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Abstract

The goal of this thesis is to describe price setting behavior of sellers in an
online market with a rating (reputation) system. I first review existing litera-
ture on various subjects in the area of online reputation systems. Key findings
include that online ratings do matter for buyer’s decisions and that they can
influence seller and buyer behavior. I then set up a model which, in its basic
version, shows that new sellers have an incentive to charge lower prices in
early periods in order to build up a reputation. The model is extended to
incorporate potential bribing and cheating behavior by the seller, highlighting

the role of rating systems in markets with adverse selection and moral hazard.
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1 Introduction

An ever growing portion of bilateral trade happens over the internet, with
buyers as well as sellers being anonymous to various degrees. This gives rise
to different types of information asymmetry. Consider for example adverse
selection, as first described by Akerlof (1970) in the context of a used car
market. Without any public knowledge of the participants’ trustworthiness
or the quality of products and services offered, markets quickly deteriorate in
average quality and possibly break down altogether. Untrustworthy partici-
pants have an incentive to enter the market due to the ease of cheating and
honest participants are driven out or don’t even enter such a market. The
characteristics of online markets, where participants are largely anonymous
and it is often hard to take legal measures, only aggravate this problem and
additionally give rise to moral hazard issues. Because there is no personal
interaction and no possibility to inspect the goods or services there is an in-
centive to deliver a lower quality product than advertised, package the goods
badly or to not deliver at all (Klein et al., 2013). One possibility to overcome
such effects is to implement a rating system in which the participants can
publicly rate each other and thus are able to build a reputation on an online
platform. The rating system mitigates moral hazard issues by punishing mis-
behavior and acts as a signaling device for true quality to counteract adverse
selection (Dellarocas, 2006). I discuss such rating systems and present known

theoretical issues from existing literature in Sections 2.1-2.3.

The effectiveness of such rating systems has been extensively discussed in
the empirical literature especially during the mid-2000s. The overwhelming
majority of these studies report a statistically significant effect of ratings on
prices and probability of sale, among other visible effects. Prominent exam-
ples include for example Melnik and Alm (2002), Resnick and Zeckhauser
(2002), Lucking-Reiley et al. (2007) or Cabral and Hortacsu (2010). While
the lion’s share of studies focuses on eBay.com, more recent studies observe
similar effects for other platforms as well'. I conduct a more thorough inves-

tigation of existing empirical literature in Section 2.4.

!see for example Anderson and Magruder (2012) or Jolivet et al. (2013).



Based on this evidence I propose a model focusing firstly on a new seller
entering a market with an online rating system and the question of how the
existence of said system affects his behavior. Intuitively it seems obvious that
a new seller without any ratings has to "pay his dues" in terms of setting a
lower price to make up for the information uncertainty of the potential buyers.
Indeed, even before the internet era, Shapiro (1983) found that in a market
where product quality cannot be observed easily "[...] such a seller must sell
his product at less than cost: he cannot command those prices associated with
high quality items until his reputation is established". Modeling interactions
on an online market with free re-entry under new identities as a Prisoner’s
Dilemma, Friedman and Resnick (2000) find that a "Pay-Your-Dues" strategy
will promote cooperation. Przepiorka (2013) models and empirically confirms
that a sellers positive ratings positively correlate with both the probability of
sale and, more importantly, the price of the good in fixed price offers. Thus
the results from Shapiro (1983) still seem to hold in online markets. My
model confirms this main observation and adds to the existing literature in
2 ways. Firstly, T differ methodologically from other models by separating
the probability of a seller meeting a buyer from the probability of a buyer
buying the product. The latter does not depend on a seller’s reputation but
on the price set by the seller, only the arrival rate depends on the reputation.
Secondly, in 2 extensions I model additional buyer behavior that would be
expected in markets dominated by the threat of moral hazard or adverse se-
lection. These include sellers choosing to defect based on economic incentives
(moral hazard) and low-quality sellers increasing their rating by explicitly or
implicitly paying off buyers. Especially the latter has rarely been discussed
in theoretical or empirical literature, but anecdotal evidence suggests that
it might be an important issue in practice, thus potentially weakening the
rating system’s role of preventing adverse selection. My model shows that
there is an incentive for low-quality sellers to bribe buyers in order to induce
higher ratings and that it can be optimal for sellers to cheat on buyers, in

some cases even for high-reputation sellers.



2 Rating Systems

2.1 Design of Rating Systems

Online rating systems are very common and widespread. Nearly every major
(and minor) website incorporates some kind of rating system, ranging from
Facebook-Likes to Google search rankings. The focus of this thesis lies on
rating systems that facilitate a trade in goods or services over the internet.
Important examples include online auction houses like eBay or the Chinese
Taobao, retailers and online marketplaces like Amazon or dedicated websites
that focus on the rating of restaurants, local businesses or holiday residences
(Yelp, TripAdvisor). These rating systems differ in various characteristics to
meet the requirements of the platform they were designed for. For example,
on eBay users rate each other reciprocally while on Amazon only buyers give
ratings and write reviews. On Amazon, products are reviewed and graded on
a ranking of 1-5 stars, these reviews can in turn be rated by other customers
as either helpful or not helpful. The average rating of a product is displayed
in tenth-stars (for example 4.6/5 stars). Similarly, on Yelp customers can
rate restaurants and local businesses on a scale of 1-5 stars, the restaurant’s
average rating is then displayed in half-star increments. On TripAdvisor
customers rate hotels in different quality dimensions on a scale of 1-5, the
site displays the average rating for all dimensions in half-stars as well as an
overall share of recommendations ("thumbs-up") of the hotel. Again, reviews
can be labeled as helpful or not helpful by other customers and active raters
are rewarded with a profile that displays their reviews and amount of "helpful"
reviews. eBay ratings are only binary (users rate each other either positively,
neutrally or negatively) and only short comments can be given. The site
displays the share of positive ratings, amount of each rating received as well

as a net feedback score.

When designing a rating system, it is important to differentiate between the
two main purposes of rating systems. Following Dellarocas (2006), rating
systems can serve as signaling device to combat adverse selection: A high

rating then indicates a high-quality product. A rating system can also be used



to mitigate moral hazard, it is then a sanctioning device: A high rating serves
as reward for cooperation and a low rating as punishment for misbehavior. A
typical example of a rating system being used as a signaling device would be
Amazon, where there is very little moral hazard and ratings are usually only
concerning product quality. On eBay, on the other hand, users mainly rate
their trading partners and not product quality. Due to the large presence of
moral hazard, this rating system is mainly a sanctioning device (Dellarocas,
2006). An empirical confirmation of this statement is provided by Jin and
Kato (2006) who find in an experimental study that high reputation on eBay

does infer good-faith sellers but not necessarily high-quality products.?

Several unique characteristics of online markets affect the functioning of such
systems. For example, Friedman et al. (2007) classify three threats to the in-
tegrity of rating systems: Whitewashing, Incorrectly Reported Feedback and
Phantom Feedback (or sybil attacks). Whitewashing describes the ability to
create a new identity and start fresh. If sellers can whitewash their identi-
ties the sanctioning function of ratings is very limited (i.e. sellers can’t be
sanctioned below their starting reputation). This is definitely an important
issue and discussed further in Section 2.3. Incorrectly reported feedback can
refer to either dishonest feedback, for example due to fear of retaliation or
an incentive to be seen as a "good" rater (see Section 2.1.1) or to the issue
that not enough ratings might be given in general (Section 2.2). Finally,
a sybil attack or phantom feedback describes a situation in which a seller
will create a large number of fake identities to boost the reputation of his
main identity. Anecdotal evidence suggests that fake reviews are not rare
and grow in importance. For example, The New York Times has reported
about businesses hiring workers to post fake positive and negative feedback
on Yelp (Segal, 2011) or writers hiring reviewers to post positive reviews of
their books on the internet (Streitfeld, 2012a). In a well documented incident
from 2004, Amazon’s Canadian site revealed the names of supposedly anony-
mous book reviewers as a result of a system glitch; it turned out that many

of these reviews were posted by the authors themselves (Smith, 2004). As it

2Tt should be noted that these distinctions between Amazon and eBay are slowly dis-
appearing, as both platforms branch out. For example, more and more small independent
sellers sell their products over the Amazon marketplace and large businesses use eBay to
sell their products in fixed price offers.



is not possible to observe fake reviews directly, there is only limited empirical
evidence on this issue. In recent years some studies have found ways to iden-
tify false reviews, however. For example Luca and Zervas (2013) use reviews
filtered by Yelp’s algorithmic detector as a proxy for fake reviews and May-
zlin et al. (2012) use differences between two hotel rating sites (TripAdvisor
and Expedia) as well as characteristics of neighboring hotels to identify fake
reviews. Both studies find clear evidence for the presence of fake reviews.?
There have been attempts to counteract such behavior. For example, Ex-
pedia only allows users who booked a service through the website to write
reviews. There is however a trade-off between the believability of reviews and
the amount of reviews being posted: websites that require verification will
attract less reviewers and are thus less popular. One possible compromise
would be the example of Amazon, where verified buyers are highlighted, but
there is still the question of whether to include unverified reviews into the

average rating (Mayzlin et al., 2012).

2.1.1 eBay

The bulk of existing research focuses on eBay?*, mainly due to its economic
significance but also the availability of data and the wealth of potential inter-
action between buyers and sellers (as opposed to, for example, Amazon where
buyers only rarely interact with sellers directly and ratings/reviews mostly
focus on product quality). eBay offers auctions as well as fixed price offers,
so different types of interactions can be observed (see for example Przepiorka
(2013)). The classic eBay approach of rating systems is characterized by a
reciprocal element: not only do buyers rate sellers, but sellers can rate buyers
in return. At first this seems to be an appropriate approach, as buyers often
also act as sellers in other auctions and vice-versa. However, such a system
opens the door for retaliatory behavior (i.e. giving bad ratings in return
for receiving bad ratings). The fear of retaliation would then in theory lead

to a reduction in negative ratings given, even if a negative rating would be

3More details on these studies are provided in Section 2.4.
41t should be noted that in recent years, eBay has become less important in the empirical
literature and attention has shifted to other platforms.



appropriate.

Chwelos and Dhar (2007) provide a simple game-theoretic model to illustrate
this weakness. They argue that there is an incentive to always rate the other
party positively (or not at all) for fear of retaliation, independent of the actual
product quality. Similarly, it is always superior to respond to a positive rating
with a positive rating because giving too many negative ratings could have
a negative impact on future interactions (the user could be seen as a non-

cooperative, strict rater which makes him an undesirable business partner).

To show this effect within a simple game theoretic framework Chwelos and
Dhar (2007) set up the following "Feedback Game", where P; are future pay-
offs from feedback received®, R; are future payoffs from feedback provided®,
and p, ¢, V, E; are the price of the product, the acquisition cost to the seller,
the valuation of the product by the buyer and the cost of effort needed to
provide a rating. 4 denotes giving positive feedback and — giving negative
feedback.

Seller
_l’_ —
N Pg+Rp—p+V — Ep, —Pp+Rp—p+V — Ep,
PS+RS+p—C—E5 Ps—Rs+p—C—ES
Buyer
| P—Rp—p+V - Ep, —Pp—Rp—p+V — Ep,
—P5+Rs+p—C—ES —PS—R5+p—C—ES

Figure 1: Feedback Game following Chwelos and Dhar (2007)

Clearly, the unique Nash Equilibrium of this Feedback Game is (+/+), as
there is never an incentive for the buyer or for the seller to deviate from this
strategy. The rating process is assumed to be purely strategic while the actual
transaction is "sunk" and not relevant for the rating given. This means that

in the Nash equilibrium of this model, there will never be negative ratings.

Sdefined as 1&,, where j3; is the per-period net benefit of receiving a positive rating
J
and r; is the discount rate.
Sdefined as v; f—%, where ~; is the percentage gain /loss from providing positive/negative

feedback.



The authors also evaluate a model with the option "Silence", i.e. giving no
rating at all. There, remaining silent can also be part of a Nash Equilibrium,

but again there will never be negative feedback.

This idea of reciprocity and retaliation has been thoroughly discussed in the
literature. Empirical evidence for this type of behavior has been reported
for example by Resnick and Zeckhauser (2002), Cabral and Hortacsu (2010),
Klein et al. (2006), Bolton et al. (2013) or Dellarocas and Wood (2008). They
all find an extremely low share of total negative and neutral feedback on eBay
(0.9%, 1.4%, 1.8%, 1.4% and 0.72% respectively). Bolton et al. (2013) also
report this number for the (eBay-owned) Brazilian online marketplace Mer-
cadoLivre, where the rating takes place during a 21-day blind period during
which the ratings are not made public. On this website, the share of negative
feedback is estimated at 18.7% for ratings given by buyers and 29.2% for rat-
ings given by sellers. They also show that on the website RentACoder.com,
following a change of the feedback system from an open to a double-blind sys-
tem in May 2005, the correlation between buyer and seller feedback reduced
drastically. Klein et al. (2006) additionally estimate conditional feedback
probabilities and show that the probability of receiving negative feedback af-
ter giving negative feedback increases to 36.7% (compared to 0.002% after
giving positive feedback). In a different approach, Jian et al. (2010) model
three different rating strategies for traders: (1) never giving feedback, (2) giv-
ing feedback unconditionally (i.e. always giving feedback, independent from
the trading partner) and (3) reciprocate (i.e. giving feedback if and only after
the trading partner gives feedback). Using a large dataset from 1999 provided
by eBay they estimate their model and find that 38% of the buyers and 47%
of the sellers give feedback unconditionally, 23% of the buyers and 20% of the

sellers reciprocate and the rest remains silent.

This effect did of course not go unnoticed by eBay, which resulted in their
feedback system changing in May of 2008. Sellers are now no longer able to
rate buyers neutrally or negatively, only positive ratings (or remaining silent)
are allowed. This change is supposed to reduce the buyers’ fear of retaliation
and thus encourages giving negative ratings when appropriate. As most of

the existing research focuses on eBay data from before the change of the



system I do not go into further detail on this change.” The important lesson
to learn from the original eBay feedback system is that traders do indeed rate

strategically and respond to the design of rating systems.

2.2 Buyer Behavior

While the focus of this thesis lies on the seller-side of the online transaction,
it is interesting to consider the buyer-side as well. Often it is just assumed
that buyers leave (1) sufficient and (2) honest feedback. But this is not al-
ways obvious. Miller et al. (2002) illustrate this point by noting that smart
parents may not want to reveal the names of their favorite baby-sitters in
an environment where supply of good baby-sitters is limited. Additionally,
posting feedback requires some effort from the buyer and no direct gain, so
there is a large incentive to free-ride: the provision of feedback can be con-
sidered to be a public good (Avery et al., 1999). As seen in the example of
eBay in Section 2.1.1, buyers might be reluctant to rate negatively in order
to preserve their own reputation or for fear of retaliation. There could also
be direct or indirect interaction between the seller and the buyer which influ-
ences the rating given (i.e. rewarding the buyer for giving positive feedback).
Judging by empirical results, at least not receiving enough feedback does not
seem be an important issue in practice. For eBay, Resnick and Zeckhauser
(2002) find that buyers will leave feedback 52.1% of the time, while Cabral
and Hortacsu (2010) find that feedback is left in 40.7% of transactions. How-
ever, as already discussed in the context of eBay, dishonest feedback is likely
to be an issue. Anecdotal evidence also suggests that some sellers do try to
compensate buyers for giving positive reviews and that buyers largely accept
these terms. For example, The New York Times® reported of a case in which a
seller of tablet leather cases and stun guns on Amazon would not only deliver
the ordered product, but also a letter promising a full refund in return for a
positive review. This scheme resulted in an overwhelmingly positive review

page for the product with barely any critical comments.

™I refer to Klein et al. (2013) for a detailed analysis on the effects of the change.
8see Streitfeld (2012b)



In an attempt to model a rating system that would counteract these is-
sues, Miller et al. (2005) suggest a mechanism (the so-called Peer Prediction
Method) that elicits honest feedback from buyers. An exact representation
of their proposed model would exceed the scope of this thesis, however the
general idea is to pay raters based on how likely it is that their rating would
be given by another rater, the so-called reference rater. This payment is sup-
plied by a third buyer whose rating does not affect the transfer paid. Miller
et al. (2005) find that in the Nash Equilibrium, feedback is honest and the

system breaks even.

2.3 Seller Behavior

As noted by Shapiro (1983), in a market where product quality cannot be
directly observed (such as an online market for experience goods) there should
be an incentive for sellers to undercharge in earlier periods until they have
been able to build up a reputation, which is achieved in online markets by
accumulating enough positive ratings. Przepiorka (2013) investigates this
issue by first modeling and then empirically confirming it with data from
eBay. He sets up the following binary one-shot trust game to model the

buyer-seller interaction.

First, the buyer decides whether to buy or not, then, if the buyer does buy,
the seller decides whether to ship or not. If no trade takes place both receive
payoff P, if the seller ships both receive payoff R and if the buyer buys but
the seller does not ship the buyer receives payoff S and the seller receives
payoff T'. The payoffs are ordered as follows: T"> R > P > S. Additionally,
a buyer is active in the market only once while a seller stays in the market
with probability ¢ (which is heterogeneous and private information). If a
trade takes place, the seller gives a rating with probability ¢. This rating is
positive if the seller ships and negative if the seller does not ship. Sellers can
re-enter the market with a new identity at no cost. Naturally, buyers prefer
to buy from sellers who received positive ratings in the past (as it turns out, a
seller with a positive rating will always ship). Thus, a newcomer to the market

will have to charge a lower price to incentivize buyers to consider him. The



price discount c is given by equalizing expected payoffs from buying from a

newcomer with buying from an established seller:
aR+(1-—a)S+c=R (1)

where « stands for the probability that a seller ships. The discount c¢ is

therefore given as
c=(1-a)(R-5) (2)

By comparing sellers’ expected payoffs from shipping and not shipping, Przepi-
orka (2013) shows that a seller has an incentive to always ship if he is a long
term type with 6 > 0* and to never ship if he is a short term type with 6 < 0,
with 0* being given as

T—-R

N [0 i

For the buyer, the probability of a seller shipping now becomes the probability
of meeting a long term seller (when interacting with a newcomer, an estab-
lished seller always ships). Assuming a uniform distribution, this probability
becomes 1 — 0*. Plugging in to equation (2) and re-arranging, Przepiorka

then finds the equilibrium price discount c*:

¢ = 5 1= ¢PT = RE 4T = R~ (1= o)(T - B] ()
Based on these findings, he sets up three hypotheses: (1) a seller with higher
reputation will set a higher price in a fixed price offer, (2) buyers will pay
a higher price to a seller with high reputation in auctions and fixed price
offers and (3) if the market does not clear, a seller with high reputation will
be more likely to sell his item in auctions and fixed price offers. He tests
these hypotheses by collecting a large sample of eBay data from offers for
SD memory cards in the last quarter of 2006. He performs logit regressions
on sales as well as OLS regressions on selling prices, considering both fixed
price offers ("Buy-It-Now") and standard auctions. He finds a statistically
significant positive effect of positive ratings and negative effect of negative

ratings on both probability of sale as well as selling prices. Additionally, he

10



finds that in fixed price offers the prices increase with the reputation of the
sellers. This confirms the initial idea that newcomers have to charge lower

prices than established sellers.

An important feature of online markets is the ease, with which a new identity
can be attained. There is a large incentive to cheat your customers for a few
periods and once too many negative ratings are given to just "whitewash"
and create a new account. Friedman and Resnick (2000) model this problem
and show that there will still be cooperation in such a system, however there
will emerge a convention under which new players have to "pay their dues",
meaning that they have to accept worse conditions in the first few periods of
the game. They show this by setting up a basic infinitely repeated prisoner’s
dilemma game and add public record keeping (i.e. each player knows the
other player’s past actions). It is clear that under fixed identifiers (e.g. real
names) total cooperation is a sustainable equilibrium. This is not the case
if identifiers can be changed freely, then it is always possible to defect and
start, with a fresh identity without being punished. Friedman and Resnick
(2000) therefore suggest the PYD ("paying your dues") strategy: if a new-
comer meets a compliant veteran, the newcomer cooperates and the veteran
defects. They show that, in this system, everyone except a veteran meet-
ing a newcomer cooperates. Thus the newcomer pays his dues with worse
treatment now in return for better treatment once he is a compliant veteran

himself.

One way to avoid the problem of whitewashing would be to ask an entry fee
from participants to make acquiring a new identity more costly. However, due
to the competitive nature of online markets, this is often not possible or viable
for the site owners (Friedman et al., 2007).? In general, it is usually assumed
that traders can acquire new identities with little to no cost. However, there
is a trend towards real names becoming more common on the internet (mainly
due to the rise of social media and their integration into other services), so

this might change in the future.

9As an alternative option Friedman et al. (2007) suggest a system where users are
required to reveal their real names to site owners and receive one free anonymous identity,
having to pay for additional ones.
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2.4 Empirical Evidence

After focusing primarily on theoretical issues so far, I now want to summarize
some empirical evidence on the noted issues. Most of the available research
focuses on eBay auctions, using data from before the change of the rating sys-
tem in 2008. There is a vast amount of evidence indicating that prices increase
with reputation. This is shown for example by Melnik and Alm (2002) for
the case of collectible coins, Dewally and Ederington (2006) for comic books
or Houser and Wooders (2006) for Pentium processors, among many others.
An exception is Resnick and Zeckhauser (2002) who find that reputation does
not increase prices of Beanie Babies and MP3 players, but it does increase
the probability of sale. Positive effects on the probability of sale are also re-
ported by various other studies (see for example Przepiorka (2013), Livingston
(2005) or Dewan and Hsu (2004)). Livingston (2005) additionally finds that
the effect of positive ratings decreases with increasing reputation (i.e. a de-
creasing marginal benefit of ratings). Mixed results have been found with
respect to the effect of negative ratings. In an experiment where participants
were asked to judge the trustworthiness of constructed eBay seller pages, Ba
and Pavlou (2002) find that negative ratings had a larger impact than pos-
itive ratings. They cannot confirm this with real data however; they find
that while positive ratings increase prices of music, software and electronics
products, negative ratings have no significant impact on prices. Eaton (2005)
finds that the presence of negative feedback reduces the probability of sale
for electric guitars but actually increases their price.!® Przepiorka (2013) and
Mickey (2010) find that negative ratings have a negative impact on prices of
electronics, Lucking-Reiley et al. (2007) confirm this for collectible coins and
additionally find that negative ratings have a stronger impact on prices than
positive ratings. In a different approach, Resnick et al. (2006) set up a con-
trolled experiment in which an established high-reputation seller of vintage
postcards sold the same items under his main identity, as well as several new
identities without reputation. They find that prices were on average 8.1%

higher under the reputable identity than the new identities. Comparing new

190ne potential explanation for this observation was suggested to be the fact that more
active and experienced sellers are more likely to receive negative feedback at some point
during their eBay career and potentially have higher reservation prices.
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identities with and without existing negative feedback, they find that a small

amount of negative feedback does not affect buyers’ willingness-to-pay.

While the studies mentioned so far focus on the effect of ratings on the
buyer’s decision, there is also evidence with regard to seller behavior. For
example, Jin and Kato (2006) use another experimental design and buy col-
lectible baseball cards from different eBay sellers to have them professionally
graded afterwards. They find that while high reputation sellers have lower
default /counterfeit rates than low reputation sellers, the quality of the cards
conditional on authentic delivery does not differ with reputation. Addition-
ally they find that offers with high quality claims received higher prices but
were more likely to be fraudulent and high reputation sellers are less likely
to claim very high card quality. Bruce et al. (2004) observe that a seller who
defaulted on a transaction before is more likely to do so again and that sellers
who would leave the market soon were more likely to default as well. Sim-
ilarly, Cabral and Hortacsu (2010) observe that a seller with more negative
feedback is more likely to leave the market and just before leaving a seller
receives more negative feedback than his lifetime average. There are two al-
ternative interpretations of these observations: Either the seller is planning
to exit the market and as a consequence decides to lower his quality /defaults
on transactions while still profiting from his reputation, or he exits the mar-
ket as a result of the negative ratings which were induced exogenously, or
possibly just a result of bad luck. Anecdotal evidence points towards the
first explanation being prevalent. For example, during their experiment Jin
and Kato (2006) encountered two sellers who would intentionally build up
a positive reputation to then commit a series of defaults and abandon their

accounts soon after.

In recent years researcher’s attention has shifted away from eBay however,
and alternative rating systems have been empirically investigated. For ex-
ample Chevalier and Mayzlin (2006) compare book sales on BarnesAndNoble
and Amazon and find that a relatively higher rating of a book on one site
compared with the other leads to relatively higher sales on that site, thus
showing that ratings also have an impact on websites where moral hazard is

not the dominant issue. Focusing on the major French online marketplace

13



PriceMinister and using an exceptionally large and complete dataset obtained
directly from PriceMinister, Jolivet et al. (2013) find a strong positive effect
of reputation on prices. Employing a regression discontinuity design, An-
derson and Magruder (2012) analyze restaurant ratings on Yelp and observe
that an extra half star rating causes restaurants in San Francisco to sell out
49% more frequently. Additionally, they look into the issue of sybil-attacks:
Robustness checks confirm that restaurants do not manipulate ratings in a
confounding, discontinuous manner.!! Using similar methodology but a dif-
ferent outcome variable, Luca (2011) finds that restaurants in Seattle increase
their revenue by 5-9% per extra star on Yelp. He also finds that it is mostly
independent restaurants (as opposed to chain restaurants) that benefit from
Yelp, indicating that online ratings function as a substitute for classic (of-
fline) reputation. Focusing on Boston area restaurant reviews that have been
marked as fraudulent by Yelp’s own algorithmic indicator,'? Luca and Zervas
(2013) find that 16% of reviews are identified as fake and that review fraud
is likely to be a response to economic incentives, rather than a strategy used
by a small number of unethical businesses. In a different approach of trying
to identify fake reviews, Mayzlin et al. (2012) exploit an organizational dif-
ference between the hotel rating sites TripAdvisor and Expedia. While on
TripAdvisor every user can post a review of any hotel, on Expedia only users
who booked at least one night through the website can post a review. Thus
the cost of posting disingenuous reviews should be higher on Expedia than on
TripAdvisor. The authors define several hotel characteristics that are likely
to affect the likelihood of hotels posting fake reviews!? and compare reviews
of such hotels on the two sites, using a slightly unconventional difference in

differences approach. For example they would compare the ratio of low re-

"Yelp rounds the true average star rating to half-stars, so the idea that is tested for
is that restaurants would be incentivized to leave fake reviews to push their average just
above a rounding point (for example from 3.24 to 3.26). No evidence for this behavior was
found.

12Guch reviews are filtered and not displayed on the main listings, however they can still
be accessed by solving a CAPTCHA puzzle.

13These characteristics are based on the following assumptions: a hotel with close neigh-
bors is more likely to receive negative fake reviews; small owners, independent hotels and
hotels with small management companies are more likely to engage in review manipula-
tion than multi-unit owners, branded chain-hotels and hotels with a large management
comparny.
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views to total reviews between hotels with and without a close neighbor and
then ask whether this difference differs between TripAdvisor and Expedia.
They find that promotional reviews are more common on TripAdvisor than
on Expedia and that organizational characteristics of hotels affect the extent

of review manipulation.

Summarizing empirical evidence, I want to highlight the following points:'4

1. Positive ratings have positive effects on prices and probability of sale.

2. The effect of negative ratings is less pronounced, the evidence points

toward negative effects in general however.
3. There is a decreasing marginal benefit to ratings.
4. High reputation sellers are less likely to default.
5. Sellers are more likely to default shortly before exiting the market.
6. Rating manipulation is driven mainly by economic incentives and orga-

nizational characteristics of sellers.

In the following section I try to address all of these issues within the framework

of my model.

3 The Model

3.1 Baseline Model

The goal of this basic approach is to model the price setting behavior of a new
seller entering the market under the existence of an online rating system. I do
not include a quality dimension in this basic setting, meaning that as long as
a rating is given, the rating will be positive. The only effect a positive rating

from a buyer has, is to increase the probability of the seller meeting another

14 A complete overview over the mentioned studies can be found in Table 1 in the Ap-
pendix A.1.
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buyer in the next period (i.e. the arrival rate). In a real world example, one
could imagine this to be the probability with which a buyer would click on
an offer, considering the rating that is displayed. The higher arrival rate can
be interpreted as a premium for information; only a risk-loving buyer would
choose a seller without any ratings, assuming the existence of alternatives and
similar prices. Once a seller has (positive) ratings there should be more buyers
willing to trade with him and thus a higher probability of being matched with

a buyer within the model framework.

There is one seller and many buyers, interacting in 2 periods. There is one
indivisible good which can be sold once in each period. Vj; describes the
seller’s value (or utility) for the rest of the game in period i, given his net
reputation j.'® I characterize the buyer’s decision in two parts. Firstly, the
probability with which a buyer considers to trade with a specific seller is
the arrival rate o € [0,1]. Secondly, buyers have reservation utility R ~
Uniform(0,1). A trade occurs only if the price P is below reservation utility
R. Therefore, a buyer first decides whether to consider a seller based on
the seller’s reputation and his own risk-aversion (not modeled here). Then
he decides whether to buy based on the price set by the seller and his own
reservation utility. If a trade occurs in period 1, the buyer gives the seller a
public rating on the online platform. This rating changes the arrival rate in
period 2 from « to o/, with o/ > «. If no trade occurs, no ratings are given

and the arrival rate does not change in period 2.

First, T consider the seller’s value function in period 1. With probability
a he meets a buyer. The first integral term in equation (5) describes the
probability of the price being below the buyer’s reservation utility. Only if the
price is below the buyer’s reservation utility there can be a trade. These two
probabilities are multiplied with the price and the continuation value in the
case that there is a positive rating in period 2. The second integral describes
the probability of the price being above the buyer’s reservation utility and
thus no trade taking place despite the buyer and the seller meeting. With

this probability, the continuation value of no rating in period 2 applies. The

15Net reputation is defined as the difference between positive and negative ratings. In
this example where only positive ratings are possible, this is equal to the total amount of
ratings received.
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last term describes the case of the seller not meeting a buyer.

1 Py
Vip =« { ; F(R)dR [Py + Vop] + f(R) dRV'Qm]
1 0

+(1—a)Vap (5)

To summarize: With probability « [ ;;1 f(R)dR the seller meets a buyer and
the price is below the buyer’s reservation price. Thus a trade takes place,
the seller receives the price and the continuation value from a higher rating
in period 2. With probability « fOPI f(R)dR the seller meets a buyer but the
price is too high for the buyer and no trade takes place. The seller does
not receive the price and does not receive a positive rating, thus receiving
the continuation value from a lower reputation in period 2. Lastly, with
probability (1 — «) the seller does not meet a buyer at all and again does not

receive a price or a positive rating.

In the second and last period, no more value is gained from a trade not
taking place, so the only relevant component is the case of a trade taking
place. There are two different possibilities: either the buyer didn’t have a
successful trade in period 1 and the arrival rate does not change or the buyer
did have a successful trade in period one and the arrival rate increases from

a to o.
1
Vao = a {Pg f(R) dR} (6)
P>

V2\1 =a

(7)

1
P [ f(R)dR
P

To find the optimal prices P; and P, we first need to solve the optimization

problem in period 2:

Arg max o [Pg 1 f(R) dR] (8)

P2 Py
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P 1 f(R)dR

P

(9)

arg max o’
P,

1
5.
period 2 by plugging in this price in equations (6) and (7) and get Vs = o
and Vo =

Solving this problem yields P, = P, = Next, we calculate the values in

1
ZO/'
Using these values in equation (5) we get our new optimization problem in

period one:

1 Py
arg max o [ f(R)AR [P, + 1o/] + [ f(R)dR 1Oz] +(1—a) 104 (10)
P, Py 4 0 4 4

Solving this problem yields:

P = 4# (11)
which is equivalent to:
1 -V %
P, = # (12)

Following our assumption that o > «, it is easy to see that the numerator
is smaller than 1 and thus the whole expression is smaller than % Therefore

we can say that P, < P, for any {o, o’} > 0 and o/ > a.

This means that it is optimal for sellers to undercharge in period 1. This
very basic and intuitive result confirms the findings of most other comparable
models (see for example Friedman and Resnick (2000), Przepiorka (2013) or
Jiang and Chen (2007)).

3.1.1 An additional time period

I now add a third time period to show that the model is not limited to 2
periods and still holds under multiple time periods. The expectation is that
the price increases in each time period. The arrival rate has to be defined in a
bit more detail now, as there is an additional time step to consider. Whereas

before we simply defined it as increasing (o < ), we now add the assumption
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of decreasing marginal benefit of ratings (i.e. a high reputation seller benefits
less from a positive rating than a low repuation seller) or f'(a*) > 0 and
f"(a*) < 0. This seems to be a sensible assumption and is confirmed by, for
example, Livingston (2005). For our 3 period model this simply means that
a<a <o and (¢ —a) > (o — ). The value function in period 1 still is

the same as in equation (5).
1 P
P 0
+ (1 — ) Vop (13)

In period 2 however, we now have to factor in the continuation values from

period 3:

1 P>
Vao —a { [ rmarie+ v+ [ degm}
2 0

+ (1 —a) Vao (14)

1 P,
Vo = o [ f(R)AR [Py + V3] + [ f(R)dRV3,
P 0

+ (1 — O/) V3\1 (15)

And in period 3 we have three possible states: 0 positive ratings received, 1

positive rating received or 2 positive ratings received:

1
vgmza[Pg /(R) dR] (16)
Ps3
1
Vi =o' | P [ f(R)dR (17)
P,
i 1
Vip = o’ | P | f(R)dR (18)
Py

Similar to the 2-period model, the price in the last period is constant at %
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Thus Py = P} = P = 1 The value functions in period 3 solve to Vg = 104
Vap = 1o/ and Vj5 = 1a”. We plug these values into equations (14) and (15)

and get the maximization problems in period 2:

1 1 Py 1
arg max o [ f(R)AR [P, + ZO/] + | f(R)dR —oz]
P 0

n 1
1
+(1—a) 10 (19)
! 1 1
arg max o f(R)dAR [Py + —a"] + f( VAR =a/
P, Py 4 4
/ 1 /
+ (1 —4) 10 (20)
These problems solve to:
1141
P = -4t i (21)
2
1— 1 n + 1 7
P (22)

Slightly rewriting and applying our assumption of decreasing marginal bene-
fits of ratings shows that:

1—id -« R

(@=-a) _, 1=} -a)

P2: 42

1

This means that a seller who has already received a positive rating will charge
a higher price in period 2 than a seller without a rating. This can easily be
explained by the fact that with the first rating, the seller has already reaped
the largest benefit of undercharging (or payed a part of his dues) and can
therefore afford to charge a higher price from this point on (notice, however,
that he still charges a lower price than in the following period). Next, I use
the prices from (21) and (22) and plug them in to equations (14) and (15) to

calculate the values. This yields:

11 11 11
V — - 12 N _ = 2 24
20 O‘l2+640‘ e (8 32 > 8O‘+64O‘] (24)
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=[5 g (5 ) et e

Following equation (12), the optimal price in period 1 P; will be:

_ 1L — Vo + Vap

P 5

(26)
As this does not yield an analytically intuitive result, I plot the price P;
depending on o' and «”, with the initial arrival rate « fixed at 0.25, 0.5

and 0.75 in Figure 2. Note that only the right side of the respective graphs

Figure 2: P, with initial arrival rate « fixed at different values
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is relevant (i.e. o” > a'). The lowest possible prices are P/ = (.33 for
a = 0.25, P/ = 0.39 for a = 0.5 and P/"" = 0.45 for a = 0.75 at o/ =
o = 1; the highest possible price is P]"** = 0.5 at o/ = o’ = a in each case.
Thus we can see that, as long as a positive rating leads to a higher arrival
rate in the future, there will always be undercharging in period 1. Both, the
arrival rate with one and with two positive ratings affect the price, however
the effect of the immediate improvement o is larger, as can be seen from the
steeper curve along the o/ axis, compared to the o axis.'® We now know
that both P, as well as P, are smaller than P;. What we still have to confirm
is that P, is smaller than P,. To do this, I plot the difference between P;
and P»'7 in Figure 3, again for the same 3 initial arrival rates. It is clear
that all differences are negative, thus P, < P,. The difference decreases with
increasing o which makes sense intuitively: If the initial arrival rate is very
high already, relatively little can be gained from undercharging in each period

and thus prices charged are similar.

Thus, I have shown that, in a three-period setting, sellers undercharge in
every period and the extent of undercharging decreases in the second period,

confirming my initial expectations.

3.2 Extension 1: Low-Quality Sellers and Bribing

Basic economic intuition would suggest that since a rating system adds a
new utility - the utility of high reputation - sellers would be incentivized to
share part of this utility with buyers in order to increase their total payoff.
Practically speaking, sellers have an incentive to increase the rating they
receive by paying the buyer either directly (monetary payment) or indirectly
(additional service). Yet there is a surprising lack of literature on this specific

subject. With the following extension I try to fill this gap.

So far I have assumed that the seller sells a high quality good and is therefore

guaranteed a positive rating as long as a trade takes place. I now want to

16Note that even if one positive rating does not lead to a higher arrival rate (o/ = ),
an increase in the arrival rate after two positive ratings (o > «) still leads to some
undercharging in period 1.

1"We have seen that Py > P», so we can ignore P} for this exercise.
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(¢) a=0.75

Figure 3: P, — P, with initial arrival rate « fixed at different values

change this assumption and consider a low quality seller. Such a seller will
receive no rating or a negative rating when a trade takes place. Re-entry into
the market under a new identity is always possible without additional cost, so
a negative rating can be treated equivalently to no rating being given (since
a seller with a negative rating would clearly change his identity and start

fresh).'® As the continuation value doesn’t change depending on the success

8 An alternative interpretation of this assumption would be based on Resnick et al.
(2006) who find that a small amount of negative ratings for a new seller does not affect
the willingness-to-pay of buyers.

23



of the trade, the value function in period 1 reduces to:
1
Vlfo = {Pl f(R) dR} + VQ\LO (27)
Py
and the single possible outcome in period 2 is described by:
1
Vh=a|r [ sman (28)
Py

It is easy to see that in this case P, = P, = % which means that the existence
of a rating system doesn’t affect the seller and there is no undercharging in
earlier periods. However, I now want to introduce a "Bribing" mechanism to
the model: Once a trade is taking place, the seller can invest an additional
amount of money to increase the rating he receives. This could be interpreted
either as a direct bribe in terms of a monetary transfer to the buyer (the seller
directly buys a better rating or offers a refund in return for a good rating) or
an indirect bribe, for example in form of an additional service to the buyer
(for example one could imagine a fruit basket in the hotel room or especially
friendly and time consuming personal contact to the buyer). The goal of the
model is to find out if and when such a bribe would be used by the seller and
what this means for the pricing in period 1. First, I define the value function

of a low quality seller in period 1 with a successful bribe B:

1 Py
Vo =a [ s arp i - )+ [ pmarv,

+ (1 — ) Vajp (29)

The value functions in period 2 are equivalent to V5; and V3o from the baseline
model (see equations (6) and (7)). Therefore the price and values in period

2 are still the same as well. The price in period 1 however, now changes to:

l1-id'+ia+B

P =
! 2

(30)

To evaluate this price we need to find out what the feasible values for B are.

The highest bribe a seller would be willing to pay is the one that equalizes
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Vﬁo and Vﬁo, as any bribe higher than that would lead to a lower payoff than
not bribing at all. This can be done mathematically or one can simplify the
problem and just ask oneself: once a trade is taking place, how much would
a seller be willing to pay to increase his rating from a to /7 The answer to
this question is: the same amount that can be gained from a positive rating,
which is the difference between V59 and V5. Therefore, we can say that:

1 1 1
B™mar — ‘/’2?1 _ ‘/2%0 — ZLO/ _ ZO( = Z(O/ _ Oé) (31)

and .
O<B§Z(o/—oz) (32)

I now plug in the maximum bribe to equation (29) to find:

1 1 1 1 1 1
1—10/4-10(4-3:1—Za/+z&+z&/—z&:l (33)
2 2 2

Py =

This means that the price with a bribe will never exceed the price without a

bribe, but still be higher than the price of a high quality seller:*
P < P < PE (34)

With the presence of a bribing mechanism, a buyer in period 1 profits in two
ways from a rating system: he pays a lower price for the good and, in case of
meeting a low-quality seller, he receives the bribe transfer. Note that, even if
the buyer is not satisfied with the product quality, there is no reason for him
not to accept the bribe: The cost of the bad transaction is "sunk" but he can
still profit by providing a positive rating.?’ The only drawback for a buyer
offered such a deal is a potential moral conflict. Anecdotal evidence suggests

that this rarely stops buyers from accepting the deal, however.2! The loser in

¥Notice that I disregard any kind of cost component, I only refer to prices relative to
the optimal price without a rating system

20Compare this to the case of reciprocal ratings on eBay, where buyers would not give
negative ratings for fear of retaliation. The same concept applies here.

21For example, Streitfeld (2012b) notes in his article for The New York Times concerning
such a case that "310 out of 335 reviews [...| were five stars and nearly all the rest were four
stars." and that when one customer accused the seller of scamming the review system, that
customer was promptly chastised by another user, claiming this was a common practice
and "not a scam but an incentive".
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this system is the buyer in period 2: he is misled by the unjustified high rating
and purchases a good he might not have purchased under complete informa-
tion and doesn’t receive the compensation the period-1-buyer received. As
long as this interaction is repeated infinitely however, buyers as well as sellers
are profiting from the rating system. Sellers share a part of their additional
continuation value with the buyers and thus the rating system, while losing
its function of distinguishing between high and low quality sellers, increases
overall utility for the buyer. One problem that could arise in such a system
over the long term is that the believability of the ratings will decrease once
participants realize that the ratings are not truthful and therefore a high rat-
ing becomes meaningless, which would lead to the rating system losing its

function of reducing adverse selection and a deterioration of overall quality.

3.3 Extension 2: Presence of Moral Hazard

I now describe seller behavior that would be relevant in a market where moral
hazard is an issue. The game involves a decision for the seller to either follow
up on his trade correctly (honest) or to defect (cheat). Should the seller
cheat, he receives an additional payoff C,?? in turn he also receives a negative
rating. A negative rating will have a negative impact on the seller’s arrival
rate. However, obtaining a new identity is always possible without additional
cost, so a seller with a net negative rating will just restart with a new identity.

The game lasts for 3 periods, after the third period the seller exits the market.

Once again, there are diminishing marginal effects of ratings. I model this
here by assuming that the second positive rating does not have an impact on
the arrival rate anymore, i.e. buyers do not (or cannot) distinguish between
a seller with 1 or 2 positive ratings. Figure 4 illustrates the possible arrival
rates a seller can attain. Sellers start with o and decide to cheat or to be

honest. If they cheat, they receive a negative rating and restart with a new

22For simplicity, the model is set up in a way such that when the seller decides on
cheating, he will always receive the payoff C, even if he does not meet a trading partner.
In a practical sense, this would mean that he is saving in fixed costs (say by producing
a lower quality product), rather than saving in variable costs (for example by saving on
packaging or not delivering at all).
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identity in period 2, thus keeping «. If they are honest they improve to o’.
In period 2, an honest seller can be honest again to keep o or decide to cheat
and fall back to a. A cheating player can again decide to improve to o’ or to
restart and stay at a. In the last period it is clear that everyone will cheat
as there is no future period to consider. Additionally, there is always the
possibility that no trade takes place, either due to the seller not finding a
buyer or due to the price being too high. In such cases, the arrival rate does

not change.?’

et

O/

1
/ Céeal( o
(0]
ﬂest O/
M y
[0

%O{

Figure 4: attainable arrival rates

In period 1, everyone starts with a score of 0. The choice is to either cheat,
resulting in Vl% or to be honest, receiving Vﬂ% For now, I assume that a seller
with a positive score will be honest in period 2 and a seller with a neutral
score will cheat in period 2. T will show later on, that this assumption holds

in most scenarios.

1 Pl
1|0
Vil =a [/PH f(R)dR [P+ Vii] + i f(R) dRVy,
1|0

+(1—a)Vy, (35)

23Thus, the label "cheat" in Figure 4 also includes "no trade taking place".
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c
Pl\o

m%—a!/ f(R)AR[PS, + / F(R)dRVS,

+(l-a)Vip+C (36)

As in the case of cheating a seller will always receive continuation value VQ%,

the second equation simplifies to:

Vuo = V2\0 +C + 1|0a/ f(R (37)

P

In period 2 there can be 2 states: either the seller received a positive rating
in period 1, or he didn’t. In each period he can choose to either cheat or be

honest.

P,;lfl
2|1—04 [/ f(R)AR[P. 2|1 Vs\%]"‘ ; f(R)dRVu

+ (1) Vg (38)

P,
Vﬁ:d[ F(R)AR[PS, + V] + OVWMMﬁ

P20|1
+(1—a) Vi +C (39)
V21|L{):a [ o f(R)dAR] 2|0+V3|1 / f dRV?,\o
200

+(1—a) Vi (40)

V2|Co = [ f(R)dR 2|o 3|0 / f dRVs\Co

2\0

+(1—a) Vg +C (41)
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Again, the last equation simplifies to:
1
Vo = Vil + C + P§a /P J(R)AR (42)
2|0

Additionally, because by assumption V3|02 = V3|Cl, (38) simplifies to:

1
Vzﬁ — Vgﬂ + Pgﬁa’ /P ; f(R)dR (43)
2|1

Lastly, in period 3 the seller will always cheat and, as in the other models, he
will always demand the same price P;. There are 3 different states, however
the outcome is the same in 2 of them because the buyers cannot differentiate

between a net rating score of 1 and 2.

1

Vi = Pso’ [ f(R)AR+C (44)
Ps
1

Vin =Psd | f(R)AR+C (45)
Ps
1

Vio=Psa [ f(R)AR+C (46)
Py

As mentioned above, price P; is the same in all cases and it is easy to show

that it is % Thus the values in period 3 are:

1

Vi = 70/ +C (47)
1

Vi = Zo/ +C (48)
1

Vajo = o+C (49)
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Plugging in the result from equation (48) to equation (43) yields:

1 1
Vil = ~a' + C + Py / f(R)dR (50)
4 1:)21-‘11

The price Py again is 3, thus this solves to:

1
Vot = 5o/ +C (51)

In the case of cheating, the optimal price is:?!

1—(a+C)+ (30 +0) _ 1—ja+ i
2 N 2

P2(|’1 = (52)

Plugging in this price, as well as the continuation values from equations (48)

and (49) into equation (39) yields the following value:

1 1 1 1 1 1
‘/2?1 = 5@/ + gO&O/ + 6—404/042 + 6—40/3 — gOélQ — @Oé&lz + 20 (53)
~ ~—
cost of cheating gain of cheating

It can be shown that the middle part of the equation is always < 0 (as long
as o > «). Comparing this to the Honest version (equation (51)), it becomes
clear that the middle term describes the cost of cheating, while, by definition,
the extra C is the gain of cheating. Therefore the optimal decision depends
on whether the middle term is, in absolute terms, smaller or greater than C.
Next, I repeat this process for the case of having received no positive rating

Loy la . .
in period 1. For being honest, I get a price of P = 199 %9Y  This yields

200 = 2
the following value:
1 1 1 1 1 1
H
Vah = 5@ —|—§ao/ + 6—4a3 - 6—4040/2 — gaz — 3—20/ozi+ C (54)
gain of bgﬁlg honest (opportunity) cost of being honest

The parallels to equation (53) are obvious. This time, the middle term is
always > 0, thus this is the gain of being honest. The cost of being honest is
indicated by the lack of C, compared to equation (55).

24Notice that finding a trading partner actually reduces the continuation value in this
case, thus it is ideal to overcharge.
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The price in the case of cheating with 0 positive ratings is, once again, PQC|0 =

1 . : )
3- The value is, accordingly:

1
Vio = ja+2C (55)

In the first period I find the following value function and price for being

honest:

H
P1|0

Vil =« [ f(R)dR [P, + (%o/ +O)] + f(R) dR(%a +20)

H
PH 0

+(1-a) (%a +20) (56)

1- (30 +C)+3a+2C 1—-3d +ia+C
2 B 2
Applying this price yields the following value for being honest in period 1:

Pﬁ) = (57)

1 1 1 1 1 1
Vi = Ea?’ + ZQQC — Zaz — go/a2 — 5040 — ZQO/C
3 1 1
+ ot Eozo/2 + Z—Lao/ +2C (58)

The case of cheating is a lot simpler: Because we assume that a seller who
cheats in period 1 will cheat in every period, he never cares about his contin-
uation value and always sets his price as % His value in period one is 3 times
}Loz + C or:

3
Vijo = Ja+3C (59)

The next step is now to equalize the payoff for cheating and being honest
in period 1, in order to make sure that a seller in period 1 is indifferent

between cheating and being honest. Solving for C, this yields the following

cheat-payoft:
o _%oﬁ — 2d/a? + taa
a? —aa —2a —4

2o+ ad

(60)

Note that this is a positive number under the given assumptions: The nu-

merator is strictly positive, the denominator is strictly negative.
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Now I show that, using this value for C, a seller with a positive score will
be honest in period 2 and a seller with a neutral score will cheat in period
2. To do this, I first plot the difference between Vzﬁ and V2(|J17 which means
equation (51) - equation (53). Applying the usual constraints, I receive the
plot depicted in Figure 5.2° Interestingly, the result is slightly negative for

Figure 5: Difference between being honest and cheating in period 2: positive
reputation

some values, specifically it is negative for relatively high values of «. This
makes sense intuitively: if the probability of meeting a trading partner is very
high even for newcomers, then the seller does not have much to lose and might
thus be more likely to cheat. However, for most reasonable arrival rates®® the
result is positive, thus a seller with an existing reputation will most likely be
honest again to keep his reputation. However, it is still interesting to note

that under some circumstances there are incentives for a previously honest

%’ Note that again only the right half of the plot is relevant

26The result is actually marginally negative for some reasonable arrival rates as well,
specifically for a > 0.5. However, the differences are so small that this could be considered
to be indifference. To give an example: for @ = 0.5 and o’ = 0.75, the difference would be
—0.0032. For a comparison, C' would be 0.026 in this scenario. I would argue that a seller
who decided to be honest when indifferent before is likely to be honest again when faced
with such a decision.
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seller to cheat in the second period. Turning to the case of not having a
positive rating, either because the seller cheated and started fresh or because
he didn’t complete a trade at all, I take the difference between VQ% and Vz%
or equation (54) - equation (55) and receive the plot depicted in Figure 6.

The maximum value of this plot is 0 (which only occurs for either a = o

Figure 6: Difference between being honest and cheating in period 2: neutral
reputation

or @ = 0, both of which are special cases that can be disregarded), all other
values are negative, which means that if a seller has not managed to build up
a reputation by period 2, he will always cheat for the rest of the game. As
opposed to an honest seller, a cheating seller never has an incentive to change

his behavior.

Therefore, I have shown that (under most reasonable assumptions) it is opti-
mal for a cheating seller (and a seller who did not complete a trade, despite
potentially good intentions) to continue cheating and for an honest seller to
continue being honest. To illustrate this, I update the tree of attainable

arrival rates from Figure 4 to a tree of feasible arrival rates in Figure 7.

As to the price setting, it is interesting to note that Pﬁo = Pzﬁll = P26|Yo =
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Figure 7: feasible arrival rates

P = %.27 Thus, the only time where undercharging occurs is in the case of

. . 1-fa/+lat+C
an honest seller in the first period: Pf‘{0 =—2 2 =

I illustrate this model with a numerical example. Assume the arrival rate
of a seller with a neutral rating is a = 0.25 and the arrival rate of a seller

with at least one positive rating is o/ = 0.75. The reward for cheating is
1.3 _1_/.2 /2

1
o _ZO‘ —F —i—zaa
then ¢’ = a?—aa’—2a—4

—o24a0’

= 0.030. Plugging in the values for «, o’
and C in the respective equations, I summarize the payoffs in every state in

Figure 8.

This model illustrates, how in the early stage of their career, sellers decide
on either honestly trading or cheating and repeatedly creating new identities.
The latter type of sellers will keep this behavior forever while the former faces
another decision once they are established with a high reputation. They can
keep their high reputation and continue behaving honestly. Or alternatively,
they can cash in on their high reputation and start cheating. I show that
honest sellers will most likely stay honest, the rating system thus successfully
fulfils its role as a sanctioning device (at least for previously honest sellers).

This result does not hold for all combinations of arrival rates however, in some

2"This is because in each of these cases, completing a trade is not rewarded with a higher
future payoff (i.e. the arrival rate does not change). Therefore, there is no incentive for
additional investments into reputation.

281t can be shown that C < (o/ — ). Thus there is undercharging, but not as much
undercharging as in the baseline model.
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Figure 8: payoffs for « = 0.25 and o/ = 0.75

markets sellers are indifferent or might even choose to cheat in the second
period. Additionally I show that, unsurprisingly, sellers will always cheat at
the end of their careers, a fact that has been shown empirically as well (see
for example Cabral and Hortacsu (2010)). Lastly, it should be noted that this
model is consistent from the buyer-side as well. A low reputation seller can
be honest (period 1 honest seller) or cheat (any period cheating seller), but
a high reputation seller is more likely to be honest (period 2 honest seller).
So a buyer is more likely to choose a high reputation seller (thus the higher
arrival rate), but choosing a low reputation seller is feasible as well (with a

lower arrival rate).

4 Conclusion

Reviewing existing literature on online ratings, I found that basic features of
ratings, for example their effect on (auction) prices and likelihood of sale have
been fairly well researched empirically. Current rating systems do fulfill their
most basic functions of reducing adverse selection (i.e. signaling high quality)
and moral hazard (i.e. punishing bad behavior). However, there are several
unique features of online markets that have to be considered when designing

rating systems. For example, new identities are cheap to attain which reduces
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the extent to which misbehavior can be punished and the anonymous nature
of the internet enables sellers to post fake reviews or encourage buyers to rate
higher than they usually would, thus diluting the quality signal. That this is
not only a theoretical concern but also an issue in practice has been shown
by several examples. eBays previous reciprocal rating system has shown that
both parties rate predominantly strategically. Sellers change their behavior
shortly before exiting a market and several media reports have shown that
some sellers do try to increase their reputation by posting fake reviews or
influencing buyer ratings and that buyers in general seem to accept such
bribes. Empirical evidence on this behavior is still scarce, but the literature

is growing.

In the main part of this thesis I tried to model price setting behavior under
an online rating system in general and then extended the model with two
examples of seller behavior. My model confirms the common assumption
of newcomers having to "pay their dues" by setting lower prices in earlier
periods. In a first extension I then show that lower quality sellers have an
incentive to pay an additional amount directly or indirectly to their buyers
in order to increase their reputation in the second period. When designing
rating systems it is important to understand that such incentives exist and
are a very real issue. If the practice of "buying" a higher reputation becomes
widespread, buyers lose faith in the signal quality and the rating system loses
its function of mitigating adverse selection. In a second extension I model
moral hazard, i.e. the possibility of sellers cheating on buyers. 1 show that
under some circumstances it is possible that sellers are indifferent between
cheating and not cheating in the first period but then usually keep their
strategy in the second period. Thus, in my model, a high rating is a signal
for a trustworthy buyer. This result is not very strong however. While a seller
cheating in period 1 will always cheat in period 2, an honest seller is roughly
indifferent between cheating and being honest in period 2. This is due to my
assumption of decreasing marginal benefits of ratings: The seller can only
lose his current reputation, but cannot gain additional reputation. So there
might be an incentive to cheat, despite a high reputation. Tt is therefore
important for the designer of the reputation system (especially when moral

hazard is present), that buyers can differentiate between "high" and "very
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high" reputation. This has been implemented for example by eBay in the
shape of a multicolored star-ranking, with additional potential ranking gains

for even the highest reputation users.

All in all, the design of the ideal rating system remains an interdisciplinary
challenge. Tt should set correct incentives for buyers to rate honestly and
for sellers to behave correctly, while eliciting sufficient ratings and attracting
enough users on the very competitive and continuously growing online market.
There are many possibilities for further research, both theoretically as well as
empirically, especially for markets in which adverse selection is a dominant
issue. The economic importance of sellers influencing their own ratings in
various ways needs to be further explored and ways to detect or prevent such

practices might need to be incorporated into rating systems.
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