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ABSTRACT

To reduce sellers’ manipulation of online reviews, platforms conduct audits
and impose penalties on abusive practices. In this article, we study the
effectiveness of self-regulation in preventing fake reviews and increasing con-
sumer and social welfare. To this purpose, we use a Stackelberg model with
the platform as the leader. Our major contribution is to explain the auditing
game between the platform and the seller. These are our major findings.
First, we found a self-regulation’s Achilles’ heel. Despite its noble intent,
the self-regulation system often falters. Why? The platform faces a powerful
incentive to accommodate fake reviews, especially when consumers heavily
rely on the seller’s information and regulatory repercussions remain mild. For
this reason, consumer activism and external supervision are the key factors
leading the platform to audit the seller. Second, we discovered the paradox
of fake reviews, establishing the conditions under which, counter-intuitively,
fake reviews create social value. Finally, by considering an endogenous retail
price, we found evidence of a complex relationship between pricing, auditing,
and review manipulation policies, all dependent on consumer sophistication
and product quality, which can only be analyzed numerically, as there is no
closed-form solution.

1. Introduction

Online reviews are an essential source of information about the quality of products and

services and can significantly influence consumers’ purchase decisions (Fainmesser et al., 2021).

Womply Research (2021) reports a strong positive correlation between the number of reviews and

firms’ sales revenue, as businesses with more than 82 total reviews earn 54% more in annual income

than average. Reputation X, an online ethical reputation management services firm, reports that a

*Corresponding author: Tian-Hui You; No. 195, Chuangxin Road, Hunnan District, Shenyang, Liaoning, China;

+86 024-83686769

¥4 cyliu@ysu.edu.cn (C. Liu); f.soares-oliveira@rgu.ac.uk (F.S. Oliveira);

thyou@mail.neu.edu.cn (T. You)
ORCID(S):

First Author et al.: Preprint submitted to Elsevier Page 1 of 49


mailto:cyliu@ysu.edu.cn
mailto:f.soares-oliveira@rgu.ac.uk
mailto:thyou@mail.neu.edu.cn

Platform Audits of Online Reviews
single negative review can drive away 22% of customers, and three negative reviews can drive
away a whopping 59% (Bruce, 2020). For this reason, online sellers are incentivized to manipulate
online reviews (Cao, 2020). It has been shown that there are many fake reviews on platforms such
as Amazon, Yelp, and TripAdvisor (Dellarocas, 2006; Harris, 2018).

Nonetheless, these fake reviews reduce consumers’ trust in online review systems and dam-
age the reputation of platforms (Wu et al., 2020). Thus, many platforms have developed anti-
manipulation policies. Amazon can suspend or terminate a seller’s Amazon privileges, remove
reviews, and delist related products if the seller is found to have attempted to manipulate reviews
(Amazon, 2021a). In another example, eBay’s feedback manipulation policy indicates that the seller
has the following risks if he manipulates online reviews: administrative ending or canceling of
listings, hiding or demoting all listings from search results, and account suspension (ebay, 2021).
Taking a slightly different approach, Taobao has a point accumulation system where the seller will
have points deducted if he violates the rules regarding fake transactions. Depending on the degree
of manipulation, Taobao may decrease the search ranking of related products, remove the fake
reviews, or delist all products (Taobao, 2021).

Even though platforms have policies to combat online review manipulation, some sellers still
manipulate reviews. Uberall and The Transparency Company (Uberall, 2021) analyzed four million
reviews on the most prominent U.S. local review platforms, finding that Google had the most
significant number of questionable reviews (10.7%), followed by Yelp (7.1%), TripAdvisor (5.2%)
and Facebook (4.9%). Therefore, platforms conduct audits to verify the authenticity of online
reviews and punish sellers if caught manipulating online reviews.

However, previous studies about online review manipulation have neglected the platform’s
audits (Cao, 2020; Dellarocas, 2006; Zhang et al., 2017). Therefore, it is vital to investigate the game
between the platform’s auditing procedures and the seller’s online review manipulation. Our major
contribution is to analyze the platform and seller auditing game, addressing the following research
questions. (a) Under which conditions does the platform’s self-regulation mechanism improve the

quality of consumer information? (b) What are the incentives for the platform to audit the seller
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and for the seller to manipulate online reviews? (c) What is the role of consumers in determining
the quality of online reviews? (d) How does online review manipulation affect consumer and social
welfare? (e) How do online review manipulation and platform audits affect the retail price?

To answer these questions, we use a Stackelberg game capturing the interaction between the
platform’s audit and the seller’s manipulation. We consider that a seller sells products on an
online platform to consumers making purchase decisions based on online reviews. To attract more
purchases, the seller may manipulate reviews. The platform attempts to prevent the manipulation of
online reviews by conducting audits. As platforms always announce their anti-manipulation policy
in advance, we consider that she is the game’s leader. We solve the equilibrium solution of the game
and analyze the conditions under which the platform conducts an audit, and the seller manipulates
online reviews. Then, we study the impacts of the regulatory penalty, seller’s penalty loss, audit cost,
and manipulation cost coefficients on the respective optimal decisions and profits. Additionally, we
examine the impact of manipulation on consumer and social welfare. Finally, to analyze the effect
of online review manipulation and platform audits on the retail price, we extended the main model
from exogenous retail price to endogenous retail price.

In this paper, we make the following contributions. First, we analyze the auditing and
manipulation game between the platform and the seller and identify a gap in the existing literature.
We show that there is a self-regulation’s Achilles’ heel, as the platform’s self-regulation system
is not always effective. For this reason, consumer activism and external supervision are crucial
in motivating the platform to audit the seller. Second, we offer insights for platforms on how to
design audit policies to deter online review manipulation. We demonstrate that strict auditing and
high penalties can significantly reduce manipulation. Third, we discovered the paradox of fake
reviews, proving that online review manipulation can positively affect social welfare, as it induces
consumers to try products they prefer despite being considered unethical behavior.

The remainder of this paper is organized as follows. We review the relevant literature in Section
2 and discuss the model development in Section 3. In Section 4, we derive the equilibrium of the

model, and in Section 5, we explain the main determinants of the optimal policies. We extend the
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model to include endogenous prices in Section 6. In Section 7 we discuss the deductive process used

in this article. Finally, Section 8 summarizes the essential findings and the managerial implications.

2. Literature Review

Our study relates to three streams of research: a) the internal auditing in the supply chain, b)
the effects of online product reviews on the firm’s operational decisions, and c) the manipulation

of online reviews.

2.1. The internal auditing in supply chain management

Our study is related to the literature on core companies auditing their partners to ensure
compliance. A common theme in this area is the impact of the major retailer’s auditing and penalties
on the suppliers’ social responsibility.

We review several studies examining the retailer’s auditing and penalties effects on the
supplier’s social responsibility. For example, Plambeck and Taylor (2016) finds that more frequent
auditing induces the suppliers to hide information and ignore social responsibility, while Cho et al.
(2019) shows that internal audit and high penalty can effectively reduce the use of child labor by
the supplier.

We also discuss the audit-penalty mechanisms among multiple retailers and suppliers. Caro
et al. (2018) demonstrates that the joint and the shared mechanisms are superior to the independent
ones, and Zhang et al. (2022) derives the optimal dynamic auditing policy for the retailer in a supply
network.

Finally, we highlight the studies that explore the role of financing and information sharing in
influencing the supplier’s compliance. Chen et al. (2023a) proposes a mechanism that combines
bank financing and buyer reward to improve the supplier’s compliance level, and Chen et al. (2023b)
analyzes the interaction between the firm’s auditing and the platform’s information disclosure under
uncertain product line strategy.

We also review some studies that address other aspects of the internal audit of the supply

chain. For instance, Nikoofal and Giimiis (2020) studies the impact of the retailer’s auditing on
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the supplier’s hidden actions when the supplier has private information about the supply risk. They
show that the audit benefits both the retailer and the supplier. Li et al. (2023) explores the product
quality audit by the C2C platform. They demonstrate that the audit encourages the authentic product
seller to use the platform.

In this paper, we extend this literature by analyzing the auditing game between the platform
and the seller, who can manipulate online reviews to influence consumer purchases. Specifically,
we examine the effects of fake reviews on consumer behavior and the responses of the platform

and the retailer.

2.2. The Effects of Online Product Reviews on the Firm’s Operational Decisions

We focus the literature review on models studying the impact of online reviews on firms’
operational decisions. These are dynamic models in which decisions are taken in sequence.
First, early consumers make purchase decisions based on their quality expectations. Then later,
consumers decide by using the online reviews from earlier adopters (Huang et al., 2021; Fainmesser
etal., 2021; Shin et al., 2023). As there is uncertainty about product quality, and as consumers can
learn from the sequential disclosure of reviews, Bayesian learning has been used to model consumer
inference of product quality (Guo et al., 2022).

Moreover, some studies focus on the impact of online reviews in a steady state, considering
only the number of online reviews when stationary. Many of these articles treat online reviews
as additional information for consumers’ product quality assessment. They model Consumers’
expectation of product quality as the average of idiosyncratic information and online reviews
information. In this research stream, Yang et al. (2021) study the impact of online reviews on
pricing and profits in a dual-channel supply chain; Qiao and Su (2021) study the effects of online
reviews on the closed loop supply chain. Another stream of articles models online reviews in two
dimensions: quality attribute and fit attribute; online reviews provide additional information to
reduce consumers’ uncertainty about product quality and fit (Li et al., 2021; Zhang et al., 2017;

Cao, 2020).
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2.3. Online Review Manipulation

Sellers can legally adjust pricing (Papanastasiou and Savva, 2017), advertising (Fainmesser
et al., 2021), rebates (Yang and Dong, 2018), and strategically withholding or disclosing infor-
mation about product quality (Guan et al., 2020) to affect online review by influencing early
consumers’ purchasing experience.

Additionally, some sellers may use non-compliant ways to increase revenue, such as posting
positive fake reviews in their own review set or negative fake reviews in competitors’ review
sets (Cao, 2020). Lee et al. (2018) find that positive manipulation is much more common than
negative manipulation. Sellers can give incentives for online reviews through monetary rewards;
these reviews tend to be positive (Gutt et al., 2019) and, as reported in Wu et al. (2020), significantly
influence consumers’ purchase behaviors, merchants’ profits, and social welfare.

A few articles have attempted to identify the firm type more likely to manipulate reviews. For
example, Hu et al. (2011) analyzes the impact of product attributes on online review manipulation
in the publishing industry, concluding that there is a severe problem for non-bestseller books.
Similarly, Wu and Qiu (2016) proves that only low-quality sellers fake consumer reviews, and
Siering and Janze (2019) find that poorly-graded restaurants have more fake reviews.

Nonetheless, the problem seems more complex, and there are circumstances where the rela-
tionship between quality and reviews is not linear. Dellarocas (2006) shows that when the firm’s
revenue is a convex function of consumers’ perceived quality, the high-quality firm is more likely
to manipulate reviews. In contrast, when the firm’s revenue is a concave function of consumers’
perceived quality, the low-quality firm has a higher incentive to manipulate reviews.

Another factor affecting review manipulation by the seller is competition. Zhang et al. (2017)
study the degree of seller’s manipulation under equilibrium when two competitive sellers sell
two products of the same quality but horizontally differentiated. They prove that competing
sellers A and B conduct the same degree of manipulation under equilibrium, concluding that
online review manipulation competition does not mislead consumers. Cao (2020) also analyzes

competition, considering two asymmetrical firms selling a substitute product, examining the impact
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of manipulation by the inferior firm, the superior firm, and then by both firms simultaneously,
proving that a firm may profit from its competitor’s manipulation. Moreover, Li et al. (2021) also
studies competition by examining how a firm fights against the rival’s manipulation strategy, and
Wu and Qiu (2023) analyzes the issue of competition intensity, proving that it is not affected by the
distortion of online ratings.

Additionally, online review manipulation also affects consumers and reviewers. Chen et al.
(2022) analyzes how consumers decide on online reviews by weighing the review-sharing revenue,
the moral cost of lying, the review-posting cost, and the rebate from the seller. They proved that
review manipulation increases social welfare when consumers’ moral and review-posting costs are
negligible. Mostagir and Siderius (2023) investigate when the reviewer should retain an excellent
reputation to influence consumers’ purchasing decisions or accept bribes to misrepresent reviews.
They prove that eliminating manipulation can increase the welfare of all market participants.

While the literature on online review manipulation has primarily focused on the impact on
consumers and sellers, the platform’s role in addressing this issue is crucial, as it serves as the
intermediary between these two parties. Chen and Li (2022) demonstrated that seller-manipulated
reviews may initially benefit platforms but ultimately harm their revenue. In contrast, Chen
et al. (2017) advocated for platforms to incentivize authentic reviews from consumers based
on their product experiences. However, fake reviews can mislead consumers, violate consumer
protection laws, and erode market efficiency (Hunt, 2015). To address these concerns, platforms
have implemented anti-manipulation policies to foster a trustworthy trading environment and curb
misleading or deceptive comments. Chen et al. (2019) found that severe penalties can effectively
deter sellers from manipulating reviews. In contrast, Chen and Papanastasiou (2021) proposed
a moderate-intensity anti-manipulation strategy that effectively leverages manipulation to benefit

sellers and consumers.
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Table 1
The comparison between our study and closely related literature

References Online Reviews Review Manipulation Audit & Penalty Game Theory Welfare
v
v v

Papanastasiou and Savva (2017)
Qiao and Su (2021)

Siering and Janze (2019)

Cao (2020)

Chen and Papanastasiou (2021)
Fainmesser et al. (2021)

Guo et al. (2022)

Cho et al. (2019)

Chen et al. (2023b)

Our study

< A NENENENENENEN

< ASANENENEN

ANENEN

ANENENENENENEN
ASENEN

2.4. Research gap

To provide a clear context for our study within the broader literature, we have compiled a
comparative overview of our work and closely related research in Table 1.

While research on online reviews and review manipulation has significantly advanced the field,
there has been limited investigation into the actions taken by retail platforms to address fake
reviews. Consequently, existing research is less equipped to tackle the auditing manipulation game
between platforms and sellers. In reality, manipulation and anti-manipulation often constitute a
two-player game between the platform and the seller. The platform weighs the loss due to the
regulatory penalty for fake reviews, audit expenses, and revenue shared with sellers. We extend
prior research on online reviews and review manipulation by examining a platform that conducts
audits and imposes penalties when sellers manipulate reviews. Drawing upon the methodology of
supply chain internal audit literature, we delve into the game between a platform’s audits and a
seller’s manipulation strategies. Additionally, we explore the impact of crucial parameters (such
as regulatory penalty and consumers’ perceived quality) on strategies, profits, and social welfare.
In conclusion, exploring the game between platform review processes and sellers’ manipulation of

online reviews holds significant theoretical and practical value for e-commerce supply chains.
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3. The Stackelberg Game

We model the interaction between the platform (leader) and the seller in the manipulation
game using the Stackelberg game (e.g., Cho et al., 2019) depicted in Figure 1. In stage 1, the
platform sets the audit effort x, catching the manipulative seller with probability x. In stage 2, after
observing x, the seller puts the manipulation effort r: the extent to which fake reviews influence
consumers’ perception of product quality. Then, the platform conducts an audit and removes any
fake reviews that are found. In this second stage, if the platform detects the manipulation, the
seller loses a proportion (0 < x# < 1) of his current revenue; if the seller’s manipulation is not
detected, consumers’ perception of the product quality from online reviews increased r. In stage 3,
the consumers make purchase decisions.

Decide whether to Audit starts and fake
Platform: audit and set audit reviews may be deleted
effort x if auditing |

Q1) QA Q) g
g s? y 53—
Seller: Decide whether to manipulate
and set manipulation effort r if
- ulati
fanipuiating Purchase
Consumer: decision

Figure 1: The sequence of the game

We employ backward induction to resolve the Stackelberg game illustrated in Figure 1. We
commence by presenting the decision-making processes of consumers (stage 3) in Section 3.1,
followed by the seller’s choices (stage 2) in Section 3.2, and concluding with the platform’s actions
(stage 1) in Section 3.3. The fundamental notation utilized throughout this study is summarized in

Appendix A (Table A1).

3.1. Consumer Purchase Decisions
We assert that consumer behavior is shaped by the difficulty in perceiving the quality of

online products. Because when buying online, consumers cannot try the products and are uncertain
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about product quality. For this reason, consumers learn about product quality using idiosyncratic

information and online reviews. We start by analyzing the modeling of consumer behavior.

3.1.1. The Utility Function.

Without online reviews, consumers form their product quality assessments based on the
seller’s description, brand, advertisement, and past purchases: this is the consumers’ idiosyncratic
information, which depends on the individual and differs among consumers (Cao, 2020). For
example, when Huawei launches a new phone, such as the HUAWEI Mate 40, compared with
people who had never used Huawei handsets before, consumers who have experience with Huawei
Mobile and are satisfied with them are more likely to buy the HUAWEI Mate 40. We denote
consumers’ product quality assessment based on their information source as §. This is a uniformly
distributed random variable from O to 1 (Yang et al., 2021; Yang and Dong, 2018).

Additionally, consumers learn about product quality from online reviews. Let g € (0, 1) be
the quality revealed by unmanipulated online reviews. This quality is assumed to be common
knowledge to all consumers. Then, consumers form their product quality assessments based on
q and q. Moreover, let f be the weight on idiosyncratic information, 4, and 1 — f be the weight on
online review information, ¢ when consumers form an assessment of product quality. Then, if there
are no fake reviews, the consumers’ expected quality of the productis fG+(1—f)q (Cao, 2020; Yang
etal.,2021). A high f means that the online review information is unreliable, and consumers prefer
to make purchase decisions based on personal information. The higher the credibility of the review
mechanism, the higher 1 — g. This f can also capture how product specificity impacts the pattern of
online reviews. Insufficient review information for new and niche products makes consumers rely
more on idiosyncratic information (high f) when estimating product quality. For mature products,
the plenty of online reviews make consumers rely more on online review information (low f). The

consumer’s expected net utility of the product is equation (1): the difference between the consumers’
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expected quality of the product and retailer price p.

u=pg+A-pg—-p ey

We now proceed by describing how fake reviews affect consumer behavior. Let r be the seller’s
manipulation effort. When fake reviews exist, the product quality revealed by online reviews
changes from g to g + r.

Although r directly increases the estimate of product quality, it has the downside of reducing
trust in online reviews. Consumers may be unable to tell which review is fake, but they know that
online reviews are manipulated. Let A € [0, 1] denote the consumers’ intolerance of fake reviews.
A reflects how consumer confidence in online reviews is reduced due to fake reviews in the system.
The A is such that 0 < f + A < 1 reflects the characteristics of consumers: the higher the A, the
less tolerant consumers are to fake reviews. When A is high, their trust in online reviews drops
significantly when fake reviews exist.

Using these concepts and taking into consideration manipulated online reviews, we can now
define the consumers’ expected quality of the product as (f+A)§+(1 —p—A)(qg+r). Consequently,

the consumers’ expected net utility is represented by equation (2).

u=P+28)Gg+1A-p-28)(@q+r)—-p @)

Cao (2020) makes a similar assumption: consumers have less trust in online review information
and rely more on idiosyncratic information when fake reviews exist. In this case, a higher f + A
means the online review information is less reliable. For this reason, even if the product quality is
high (g is close to 1), fake reviews may undermine consumers’ assessment of product quality as A
approaches one.

Although consumers know, in general, whether fake reviews exist in the system (affecting, on

average, all the products being sold on the platform), and for this reason, have adjusted their trust
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level in online reviews, they do not know the actions taken by the platform and the seller about the
specific product they want to purchase. There are two ways by which there may be no fake reviews
about a particular product: (a) the seller did not manipulate the reviews, or (b) the platform deleted
them once the manipulation was detected. Let [, denote the seller’s manipulation decision: [, = 1
means that the seller manipulates online reviews, i.e., r > 0; and [, = 0 means that the seller does
not manipulate online reviews, i.e., r = 0. When the seller manipulates online reviews (i.e., [, = 1),
he fails the audit with probability x and passes the audit with probability 1 — x. Figure 2 depicts the
potential outcome of the game between the platform and the seller: the existence of fake reviews

and the matching customer utility.

1,=0
PN > Fake reviews not exist u=pg+0-p)q—-p
L =1
Fake reviews not exist u=pG+0-p)q-p
Fake reviews exist u=P+A0G+0-p-Ag+r-p
Figure 2: Decision tree
3.1.2. Demand.

We can now proceed by deriving the demand function from the basic properties of consumer
behavior.

The consumers buy the product only if their expected net utility is positive. Therefore, by taking
the integral D = /[;_(1_ oMY g4n1/(B+A) f(§)dg we derive the demand function D =1 —[p— (1 —
p—A)(g+r)]/(B+ A). If fake reviews do not exist, then A = 0 and r = 0; however, when fake
reviews exist, A > 0and r > 0.

As depicted in Figure 2, fake reviews depend on both the seller’s manipulation and the
platform’s auditing efforts. Consequently, by combining the demands with the platform’s and

seller’s decisions, we derive the expected demand function, represented by equation (3): when
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[, = 1ther > 0and the demand D(r, x) = x [1 - @] +(1-x) [1 - W].Moreover,

when [, = 0, then r = 0 and the demand D = 1 — w.

p—10-Pq
p

D(r,x)=x [1 - 3)

+(1—x)[1— F+IA ]

3.2. The Seller’s Problem

We consider an internet-based retailer using an online platform to sell products. The seller sells a
single product for p per unit, and the platform receives a fraction @ € (0, 1) of the seller’s revenue.
Many online retail outlets, e.g., Amazon.com, Tmall.com, and JD.com, have adopted such a fee
structure. The platform charges the same agency fee to different sellers (e.g., JD.com sets the same
a for all goods in the same category (Ha et al., 2022)), we assume that « is exogenous. Moreover,
in the base model, to better explain the game between the platform’s audits and seller’s review
manipulations, we also assume that the price (p) is an exogenous parameter. Several studies have
the same assumption, such as Bose and Anand (2007), Caro et al. (2018), and Ma et al. (2021). Later
on, in Section 6, we relax this assumption and study the effect of having an endogenous price.

As favorable reviews can increase consumers’ expected product quality, the seller may manip-
ulate online reviews by rewarding past consumers for positive reviews to attract more customers
(Zhang et al., 2017). For example, sellers usually include a “praise cash-back” card in the package
with their products to encourage consumers to post positive reviews. Those who post positive
reviews can receive cash or discounts as rebates. As r € [0, 1] is the seller’s manipulation effort,
he incurs a cost mr?, with m > 0. Additionally, the seller suffers a penalty loss (0 < # < 1) as a
proportion of current income as a penalty if caught manipulating reviews.

Therefore, the seller earns p(1 — a) D (r, x) from sales, incurs a manipulation cost mr?, and
suffers an expected revenue loss xI,p(1 — a)n{l — [p — (1 — ) ql/f}. When the seller uses fake
reviews, consumers eventually lose trust in reviews about his products, i.e., the reviews’ weight

changes from 1— g to 1 — f— A. This change represents a seller’s reputation loss from fake reviews.

First Author et al.: Preprint submitted to Elsevier Page 13 of 49



Platform Audits of Online Reviews
As aresult, after observing x, the seller determines his best response r(x) to maximize his profit
(4). In which, when I, = 1 then z.(r, x) = p(1 — @) D(r, x)—xp (1 — @) 7 [1 - %] —mr?, when

0. =0 then z(r,x) = p(1 — @) D(r, x) — mr?.

p—(l—ﬁ)ql_mrz @

n(r,x)=p( —a)D(r,x)—xl,p(1 —a)n [1 - ;

3.3. The Platform’s Problem

The platform decides the quality of the auditing process by controlling the probability that the
audit will be effective, x € [0, 1], and incurs an audit cost kx?, where k > 0 (Caro et al., 2018;
Huang et al., 2022). The more the platform invests in the auditing process, the higher the probability
the platform can detect the manipulation when the seller manipulates online reviews.

In addition to self-regulation by the platform, industry regulations also play a significant role in
curbing manipulation. When fake reviews are confirmed, the platform is subjected to penalties from
the regulatory body. Although external regulation cannot wholly eliminate fake reviews, it catalyzes
platforms to conduct audits. Let’s denote g as the penalty imposed by external entities. The platform
experiences a revenue loss of g when the audit proves ineffective. This assumption aligns with the
one made in Cho et al. (2019), where an external inspection of manufacturers auditing suppliers
for child labor was considered.

Therefore, the platform earns pa D (r, x) from sales and incurs an audit cost kx?. Suppose the

seller manipulates online reviews (i.e., [. = 1). In this case, there are two potential outcomes:

(a) The seller fails the audit (with probability x), and the platform has an expected revenue loss
equal to xI . pan{1 —[p— (1 — B)q]/p} due to the loss of the seller’s income. (b) The seller passes
the audit (with probability 1 — x), and the platform suffers an expected revenue loss from the

regulatory penalty due to audit failure equal to [,(1 — x)g. At stage 1, the platform anticipates the

seller’s response and determines x to maximize her expected profit (5): when [, = 1 the ﬂp(r, X) =
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paD(r,x)— (1 —x)g — xpan [1 - %] — kx?, and when [ = 0 the 7, (r,x) = paD(r, x) — kx?.

ﬂp(r, x) = paD(r,x) —1.(1 —x)g — xI_pan ll — 3

4. The Equilibrium of the Stackelberg Game

We start by analyzing consumer behavior as the equilibrium is derived by backward induction.
By comparing the demand with and without manipulation, i.e., D(r, x |I], = 1)and D(r, x |I]r =0),
we derive Lemma 1: when the consumers’ expected net utility solely arising from unmanipulated
reviews is negative (i.e., ¢ < p) manipulation leads to high demand, i.e. D(r,x |I], =1) >

D(r,x |H, = 0), because when g < p the product will not sell unless the reviews are manipulated.

Lemma 1. (1) If g < p then D(r,x |, =1) > D(r,x |1, =0); (2) If ¢ > p then D(r,x|I, =1) >

D(r,x I, =0) when r > 24D and D(r, x [I,=1) < D(r,x|l, = 0) when r < = SV
. . p(1-p-A)’ P(1—p=A)
proofs are included in the Appendix B.)

On the other hand, when the consumers’ expected net utility solely arising from unmanipulated

reviews is non-negative (i.e., ¢ > p): a) manipulation leads to a high demand when the manipulation

effort r 1s large, i.e., r > %; b) demand decreases due to manipulation when r is small, i.e.,
A(g—p)
= pU-p-D)’

Therefore, the consumer’s intolerance of fake reviews is critical to whether the manipulation
affects consumer entry and exit decisions. When the consumers’ intolerance to fake reviews is
low, i.e., A approximates zero, a small manipulation effort leads to higher sales. However, if the
consumers’ intolerance to fake reviews is high, A approaches 1, and f converges to zero, online
review manipulation decreases demand.

Next, by evaluating the impact of manipulating online reviews on the seller’s expected profit,

we obtain the result summarized in Lemma 2, in which r(x) is the seller’s best response.

Lemma 2. There is a threshold x,, described in Appendix A (Table A2), such that if 0 < x < x,
then r(x) = p(1 — a)(1 —x)(1 — f— A)/2m(p + A)); otherwise if x, < x < 1 thenr(x) =0.

Lemma 2 indicates that the audit effort x is the primary constraint for the seller’s manipulation

decision. There is a bound on the auditing effort, x,, above which the seller no longer manipulates
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online reviews. Next, by analyzing the impact of manipulation cost and demand parameters on the
seller’s manipulation decision, we derive Corollary 1.
Corollary 1. Let g > p. There is a threshold m,, described in Appendix A (Table A2), such that if
m > m, the seller’s best response is r (x) = 0, for all x.

Corollary 1 shows that when consumers’ expected net utility solely arising from unmanipulated
reviews is positive (i.e., ¢ > p) and the manipulation cost coefficient m is large (i.e., m > m,), the
seller does not manipulate online reviews regardless of audit effort. This means that in addition
to the platform’s audit effort, product pricing, online ratings, and manipulation cost all play an
essential role in sellers” manipulation decisions.

Finally, we analyze the properties of the platform’s decision. By substituting Lemma 2
into equation (5), we derive the platform’s optimal audit probability and the seller’s optimal
manipulation effort, as summarized in Proposition 1. The analysis shown in Proposition 1 is
innovative because it studies how the regulatory penalty, audit, and manipulation costs impact
the auditing and manipulation strategies. It also identifies under what conditions the platform does
not audit, the seller does not manipulate, and when they set high, medium, or no audit and low

manipulation efforts.

Proposition 1. The platform’s optimal audit probability and the seller’s optimal manipulation
effort are described in Table 2.

From Proposition 1, let us further consider the particular case in which the platform does not
conduct an audit (i.e., x = 0), summarized in Corollary 2.
Corollary 2. When the platform does not perform audits (i.e., x = 0): (I) Only when q <

-_— et ) Rl 2 . . . - et ) Rl .
p+ PU=DAPL joes the seller manipulate online reviews, and r* = Q=ad=P=Rp. ) Otherwise,
4m(p+A)A 2(f+A)m

the seller does not manipulate online reviews even when the platform does not require an audit.

Corollary 2 proves that the seller does not manipulate online reviews when the consumers’
perceived quality revealed by unmanipulated reviews (q) is sufficiently large, even if the platform

does not audit. In this case, as g is higher than the required threshold, online word of mouth is so
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Equilibrium Solution.
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The expected profits of the platform and the seller
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L=q-p+(F+A)Nl-q)
Is = 2B(f + A)km — aAp

I3 = kx7 +g(1 - x))
Ig = B(+ D)2k —g) —aBp

positive that the seller does not need to manipulate online reviews to increase sales, avoiding the

risk of reducing the consumer’s trust in the reviews.

After deriving the optimal audit and manipulation efforts, we replace x* and r* into equations
(4) and (5). The derived analytical expressions of the optimal profits, both for the platform and the

seller, are summarized in Table 3. These expressions allow us to understand better the impact of

the regulatory penalty and audit and manipulation costs on profits.
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S. Identifying the Major Determinants of the Optimal Policies

This section analyzes the properties of the Stackelberg equilibrium, describing how the
equilibrium outcomes regions changed with cost and demand parameters in Section 5.1, how cost
parameters affect the equilibrium solution in Section 5.2, and how fake reviews affect consumer

welfare in Section 5.3.

5.1. Impact of Parameters on the Equilibrium Policies

We start by splitting the equilibrium outcomes in Table 2 into four regions by manipulation cost
coefficient (m) and regulatory penalty (g), as in Cho et al. (2019). The resulting Figure 3 illustrates
how the regulatory penalty (g) and manipulation cost coefficient (m) affect the optimal policies. As
g increases, the platform increases audit effort if m < my; if m > m, the platform does not audit.
Similarly, as g increases and m < m,, the seller decreases the manipulation effort, and if m > m,,
the seller does not manipulate. Figure 3 shows that when the manipulation cost is sufficiently large
(m > m,), the platform does not audit because the seller does not manipulate (due to the high cost
of doing so).

Additionally, Figure 3 also shows that the platform only audits reviews when the regulatory
penalty is above some minimum threshold (i.e., g > min{g,, g;}), which is higher the lower the
manipulation cost coefficient (m): when manipulation is cheaper (more expensive) the regulatory
penalty required to prompt auditing is higher (lower).

Next, we analyze how the costs and demand parameters affect the regions in Figure 3. The first
is the audit cost coefficient k. The solid arrows in Figure 3 depict the influence of k on threshold
lines: when the audit cost coefficient (k) increases, g, and g, move up and m, moves to the left.
Consequently, the platform prefers no or medium audit effort. As a result, the increase in audit costs
reduces the incentive to audit.

The second is the seller’s penalty loss #. The dashed arrows in Figure 3 depict the influence of
the seller’s penalty loss (1) on the threshold lines. When # increases, g, and g, increase, whereas

g, may increase or decrease. Thus, the platform prefers no audit when the seller’s penalty loss is
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Figure 3: Equilibrium outcomes change with k and #.

high because her revenue comes from the seller’s sales. Hence, the higher penalty loss for the seller
reduces the platform’s income, thus decreasing the platform’s incentive to audit: a shocking failure
of the self-auditing mechanism.

The third and the fourth are the consumer’s perceived quality revealed by unmanipulated
online review information g and the price p. As the influence of ¢ and p on the equilibrium
thresholds g,, g,, and g, is complex, we provide numerical examples to illustrate how they affect the
equilibrium. Following the Selling on Amazon Fee Schedule (Amazon, 2021b), we set a = 0.08
and, additionally, we assume that consumers have the same trust in idiosyncratic information as in
online reviews (i.e., f = 0.5). The other parameters are A = 0.15, p = 0.7, ¢ = 0.67, n = 0.25,
k = 0.03. Figures 4 and 5 summarize the optimal solutions as g and p change from 0.85 to 0.95
and from 0.55 to 0.4, respectively.

Figure 4 shows that when the consumers’ perceived quality revealed by unmanipulated reviews
(¢) increases, m; moves left (which can be verified by dm, /dq < 0). Consequently, the platform
and seller prefer no audit and no manipulation. A high q is synonymous with excellent online word-
of-mouth; sellers do not need to manipulate online reviews. For this reason, the platform does not

conduct audits.
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Figure 4: The impact of g on the equilibrium thresholds.
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Figure 5: The impact of p on the equilibrium thresholds.

Figure 5 shows that when the selling price (p) decreases, m, and m, move left (which can be
verified by dm,/dp > 0 and dm,/dp > 0). Consequently, the platform and the seller prefer no
audit and no manipulation, respectively. Figure 5 validates the following conclusion reached by

analyzing Figure 3: the seller does not manipulate reviews of low-price products.

5.2. Analysis of the Determinants of Profitability
In this section, we examine the effects of the parameters on the optimal policies and profits,

as summarized in Proposition 2 and Propositions 3, in which the symbol “+” represents a positive
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Table 4
Sensitivity analysis concerning g, n, k and m
Parameters g n k m
Solutions X r m®m mW,,| X r = T, | X r T [,| X I T, T,
(2) high x* low r* - |- + - - |- - -
(3) medium x*and r* |+ - - — |- + U - |- 4+ + — |+ - — -
(4) x* =0 high r* - - - -
influence, “—” represents a negative influence, a “space” indicates no relationship, and “U” signals

a convex relationship between the parameter and the respective variable.

Proposition 2. The influence of g, n, k and m on x*, r*, m,* and n* are described in Table 4. (Note:
Case (1), when x* = 0 and r* = 0, is not included in this table as the parameters do not impact the
variables.)

Furthermore, to better explain the results in Proposition 2 , we illustrate the influences of g, #,
k, and m on x*, r*, np*, and z* in Figure 6. The parameters are « = 0.08, § = 0.5, A = 0.15. To
better illustrate the trend, we set p = 0.58 (p < g) and my, < m < m,.

Figure 6(a) illustrates the impact of g on key variables: x* (audit effort), 7* (manipulation effort),
m,* (platform profit), and z* (seller profit). When the platform faces a substantial regulatory penalty
(indicated by a large g), it intensifies audit efforts (x*) to mitigate revenue losses from penalties.
Simultaneously, the seller reduces manipulation efforts (#*) due to the heightened risk of detection.
Consequently, the seller’s sales decrease, reducing profits for both the platform and the seller. For
this reason, the regulators play a crucial role by imposing penalties when manipulation occurs.
When there is regulatory failure to penalize the platform for the presence of fake reviews in the
system, the optimal policy is for the platform to accommodate the seller’s manipulation of online
reviews. This is the Achilles’ heel of self-regulation.

Figure 6(b) illustrates the influence of # on x*, r*, m,” and ;. From Figure 6(b), counter-
intuitively, when the # increases, the platform reduces audit effort (x*) to zero. This is because the
platform’s profit comes from the seller’s revenue. The platform suffers an expected loss if the seller
has a significant penalty loss due to failed audits (a large #). But, from the seller’s perspective, as

the probability of being caught is zero, and it is still slightly profitable to manipulate, he increases
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Figure 6: Sensitivity analysis concerning g, 1, k, and m

his effort (*). For example, in the case of Taobao, if the platform finds the seller manipulating
reviews, Taobao may decrease the search ranking of the product or delist the product. As a result,
the seller loses part of the sales revenue, and the platform loses her transaction fees; this is the
loss-sharing effect (Geng et al., 2018). This conclusion validates the results shown in Figure 3:
the higher #, the higher the optimal r* chosen by the seller. Another unexpected result is the seller
profit: as # rises, the seller’s profit follows a U-shaped curve rather than dropping continuously,
while the platform’s profit declines. This is because the platform is also affected by the seller’s

loss. Consequently, the platform reduces the audit effort, increasing seller manipulation. For this
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reason, when the platform’s revenue is solely based on the sellers’ sales, she does not punish the
seller because it would reduce her revenue.

Figure 6(c) illustrates the influence of k on x*, r*, x,* and x*: when the platform’s audit cost
coefficient (k) increases, she reduces the audit effort (x*) and the seller raises the manipulation
effort (r*). The seller’s profit increases because of the increase in manipulation effort (*) and
the decrease in audit effort (x*). Additionally, decreasing the audit effort increases the platform’s
reputation loss (which is not compensated by the increased revenue due to the extra commissions
paid by the seller). Thus, the platform’s profit decreases.

Figure 6 (d) illustrates the influence of m on x*, r*, np* and z,*. When the seller’s manipulation
cost coefficient (m) increases, he reduces the manipulation effort (r*), as expected. A quadratic
relationship exists between m and the audit effort x*. When m is sufficiently low in Figure 6 (d),
the platform does not audit as the regulatory penalty g is smaller than g,. When m increases to the
mid-range, the platform raises the audit effort (x*) to restrain manipulation. The platform reduces
the audit effort when m consistently increases to a sufficiently large value (x*). This is because
the seller lowers the manipulation effort due to the higher manipulation cost (r*). Thus, there is
no need to audit frequently. Consequently, both the platforms’ and the sellers’ profits decrease due
to increased manipulation cost. The non-linear relationship between the manipulation cost and the
audit effort is unexpected: the platform does not audit more when the manipulation cost is low.

Next, Proposition 3 summarizes the collective impact of A and g on x* and r*. To avoid the
distortion by complicated mathematics, we only consider the interior point solution, i.e., medium

x* and r*.

Proposition 3. In equilibrium there are threshold values g, < g, such that:
(a)ifg < g, then >0 <O

(b)lfnggSg,then 0 <0
(c)if g > g, then ‘;x 0 >0

Proposition 3 shows that the impact of the consumer’s intolerance to fake reviews (A) on

optimal policies hinges on the regulatory penalties (g). When the platform faces mild regulatory
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consequences, it increases the audit effort when consumers’ intolerance for fake reviews increases.
For this reason, the seller reduces the manipulation effort. In the second case, when the platform
faces medium regulatory penalties, with the increase in consumers’ intolerance for fake reviews in-
creases, the platform decreases the audit effort, consequently, the seller decreases the manipulation
effort. In the third case, the auditing is initially very high and the manipulation is very low (due to
the high penalties). With the increase in consumers’ intolerance for fake reviews the auditing effort

decreases and, for this reason, the manipulation increases.

Corollary 3. If the platform does not conduct an audit (i.e., x* = 0), the higher the A, the lower
the r*.

Corollary 3 indicates that if the platform does not conduct an audit and the seller manipulates.
Then, as expected, the seller reduces the manipulation effort when the consumer’s intolerance for

fake reviews increases.
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Figure 7: Impact of A on the optimal policy and profitability.

Furthermore, to better explain Proposition 3 and Corollary 3, we illustrate the influences of A
and g on x*, r*, 71'; and x in Figure 7. The parameters are the same as in Figure 6. From Figure 7 (a)
itis evident that when g > p, as A increases the platform and the seller change strategy from (x* = 0,
high r*) to (medium x* and r*), to (high x*, low r*), and then to (x* = 0, r* = 0). From Figure 7 (b),

we can observe that when g < p, the platform and the seller change their strategy from (x* = 0,
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high r*) to (medium x* and r*). Therefore, when consumers are less intolerant of fake reviews,
the platform does not audit, and the seller uses fake reviews more often. In contrast, the seller
reduces manipulation efforts when consumers have a higher intolerance for fake reviews. Consumer
intolerance of fake reviews is an effective way to minimize review manipulation. Moreover, both

the platform and the seller have a lower profit when consumers are less tolerant of fake reviews.

5.3. The Paradoxical Impact of Fake Reviews on Consumer Welfare

We start by formulating consumer welfare. It is the total benefit of consumers derived from
buying the product (Zhang et al., 2017; Cohen et al., 2022), can be formulated by equation
. = 1, consumer welfare is

> Ur

/,,1_(1_,,><q+,> [AG + (1 — B) q — p] dd with probability x and /pl—(l—ﬁ—A)(q+r) [(B+A)G+(A—-p—A)g—pldg
B

(p+8)

(6). In equation (6), if the seller manipulates online reviews, i.e.

with probability 1 — x. If the seller does not manipulate, i.e., [, = 0, then consumer welfare is

[k apan [BG + (1 = B) g — p] dg with probability 1.
B

1
wc=xﬁ G+ (1 =P q—- p]dq+(1—x)/ [(B+0,83+ (1-p~1,A)q~p|dg

(1-p)q (1=p-1,A)(g+r)
p (B+1,1)
_xp+=pg-pP (-0 [(1-B—-0,8)(q—r+B+1A—p|[(1-B—1,A)(q+r) +B+1.A-p|
- 2p 2(8 +1,0)
(6)
It follows from (6) that when there are no fake reviews, consumer welfare equals to W;

[(1=p=2)(g=r)+p+A—pl[(1=p—A)(g+r)+f+A—p]
2(f+A) ’

whereas when fake reviews exist, consumer welfare equals to

We obtain Proposition 4 by comparing consumer welfare with and without manipulation.

Proposition 4 (The Paradox of Fake Reviews). The manipulation increases consumer welfare

A A)(1-g)2—(g—p)?
when r < [B(B+M)(1-9)2—(q—p) ]
p(1—p—A)?

Proposition 4 describes the Paradox of Fake Reviews in which a little manipulation makes
consumers overestimate product quality, increasing sales and decreasing consumer marginal utility
by a smaller proportion. Consequently, as the proportion of increase in sales is higher than the
proportion of decrease in marginal utility, consumer welfare increases, leading to the Paradox of

Fake Reviews.
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Table 5
Consumers' welfare and social welfare
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We now proceed by defining social welfare so that we can investigate the effect of review
manipulation on society as a whole. It is the sum of consumer welfare, the seller’s profit, and
the platform’s profit, i.e., w; = w, + x, + 7. Substituting the results from Proposition 1 into (6),
we obtain consumers’ welfare w, and social welfare w, in Table 5. Table 5 presents an innovative
analysis of the impact of platform regulatory penalty, audit cost, and manipulation cost on the
equilibrium consumer welfare and social welfare by considering how it depends on the different
thresholds.

Next, we analyze the impact of online review manipulation on the consumer, the seller, the
platform, and society. As the profit and welfare functions are too complex, it is impossible to derive
analytical results. For this reason, we use numerical examples in our analysis. We have chosen
different parameters to illustrate our analysis. Figure 8 and Figure 9 illustrate how D*, 7[;, T, Wk
and w: change as a function of g, when the seller manipulates reviews, and when he does not (r > 0
represents “manipulated” and r = O represents “unmanipulated”).

Figure 8 (a) indicates that if the platform suffers a low regulatory penalty (e.g., g = 0.005 ), as ¢

increases, then demand D and the profits increase as well. Additionally, Figure 8 (b) indicates that
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Figure 8: Sensitivity analysis of D, x, and 7, concerning g when g = 0.005 and g = 0.075
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Figure 9: Sensitivity analysis of w, and w, concerning ¢ when g =0.015 and g = 0.075

the platform’s profit under review manipulation zr; (r > 0) decreases if she suffers a high regulatory
penalty (e.g., g = 0.075).

Moreover, in Figure 8 when the platform suffers a low regulatory penalty (g = 0.005), compared
with the no-manipulation case, the demand, and both profits are all higher if the seller manipulates
reviews (benefiting both players). However, when the platform suffers a high regulatory penalty
(g = 0.075), compared with the no-manipulation case, the platform’s profit decreases if the seller
manipulates reviews. Although manipulating online reviews brings more sales and benefits the

seller, it hurts the platform’s profit if the regulatory penalty is significant. Figure 8 also indicates that
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the seller does not manipulate when the consumers’ perceived quality revealed by unmanipulated
reviews (q) is sufficiently large, further verifying the results in Figure 4.

From Figure 9, it follows that as g increases, both consumer welfare w_ and social welfare w,
increase. Moreover, when g = 0.005 (compared with the no manipulation case), consumer and
social welfare are higher when the seller manipulates. Surprisingly, seller’s dishonest behavior
creates social value, as consumers purchase a product they like but would not have tried otherwise.
When g = 0.075, consumer welfare is higher, but social welfare is lower if the seller manipulates
online reviews. This is because the increased consumer welfare and seller’s profit due to the

manipulation cannot balance out the platform’s revenue loss when g is large.

6. Considering an Endogenous Retail Price

This section considers the scenario in which the retail price is endogenous. The sequence of
events is as follows: the platform sets the audit effort x; then, after observing x, the seller makes
his manipulation and pricing decisions (r and p); finally, the consumers make their purchasing

decisions. The platform’s and seller’s profits are represented by equations (7) and (8), respectively.

7, (r, p,x) = paD(r,p,x) — (1 = x)gl, — I, xpan 1 - p—(lﬁf—ﬁ)q — kx? @)
R () = p1 = @) Do, p. ) = Lxp (1 =y 1= E= P | ®)

We start with no audit case. Proposition 5 summarizes the equilibrium of the game (derived

using backward induction) when the platform does not perform audits.

Proposition S. If the platform does not conduct audits (i.e., x = 0), only when m > fn, is n (r, p)
(-a)(1-p=A)
4(p+4)

o = 20+Am(+A+1-F-4)g)

4+ Am—-(1—-a)(1—=p—A)?
s U-d-f-BHE+A+A-F-A)9g)
4+ Am—-(1—-a)(1—=p—A)?

a joint concave function of (r, p), in which m = . The equilibrium is represented by (9)

to (12).

€))

(10)

First Author et al.: Preprint submitted to Elsevier Page 28 of 49



Platform Audits of Online Reviews
. (—omP+A+1-p-A7)g)?
T A Am—(l—a)(1—f—A)2
7[*:40:(ﬂ+A)m2(13+A+(1—/3—A)q)2
P4+ Am—(1—a)(1—B—A)2)?2

(1)

-8 (12)

According to (9) to (10), it is evident that optimal price is a linear function of manipulation
effort. Corollary 4 proves that the higher the manipulation effort, the higher the retail price. This
is because a) the seller charges a premium for a product with high ratings, and b) the seller raises
the retail price to cover the rising manipulation cost. As a result, the seller passes the manipulation
cost to the consumer.

Corollary 4. Let x* = 0, then p* = —22f+8r

= Qg the higher the r* the higher the p*.

Figure 10 illustrates the findings of Corollary 4, plotting the relationship between p* and r* for
different levels of consumers’ intolerance to fake reviews. It indicates that the higher the consumers’
intolerance to fake reviews, A, the steeper the p* curve is. Consequently, the seller charges a
higher premium due to manipulation. Thus, surprisingly, the more intolerant consumers are to fake

reviews, the more the manipulation hurts them as they pay higher retail prices.

0.6

——A=01—+A=03]
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047
03¢
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Figure 10: The relationship between p* and r*

Next, we derive Corollary 5 by evaluating the seller’s profit with and without manipulation.
It proves that for low-quality products, as revealed by unmanipulated reviews (i.e., g is small),

the seller manipulates online reviews regardless of the manipulation cost. For the high-quality
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products shown by unmanipulated reviews (i.e., g is large), the seller manipulates reviews only
if the manipulation cost is negligible. Moreover, for high-quality products (¢ > ¢,) with high
manipulation costs (m > m,), the seller does not manipulate online reviews, even if the platform

does not audit.

VB(B+A) _ U=@)(1=p=AP[+(1-P)ql’
———— and m, = - =L,
1+4/B(B+A) 4A[ - p(p+A)(1-9)?]
audits, then when the pricing policy is endogenous: (1) if ¢ < q, the seller manipulates reviews for

any given m; (2) Otherwise, the seller manipulates reviews only if m < m,.

Corollary 5. Let g, =

If the platform does not conduct

Having completed the analysis of the specific no-audit case, we proceed with the analysis of the
general model of platform auditing. If the platform conducts an audit (i.e., x > 0), then the seller’s
best response is summarized in Proposition 6.

Proposition 6. Let x > 0. Only when m > m, is n (r, p) a joint concave function of (r, p), in which
_ A A2 —)2 .
o= —LmPAPr =" gy 11 0 < x < 1, the seller’s best response is represented by (13)
4(B+D)[(B+D)A—m)x+p(1-x)]
and (14

_ - =-f-AA =0 {plIf+A+A-F-A)ql =B+ Anx[f+ (1~ Pg]l + Agx}

r(x)

4B+ A)m[(f+A)A —mx+ 1 —x)] =1 —a)f (1 - - A)>(1 = x)?

_ 26+ 8m{pIf+A+A=-f—-A)gl=(F+Anx[f+ (1~ Fgl+ Agx}
4B+ Dm(f+ )1 —mx+ 1 -x)] -1 —a)f (1 = f—2)*(1—x)>

Corollary 6. Everything else is constant; the higher the x, the lower the p(x) and r(x).

p(x)

Corollary 6 proves that as in section 4 (when the price is exogenous), the higher the platform’s
audit effort, the lower the seller’s manipulation effort. Counter-intuitively, Corollary 6 also
indicates that the higher the platform’s audit effort, the lower the retail price, as the seller cannot
increase the perceived value of the product by manipulating reviews. For this reason, the demand
shifts down, and the marginal revenue of the seller is at a lower price point. Substituting (13) and

(14) into (7), we derive equation (15) for the platform’s profit function.

BB+ =g +q) = B+ Mnx(f+ (1= p)g) + Agx)?
B (4B +Dym((B+ )1 =mx+ (1 —-x) -1 -a)f(1~p~2)%1 -x)?)2 (15)

X dam*(f + A) [(B + A)(1 —p)x + p(1 — x)] — g(1 — x) — kx?

m,(x) =
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As (15) is a complex function of x, it is not possible to calculate the analytical solution of x*, but
we can analyze its local properties. Figure 11, obtained through numerical analysis, summarizes
the effect of A on equilibrium with different g. Note thatas 0 < f+ A < 1, the x-axis is in the range
[0, 0.5]. Figure 11 (a) shows that the impact of consumer intolerance for fake reviews (A) on the
audit strategy (x*) is concave and tends to increase with g, when A > 0.15. For this reason, due to
the combination of higher A and higher x*, the seller reduces the manipulation of online reviews,
as shown in Figure 11 (b).

Furthermore, in the context of endogenous pricing, as illustrated in Figure 11 (c), the impact of
consumers’ intolerance for fake reviews (A) on retail prices exhibits a convex shape. The underlying
rationale is as follows. On one hand, sellers reduce prices due to heightened audit levels, as
demonstrated in Corollary 6. On the other hand, sellers increase prices to maximize their profits.
The former effect dominates when A is small, while the latter prevails when A is large. Additionally,
on average, the higher the quality the higher the retail price.

Moreover, we have further done sensitivity analyses on the interaction between A and g, k, m,
and #, as summarized in Figures C1 to C4 in Appendix C. These results corroborate the insights
obtained from Figure 11. The impact of consumer intolerance for fake reviews (A) interacts with
parameters (g, k, m, and 7) in a consistent manner. The graphs exhibit similar patterns: the impact
of A on the audit strategy (x*) increases with A at decreasing rates; the impact of A on the
manipulation effort (r*) decreases with A at decreasing rates; the impact of A on the retail price
(p*) is convex. In general, prices are higher for lower and higher values of A, with a minimum price
in the middle range of A.

Additionally, the results are also evidence that, for a given A, the impact of the parameter (g, k,
m, and #) on the optimal policy differs across parameters. These findings align with the analytical

and numerical results presented in the article.
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Figure 11: The impact of A on optimal solutions with different ¢ (y = 0.05, k = 0.03, m = 0.5,
g =0.024)

7. Summary and Discussion

This study focuses on the auditing and manipulation game between the platform and the seller.
Figure 12 depicts the deductive process used to derive and analyze the equilibrium solution of the
game.

As shown in Figure 12, we first solve the game by backward induction, step-by-step, from the
consumer’s decision to the seller’s decision and finally to the platform’s decision in Section 4.
Then, in Section 5, we identify the major determinants of optimal policies derived in Section 4 by
analyzing how the parameters impact equilibrium policies, profitability, and consumer and social
welfare. Finally, in Section 6, we extend the main model from the exogenous retail price to the
seller deciding the retail price endogenously by using backward induction and numerical analysis.

Next, Figure 13 represents how the lemmas, propositions, and corollaries in Figure 12 answer
the research questions in Section 1.

The first question, “Under which conditions does the platform’s self-regulation mechanism
improve the quality of consumer information?” is answered by Lemma 2, Corollary 1, Figure
3, Proposition 2, Figure 6, and Corollary 6: rigorous auditing and expensive manipulation costs

improve the quality of consumer information.
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The second question, “What are the incentives for the platform to audit the seller and for the
seller to manipulate online reviews?” is answered by Lemma 2, Corollarys 1 to 3, Corollary 5,
Proposition 2, Proposition 3, Figures 3 to 7, and Figure 11: the platform audits online reviews to
prevent the high revenue loss caused by fake reviews, the seller manipulate online reviews due to
low product quality, high retail price, and low costs of manipulation.

The third question, “What is the role of consumers in determining the quality of online
reviews?” is answered by Lemma 1, Figure 3, Proposition 2, Figure 6, Proposition 3, Corollary
3, Figure 7, Figure 11, and Proposition 4: consumer activism and external supervision are the key
drivers in determining the quality of online reviews.

The fourth question, “How does online review manipulation affect consumer and social
welfare?” is answered by Proposition 4, Figure 8, and Figure 9: contrary to intuition, manipulating
online reviews does not always reduce consumer and social welfare. In fact, it can increase
consumer and social welfare when the platform suffers a negligibly low regulatory penalty due
to fake reviews. This is because the manipulation can lead to more purchases.

Finally, the last question, “How do online review manipulation and platform audits affect the
retail price?” is answered by Corollary 4, Corollary 6, Figure 10, and Figure 11: manipulation leads

to higher retail prices, while audits lead to lower prices.

8. Conclusion

As sellers may manipulate online reviews to increase sales, platforms conduct audits and impose
penalties on review manipulation to protect consumers from misleading information. In this article,
using a Stackelberg game, we studied the auditing strategies of a platform (leader) and reviewed
manipulation by a seller (follower). When the platform detects the manipulation, it removes the
fake reviews. Consequently, the seller loses a fraction of future business, and the platform suffers
an expected revenue loss due to the loss of the seller’s income. If the manipulation is undetected,

the platform suffers regulatory penalty, and consumers reduce their trust in online reviews.

First Author et al.: Preprint submitted to Elsevier Page 34 of 49



Platform Audits of Online Reviews

Question (e)

Corollary 4

Figure 10
Corollary 6 W
‘ Corollary 2
Figure 4 Figure 5
Lemma 2 Corollary 5
Question (a) Corollary 1 Question (b)

Figure 3
Proposition 2
Figure 6

Proposition 3
Corollary 3
Figure 7 Figure 11 __~

Proposition 4

Lemma 1 Figure 8

Figure 9

Question (¢)

Question (d)

Figure 13: Venn diagram mapping the analytical and numerical results to the research questions.

Our central managerial insight is that the self-regulatory system has several perverse incentives
and failures that lead to the maintenance and expansion of fake reviews. Moreover, consumer
activism and intolerance of phony information are the key drivers, without which the platform fails
to act, and the seller promotes fake reviews. Following is a summary of our major conclusions.

(1) It is clear that rigorous auditing and expensive costs effectively reduce online review
manipulation by the seller and thus improve the quality of consumer information. Nonetheless,
by default, the platform does not audit, even when the cost of so doing is very low, which leads to a
high manipulation effort by the seller. The platform audits treviews only when the damage caused
by fake reviews is sufficiently large.

(2) Self-regulation’s Achilles’ heel. Self-regulation fails because the platform may lose from
auditing manipulation activities. This is because the higher the seller’s penalty loss, the higher the
platform’s loss if the seller gets caught manipulating reviews, and the lower the audit effort. For

this reason, in a scenario where manipulation is increasingly essential to the seller, the platform is
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less likely to audit him. The platform is also exposed to more significant losses if she catches the
seller manipulating online reviews.

(3) The audit policy is influenced by factors such as the audit cost, shared revenue loss from the
punished seller, regulatory penalty, and anticipated manipulation effort by the seller. For instance,
a higher audit cost and shared revenue loss from the punished seller lead to a looser audit, while a
higher regulatory penalty and anticipated manipulation effort by the seller lead to a stricter audit.
Additionally, sellers manipulate more for low-quality or high-price products when the platform has
a lax audit policy, the manipulation is cheap, or consumers have a high tolerance for fake reviews.

(4) Consumer activism and external supervision serve as the primary factors influencing the
quality of the review system. When the platform is subject to stringent external supervision, it
incurs a substantial regulatory penalty in the presence of fake reviews, leading to an escalation in
the auditing effort. Furthermore, when consumers significantly diminish their dependence on the
seller’s information due to the presence of fake reviews, the seller loses the incentive to manipulate
reviews. The cumulative effect of an increase in the regulatory penalty and the diminished
effectiveness of online reviews results in an enhancement in the quality of the information provided
to consumers.

(5) The paradox of fake reviews. We discuss how manipulating online reviews under some
conditions increases consumers’ expected product quality and, under certain conditions, social
welfare increases as well. This result is interesting: review manipulation leads consumers to try
a product they like, which is usually perceived as dishonest behavior and increases social welfare.
Nonetheless, manipulating online reviews decreases social welfare if the regulatory penalty is
significant. Hence, in this case, the platform must have an anti-manipulation policy.

(6) When the retail price is endogenous, 1.e., the seller is not a price taker, we cannot derive a
closed-form solution. When the platform does not audit, an analytical solution exists: the higher
the manipulation effort, the higher the price (and vice-versa). The numerical results prove that the

equilibrium relationship between pricing, auditing, and manipulation is highly complex. We found
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evidence supporting that endogenous retail prices lead to a higher (lower) audit and lower (higher)
manipulation, depending on product quality.

There are many other exciting extensions for future research. First, we have considered one
seller selling products through one platform. In reality, many sellers sell homogeneous products on
a platform. Hence, it would be interesting to study the impact of a platform’s audits and penalties
on sellers in a competitive market. Second, we consider that the seller loses part of future business
if the manipulation is detected. However, platforms’ penalty strategies are complex. Thus, it would
be interesting to consider different penalties. Third, studying the dynamic interaction between a
platform’s audit and a seller’s manipulation in a multi-period setting would be another exciting

extension of our work.
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Appendices

Appendix A. Notation & Thresholds

This section summarizes the notation in Table A1 and the calculation of the different thresholds

used in the article, in Table A2.
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Table A1l
Notation

Decision variables:
x  Audit effort
r  Manipulation effort
Auxiliary variables:
Expected demand
Consumer expected net utility
Consumer welfare
Social welfare
The platform’s profit
The seller’s profit
rameters:
Selling price
Agency fee
Consumer's perceived quality revealed by unmanipulated online review information
Consumers perceived quality revealed by idiosyncratic information
The weight of § in consumers’ expected quality of the product without fake reviews
Consumers' intolerance for fake reviews
Audit cost coefficient
Manipulation cost coefficient
The regulatory penalty
The seller’s penalty loss due to failed audits
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Table A2
Thresholds

Notation Definition
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Appendix B. Mathematical Proofs

Proof of Lemma 1: By comparing the demand with and without manipulation, we find that

D(r,x|l, = 1) = D(r,x|l, =0) = <1-x>[/’f<1ﬂzlf:§;‘“q"’”. AsO< B < pB+A<1,thus: (1)ifg<p

then D(r,x|l,=1) > D(r,x|l, =0); (2) if ¢ > p then D(r,x|l, =1) > D(r,x |I, = 0) when

A(g—p) _ _ A(g—p)
r> SRS and D(r,x |, = 1) < D(r,x |1, = 0) when r < TR n
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Proof of Lemma 2: If we assume an interior point solution such that [, = 1, itis easily verifiable
that 7 (r, x |Hr = 1) is concave in r. From the first-order condition dz (r,x|l, = 1)/or = 0, we
obtain (Al).
- -x)A--A)p

F= 2m(f + A) (A

Next, substituting (A1) into equation (3), then the difference between the seller’s profit from

manipulating online reviews and not manipulating online reviews is

(I-a)p

m [Ax® = 2x (A = 2m( + A)B) + A + 4m(f + AN)A(p — q)]

r(r=7¢x)—r(r=0,x) =

where, A = pp(1 —a)(1 = f — A)* > 0, B=(p — 9)(f + A)n — A) — (1 — 9SS + M)n.
As we assume thatg—p+f (1 — ¢q) > 0, let 7z, (r = 7, x) — n(r = 0, x) = 0, we get two possible

solutions, equations (A2) and (A3).

_A=2m(p+A)B—2(+ A)\/mnAlg—p+ f(1—q)]+m*B

X, - (A2)
A-2m(f+A)B+2(F+ A)\/mnA [q—p+ P —¢q)]+ m?B?
x, = . (A3)

As A > 0, it follows that: a) if x < x; or x > x, then n,(r = 7,x) > n(r = 0,x) and,

consequently, r(x) = 7; b) if x; < x < x, then z(r = 7, x) < #,(r = 0,x) from which we obtain

r(x) =0.As0 < x < land x, > 1 > x;, we then conclude that the seller’s best response is

represented by (A4).
Qd00pBp - x> 0and 0 < x < x,
2m(p+A)
r(x)=49 0 if x; >0and x > x, [ (A4)
0 ifx; <0
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Proof of Corollary 1: when p > g we have B < 0, thus A — 2m(f + A)B > 0. Then,
x,>0& (A=2m(f+A)B)* > 4(f+A)>(mnAlg—p+p(1—q)]+m?*B?) © pp(1—a)(1—f—A)* >

—4m(f + A)A(p —q). As1 —a > 0, A > 0, thus when ¢ < p we have x; > 0 for any given

— — 2 12 2
m. When ¢ > p we have 2% = _ G A p BBt B () o x; = 0, we have
om Amr/Anm(q—p+B(1—q))+B2m?

pB—a)(1-p—A)

== G-

> 0. Thus, when ¢ > p and m < m,, we have x; > 0; when g > p
and m > m,, we have x; < 0. Thus, when ¢ > p and m > m,, for any given audit effort x the
seller’s best response is r(x) = 0. []

Proof of Proposition 1: From (A4), the seller’s best response could be rewritten by (A5).

(I—)d=x)(1-p-A)p .
Im(p4D) ifgq<p(orqg>p, m<my)and 0 <x < x,
rx=40 if g<plorq>p m<m)and x> x, (A5)
0 if q>p, m>m,

From (AS5), we know that:
(1) Whenx, <0,i.e.,g > pandm > m, forany x € [0, 1], we have z,(r = 7, x) < n,(r =0, x),
thus the seller’s best response is » = 0 and, for this reason, [, = 0, and D(r = 0) = 1 — p=0-h

B
Therefore, the optimization problem of the platform is

max z,(x) = max <pa [1 — Wl — kxz)

thus x* =0, r* = 0.
(2) When x, > 0,1.e., g < por (¢ > pand m < m,), there are two kinds of situations:
a. If x;, < x <1, we have (r = 7, x) < n,(r = 0, x), thus r* = 0. Therefore, the optimization

problem of the platform is

max np(x) = max (paD(r =0)-— kxz)

st x; <x<1
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thus x* converges to x;.

b.If 0 < x < x,;, we have 7, (r = 7,x) > n(r = 0,x), thus the seller’s best response is

A

r(x)=r

= U= “)(21 (xﬂ)ilmﬁ Ap . Substituting r(x) into equation (5), the optimization problem of the

platform is

max np(x) = max {paD (x,r(x))— (1 —x)g — xpan ll — Ml — kxz}
x x ﬂ (A6)

st 0<x<x

. ) 02 oV — A A2 2 2 _ 2
from which we derive —22) = 2U=0U—P-A?p-2p+A km _ adp-2hmPP+A)" ] o my =
0x2 (f+A)2m B(f+A)m
p(X)

p(>

a(l-)(1=p—A)*p?
2(8+A)’k ’

we find that when m > m, we have < 0 and when m < m,, we have > 0.

Py(x) 07, (x)

x)
(bl) when m, < m < m,, we have —=— < 0, which means z,(x) is concave in x. Let —— = 0,

ﬁ(ﬂ+A) gm— apA+mpa(ﬂ+A)B
2kmﬂ(ﬁ+A) —aAp

we can get X =

2 —_— —_—
Since 0 < x < x,, let g, = M, L= 2x kmp(p+A)"+(1 xl)ZaPA mpa(ﬂ+A)B’ thus when g, <
B(B+A)"m BB+AYm
2 —_ —_ —_
g < gyie,0 <R < x,wehave x* = % = BB+A) gm apA+mpa(ﬁ+A)B’ = [(2k-g)p(p+A)-paB]A

2kmp(f+A)>—aAp 20(1=B—A)2kmp(f+A)>—aAp)’
when g > g,,1.e., X > x;, we have x* = x|, r* =0; when 0 < g < g,,1.e., X <0, we have x* =0,

x — (—a)(1-f-A)p

2m(B+A)
92 . .
(b2) when 0 < m < min{my, m;}, we have ;r"ix) > 0, which means ﬂp(x) 1S convex
X
in x. Thus, x* = 0 or x,. From equation (A2), we have m(x = 0) —7m(x = x) =
2 _ 2 .
xlop (At 2mPH O BWGA M kD) Moreover, let g, = LARMPHNBRWGHAImK o can verify
2B+A)pm : 20(f+A)’m

that zrp(x =0) < ﬂp(x = x;)wheng > g5, 7 (x =0 > (x = x;) when 0 < g < g;. Thus,

(d-a)(d—x)U-p-A)p

when g > g; we have x* = x, and r* = ,when 0 < g < g; we have x* = 0 and

2m(B+A)
— (d-o)(d-p-A)p
2m(f+A) -0
Proof of Corollary 2: It is easily verifiable that z (I, = 1,x = 0) = p(1 — a) [1 - W] -

mr? is concave in r. From the first-order condition dz (I, = 1,x = 0)/dr = 0, we can obtain 7 =

(l—;x();i——f);w. Substituting 7 into 7, (I, = 1, x = 0), by evaluating the difference in 7,(I, = 1,x = 0)

and 7 (I, = 0, x = 0), we find that only if p(1—a) [4(ﬂ + A mA(p—-q)+pp(l—a)(1 = —A) 2] >
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: pB1—a)(1-p—4)> _ _ — — ; ;
0,ie,qg < p+ aa then (I, = 1,x = 0) > #n(l, = 0,x = 0). Otherwise, if

pB(1—a)(1-f—A)? _ _ — _
q>p+ EPTITT then 7 (I, =1,x=0) <z (l, =0,x =0).

Proof of the characteristics of threshold lines g, g,, g5, m;, and m, in Figure 3: From Tables

. .. _ apA-mpa(f+A)B _ 2x kmB(B+A) +(1-x )apA—mpa(f+A)B
2 and 3 we get the following threshold lines: g, = it 8= SGiarm ,
_ ap(Ax,+2m(f+A) B)+2H(+A) mx k _a(l—a)(1-p—=A)?p? __ pp—a)(1—-p—A)?
3T 26(p+A)m N TN
(1) Taking the first-order derivative of g;, g, and g; with respect to m, we have: % =
___adAp < 0 98 _ _ aA’qmplg—p+B(1-q)|+2B(B+A)*km(\/ Aqmlq—p+P(1—q)|+ B2m>+ Bm)> < 0 98 _
pp+8) m? T om AB+8)m\ Anmlq—p+P(1—q)1+ B2n " om
_ aA2qmplg—p+B(1-@)1+2(B+A)*km(y/ Anmlq—p+B(1-) 1+ B2m>+Bm)> _ _ aAp
24B(P+A)m2 ) Aqmlq—p+p(1—q) 1+ B>m? 26(p+4)*m?
(2) Substituting m = my, into g, g, and g, then we can verify that g, = g, = g; = W
it m = m,.
_ _ xy[2Bkm(B+AY—aAp] .
B3 g —g = TNE ,thus g, > g, if m > m,,.
(4) Comparing the difference between m; and m,, we can verify that
- —f—A)2 — — . —
m, —m, = P=QUP AT IPGLOR=2abpGP] Ty, there is a threshold value k, = 22292 g;ch
4(p+A)2 Ak(g—p) (B+2)p

that m;, > m, when k > k,, and m;, < m, when k < k,.

Thus, the threshold lines g, g,, g3, m,, and m, have the following characteristics: (1) dg,/om <
0, dg,/om < 0, 0g;/0m < 0;(2) g, = g, = g3 if m =my; 3) g, > g, if m > my; (4) my > m, if
and only if kK > k, and m; < m if and only if k < k. []

Proof of the influence of parameters k£ and 7 on the threshold lines g,, g, g5, m;, and m,
in Figure 3: Taking the first-order derivatives of m,, m,, g, g, and g, with respect to k, we have:
%:—Ww,%:o,%:o,%:zm >0, % =x, >0

Taking the first-order derivatives of m,, m,, g,, g, and g5 with respect to #, we have: % =0,

omy , 981 _ aplg—p+p(1-q)] >0,
on on p
9% _ La=ptBU-I{((B+A)APP+AY km—aAp)V Anmlg—p+p(1—q)1+ B2m>—(A=2(p+A) Bm)2p(p+A) km—aAp)}
on AP(B+M)V Anmlg—p+p(1—q)]+B2m? ’
_ _ 3 _ _ 2,2 _ _ 2
0& — lg—p+p(1—q)1{4P(p+A) km\/Ar]m[q p+p(1—q) ]+ B*m*+(A=2(f+A)Bm)(a Ap—2p(f+A) km)} . When m< mo, we have
on 2AP(p+A)\ Anmlg—p+B(1—g)1+B2m2

aAp—2P(B + A)’km > 0. Besides x; > 0 when m < m,, then we have A —2(f + A)Bm > 0. Thus

aﬂﬁ > 0, but ‘;ﬁ may be positive or negative.
n n
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Taking the second-order derivative of g, with respect to , we have

g _ Ax;xymlg—p+B(1-g)*QA(S+A) km—aAp) 2 _

S 25 Ammept P B As when m > m,, we have 2p(f + A) km — aAp > 0, thus
0%g,
on?

> 0, 1i.e., g, is convex function of 7.

Thus, the influence of parameters k and # on the threshold lines g,, g,, g3, m,, and m, is as
follows: (1) om,/dk < 0, om,/dk = 0, dg,/dok = 0, dg,/dk > 0, dg;/dk > 0; (2) om,/on = 0,
om,/on =0, 0g,/on > 0, dgy/on > 0, d*g, /on*> > 0. ]

Proof of Proposition 2: By taking the first-order derivatives of x*, r*, z,* and x;* with

respect to g: A) From the optimal solution for high x* and low r* in Tables 2 and 3, we

" . * or.* _ _ 2 2
have: ox* — 0, ar — O, o — 0, onp - — _2(/3+A)(\/A71m[q p+p(1—q)]+B*m*+Bm) < 0. B) From

dg og og og A

. ) . . . L ooxt B(B+A)’m
the optimal solution for medium x* and r* in Tables 2 and 3, we have: — = —————,

g 2P(f+A) km—aAp

o _(A=a)f(—p-A)(B+A)p omy” —  (B+D)mlaBp+p(f+A)(g—2k)] om* — (1=a)B(B+A)mp[A(g=2k)+2(+A) Bkm] +
og 2028(p+AYkm—aAp) *  og 20(B+A) km—aAp > og 22B(B+A) km—a Ap)>

(1-a)(f+A)Bmp
202(p+A)2km—aAp)”

As 2(2B(B + A)*km — a Ap) when m > my, thus, ‘j)—g > 0, ‘;—g <0.As g, <g< g,

om* _ ()T B ) )
we have 22 <, %% « _20=0)(+dp VAmmlg—pHpI-g B () C) From the optimal solution for
g g 22B(B+A)2 km—a Ap)

"
67rp

x* = 0 and high * in Tables 2 and 3, we have: 2 =0, &= =0, & =0, 22 = -1 < 0.
og 0g 0g og

Taking the first-order derivatives of x*, r*, x,* and x;* with respect to #: A) From the optimal

p
solution for high x* and low r* in Tables 2 and 3, we have: 2= = ——& HAmalg-ptPA-l - o _
on V Anmlg—p+p(1-g)1+B2m? on
(=)D la=ptI1=0) o 9% _ g % _ _ (G+Amnla-prI1-04HGHA mg=2kx)-daAn(i—x))]
) on ) on

2V Anm[g—p+B(1-q)1+B2m? 4B(f+A) m/ Anm[q—p+B(1-q)]+B2m?
g,, wehave 4p(f + A m(g—2kx,)—2aAp(1—x,) > 4a(f + A)p\/Anmlq — p + p(1 — @)] + B*m? >

.As g >

s

0, thus a;;" < 0. B) From the optimal solution for medium x* and r* in Tables 2 and 3,

" ? - — * — — or*
we have: &5 = GG mlepHpUogl o g T 2A@+)plg—ptP—g)] > 0, 2%
on 2p(f+A) km—aAp on 2p(1—B—A)2A(P+A) km—aAp) on

aplg—p+p(1—q))(a(f+A)Bmp+p(f+A)*gm—aAp) om
- PRP+A P km—ahp) <0,%==—p(l-)lg—p+ - g
x 202 A2 p2—302 A(B+A) Bmpi—a AB(B+A)2 gmp—6a AB(f+A)kmp+8a f(f-+AY Bkm?p+4f2(f+A) ghm?
28Q2B(B+A)2km—aAp)?
Pr _ a(l-a)(f+A)mp [f(1-g)+q—pI*(8F(f+A)*km—3aAp)

b

> 0. Let ‘)ai = 0, we have
n

on? 2B(2B(f+A)2km—a Ap)?
20 2 2 4 2 _ 2 % .
i = (BB(B+A) kn; aAp)(B(B+A) gm 20!A11)2+ﬁ (B+A)*gkm A(g—p) CAs d ﬂ; > 0, we can Verlfy that
a(f+A)*mp[f(1—q)+q—pl(8H(f+A)*km—3aAp) (B+D)[p(1-q)+q—p] on
on’* ) _ on’* ) _ ) ) ) )
;; < 0if g < 7, and a’:; > 0 if n > 1. C) From the optimal solution for x* = 0 and high r* in
Tables 2 and 3, we have: 2~ =0, 2 =0, & =0, 22 = 0.
on on on on
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Taking the first-order derivatives of x*, r*, np* and z* with respect to k: A) From the optimal

: : . * * a *
solution for high x* and low r* in Tables 2 and 3, we have: ‘)aik =0, ‘j)Lk =0, % = —x12 < 0,
aa”_/i = 0. B) From the optimal solution for medium x* and r* in Tables 2 and 3, we have:
ox*  _ 2B(B+A)’m(a(f+A)Bmp+p(f+A)* gm—aAp) <0, ot A(B+A)(a(B+A)Bmp+B(f+A) gm—aAp) > 0, om,”*
ok (A(B+A)2km—a Ap)> ok (1-f—A)2H(F+A)km—a Ap)? ok

_ (@(B+8) Bmp+p(+A) gm—aAp)* ot _ 1 _ 20m —
Sl A < 0, e = ~(1 = a)(B + Amp(a(p + A)Bmp + BB + AYgm

4B(p+A)? Bkm—Ala Bp+p(f+A)(2k—g)]

4B(p+A)2 Bkm—Ala Bp+p(f+A)(2k—g)]

aAp) X D) o) .As g, < g < g,, we have I oty <
_ — — 2 m2 * .
AN ARPHAEn - AV AP atap B g 950 5 () C) From the optimal
(B+A)m2p(B+A)2km—a Ap)? (B+D)mQ2(p+A) km—a Ap)? ok
solution for x* = 0 and high r* in Tables 2 and 3, we have: = , L =0, 2 = 7 — .

ok ok ok > ok

Taking the first-order derivatives of x*, r*, np* and z* with respect to m: A) From the optimal

_ (B+A)( Anmlg—p+B(1—q)|+B>m>+Bm)>
Am\/ Anmlq—p+B(1-q)1+B2m?

solution for high x* and low r* in Tables 2 and 3, we have: % =

o' (—o(-p-Buplg—ptpU—g)l _ o 9% _ o 9% _ _ adp(-x,)

om 2m\/Anmlg—p+p(1—q)]+B2m> > om " om 4P(p+AY m?
_ (B+A) Anmlg—p+p(1=g)1+ B2m>+ Bm)*[4f(f+A)*m(g—2kx | )—2a Ap(1—x,)] <0.
4AP(P+A)2m2\/ Anm[q—p+B(1—q)|+B2m?

o

B) From the optimal solution for medium x* and r* in Tables 2 and 3, we have:

X" _ aA(f+A)plp(F+A)2k—g)—aBp] Ox* _ _A(B+A)*k[(B+A)(2k—g)—aBp]

om 2B(f+A)2km—a Ap)? > om (1==A)Q2B(B+A)2km—aAp)? ’

or,* eV 2

9 _ __aAplp(B+A)2k—g)—aBp] . and

om 2B(2F(f+A) 2 km—aAp)?

Izt _ (1—a)Ap(aAp+2B(B+A)*km)[B(f+A)(2k—g)—aBp] x [ 4aBp _ ﬂ(ﬁ+A)(2k—g)—aBp]
om 45Q2B(P+A) 2 km—aAp)? a Ap+2B(f+A)2km 20(B+A)2km—aAp

As g, < g < g,, we have f(f + A)(2k — g) —aBp > 0, and

4aBp __ B(p+A)(2k—g)—aBp 2[(aAp+2ﬂ(ﬂ+A)2km)\/mr[A[q —p+p(1—q)]+m? B2+ Bm(2f(f+A)?km—a Ap)] <0
aAp+2ﬂ(ﬂ+A)2km 2ﬁ(ﬂ+A)2km aAp Am(a Ap+2B(f+A)km) ’

thus >O <0

C) From the optimal solution for x* = 0 and high r* in Tables 2 and 3, we have:

x _ g 9 — _U-a(=p-d)p om* _ (1—a)’(1-p—A)p? 0 om" _ (I—a)a(1-p—A)%p’

om - om

<0.[]

Proof of Proposition 3: From the optimal solution for the medium x* and r* in Table 2, we

om 2(f+A)m? > om 4(B+A)>m? > om 2(p+A)m?

9

have:

ox* __ amp[2AQpk(p+A)—paB—pg(f+A)+p(1-f—A)q— p)(Zﬁk(ﬂ+A)2m aAp)]

oA (1=p—2)(2Bk(p+A)2m— aAp)
ot _ A{ a2 k(p+D)mp(1—f—A)(p—q)—(a Ap+2k(B+A)>m) [ BQ2k—g)+ap((1-p—n)(p—q)+hn(1 q))]}
on 20(1-p—A) (2pk(P+APm—aAp)’
Let g 2A(2ﬂk(ﬁ+A) aBp)+p(1—f—A)q—p)(2pkm(f+A)>—aAp)
2AB(B+A) ’
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2k 1—p—n)(p— 1- Ap+2pk A)?)—daf’k A)(1-p—-A)(p— * .
Qpk+ap((1—f—n)(p—)+Bn(1—-@))(aAp+2pkm(B+A)* ) —4ap?kmp(f+A)(1-p—A)(p q), then, % <0ifg > g,

r B(aAp+2pkm(p+A)2)

ox* . or* . or* .
N ZOlfgng,a >01fg>gr,and£ <0ifg<g,.

As g, < g < g,, by evaluating the difference between g, g,. g,, and g,, we find that: (1) when
q > p, it is easy to verify g. > g,, g, > &,, and g, > g,, thus, % > 0 and ‘;LA* < 0.(2) when g < p,

it is easy to verify g, < g,, thus: (a) if g, < g < g, then ‘;—’Z > 0, % <0;(b)if g, < g < g, then

ox* or* ) . ox* or*
a—A50,0—A§O,(c)1fg,<g§g2,then A <0, A >0.]

Proof of Corollary 3: From the optimal solution for x* = 0 and high r* in Table 2, we have:

o — __U=®p (), Thus, the higher the A, the lower the r*. []
FIN 2(p+A)2m

Proof of Proposition 4: By comparing the consumer welfare with and without manipulation,

1-x{a 8)(1-9)*~(g=p)*|-p-p—4)*r
U0 {AlP+81 0" a=p ] PA-AP)
24(B+A)

0O<p+A<landg € (0,1),thus (1)if 0 < A < % then manipulation decrease

we have: w, (r,x |, =1) — w,(r,x|l,=0) =

2 A2(1— 2
(g—p)"—p~(1—¢q) , then

consumer welfare for any given manipulation effort r; (2) otherwise if A > o

A[BB+A)(1-92—(g-p)?]
B(1-p-Ay

manipulation decrease consumer welfare when r > \/ , and increase consumer

A[p(B+8)(1-9>—(g—p)?] [
B(1-p-Ay? '

Proof of Proposition 5: From equation (8), we can get the Hessian matrix of z(r, p | I.=1,x=0):

welfare when r < \/

027? 0’x, _om (1—a)(1-p—A)
H = or orop | — f+A (A7)
P Pr, Py (-w)(1-p=8)  _ 2(-a)
opor  dp? f+A f+A
Thus, only when 4(f + Aym — (1 — @) (1 = f—A)2 > 0, ie, m > % is the Hessian
matrix negative and z (r, p ||]r = 1,x = 0) concave around (r*, p*). Let w = 0 and
9]t =12=0) = 0, we have
op
s_U-ad-p-A)P+A+(A-F-A)g)
ri = (A8)
4B+AMm—-(1—-a)(1—p—A)2
20+ A +A+(1-p-A

L G am - - (- f—A)2
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Substituting equations (A8) and (A9) into (7) and (8), we have:

s _U-—om@B+A+(1-p-A)g)°

= (A10)
s 4+ Am—-1—-a)(1—-p—A)2
- =4a(ﬁ+A)m2(ﬁ+A+(1—ﬂ—A)Q)2_ (All)
Pl 4B+ Am -1 —a)(1 - f-A)2)2
]
27[ =U,x= - .
Proof of Corollary 4: From equation (8), we can get 2 S(plg; 20’ 9) — _20=9 - () which means
that 7 (p |[I, =0, x = 0) is a concave function of p*. Let %;O’xzo) = (0, we have
|
D, = E(ﬁ +1-Pq) (A12)

Substituting equation (A12) into (7) and (8), we have:

., A=)+ =P’
Ty = 4,3

(A13)

. _af+ (1= pg)
T = 17

(A14)

By evaluating the difference in z7, and x7,, we find that:

r = Gmo{ma[pe+AI—gr @ +(1-a)1-p-A 1A+l )
st sz 4p[4(+0)m—(1-a)(1-p~A) ] '

This means that only if 4mA [B(8 + A)(1 — g)* — @] +(1—a) (1 = B = M) 2[B+ (1 — f)g]* > 0

does the seller manipulate online reviews, and then p* = p, =y otherwise, the seller
: % * % : : : _ VB(B+A)
does not manipulate, and then p* = pJ, r* = 0. Simplify the constraint, let g, = TGS

_ U-0)(1=p=AP[f+(1-p)]’
4A[q>=p(B+A)(1-9)?]

q > g, the seller manipulates review if m < m,, not manipulates reviews if m > m,. []

m, , then when g < g, the seller manipulates review for any given m; when

Proof of Proposition 6: From equation (8), we can get the Hessian matrix of z(r, p ||]r =1,x):

2 2
0°my 07y

Com (=ai=p-2)1=)
H = o ordp | — p+A (A15)
S A R T R Y2 ( (-mx | “_x)
opor  dp? B+A p p+a
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Thus, only when 4( + A)m[(f+A) (A —p)x+p1 —-x)] -1 —a)p(1 = —-A)*(1 —x)> >0
is the Hessian matrix negative and 7 (r, p |Hr = 1, x) concave around (r(x), p(x)). The seller’s best

response computed from dz,/or = 0 and dz,/dp = 0.

Proof of Corollary 6: By taking the first-order directive of p(x) and r(x), we have:

dp(x) — szﬂ(ﬁ+A)3A(1 =N (1= +2mp(p+A)(1—a)(1=f=A)*(1=0)[(B+A)B(1 =) 2—n—nx)+(B+M)g(1 =) (x+D+Bq(1 - X)]
dx {4(B+2)mI(B+2)(1—m)x+p(1—x)]—(1-a) f(1—f—A)*(1- x)z}

dr(x) _ _(ﬁ+A)(1—a)(1—ﬁ—A)(quxﬂ(ﬂ+A)(1 mM1=x)+B(1—a)(1—f—A)*(1-n)(1-x)*(f—fq+q))

dx

{4+0mI(p+A)(1—n)x+B(1—)]—(1-a)p(1-p—-AP(1-x)? }
_ (1= (1=F-8) [ (B+A7 (1= (13 P81 A-nP 21— [P+ A -y +al}

{4(B+2)m[(B+A)(1—m)x+p(1—x)]—(1—a) f(1—f—A)2(1— x>2}
Asqg,a e (0,1),1>F+A)>p>0,0<n<1,0<x<1,thenA>0,1-¢g>0,1—-a>0,

1—n20,1—x20,2—n—nx20,1—/3—A>0,1—;1x220,thus,%SOandd;—S‘)go.D

Appendix C. Sensitivity Analysis
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Figure C1: The impact of A on optimal solutions with different g (n = 0.25, k = 0.03, m = 0.5,
g =0.57)
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Figure C3: The impact of A on optimal solutions with different m (n = 0.25, k = 0.03, ¢ = 0.57,

g =0.024)
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