promotions to reduce the impact of negative
word of mouth on their sales. Previous research has found that manipulating consumer
reviews always benefits the company but only when the manipulation is weak [20]. As a
result, some platforms try to offer financial incentives to encourage users to contribute [21],
where sellers offer rebates to buyers to cover the cost of feedback reports from buyers,
regardless of whether the feedback is positive or negative. Studies suggest that buyers
will engage in favorable returns with sellers if they offer feedback rebates [22]. Therefore,
sellers can “buy” feedback, but such feedback is likely to be biased [23]. It can be seen that
the phenomenon of conditional rebates has attracted the attention of scholars. Nonetheless,
research pertaining to conditional rebate behavior and its consequential effects on the
market remains relatively limited and necessitates further exploration. Overall, eWOM
fundamentally serves as quality signals, while merchants engaging in review manipulation
essentially disrupt this quality signaling process. Therefore, this paper intends to carry out
research based on signaling theory.

In general, product quality is the firm’s private information, which creates information
asymmetry. Signaling theory came into being to help investigate this problem. Signaling
theory is useful for describing behavior when two parties have access to different informa-
tion. Typically, one party, the sender, must choose whether and how to communicate (or
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signal) that information, and the other party, the receiver, must choose how to interpret
the signal [24]. Recent research has focused on signals as mechanisms to solve problems
that arise under asymmetric information. A firm or individual credibly communicates the
level of some unobservable element in a transaction by providing an observable signal (e.g.,
the quality of goods). The most important signal for product quality is the price. Bagwell
and Riordan (1991) [25] showed that firms with private information about quality can
indicate quality through the price, but frequent price reductions can have a significantly
negative effect on brand equity [26]. Zhao (2000) [27] showed that advertising serves as an
effective signal of quality and that only high-quality firms can afford to advertise. There-
fore, high-quality firms can use advertising expenditures to avoid imitation by low-quality
firms and gain greater profits [28,29], and consumers can infer the quality of products
through advertising expenditures [27]. In online shopping, return insurance can also be
used as a quality signal, with buyers inferring quality from the retailer’s price and insur-
ance adoption and insurance companies strategically choosing premiums [30]. Shen et al.
(2011) [31] investigated the effect of seller reputation, product condition, and review quality
on consumer purchase decisions by classifying the information on online auction pages
based on signaling theory. Moreover, Wells et al. (2011) [32] investigated website quality
as a potential signal of product quality and considered the moderating effects of product
information asymmetry and signal credibility. They found that website quality influences
consumers’ perceptions of product quality and, in turn, their willingness to purchase online.

The work that is most closely related to ours is the literature examining online platform
quality management [33,34]. In particular, Chen et al. (2022) [35] developed a microbehav-
ioral model capturing consumers’ review-sharing benefits, review-posting costs, and moral
cost of lying to examine the seller’s optimal pricing and rebate decisions.The results in-
dicated that it is not always profitable for strategic sellers to employ conditional rebate
strategies. Even when a conditional rebate strategy is adopted, it does not always result in
fake reviews.

Thus, although some studies have analyzed the role of online reviews in reliably
singling product quality, little attention has been paid to the recent phenomenon of induced
reviews. The conditions for sellers to implement conditional rebate strategies and their
effects on the market are also in need of investigation. In this study, we use a signaling
game model with Bayesian conditional probability to describe consumers’ purchasing
behavior in response to positive review incentives. Then, through a two-stage purchase
behavior analysis, the market demand of high- and low-quality sellers is obtained, and the
optimal rebate cost is obtained by optimizing the objective function. We compare changes
in the profits of the two types of sellers under the conditions of the implementation and
non-implementation of a conditional rebate strategy. In this way, our work helps to explore
the mechanism, effect, and regulation of the review-inducing behavior of online sellers and
contributes to enriching the literature on signaling theory.

3. Models

First, we briefly describe the platform for online sellers and buyers and then specify
how quality information about the product is updated. We then analyze the two-stage
purchase decision and the game between sellers and buyers.

3.1. The Online Sellers

The existence of differing quality for the same new product on an e-commerce platform
is expressed in terms of h-type products with a probability α and l-type products with
a probability 1 − α. We use j ∈ {h, l} to label the types of products in the market, and
q ∈ (0, 1), where ql < qh. The true value of q is the seller’s private information and is not
initially known by the buyers [30,36]. The l-type online sellers may offer a rebate (β(β > 0))
to each customer who leaves a positive review online to encourage more buyers to leave
positive reviews.
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In practice, the seller does not publicly publish the rebate information (including its
existence and quantity) in advance, and the incentive is provided to the customer privately.
We therefore assumed this as a general rule.

In undertaking this conditional rebate, the seller’s cost includes not only the rebate
(discount) itself given to the customer in exchange for a positive review but also the seller’s
operating and management costs in communicating with each buyer who purchases the
product and has the potential to give a positive review. Without any loss of generality,
the seller’s unit production cost was normalized to zero.

3.2. Information Updates about Quality

Consumers in stage 1 can only access a prior probability of the product’s quality [37],
but consumers in stage 2 can obtain a posterior quality probability because they can receive
a signal about the quality through user-generated reviews by first-stage consumers.

The signal s has two possible values—sh and sl—which refer to positive and negative
reviews, respectively.

According to practice, consumers are more likely to give positive reviews when buying
high-quality goods, and lower quality producers will spend more resources to manipulate
reviews [38]. P(sh|qh) = 1 was assumed. Let m be the accuracy of the signal of l-type
products (i.e., P(sl |ql) = m). Similar information structures are commonly used to model
imperfect information [39–41]. The Bayesian-updated probabilities of quality conditional
on the signals sh and sl are

P(sl |qh) = 0, P(sh|ql) = 1 − m,

P(sh) = P(qh) · P(sh|qh) + P(ql) · P(sh|ql) = α + (1 − α)(1 − m),

P(qh|sh) =
P(qh) · P(sh|qh)

P(sh)
=

α

α + (1 − α)(1 − m)
,

P(ql |sh) =
P(ql) · P(sh|ql)

P(sh)
=

1 − α

α + (1 − α)(1 − m)
.

(1)

3.3. Consumers’ Decisions

We considered a two-stage model and assumed an independent consumer group of a
size of one in each stage. In the first stage, consumers make purchase decisions based only
on the price and expected product valuation without online reviews. At the end of the first
stage, the customers who made purchases in the first stage will give or not give comments
about the product, and they will give positive or negative comments [42]. In the second
stage, customers read online reviews to update their expectations about the product’s value
and make purchase decisions. The expected consumer utility is

U = v + E[q]− p. (2)

Prior to consumption, a consumer’s utility is specified as having three components.
The first component, v, is a baseline utility that captures benefits from consumption in this
product category. Assume that the consumers are heterogeneous in terms of this baseline
utility v such that v is uniformly distributed over a range [0, 1]. The second component is
the product quality expected by consumers E[q], which is dependent on the overall level of
product quality in the market, where E[q] = αqh + (1 − α)ql = µ. The third component of
consumer utility is an exogenously specified fixed price p paid by the consumer to purchase
the good.

All notations are given in Table 1, where β is used as the decision variable.

3.4. Gaming

The game consisted of two stages (Figure 1 summarizes the sequence of events).
Before the game started, it was assumed that all consumers were aware of the existence of
the new product and the distribution of its ex ante quality probabilities but not of the true
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quality type. At the beginning of the first stage, the natural choice of type is made, but only
the seller on the platform is aware of the product quality. Consumers have alternative
credible avenues to assess product quality, notably through online reviews. As such,
the online reviews served as the quality signal. Consumers in the first period make purchase
decisions based on ex ante quality probabilities. Sellers send products to consumers, who
purchase them with a positive review conditional rebate card, and the consumers receive
the product as well as the information about the conditional rebate. Then, they decide
whether to put a positive review online. The seller and buyer communicate privately
regarding the rebate. In the second period, there are some comments on the products,
and buyers enter the marketplace, update product quality information based on quality
signals, and make purchase decisions.

Online sellers

Consumers

Launch of new 

products

Make purchase 

decisions

Send products with 

cashback information

Receive the product and 

make Review-posting 

decision

Communicate with 

consumers for positive 

feedback

Update product information 

and make purchase decisions 

based on online reviews

First stage Second stage

Figure 1. Timing of the game.

Table 1 summarizes the notations for the variables and parameters.

Table 1. Notations for variables and Parameters.

Notation Description

j Product type, j ∈ {h, l}
qj j-type product quality
α Probability that the product is type h

1 − α Probability that the product is type l
sj Signal type
ρ Sensitivity factor of consumers to rebate for positive reviews
λ Coefficient of improvement in information accuracy brought by sales of the l-type product in the first stage
β Cost of rebate for positive reviews
v Consumers’ baseline utility

E[q] Quality of products expected by consumers
p Price of product
U Consumer utility

dij (dn
ij) Demand for the j-type product at period i with (without) the rebate strategy

Πj (Πn
j ) j-type seller’s total profit with (without) rebate strategy

4. Equilibrium Analysis

In this section, we first consider a benchmark case in which the sellers do not adopt the
conditional rebate strategy. Then, we characterize the case with the conditional rebate strat-
egy. Finally, we investigate the effect of conditional rebates on platform sellers’ equilibrium
profit through a comparison of the two scenarios.

4.1. Benchmark Case without the Rebate Strategy

We considered a platform seller who did not adopt the rebate strategy. We assumed
each consumer who purchased a product in the first period posted a review online.
The amount of such information was assumed to be able to improve the informative-
ness of the signal of l-type products; that is, m = λdn

1l , where λ is the improvement to
the signal accuracy from a unit sale of the first-stage l-type product and dn

1l denotes the
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demand for l-type products in the first period without the rebate (i.e., the negative reviews
of l-type products become more prevalent as consumers’ purchase volume increases).

Thus, we assumed Pn(sh|qh) = 1, Pn(sl |ql) = λdn
1l . The Bayesian-updated probabili-

ties of quality conditional on the signals sh and sl are

Pn(sl |qh) = 0, Pn(sh|ql) = 1 − λdn
1l ,

Pn(sh) = P(qh) · Pn(sh|qh) + P(ql) · Pn(sh|ql) = α + (1 − α)(1 − λdn
1l),

Pn(qh|sh) =
P(qh) · Pn(sh|qh)

P(sh)
=

α

α + (1 − α)(1 − λdn
1l)

,

Pn(ql |sh) =
P(ql) · Pn(sh|ql)

P(sh)
=

(1 − α)(1 − λdn
1l)

α + (1 − α)(1 − λdn
1l)

.

(3)

The consumer’s utility U = v + E[q]− p, and it follows that the aggregate demand
function is d = Prob{U(v) > 0} =

∫ 1
p−E[q] 1dv = 1 − p + µ. Therefore, the demand for

h-type products in the first stage is dn
1h = P(qh)d = α(1 − p + µ), and the demand for

l-type products is dn
1l = P(ql)d = (1 − α)(1 − p + µ). In the second stage, consumers

update their product quality expectations based on online reviews, where the demand
for h-type products in the second stage is dn

2h = Pn(qh|sh)d = α
α+(1−α)(1−λdn

1l)
(1 − p + µ)

and the demand for l-type products is dn
2l = Pn(ql |sh)d =

(1−α)(1−λdn
1l)

α+(1−α)(1−λdn
1l)
(1 − p + µ).

The seller’s expected profit across the two stages is as follows:

Πn
j = pdn

1j + pdn
2j, (4)

where the first and second terms on the right-hand side are the revenues from purchasing
consumers in the first and second periods.

Proposition 1. Without the rebate strategy, the profit of l-type merchants decreases with the
increase in the coefficient of improvement in information accuracy brought by sales of the l-type
product in the first stage. The profit of high-quality merchants increases with the increase in
information accuracy; that is, ∂Πn

l
∂λ < 0, ∂Πn

h
∂λ > 0.

Proof: All proofs are given in Appendix A.
Proposition 1 shows that without the conditional rebate strategy, consumers entering

the market in the first stage posted real reviews based on their consumption experience,
and buyers entering the market in the second stage made purchase decisions based on real
and credible product comments and reviews. The more accurate the information given
by the first-stage customers, the lower the probability that an l-type seller would receive
positive reviews in the first period, which in turn reduced the sales of l-type products in
the second stage. As the accuracy of information increased, the probability of h-type sellers
receiving positive reviews in the first period increased, which in turn increased the sales
volume of h-type products in the second stage.

4.2. Benchmark Case with Rebate Strategy

Here, we consider the adoption of a positive review conditional rebate strategy by
platform sellers. We assumed that for l-type products, consumers gave positive reviews
influenced by the sensitivity of the rebate, and we therefore assumed that m = 1 − ρβ;
that is, P(sl |ql) = 1 − ρβ, where ρ(0 < ρ ≤ 1) indicates the consumer’s rebate sensitivity
and β (0 < β < p) indicates the rebate cost. The Bayesian-updated probabilities of quality
conditional on signals sh and sl are
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P(sl |qh) = 0, P(sh|ql) = ρβ,

P(sh) = Pr(qh) · P(sh|qh) + P(ql) · P(sh|ql) = α + (1 − α)ρβ,

P(qh|sh) =
P(qh) · P(sh|qh)

P(sh)
=

α

α + (1 − α)ρβ
,

P(ql |sh) =
P(ql) · P(sh|ql)

P(sh)
=

(1 − α)ρβ

α + (1 − α)ρβ
.

(5)

Similar to Equation (3), the demand for h-type products in the first stage is d1h =
P(qh)d = α(1 − p + µ), and the demand for l-type products is d1l = P(ql)d = (1 −
α)(1 − p + µ). The demand for h-type products in the second stage is d2h = P(qh|sh)d =

α
α+(1−α)ρβ

(1− p+µ), and the demand for l-type products is d2l = P(ql|sh)d = (1−α)ρβ
α+(1−α)ρβ

(1−
p + µ), where P(qh|sh)d(P(ql|sh)d) indicates the number of buyers in the second stage who
updated their quality expectations based on the positive reviews and purchased the real
quality in the form of h (l)-type products.

The sellers’ expected profits across the two stages are as follows:

Πh = pd1h + pd2h,

Πl = pd1l + pd2l − βd1l ,
(6)

where pdij is the revenue from sales in the first and second stages and βd1l represents the
cost of the rebate to the buyers induced to post positive reviews. The l-type seller controls
its rebate costs to maximize profits. The profit of l-type sellers on the platform is equal to
the sales revenue in both periods minus the cost of the conditional rebate, and its decision
model is

max
β

Πl = pd1l + pd2l − βd1l , (7)

where Π∗
l ≥ Πn

l is the incentive compatibility condition; that is, the l-type seller can make
more profit by adopting the conditional rebate strategy.

Proposition 2. In equilibrium, l-type sellers adopt the rebate strategy for positive reviews if ρ ≥ ρ̄,
where ρ̄ = α

(
√

A−1)2 p
, A = (1−α)(1−λ(1−α)(1−p+µ))

α+(1−α)(1−λ(1−α)(1−p+µ))
, and 0 < α < p. The l-type sellers’ optimal

decision and profit are as follows:
β∗ =

√
pρα−α

(1−α)ρ
,

d∗2l =
√

pρα−α√
pρα (1 − p + µ),

Π∗
l = p((1 − α)(1 − p + µ) +

√
pρα−α√

pρα (1 − p + µ))− β(1 − α)(1 − p + µ).

(8)

Thus, we obtained the optimal rebate costs for l-type sellers who adopted the con-
ditional rebate strategy, the second-stage demand under the effect of the rebate strategy,
and the optimal profit under the rebate strategy.

Corollary 1. When online sellers adopt the rebate strategy, β∗ increases in p but is not necessarily
monotonic in ρ; that is, ∂β∗

∂p > 0, ∂β∗

∂ρ =
−2α+

√
pρα

2(α−1)ρ2 .

When Pn(ql |sh) ≥ 1
4 , then ρ ∈ ( α

(
√

A−1)2 p
, 1), ∂β∗

∂ρ < 0.

When Pn(ql |sh) <
1
4 , then ρ ∈ ( 4α

p , 1), ∂β∗

∂ρ < 0, ρ ∈ ( α
(
√

A−1)2 p
, 4α

p ), ∂β∗

∂ρ > 0.

Corollary 1 shows that the higher the product pricing in the market, the higher the
rebate costs paid by l-type sellers to obtain positive reviews. This suggests that the higher
the value of a product, the higher the cost of a positive review. Buyers do not give unjustified
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positive feedback because of a small rebate, and incentives are positively correlated with
the product value.

The relationship between the rebate cost and consumers’ sensitivity to the rebate de-
pends on the probability of l-type sellers receiving positive reviews without the conditional
rebate strategy. Why might l-type sellers receive positive reviews? This happens in such a
market where online buyers are keen on comments and tend to give friendly and positive
comments after each purchase. Even if the product quality is not as good as expected,
buyers might still voluntarily post positive comments. Therefore, when Pn(ql |sh) ≥ 1

4 (i.e.,
the rebate costs paid by l-type sellers are inversely related to consumers’ sensitivity to the
rebate), in this scenario, the seller can easily receive an induced positive review. When
Pn(ql |sh) <

1
4 (i.e., when l-type sellers do not adopt the rebate strategy), it is quite hard for

them to receive positive reviews or good comments. Customs in the online market are more
demanding and rigorous. In this case, the relationship between the rebate costs paid by
l-type sellers and consumers’ sensitivity to the rebate is not necessarily monotonic. When
consumers’ sensitivity to the rebate is less than a certain threshold (ρ̂ = 4α

p ), the rebate costs
increase with the increase in consumers’ sensitivity to rebates for positive reviews. This
means consumers are not sensitive to rebates at this time. Sellers should pay a high price
for inducing positive reviews. When the sensitivity of consumers to rebates for positive
reviews is greater than a certain threshold (ρ̂ = 4α

p ), the rebate costs decrease with the
increase in consumer sensitivity. At this time, consumers have an overall higher sensitivity,
and it is easier for l-type sellers to take certain measures to “buy” potential consumers’
positive reviews.

Corollary 2. When online l-type sellers adopt the conditional-rebate strategy, Π∗
l increases in ρ or

ql ; that is, ∂Π∗
l

∂ρ > 0, ∂Π∗
l

∂ql
> 0.

Corollary 2 shows that the optimal profit of l-type sellers under the conditional rebate
strategy is positively correlated with consumers’ sensitivity to the rebates. This suggests
that the more sensitive consumers are to rebates, the more easily they can be induced,
and the more profitable l-type sellers are. Under different systems and cultural environ-
ments, online markets in different countries and regions have different consumer groups
with different characteristics. This is why induced positive reviews work in some markets
and not in others. In addition, when the quality level of the l-type product rises, so do the
profits of l-type sellers who adopt the conditional rebate strategy. This means consumers
are more likely to accept the rebates for positive reviews if the product is of acceptable
quality, which in turn brings more profit to l-type sellers.

Proposition 3. The demand and profit of h-type sellers will be affected when there is induced review
behavior by l-type sellers in the online market. In equilibrium, we haved∗2h = α√

pρα (1 − p + µ),

Π∗
h = p(α(1 − p + µ) + α√

pρα (1 − p + µ)).
(9)

In this case, the profit of the h-type seller is smaller than that in the case of no rebate
strategy (i.e., Π∗

h < Πn
h).

Corollary 3. When l-type sellers adopt the rebate strategy, Π∗
h increases as ql increases and

decreases as ρ; that is, ∂Π∗
h

∂ρ < 0, ∂Π∗
h

∂ql
> 0.

Proposition 3 suggests that when market consumers are sensitive to rebates, they can
be easily induced to post positive comments about l-type products, resulting in inaccurate
quality signals. This can cause h-type goods to become unrecognizable, leading to less
profits for h-type sellers. Thus, conditional rebate behavior disrupts the market order.
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In addition, the higher the l-type quality level, the smaller the difference between h-type
and l-type products. In this case, the profits of h-type sellers will decrease. Therefore, quality
is key for h-type sellers. They have to make high-quality products that are differentiated
from other low-quality products.

5. Numerical Study

In this section, we investigate how each parameter (α, p, and ρ) affects the decision
variable β and other equilibrium results, such as demand and profit. For α, we divided
it into two cases. In one, α was relatively small, which means that a large number of
low-quality products flooded the online market. In the other, α was relatively large,
indicating that high-quality goods dominated the online market. In two different markets,
the same parameter values were used for comparative analysis. Table 2 shows the specific
parameter values.

Table 2. Parameter settings.

qh ql p ρ

Case 1 α = 0.2 0.8 0.4 1 0.8
Case 2 α = 0.6 0.8 0.4 1 0.8

5.1. Effect of ρ on the Equilibrium Outcomes

We first consider the online market in which low-quality products dominated (α = 0.2),
which is also one of the characteristics of immature e-commerce markets. We let ρ vary
to see how it affected the rebate cost, demand, and profit of two different types of sellers.
Figure 2 shows the results.

Figure 2. Effect of ρ on equilibrium outcomes (α = 0.2).

Figure 2 shows that we had a dividing line of ρ = 0.5, which is the condition of l-
type sellers adopting the conditional rebate strategy under certain parameter values in
Table 2. This is what we learned from proposition 2. The feasible area for discussion is
on the right side of the dividing line. From Figure 2, we first know that when consumers’
sensitivity to the rebate reached its critical value, the rebate cost decreased with the increase
in consumers’ sensitivity, but the change was small. Second, considering the demands
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of two types of sellers before and after the conditional rebate strategy, we can see that
before adopting the rebate strategy, the market demand for h-type products was obviously
higher than that for l-type goods. The market shares changed after the rebate strategy was
adopted by the l-type sellers. The demand for l-type products increased, and the demand
for h-type products decreased until the former overtook the latter, taking a greater market
share. Third, the difference in profits between the two types of sellers was small before
the conditional rebate strategy. However, the adoption of the strategy by l-type sellers
increased their profits and reduced the profits of h-type sellers, ultimately leading to a loss
of profits for high-quality products in the market. It is possible for h-type sellers to exit the
market because it is not profitable, ultimately leading to the survival of the inferior rather
than the superior goods.

Next, we consider the other case in which high-quality products dominated (α = 0.6).
We also let ρ vary to see how it affected the rebate cost, demand, and profit of the two
different types of sellers. Figure 3 shows the results.

Figure 3. Effect of ρ on equilibrium outcomes (α = 0.6).

Figure 3 shows that in a mature online market, it is not easy for l-type sellers to use a
conditional rebate strategy to control online reviews. Under the same parameter setting,
the critical value of adopting the strategy increased, and the conditional rebate strategy
could be adopted only when ρ was greater than 0.9; that is, consumers in this market are
highly sensitive to rebates, which is rare in the real market. When looking at the region to
the right of the dividing line, we can see that the effect of ρ on the decision variable and
other equilibrium results in this market situation differed significantly from that in the
previous market situation. First, the rebate costs were positively correlated with consumer
sensitivity, and the rebate costs were relatively large. Second, the market demand for l-type
products was rather small without the conditional rebate strategy, and it increased after
the strategy was adopted but still only accounted for a small part of the market share.
Conditional rebate strategies also reduced the market share of h-type products. Generally
speaking, however, the market share of h-type products was always higher than that
of l-type products, indicating that the conditional rebate strategy would not change the
market positions of the two types of sellers. Third, in mature online markets, the profit of
h-type sellers was significantly higher than that of l-type sellers, and l-type sellers’ profits
increased to some extent after adopting the rebate strategy, but the increase was quite
limited. On the contrary, this brought about a significant decline in the profits of h-type
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sellers. This shows that conditional rebate behavior harms others, does not bring significant
benefits, and disturbs the competitive order of the market.

5.2. Effect of p on Equilibrium Outcomes

As in Section 5.1, we first considered an online market in which low-quality products
dominated (α = 0.2). We let p vary to see how it affected the rebate cost, demand, and profit
of the two different types of sellers. Figure 4 shows the results.

Figure 4. Effect of p on equilibrium outcomes (α = 0.2).

Figure 4 shows that first of all, the rebate cost was positively correlated with the
price, which is consistent with Corollary 1. This indicates that if the product price is
high, the seller will benefit buyers more in inducing positive comments and might need
to pay more in management costs (e.g., communicating and coordinating with different
customers), which is consistent with the actual market situation. Second, before the rebate
strategy was adopted, the market demand for h-type products decreased with the rise
in prices, and the market demand for l-type products increased first and then decreased
with the rise in prices. When the product’s price was equal to 1.1, the demand for the two
kinds of products was equal. Generally speaking, after the rebate strategy was adopted,
the demand for l-type products increased, and the demand for h-type products decreased.
However, when the price increased to a certain extent (p = 1.1), the rebate strategy would
reduce the demand for l-type products and increase the demand for h-type products. This
shows that within a certain range of product prices, a conditional rebate strategy is feasible.
We will discuss in detail the price range within which this strategy can be adopted in
Section 5.3. Third, we can see in the figure that the profits of the two types of sellers
changed due to changes in price and demand as well as changes in rebate cost. We will
compare them with a market dominated by high-quality products (α = 0.6).

When α = 0.6, we also let p vary to see how it affected the rebate cost, demand,
and profit of the two different types of sellers. Figure 5 shows the results.
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Figure 5. Effect of p on equilibrium outcomes (α = 0.6).

Compared with Figure 4, Figure 5 shows that the mature online markets were more
orderly. First, as when α = 0.2, the cost of the rebate was positively correlated with the
price. Second, in a market dominated by h-type goods, a conditional-rebate strategy did
not result in an increase in l-type sellers’ own demand but rather a decrease in their own
demand and an increase in the demand of the other party. We can see a slight increase
in demand for h-type products. Third, the rebate strategy increased the profits of l-type
sellers in the case of relatively low product prices, but when the price rose to a certain
extent, the adoption of the conditional-rebate strategy would cause a decline in the profits
of l-type sellers. For h-type sellers, profits could increase by a small margin in this market.

5.3. Comparison under Parameter Combinations

Above, we analyzed the effect of a single parameter variation on the equilibrium result.
Here, we consider the optimal strategy selection of l-type sellers under different parameter
variation combinations (Figure 6). First, when ρ and p varied within a certain range,
the blue area indicates that the conditional-rebate strategy could be adopted. Similarly,
when ρ and α changed within a certain range, the blue area also indicates that in this region,
the profit for l-type sellers adopting the conditional rebate strategy was greater than that
without the strategy. This provides a reference for the decision making of l-type sellers,
Here, h-type sellers were the recipients of the strategy. We assumed that no counteraction
was taken against the behavior of inducing consumer reviews by l-type sellers.

Figure 6. Comparison under parameter combinations.
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6. Conclusions and Implications
6.1. Conclusions

Considering the phenomenon in which some l-type sellers in online markets induce
consumers to post positive reviews of purchased goods through a conditional rebate
strategy, we constructed a signal game model based on Bayesian conditional probability.
The basic conclusions are given below.

First, there are preconditions for l-type sellers to adopt a conditional rebate strategy.
This strategy will be adopted only when consumers are sensitive to the rebate cost to a
certain extent. In this study, we obtained the critical value of consumer sensitivity to the
rebate and carried out a specific analysis of the feasible range.

Second, we found the optimal rebate cost by optimizing the l-type seller’s profit
function. As shown in Equation (8) the optimal rebate cost (β∗) increased with the product
price (p) but was not necessarily monotonic in consumers’ sensitivity to the rebate (ρ) or
the proportion of h-type products (α). At the same time, we found the equilibrium demand
for the two types of products and the profit of the two types of sellers.

Third, the market share of high-quality products (α) is an important parameter. A low
α value indicates that the market is filled with a large number of low-quality products;
otherwise, high-quality products dominate the market. By comparing the equilibrium
results of α under high and low values, we found that when α was low, the critical value ρ̄
for l-type sellers to adopt the conditional rebate strategy was relatively small. Moreover,
the conditional-rebate strategy can increase the demand and profit of l-type sellers. Un-
der this market situation, it is profitable to adopt the conditional rebate strategy. However,
when α was high, the critical value ρ̄ for l-type sellers to adopt the conditional rebate
strategy was relatively large. The behavior of inducing consumer reviews does not seem to
work, nor can it affect the demand for h-type products that dominate the market, and it
will even lead to an increase in profits for h-type sellers.

In addition, when the quality level of l-type product rose, so did the profits of l-type
sellers who adopted the conditional rebate strategy. This means consumers are more likely
to accept the rebates for positive reviews if the product is of acceptable quality, which in
turn brings more profit to l-type sellers.

6.2. Implications

Our findings underscore that the practice of inducing consumers, as observed among
certain l-type sellers, to post positive reviews through conditional rebate strategies disrupts
the equilibrium of the market. This manipulation misleads consumers by generating
fabricated quality signals. Such conduct not only boosts profits for l-type sellers but also
impacts the earnings of h-type sellers and tarnishes the online shopping experience for
customers. Effective regulation is imperative to avert the influx of subpar products into
online markets at the expense of superior ones.

Addressing this issue requires a multi-pronged approach. Firstly, the primary re-
sponsibility lies with platform enterprises. E-commerce platforms should oversee and
govern sellers and buyers within their ecosystems, instituting robust rules for responsible
transactions and interactions. These platforms should actively thwart collusive actions and
impose more stringent penalties on deceitful sellers.

Secondly, governmental intervention through laws and regulations is essential. In many
developing nations, the growth of e-commerce markets outpaces legal frameworks. This
creates opportunities for dominant online sellers to exploit regulatory gaps. Therefore,
the government needs to enact legislation that effectively curbs such malpractices.

Thirdly, the behavior of buyers significantly influences the market. In online mar-
ketplaces, buyers function not just as consumers but also as content creators, as their
user-generated reviews hold considerable sway. Consequently, responsible review behav-
ior from buyers is pivotal for fostering the orderly progression of online markets.
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This concerted effort involving the three aforementioned stakeholders is imperative
to accentuating the competitiveness of high-quality products in the market, especially for
experience goods.
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Appendix A. Proofs of Propositions

Proof of Proposition 1. From Equation (1), we can obtain that

Πn
l = p((1 − α)(1 − p + µ) +

(1 − α)(1 − λdn
1l)

α + (1 − α)(1 − λdn
1l)

(1 − p + µ)),

Πn
h = p(α(1 − p + µ) +

α

α + (1 − α)(1 − λdn
1l)

(1 − p + µ)).

By using the first-order condition, we obtain

∂Πn
l

∂λ
=

−pα(1 − α)dn
1l(1 − p + µ)

(α + (1 − α)(1 − λdn
1l))

2 < 0,
∂Πn

h
∂λ

=
pα(1 − α)dn

1l(1 − p + µ)

(α + (1 − α)(1 − λdn
1l))

2 > 0.

Thus, the proposition is proven.

Proof of Proposition 2. From Equation (2), we can obtain that

Πl = p((1 − α)(1 − p + µ) +
(1 − α)ρβ

α + (1 − α)ρβ
(1 − p + µ))− β(1 − α)(1 − p + µ),

Πh = p(α(1 − p + µ) +
α

α + (1 − α)ρβ
(1 − p + µ)).

By taking the derivatives of Πl with respect to β, we have

∂Πl
∂β

= p(1 − p + µ)
(1 − α)ρ(α + (1 − α)ρβ)− (1 − α)2ρ2β

(α + (1 − α)ρβ)2 − (1 − α)(1 − p + µ),

and

∂2Πl
∂β2 =

2pα(1 − α)2(1 − p + µ)ρ2

(−α + (α − 1)βρ)3 < 0.

For any given β, this implies that Πl(β) is strictly concave in β. Consequently, there
is a unique optimal solution (denoted by β∗) to maximize l-type sellers’ profit Πl(β) for a
given β.
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Let ∂Πl
∂β = 0. Then, we obtain

β∗ =

(1 − α)2αρ −
√

p(α − 1)4α(1 − p + µ)2ρ3

1 − p + µ

(α − 1)3ρ2

=

√
pαρ − α

(1 − α)ρ
,

β1 =

(1 − α)2αρ +

√
p(α − 1)4α(1 − p + µ)2ρ3

1 − p + µ

(α − 1)3ρ2

=

√
pαρ + α

(α − 1)ρ
.

Thus, 0 < α < 1, β1(β1 < 0) does not satisfy the condition, and β∗ satisfies the
optimal solution.

Let A = (1−α)(1−λ(1−α)(1−p+µ))
α+(1−α)(1−λ(1−α)(1−p+µ))

, α < p.
We assume that

f (β) = Πl = p((1 − α)(1 − p + µ) +
(1 − α)ρβ

α + (1 − α)ρβ
(1 − p + µ))− β(1 − α)(1 − p + µ).

Let f (β∗) ≥ Πn
l to obtain −(1 − α)2ρ(β∗)2 + (α − 1)(α + (A − 1)pρ)β∗ − Apα ≥ 0.

We can find that ρ ≥ α
(
√

A−1)2 p
.

Since 0 < ρ ≤ 1, we can obtain

(1 − α)(1 − λdn
1l)

α + (1 − α)(1 − λdn
1l)

− (1 −
√

α

p
)2 ≤ 0

(1 − α)(1 − λdn
1l)− (1 −

√
α

p
)2(α + (1 − α)(1 − λdn

1l)) ≤ 0

dn
1l(1 − α)((1 −

√
α

p
)2 − 1)λ + (1 −

√
α

p
)2 + 1 − α ≤ 0

λ ≥
−1 + α − (1 −

√
α
p )

2

(1 − α)2((1 −
√

α
p )

2 − 1)(1 − p + µ)
.

Thereby, we can find that d∗2l =
√

pρα−α√
pρα (1 − p + µ) and Π∗

l = p((1 − α)(1 − p + µ) +
√

pρα−α√
pρα (1 − p + µ))−

√
pρα−α

ρ (1 − p + µ).
Thus, the proposition is proven.

Proof of Corollary 1. By taking the derivatives of β∗ with respect to p, we have

∂β∗

∂p
=

α

2(1 − α)
√

pαρ
> 0.

Similarly, by taking the derivatives of β with respect to ρ, we have

∂β∗

∂ρ
=

−2α +
√

pαρ

2(α − 1)ρ2 .

Let ∂β∗

∂ρ = 0. There exists a threshold of the sensitivity factor ρ̂ where ρ̂ = 4α
p .

We compare the values of α
(
√

A−1)2 p
and 4α

p .
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When A ≥ 1
4 and max{ α

(
√

A−1)2 p
, 4α

p } = α
(
√

A−1)2 p
, then ρ ∈ ( α

(
√

A−1)2 p
, 1) and ∂β∗

∂ρ < 0.

When A < 1
4 and max{ α

(
√

A−1)2p
, 4α

p } = 4α
p , then ρ ∈ (4α

p , 1), ∂β∗

∂ρ < 0, ρ ∈ ( α
(
√

A−1)2p
,

4α

p
),

and ∂β∗

∂ρ > 0.
Thus, the corollary is proven.

Proof of Corollary 2. By taking the derivatives of Π∗
l with respect to ρ, we have

∂Π∗
l

∂ρ
=

(1 − p + αqh + (1 − α)ql)(
√

pαρ − α)

ρ2 > 0.

Similarly, by taking the derivatives of Π∗
l with respect to ql , we have

∂Π∗
l

∂ql
=

(1 − α)(α + 2pρ − pρα − 2
√

pρα)

ρ

=
(1 − α)((

√
α −√

pρ)2 + (1 − α)pρ)

ρ

> 0.

Thus, the corollary is proven.

Proof of Proposition 3. From Proposition 2 and Equation (2), we can obtain that

Π∗
h = p(α(1 − p + µ) +

α

α + (1 − α)ρβ∗ (1 − p + µ))

= p(α(1 − p + αqh + (1 − α)ql) +
α

√
pρα

(αqh + (1 − α)ql)).

We assume that h(ρ) = Πn
h − Π∗

h, and we have

h(ρ) =
pα(1 − p + µ)

α + (1 − α)(1 − λ(1 − α)(1 − p + µ))
− pα(1 − p + µ)

α + (1 − α)ρβ∗

= pα(1 − p + µ)(
1

α + (1 − α)(1 − λ(1 − α)(1 − P + µ))
− 1

√
pαρ

).

Since A = 1− α
1−λ(1−α)2(1−p+µ)

and α
1−A = 1− λ(1− α)2(1− p + µ), we can find that

α
(1−A)2 p = (1−λ(1−α)2(1−p+µ))2

pα , where α
(1−

√
A)2 p

< α
(1−A)2 p < 1.

Let h(ρ) ≥ 0. Then, we have

√
ρρα ≥ 1 − λ(1 − α)2(1 − p + µ)

ρ ≥ (1 − λ(1 − α)2(1 − p + µ))2

pα

ρ ≥ α

(1 − A)2 p
.

Proof of Corollary 3. By using the first-order condition, we find that

∂Π∗
h

∂ρ
= −

(1 − p + µ)
√

pρα

2p2 < 0,

∂Π∗
h

∂ql
= p(1 − α)α(1 +

α2
√

pαρ
) > 0.

thus, the corollary is proven.



J. Theor. Appl. Electron. Commer. Res. 2024, 19 71

References
1. Statista. [Online]. Available online: https://www.statista.com/statistics/379046/worldwide-retail-e-commerce-sales#

statisticContainer (accessed on 2 October 2023).
2. Constantinides, E.; Holleschovsky, N.I. Impact of online product reviews on purchasing decisions. In International Conference on

Web Information Systems and Technologies; SCITEPRESS: Setúbal, Portugal, 2016; Volume 2, pp. 271–278.
3. Buttle, F.A. Word of mouth: Understanding and managing referral marketing. J. Strateg. Mark. 1998, 6, 241–254. [CrossRef]
4. Park, D.-H.; Lee, J.; Han, I. The effect of on-line consumer reviews on consumer purchasing intention: The moderating role of

involvement. Int. J. Electron. Commer. 2007, 11, 125–148. [CrossRef]
5. Cheung, C.M.; Thadani, D.R. The impact of electronic word-of-mouth communication: A literature analysis and integrative model.

Decis. Support Syst. 2012, 54, 461–470. [CrossRef]
6. Constantinides, E.; Fountain, S.J. Web 2.0: Conceptual foundations and marketing issues. J. Direct Data Digit. Mark. Pract. 2008, 9,

231–244. [CrossRef]
7. Nguyen, K.A.; Coudounaris, D.N. The mechanism of online review management: A qualitative study. Tour. Manag. Perspect. 2015,

16, 163–175. [CrossRef]
8. Gerstner, E.; Hess, J.D. A theory of channel price promotions. Am. Econ. Rev. 1991, 81, 872–886.
9. Chen, Y.; Moorthy, S.; Zhang, Z.J. Research note—Price discrimination after the purchase: Rebates as state-dependent discounts.

Manag. Sci. 2005, 51, 1131–1140. [CrossRef]
10. Chen, X.; Li, C.-L.; Rhee, B.-D.; Simchi-Levi, D. The impact of manufacturer rebates on supply chain profits. Nav. Res. Logist. (NRL)

2007, 54, 667–680. [CrossRef]
11. Ho, Y.-C.; Ho, Y.-J.; Tan, Y. Online cash-back shopping: Implications for consumers and e-businesses. Inf. Syst. Res. 2017, 28,

250–264. [CrossRef]
12. Vana, P.; Lambrecht, A.; Bertini, M. Cashback is cash forward: Delaying a discount to entice future spending. J. Mark. Res. 2018, 55,

852–868. [CrossRef]
13. Qiu, Y.; Rao, R.C. Increasing retailer loyalty through the use of cash back rebate sites. Mark. Sci. 2020, 39, 743–762. [CrossRef]
14. Chatterjee, P. Online Reviews: Do Consumers Use Them?. Available online: https://papers.ssrn.com/sol3/papers.cfm?abstract_

id=900158 (accessed on 2 October 2023)
15. File, K.M.; Cermak, D.S.; Prince, R.A. Word-of-mouth effects in professional services buyer behaviour. Serv. Ind. J. 1994, 14,

301–314. [CrossRef]
16. Vana, P.; Lambrecht, A. The effect of individual online reviews on purchase likelihood. Mark. Sci. 2021, 40, 708–730. [CrossRef]
17. Racherla, P.; Connolly, D.J.; Christodoulidou, N. What determines consumers’ ratings of service providers? an exploratory study

of online traveler reviews. J. Hosp. Mark. Manag. 2013, 22, 135–161. [CrossRef]
18. Basuroy, S.; Chatterjee, S.; Ravid, S.A. How critical are critical reviews? the box office effects of film critics, star power, and budgets.

J. Mark. 2003, 67, 103–117. [CrossRef]
19. Cao, Q.; Duan, W.; Gan, Q. Exploring determinants of voting for the “helpfulness” of online user reviews: A text mining approach.

Decis. Support Syst. 2011, 50, 511–521. [CrossRef]
20. Guo, Q.; Chen, Y.-J.; Huang, W. Dynamic pricing of new experience products with dual-channel social learning and online review

manipulations. Omega 2022, 109, 102592. [CrossRef]
21. Qiao, D.; Lee, S.-Y.; Whinston, A.B.; Wei, Q. Financial incentives dampen altruism in online prosocial contributions: A study of

online reviews. Inf. Syst. Res. 2020, 31, 1361–1375. [CrossRef]
22. Li, L.; Xiao, E. Money talks: Rebate mechanisms in reputation system design. Manag. Sci. 2014, 60, 2054–2072. [CrossRef]
23. Cabral, L.; Li, L. A dollar for your thoughts: Feedback-conditional rebates on ebay. Manag. Sci. 2015, 61, 2052–2063. [CrossRef]
24. Connelly, B.L.; Certo, S.T.; Ireland, R.D.; Reutzel, C.R. Signaling theory: A review and assessment. J. Manag. 2011, 37, 39–67.

[CrossRef]
25. Bagwell, K.; Riordan, M.H. High and declining prices signal product quality. Am. Econ. Rev. 1991, 81, 224–239.
26. Erdem, T.; Keane, M.P.; Sun, B. A dynamic model of brand choice when price and advertising signal product quality. Mark. Sci.

2008, 27, 1111–1125. [CrossRef]
27. Zhao, H. Raising awareness and signaling quality to uninformed consumers: A price-advertising model. Mark. Sci. 2000, 19,

390–396. [CrossRef]
28. Guo, L.; Wu, Y. Consumer deliberation and quality signaling. Quant. Mark. Econ. 2016, 14, 233–269. [CrossRef]
29. Joshi, Y.V.; Musalem, A. When consumers learn, money burns: Signaling quality via advertising with observational learning and

word of mouth. Mark. Sci. 2021, 40, 168–188. [CrossRef]
30. Zhang, C.; Yu, M.; Chen, J. Signaling quality with return insurance: Theory and empirical evidence. Manag. Sci. 2021, 68, 5847–5867.

[CrossRef]
31. Shen, C.-C.; Chiou, J.-S.; Kuo, B.-S. Remedies for information asymmetry in online transaction: An investigation into the impact of

web page signals on auction outcome. Internet Res. 2011, 21, 154–170. [CrossRef]
32. Wells, J.D.; Valacich, J.S.; Hess, T.J. What signal are you sending? how website quality influences perceptions of product quality

and purchase intentions. MIS Q. 2011, 35, 373–396. [CrossRef]
33. Yu, M.; Debo, L.; Kapuscinski, R. Strategic waiting for consumer-generated quality information: Dynamic pricing of new experience

goods. Manag. Sci. 2016, 62, 410–435. [CrossRef]

https://www.statista.com/statistics/379046/ worldwide-retail-e-commerce-sales#statisticContainer
https://www.statista.com/statistics/379046/ worldwide-retail-e-commerce-sales#statisticContainer
http://doi.org/10.1080/096525498346658
http://dx.doi.org/10.2753/JEC1086-4415110405
http://dx.doi.org/10.1016/j.dss.2012.06.008
http://dx.doi.org/10.1057/palgrave.dddmp.4350098
http://dx.doi.org/10.1016/j.tmp.2015.08.002
http://dx.doi.org/10.1287/mnsc.1050.0391
http://dx.doi.org/10.1002/nav.20239
http://dx.doi.org/10.1287/isre.2017.0693
http://dx.doi.org/10.1177/0022243718811853
http://dx.doi.org/10.1287/mksc.2019.1202
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=900158
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=900158
http://dx.doi.org/10.1080/02642069400000035
http://dx.doi.org/10.1287/mksc.2020.1278
http://dx.doi.org/10.1080/19368623.2011.645187
http://dx.doi.org/10.1509/jmkg.67.4.103.18692
http://dx.doi.org/10.1016/j.dss.2010.11.009
http://dx.doi.org/10.1016/j.omega.2022.102592
http://dx.doi.org/10.1287/isre.2020.0949
http://dx.doi.org/10.1287/mnsc.2013.1848
http://dx.doi.org/10.1287/mnsc.2014.2074
http://dx.doi.org/10.1177/0149206310388419
http://dx.doi.org/10.1287/mksc.1080.0362
http://dx.doi.org/10.1287/mksc.19.4.390.11788
http://dx.doi.org/10.1007/s11129-016-9174-5
http://dx.doi.org/10.1287/mksc.2020.1246
http://dx.doi.org/10.1287/mnsc.2021.4186
http://dx.doi.org/10.1108/10662241111123748
http://dx.doi.org/10.2307/23044048
http://dx.doi.org/10.1287/mnsc.2014.2134


J. Theor. Appl. Electron. Commer. Res. 2024, 19 72

34. Huang, P.; Lyu, G.; Xu, Y. Quality regulation on two-sided platforms: Exclusion, subsidization, and first-party applications. Manag.
Sci. 2021, 68, 4415–4434. [CrossRef]

35. Chen, J.; Guo, Z.; Huang, J. An economic analysis of rebates conditional on positive reviews. Inf. Syst. Res. 2022, 33, 224–243.
[CrossRef]

36. Huang, S.; Guan, X.; Xiao, B. Incentive provision for demand information acquisition in a dual-channel supply chain. Transp. Res.
Part E Logist. Transp. Rev. 2018, 116, 42–58. [CrossRef]

37. Jiang, Y.; Guo, H. Design of consumer review systems and product pricing. Inf. Syst. Res. 2015, 26, 714–730. [CrossRef]
38. Mayzlin, D. Promotional chat on the internet. Mark. Sci. 2006, 25, 155–163. [CrossRef]
39. Li, T.; Zhang, H. Information sharing in a supply chain with a make-to-stock manufacturer. Omega 2015, 50, 115–125. [CrossRef]
40. Qiu, L.; Whinston, A.B. Pricing strategies under behavioral observational learning in social networks. Prod. Oper. Manag. 2017, 26,

1249–1267. [CrossRef]
41. Zhang, Q.; Zaccour, G.; Zhang, J.; Tang, W. Strategic pricing under quality signaling and imitation behaviors in supply chains.

Transp. Res. Part E Logist. Transp. Rev. 2020, 142, 102072. [CrossRef]
42. Kuksov, D.; Xie, Y. Pricing, frills, and customer ratings. Mark. Sci. 2010, 29, 925–943. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1287/mnsc.2021.4075
http://dx.doi.org/10.1287/isre.2021.1048
http://dx.doi.org/10.1016/j.tre.2018.05.012
http://dx.doi.org/10.1287/isre.2015.0594
http://dx.doi.org/10.1287/mksc.1050.0137
http://dx.doi.org/10.1016/j.omega.2014.08.001
http://dx.doi.org/10.1111/poms.12693
http://dx.doi.org/10.1016/j.tre.2020.102072
http://dx.doi.org/10.1287/mksc.1100.0571

	Introduction
	Literature Review
	Models
	The Online Sellers
	Information Updates about Quality
	Consumers' Decisions
	Gaming

	Equilibrium Analysis
	Benchmark Case without the Rebate Strategy
	Benchmark Case with Rebate Strategy

	Numerical Study
	 Effect of  on the Equilibrium Outcomes
	Effect of p on Equilibrium Outcomes
	 Comparison under Parameter Combinations

	Conclusions and Implications
	 Conclusions
	 Implications

	Appendix A
	References

