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Introduction

The internet and the technologies that it has spawned are behind the
current digital revolution that is progressively changing our lives and the whole
economy. In 2006, of the ten largest firms in the world in market capitalization
eight were in the energy and financial sector. By 2016, five of the largest ten
firms (including the biggest three, Apple, Alphabet and Microsoft) were in
the information technology sector and only one energy and financial sector
company remained in the top ten.! This change is a reflection of the impact of
the innovations that new platforms, machine learning, or the sharing economy
are leading to in most markets. This book provides a vision from the economic
perspective of this digital revolution.

The aim of this book is not to describe the phenomena that this revolution
has brought about but to focus on the challenges that the disruption
due to the digital economy is likely to generate. We identify three kinds of
challenges. The rise of the new superstar firms like Amazon, Alphabet (Google),
Microsoft, or Facebook has created concerns for worldwide regulators and
competition authorities alike. It is widely believed that these new markets are
winner-take-all and if these large firms are left untamed they will transit towards
new monopolies. On the other hand, these semi-monopolies (e.g. Google
controls about 90% of the search market in Europe) are very different from the
mammoths of the nineteen and twenty century like Standard Qil, IBM, Ford, or
General Motors. They own few physical assets for their level of capitalization,
they are not protected by the standard entry barriers like scale economies, and
some of the newcomers, like Spotify or Uber, have a large consumer base but,
still, they incur in large losses. In addition, many of the digital services are free
for consumers or more exactly apparently free, since they are used to gather
information about their habits and preferences.

This last change is also one of the sources of the second challenge that the
digital economy is likely to pose on the society of the future. The interaction
between consumers and firms is undergoing a big change. Information is
the new gold of the digital age. Their exploitation using machine learning
techniques is creating a tension between providing better and cheaper services
to consumers and the protection of a privacy that, until now, was taken for
granted. The information generated on consumer preferences also allows a
better match with new products and services, permitting niche markets to
flourish. The long-tail phenomenon that it is typically associated to cultural
goods is spreading throughout the whole economy. The development of review
and recommendation systems is providing increasing levels of transparency

' “The Rise of Superstars”, The Economist, Sep 17, 2016.
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and reducing the adverse selection and moral hazard problems that used to be
prevalent in some markets. As a result, the sharing economy, which was initially
related to the sale of products, is now spreading into personal services like
short-term housing or car sharing.

New technologies are also changing the way that economic agents are
interacting with each others. The usage of digital currencies, like Ethereum or
Bitcoin, and the investment in crowdfunding platforms are an important threat
for the current role that financial institutions are playing in the economy.

Finally, the way that economics as a science has dealt with most of
these issues in the past is in the process of being reconsidered. The standard
paradigm is moving from a situation in which the interaction among agents is
limited by geographic boundaries, scarcity of information, and high transaction
costs towards a new reality of global markets, endogenous and huge amounts
of information and decreasing transaction costs. This transition will involve
methodological challenges on how to model these new phenomena and how
to process information and also a change in focus away from the standard
models of competition.

In the present book we aim to shed some light over the previous issues
by bringing the contribution of some of the leading scholars in the new fields
spawned by the digital economy. We have organized their works in four parts
that we develop next.

We start by discussing the increasing prominence of platforms as the basic
building block of new digital business models. Traditionally, products where
sold by merchants or intermediaries that took possession of the goods produced by
other firms and sold them to consumers (e.g. Department stores, Amazon, etc).
The internet has fostered the proliferation of platforms where sellers offer their
goods to consumers (e.g., Amazon Marketplace, Aliexpress, etc.). The chapter
by Juan Manuel Sanchez-Cartas called “Digital Platforms and Compatibility.
An Old Story in the New World” constitutes an introduction to the economics
of platforms. It defines and discusses the concept of a platform as a firm that
mediates transactions between its affiliated users. These users are subject to
network effects and to the firm’s market power. The author also discusses one
of basic questions, who pays, and how the elasticity of the demand of each
side of the market plays a role in the optimal pricing scheme. Finally, this chapter
provides a platform taxonomy that can be described by their two limiting cases.
On one of the extremes, there are platforms which operate close to consumers
and that they nurture on the data they provide. On the opposite extreme there
are platforms with no interaction with final users that build the underlying
infrastructure in which other platforms thrive. That is, their customers are other
platforms.
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In the old merchant model, an intermediary certified the quality of the
products that it stocked. In the digital economy consumers often buy directly
from sellers through the platform. This new business model requires the
creation of new ways to find out the quality of the products and services
provided. The next two chapters tackle different aspects of this change carried
out using reputation and rating systems. The chapter by Michelangelo Rossi
entitled "Asymmetric Information and Review Systems: The Challenge of Digital
Platforms” studies how online contracting is subject to variations of the classical
problems of adverse selection and moral hazard. The chapter applies the analysis
of informational economics into the digital economy framework and shows
how review systems are used in practice to mitigate such problems.

The chapter by Paul Belleflamme and Martin Peitz, “Inside The Engine
Room of Digital Platforms: Reviews, Ratings, and Recommendations” elaborates
on the previous topics. They discuss the impact of review, recommendation,
and rating systems. One of their most interesting aspects is that these systems
generate network effects. The more people use the platform the more useful
the reviews are and more reviews are provided by users. These network effects
are often platform specific. As a result, they create a winner-takes-most effect.
They study the incentives for platforms to provide informative systems and discuss
whether their interests are aligned with social welfare maximization. Finally they
explain how recommendation systems help niche firms by generating more
visibility for the long tail.

The second part of the book is devoted to pricing mechanisms and search.
Platforms have effects on pricing beyond the fees that agents have to pay in
order to be affiliated to them. They generate information that is used in order
to discriminate prices among final users. In our chapter, entitled “Personalized
prices in the Digital Economy” we study how the information gathered by
these platforms affects the pricing behavior of firms and their implications for
(consumer) welfare. On the negative side, more information allows firms to
discriminate prices: to offer individualized prices according to the consumer’s
willingness to pay, extracting more of their surplus. On the positive side, price
discrimination allows the sale of the product to be extended to consumers that
otherwise would not be served, and it permits firms to design products that
match better their preferences. The common wisdom is that when firms enjoy
market power the first effect overcome the second ones and the total balance
of price discrimination on welfare is negative. Competition alleviates the rent
extraction from consumers and might overturn the results. In this chapter we
revisit those results and we show that this intuitive rule is not general and
it depends on the setting. We also study the incentives for firms to gather
information and consumers to provide it.

3
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Internet users are also exposed to ads when they visit a website. These
ads are consumer specific, based on the information gathered by the platform
through the usage of cookies (e.g., Google, Facebook). This is a lucrative business
and 86% of Google’s revenue ($111bn)? comes from ads, mostly allocated using
auction mechanisms. The chapter by Francesco Decarolis, Maris Goldmanis
and Antonio Penta, entitled “Recent Developments in Online Ad Auctions”
is an introduction to the economics of digital auctions. Advertisers bid for the
placement of their ads either as the result of consumer search (keywords) or as
display ads. The paper describes how the auction formats used by platforms
have evolved over time. The authors focus on the two more successful auction
designs, the Generalized Second-Price Auction (used by Google) and the Vickrey-
Clarke-Groves Auction (used by Facebook). They explain the trade-off between
the two. The former generates more revenue and the allocation rule is easier
to understand but it is strategically complex. The latter provides an efficient
allocation and it is strategically simple since it is optimal to bid according to the
agent’s valuation. The chapter ends with a discussion of the open questions in
the design of digital auctions.

The last chapter of this second part of the book is written by José Luis
Moraga Gonzalez and entitled “Consumer Search in Digital Markets”. The
digital economy has not only decreased search costs but it has also affected
the way consumers search for products. This change has had an impact on
competition among firms that are now concerned about how they can direct
consumer search towards their products, for example, through changes in
their prices. This chapter analyzes the new patterns of consumer search that
have emerged with the digital economy and derives the main implications for
competition policy and welfare.

The third part of the book analyzes some of the new digital business models.
Carlos Bellon and Pablo Ruiz-Verdu in their chapter “Crowdfunding: What
do we know?” study this new form of financing new projects. Compared
to the standard bank financing, crowdfunding provides a new way to deal with the
classical maladies of corporate investment. Firms face large uncertainty about
the success of their project and information is asymmetric between financiers
and entrepreneurs giving raise to adverse selection and moral hazard problems
related to the misuse of the funds borrowed. Crowdfunding platforms may
alleviate some of these problems. For example, these platforms facilitate the
aggregation of disperse information across small investors. More importantly,
they make the financing decision contingent on the outcome of this aggregation
process, reducing the overall risk and cost for financiers. This chapter reviews
the main contributions in this new and growing literature.

2 The Economist "Give me a break” (February 17, 2018).
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Online content platforms are discussed by Luis Aguiar and Joel Waldfogel
in their chapter “Digitalization and the Content Industries”. The internet has
changed the nature and borders of many markets. However, few of them have
been capsized in the way that the production of music and media contents
have been. These industries have moved from a business model based on
content sale to subscription models for consumers and new types of contracts
with artists that encompass concert and merchandising revenues. This change
has generated in the short run a decrease in revenues for content producers
but, at the same time, by facilitating the access of consumers to new content,
it has increased the diversity of the supply. This chapter provides an assessment
of the global effect of this revolution using recent empirical studies.

Traditional mobility market models are also under threat by the digital
economy. Platforms like Uber or Lyft have become powerful competitors to
the well entrenched taxi industry in many cities. The chapter “The Economics
of the Gig Economy-with an Application to the Spanish Taxi Industry” by Mateo
Silos Ribas studies this change and explains the technological improvements
that these newcomers have introduced. He explains how new technologies
overcome the classical market distortions that have been used to justify the
protection that the taxi sector has enjoyed in the past. He also uses the case of
Spain to provide a sense of the magnitude of the consequences of maintaining
the current taxi regulation. He estimates the cost of these regulations in Spain
to be as high as 324 million euros a year.

The digital industry has also had a broader impact on society beyond
economics. It has modified the way in which news are generated and consumed
by readers. The chapter by Doh-Shin Jeon, entitled “The Economics of News
Aggregators,” analyzes one of the most relevant aspects, the emergence of
news aggregators like Google News. These aggregators provide consumers with
a sample of the news from several sources and are tailored to their interests.
The economic literature has identified two opposing effects that these new
intermediaries may have on the market for news. On the one hand, they generate
a business-stealing effect as some potential readers are satisfied with the
information samples provided by an aggregator and do not visit the newspaper.
On the other hand, there is a market-expansion effect, as consumers are
exposed to competing newspapers that they would not otherwise have visited.
The empirical literature indicates that the second effect typically dominates. This
chapter reviews the literature both theoretical and empirical and provides policy
recommendations.

The last part of this book is devoted to the analysis of new technologies. The
first chapter by Stephen Hansen is entitled “Machine Learning for Economics
and Policy.” Machine learning uses algorithms to uncover patterns in data

5
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allowing computers to perform complex tasks. This area has grown in recent
years due to the exponential increase in availability of data and increasing
processing power of computers. This technology is behind self-driving cars
or speech recognition systems. This chapter provides and introduction to this
field, explaining supervised and unsupervised learning and discusses some
applications to economic measurement and forecasting.

One of the most controversial developments in the digital economy in
recent years has been the growing prominence of cryptocurrencies and most
specially of bitcoin. Economists do not agree over the potential impact of these
new virtual currencies in the financial sector as well as their potential effect
over the whole economy. Bitcoin has increased drastically in value but, at the
same time, it has been criticized for its volatility, the opacity it allows, and the high
power requirements that the mining of new currency requires. The debate
about this currency has hidden the main technology that has made the bitcoin
and other cryptocurrencies possible: the blockchain. The chapter by Guillaume
Haeringer and Hanna Halaburda, entitled “Bitcoin: A Revolution?” explains
how crytocurrencies work. It also provides an introduction to the blockchain
technology that it is behind them and it analyzes its potential for other
applications like smart contracts.

The final chapter of this book by Adina Claici “Big Data and Competition
Policy” discusses how the massive use of data by firms is likely to modify market
competition and how competition authorities have intervened until now. Because
markets in which data usage is massive also tend to be concentrated, the
first question is whether data constitutes a barrier to entry or not, preventing
competition from arising. This question has implications for merger decisions
as shown in the case of Whatsapp and Facebook which is discussed in the
chapter. Big data has also implications for the potential of large firms to abuse
their dominant position. This chapter provides a thorough discussion of this risk
using the Google Shopping case. Finally, it analyzes how the use of data can
facilitate collusion among firms by, for example, using unsupervised machine-
learning algorithms.

Madrid, July 2018
Juan-José Ganuza and Gerard Llobet
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DIGITAL PLATFORMS AND COMPATIBILITY.
AN OLD STORY IN A NEW WORLD

Juan Manuel SANCHEZ-CARTAS

Abstract

Digital platforms communicate with each other. They exchange data
about their customers using common telecommunication protocols that create
compatibility networks among platforms. However, the use of data is not
homogeneous, some platforms freely share their data, and others sell data.
In this work, we study the role of data sharing among platforms, and how this
behavior affects traditional economic insights. We describe the role of data
in the new generation of digital platforms, how the old economic insights
still apply in some cases and the new behaviors that are exclusive of digital
platforms. Lastly, we contextualize our findings by analyzing the fitness-tracker
market.

Key words: Compatibility, digital platforms, fitness-trackers,
digital competition.

JEL classification: L10, L15, L86.
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I. PLATFORMS ARE CHANGING OUR LIVES

Sunday, 9 am. Susan begins to warm up. She turns on her iPod. She has
more than 100 songs, and everything is well organized in her playlists. She
knows that a recent hit has just released, and she had synchronized her iPod
with Spotify the previous night. But before going out, she takes a look at her
wrist. Her Garmin is on and says that the heart rate monitor is ready. She can
start running. Lastly, she checks out her phone, she wants to record the path
but also, she wants to receive live updates from her friend Eva, who is already
running nearby.

Susan is doing what she does every Sunday. This routine is made
automatically. It is so normal as it is the warm up. But Susan is not a technophile,
she is a normal girl. But platforms have become an integral part of her life. And she
is not the only one. We live surrounded by platforms. They are everywhere,
and they are disrupting businesses, behaviors and even governments. This
revolution is based on allowing interchanges, transactions, and connecting
people. But thanks to the information and communication technologies (ICTs),
the consequences of these interchanges are global, and they are changing how
we buy, communicate, and even run.

The idea of putting in touch two or more groups of people who need
each other is not new. Newspapers, academic journals and even fairs work
in this way. They “connect” readers and advertisers, researchers and readers,
and buyer and sellers. However, ICTs have allowed us to scale up this idea to
the whole world. Traditional newspapers or fairs have two clear shortcomings
that digital platforms avoid: the physical copy and the physical presence. To
benefit from a fair, you have to be there. To read a paper, you need a copy. In
both cases, it is costly to print a newspaper or to set a stand at a fair. However,
digital platforms allow us to overcome these two issues: you do not need to be
physically in some place, and copies can be made for free. The same “message”
can be delivered to millions at almost no cost.

These two features have allowed platforms to reach global significance.
The larger the number of users, the more relevant they become. All platforms
are made by their users. Amazon is made by sellers and buyers, Facebook is
made by users and advertisers, Youtube is made by watchers and broadcasters
(youtubers), etc. When in history has a service reached such relevance
worldwide? This is the first time. And it is a revolution. New behaviors, jobs,
services, regulations and so on are starting to emerge worldwide.

10
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Youtubers and influencers have become more relevant for promoting
products than celebrities.” New services have appeared in cities competing
with traditional services such as Uber and Lyft. They have become a concern
to regulators who observe how platforms are using gaps in the legal system to
generate new businesses.?

But these platforms are not isolated events. They tend to be related with
one another by complex networks. Some of them are built on top of other
platforms that are used as benchmarks, like Android or iOS. Others are creating
new ecosystems on top of those platforms such as Garmin or Facebook. And
others are creating complex networks by which users in some networks can
send data to other competing networks. Compatibility allows us to create new
platforms on top of previous ones using common communication protocols but
also, it allows us to send and receive data from other platforms, partners and
competitors alike.

How do platforms interchange data is a major issue for regulators. Global
platforms such as Facebook or Google have created vibrant ecosystems full
of users and developers that are generating huge amounts of data that they
interchange. But, to what extent the use of data in these networks influences
our economic intuitions? Can we rely on our traditional insights? Or is this time
different?

Let us follow Susan once more to see how platforms are using your data,
and how compatibility is changing the competition in these markets.

Il. ECONOMIC PLATFORMS. WHAT IS THAT?

Up to now, we have talked about platforms, but we have not defined
them. Let us take a moment to study how the academic literature has defined a
platform from an economic perspective. What is a platform? There are multiple
definitions depending on the point of view (engineering, computer science,
economy, etc.). But we are interested in economic platforms, also known as
multi-sided platforms. In a nutshell, a multi-sided platform is a service that
“coordinate[s] the demand of distinct groups of customers who need each
other in some way"” (Evans, 2003).

! https://www.thinkwithgoogle.com/consumer-insights/youtube-stars-influence/

2 https://www.mwe.com/en/thought-leadership/publications/2016/03/according-to-paris-court-of-appeal-
jurisdiction

"
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Unfortunately, multi-sided platforms® do not have a clear and widely
accepted definition as it has been pointed out by van Damme et al. (2010),
Evans (2011) or OECD (2009). In fact, you know a [multi-sided] market when
you see it, see Rochet and Tirole (2006).

Its identification presents several problems. On the one hand, we have to
define what we mean by “platforms” because there is no “industry of platforms”
in official statistics. In fact, platforms are technologies that can be used by a great
number of industries, (see Evans, Hagiu and Schmalensee, 2008). In this case,
we can consider that a platform is a technology (or a procedure) that minimizes
transaction costs, or a technology that creates a value allowing transactions that
otherwise would not occur, (see Evans and Schmalensee, 2005). Nevertheless,
this definition is very broad and, virtually, every market could be studied as a
particular case of multi-sided markets. The term “two-sided markets (platforms)”
was first used in Rochet and Tirole (2003). Nevertheless, these models had been
studied before by Parker and Van Alstyne (2000), Caillaud and Jullien (2001) and
Caillaud and Jullien (2003). In these last two cases, they refer to the platforms
as intermediaries (or “cibermediaries” in their own words).* Initially, Rochet and
Tirole proposed a definition that considered markets and platforms as the same
item. Their definition stated that a platform was two-sided if the number of
transactions on the platform can be influenced by changing who pays more
and who pays less. In that case, we face a platform.®

For example, in the credit card market, buyers normally do not pay for the
transaction, but sellers do. If we evenly share the price paid by sellers among
sellers and buyers, the number of transactions will not remain equal. Fewer
buyers will be willing to pay with credit card, and fewer sellers will accept
credit card too. The main shortcoming of this definition is that it only relies on
the price structure and on considering markets in which platforms can control the
transactions like credit card markets. However, they do not take into account

3 For some authors “multi-sided markets” and “multi-sided platforms” are not the same because there are
important normative implications. For instance, Evans and Schmalensee (2013) are against the use of the
terms “two-sided markets or “multi-sided markets” because they think that multisideness is an attribute
of individual companies. It does not need to be an attribute of every company in the market. For example,
in the rental car industry, there are intermediaries that put in contact renters and drivers, they behave like
two-sided platforms, but in the same market, there are renters who get in contact with drivers directly, and
they are not two-sided platforms.

4 The birth of this literature is a conflictive issue because, for some authors, the birth is when the term “two-
sided market” is coined. To others, it is when the first paper with inter-dependent demands between two
sides was published. In this regard, the birth is attributed to Parker and Van Alstyne.

> A market with network externalities is a two-sided market if platforms can effectively crosssubsidize
between different categories of end users that are parties to a transaction. That is, the volume of
transactions on and the profit of a platform depend not only on the total price charged to the parties to
the transaction, but also on its decomposition, Rochet and Tirole (2003).

12
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markets like newspapers, where the platform (newspaper) cannot control if the
reader is interested in the advertising.

One of the first works in proposing a broader definition was Evans (2003):
Multi-sided platforms coordinate the demand of distinct groups of customers
who need each other in some way. In contrast with the Rochet and Tirole's
definition, Evans’ considers the possibility of platforms that do not control
transactions. The main shortcoming of this definition is that it is too broad.
Almost every relationship may fit the Evans’ condition of “who need each other
in some way".

On the other hand, the great contribution of Rochet and Tirole is to
highlight the difference between one-sided and two-sided markets. In other
words, what really matters is who pay for the service. Their definition emphasizes
the essential role of indirect network effects. For example, let us consider a
nightclub in which men’s ticket is 10 euros and women'’s ticket is 5 euros.
The total price paid by both sides is 15 euros but, if we evenly share the price
(7.5 euros each), will there be the same number of customer in the nightclub?
If the answer is no, that is a hint that we are facing a two-sided platform.

Rochet and Tirole recognize that under their definition almost every
company would be a two-sided platform. However, they argue that, at least in
competitive environments, companies are often de facto one-sided platforms
because if the number of companies tends to infinity, the networks effects
tend to zero, i.e., without network effects, there is no multi-sided platform.
The larger the number of platforms, the less likely we will deal with a two-
sided platform.® However, the vast majority of the literature uses a simpler
and straightforward definition (also highlighted by Rochet and Tirole), the
presence of indirect network effects: the net utility on side “i” increases with
the number of members on side “j”. In general, a lot of definitions are based
on the existence of these externalities, such as those in Evans (2003), Schiff
(2003), Wright (2004), Ambrus and Argenziano (2004), Hagiu (2004),
Jullien (2005), Anderson and Coate (2005), Parker and Van Alstyne (2005),
Armstrong and Wright (2007), Parker and Van Alstyne (2005), Evans, Hagiu and
Schmalensee (2008), Weyl (2010), Weisman and Kulick (2010), Ivaldi, Sokullu
and Toru (2011), but this idea is not shared by all authors.

5 From an economic point of view, the interesting feature is the link between their definition and the Coase
Theorem. The Coase Theorem states that if property rights are clearly established and tradeable, and if there
are no transaction costs nor asymmetric information, the outcome of the negotiation between two or more
parties will be Pareto efficient, even in the presence of externalities. The Coase’s idea is that if outcomes
are inefficient and nothing hinders bargaining, people will negotiate their way to efficiency. In the previous
example, couples can reallocate their tickets. A nightclub in which only couples go would be a one-sided
platform. In the credit card example, sellers and buyers cannot coordinate themselves to reallocate their
prices, so the Coase Theorem fails. Therefore, this market is more likely to be a two-sided one.

13
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Hagiu and Wright (2015) criticize Rochet and Tirole’s approach and they
proposed a definition of multi-sided businesses based on two characteristics:

m Multi-sided businesses enable direct interactions between two or more
sides.

m Each side is affiliated with the platform.

By “direct interaction”, they mean that two or more sides retain control
over the essential terms of the interaction. For example, on the Uber platform
there are two sides, users and drivers. Drivers retain control rights over the car (it
is the drivers’ car) as opposed to the one-sided intermediaries (taxi companies)
that have total control over their fleet. Therefore, this is the main difference
between the one-sided and the multi-sided worlds. By “affiliation”, they mean
that users on each side consciously make platform-specific investments that are
necessary in order for them to be able to interact with each other directly, for
example, paying membership fees or registering. In the Uber example, both
users and drivers have to invest time in registering in the App. The affiliation
helps to distinguish multi-sided platforms from inputs suppliers.

The most remarkable contribution by Hagiu and Wright is that their
definition does not require any reference to indirect or cross-network effects.
Hagiu and Wright consider they are neither necessary nor sufficient to define a
multi-sided platform. However, indirect network effects could be consequence
of “affiliation” or “direct interaction”. The authors consider that Rochet and
Tirole’s hypothesis about every market with indirect network effects being a
two-sided market is not correct, and they explain it in this way: note that indirect
network effects are not limited to multi-sided platforms [...]. [In] traditional
consulting firms, clients will be attracted to a consulting firm that has many
other clients since this means it will have access to a greater number of qualified
consultants.

Given the complexity of defining a two-sided market, it is normal to find
works that consider different definitions. Some authors such as Filistrucchi and
Klein (2013) or Evans, Hagiu and Schmalensee (2008) have shown that reality
is very ambiguous. In fact, Filistrucchi and Klein (2013) and Rysman (2009)
claim that, theoretically, Rochet and Tirole’s definition can include one-sided
cases. Another point of criticism related to the Rochet and Tirole’s and Evans’
definitions is that all of them refers to “markets”, not to businesses or platforms
like the Hagiu and Wright's. Rysman and Evans share this criticism. They point
out that the definition of multi-sided markets is not totally correct because
it is hard to find “pure multi-sided markets”. On the other hand, it is easier
to find “multi-sided businesses/platforms”. We can find markets where there
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are companies using multi-sided strategies and companies using one-sided
strategies.

Rysman (2009) uses as an example Amazon that was one-sided in the
market of books and multi-sided in other markets. That is why it is important to
Rysman to focus on the strategies adopted by firms because multisidedness is
an endogenous decision of firms. The main question is not to know if a market
is a multi-sided one, virtually all markets might be multi-sided to some extent.
What is relevant is to know how important multi-sided issues are.

Highlight 1. There are many definitions of multi-sided platforms. And
many of them use the terms “platform” and “market” interchangeably.
Nonetheless, almost all of them emphasize the role of a technology enabler
(the platform) to mediate between the transactions of two or more sides.

In general, the vast majority of authors and international organisms
recognize that there is not a universally accepted definition of multi-sided
markets or platforms yet. There is a consensus on the idea of two or more
groups of agents who need each other in some way and who rely on platforms
to intermediate transactions between them. There is also consensus on the idea
that it is more important to determine the linkages between the two sides of
the market than the market itself, (OECD, 2009; Filistrucchi, Geradin and Van
Damme, 2012; or Weyl, 2010). Weyl highlights that definitions have their flaws
but, in general, multi-sided markets have three features:

m There is a multi-product firm. A platform provides distinct services to two
sides (or more) of the market.

m There are cross network effects. Users’ benefits from participation depend
on the extent of user participation on the other side of the market.

m Bilateral market power. Platforms are price setters on both sides of the
market.

The author argues that the failure of any of these conditions makes simpler
and better understood other models. If a platform does not explicitly charge
different prices to different groups of users, it is best viewed as a standard,
one-sided company. Obviously, the role of a platform will depend on the
market where it is operating. In summary, definitions of multi-sidedness are
controversial. There is no consensus. However, as it is pointed out by Filistrucchi,
Geradin and Van Damme (2012): “Although, at first sight, it appears to be
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still some debate on the exact definition of a two-sided market, the different
definitions proposed appear to be consistent enough to allow the practical
identification of two-sided markets."”

Highlight 2. There is no consensus about the definition of multi-sided
markets. Nonetheless, the practical identification is consistent with the idea
of two or more groups of agents who need each other in some way and
who rely on platforms to intermediate transactions between them.

1. Pricing Platforms. Who Pays?

What makes interesting and different multi-sided platforms is the way
they set prices. Previously, we have seen the example of the nightclub that sets
a different price for men and women. This asymmetric pricing scheme is the
main characteristic of multi-sided platforms.

Platforms realize that some groups of consumers value more the presence
of other different groups of consumers (indirect network effects). For example,
readers and advertisers, men and women, buyers and sellers, etc. However,
some consumers value more the presence of others types of consumers than the
other way around (for example, on average, men may value more the presence
of women than women the presence of men). In this situation, platforms find
profitable to reduce the price on one side (women) to increase the number
of those consumers, and to attract more consumers on the other side (men).
In summary, multi-sided platforms tend to set an asymmetric price structure in
which one side is the profitable one, and the other one is the loss side.® This
asymmetric price schema is common in markets like credit card markets. Sellers
have to pay a fee per transaction while users do not pay such fee. Another
example is media platforms. Free newspapers or free TV programs are free
because, in that way, they are able to charge higher prices to advertisers.®

This asymmetry in prices is due to the indirect network effects. And it
creates a great challenge because it breaks some traditional rules about pricing.

7 See Sadnchez-Cartas and Ledn (2018) for an extensive review on multi-sided markets.

8 | am aware that pricing multi-sided platforms is far more complex than the description | provide here.
Nonetheless, explaining the different pricing policies that may arise in these markets is far beyond the scope
of this work. See Rochet and Tirole (2004), Rochet and Tirole (2006), Weyl (2010) and Cabral (2011).

9 Rochet and Tirole named this behavior “the seesaw principle,” and they define it as follows. A factor that
is conducive to a high price on one side, to the extent that it raises the platform’s margin on that side,
tends also to call for a low price on the other side as attracting members on that other side becomes more
profitable. Later, Weyl (2010) stated that the seesaw principle was the most robust result on comparative
statics of two-sided markets.
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Highlight 3. Multi-sided platforms tend to set an asymmetric price
structure in which one side is the profitable one, and the other one is the
loss side.

For example, Evans (2003) points out there is a disconnection between prices
and marginal costs. This feature contrasts with one-sided markets in which
there is a clear relationship between the prices and costs. Evans (2011) argues
that it is possible that a platform will respond to an increase in costs on one
side with an increase in prices on the other side. Regarding this relationship
between prices and costs, Jullien (2005) argues that, in multi-sided platforms, it
is common to observe prices that are unrelated to marginal costs. From a social
point of view, Rysman (2009) points out that: Theoretically, it is often hard to
establish whether a given price in a two-sided market is higher or lower than
socially optimal, or even whether greater competition would make the existing
price rise or fall. This contrasts with traditional markets in which it is traditionally
believed that more companies imply more competition and more welfare.

Highlight 4. Prices in multi-sided platforms tend to be disconnected
from costs. Even the prices that are socially optimal can be unrelated to
costs. This is a consequence of the indirect network effects. Optimality calls
for subsidies from one side to others. Neither prices above costs are always
a signal of market power nor prices below marginal costs are a signal of
predation.

In multi-sided markets, we can find two types of prices: membership fees
and transaction fees. The first ones make reference to the price that a user
pay for entering the market. For example, the price paid by readers to access a
digital newspaper. The latter ones make reference to the price paid each time
that a transaction occurs. For example, the commission paid by a vendor when
a buyer pays by credit card. Both fees can be found together in some markets.
For example, a digital streaming platform may have a monthly subscription, but
to access specific content, you have to pay an additional fee for each minute
you use that content. The choice of fees is not easy, and it depends on the
control that the platform has over the transactions, the information about
the users, the market, incumbents, consumers’ perceptions, etc.'

Nonetheless, one interesting feature is the static nature of prices in multi-sided
platforms. Prices do not change, at least with regard to their structure. Once the

1° The correct choice of fees is beyond the scope of this paper. See Filistrucchi (2008), Rochet and Tirole
(2006) or Weyl (2010).
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platform is stable, prices tend to be stable, see Evans, Hagiu and Schmalensee
(2008). However, the nature and structure of those prices can have different
origins depending on how the value is created in the platform.

Lastly, although multi-sided platform prices seem to be quite different
than traditional prices. They have common aspects. For instance, the higher
the differentiation among platforms, the higher the prices on at least one
side. Hagiu (2004) and Evans (2002) find that differentiation guarantees the
existence of several platforms in the same market. Rysman (2009) summarizes
this feature as: “if [platforms] can differentiate from each other, they may be
able to successfully coexist.”

Highlight 5. Although multi-sided platforms set prices that are quite
different in their structure from those in a one-sided market. There are
some ideas that remain valid. For example, the higher the differentiation,
the higher the prices on at least one side.

Once that we know what a multi-sided platform is, and how different are
their prices, let us return to Susan and her daily activities.

lll. THE PLATFORM REVOLUTION: A CLASSIFICATION BASED ON
THEIR RELATIONSHIPS

How different is running nowadays! Just after finishing running, Spotify
knows which songs Susan listened to Spotify also knows that she was running
because she has her Facebook account linked with Spotify, and she has already
posted her route. Also, Garmin has just confirmed her GPS position during the
route, her heart rate, her speed, and the comparison with her friend Eva, but
Garmin is not the only one. Google Maps also knows that she was running in
the park near her home, and MyFitnessPal also knows her heart rate, weight,
and speed because Susan likes to control how much calories she burns and she
has linked Garmin and MyFitnessPal. It was only 30 minutes of workout, but
up to five different digital platforms have been involved. All of them related
to the same task: running. And all of them related in different ways. Spotify
and Facebook share a compatible communication protocol. Garmin and
MyFitnessPal another one. And all of them are built upon Android or iOS. In
other words, there is a complex network of compatibilities among platforms.

Nowadays, compatibility has different names and implications. It can
refer to the compatibility in communications protocols among platforms. This
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is the classical compatibility definition by which several devices, products or
items can be used together as a single device, product or item. However, in
digital platforms, there is a new way of compatibility that refers to the use of
data. It broadly refers to the access to the competitors’ networks, or to the
use of competitors’ data. This case has other names such as shared networks,
shared databases, synchronization agreements, data sharing agreements, etc.
Although each one of those names may have different practical implications
(different degrees of access to the databases, protocols, etc.), it is obvious that
all of them refer to the possibility of accessing competitors’ data. In this sense,
it is important to address the relationships among platforms properly. To do so,
we need a way to classify and differentiate platforms and their relationships.

Some platforms are more subtle than others, and it is not easy to notice
them, but they are everywhere, and you cannot escape from them. In any
daily activity, there are at least three platforms involved. The first ones are
infrastructural platforms. They are essential in any modern device, such as
smartphones. They are the operating systems (Android, iOS, etc.), and they offer
you the basic functionalities that make your phone “smart”, but they record
information about your phone activity, use of the internet, etc. that can be
used by third party companies to develop new services. The second ones are the
middle-platforms' that are platforms built upon the previous ones, but they
also have other services or platforms built upon them. For example, Facebook
or Google Maps are two middle-platforms because both are built upon an
operating system, and both of them are used as a benchmark for other services
or platforms such as Facebook games or mapping services. These middle-
platforms offer a service to users but they also offer the possibility of building
new platforms upon them. Lastly, we have the “end-platforms”, that are apps
built upon all the rest of layers. They can be platforms as well, but nothing
prevents them from becoming simple apps, in the sense that they only offer a
service to users and do not worry about creating an ecosystem of other apps
around them. Examples of these platforms are Whatsapp, Imgur or Shazam.'

These three layers are related, and each one is built upon the others.
Clearly, there is a vertical chain that links those platforms. The only way to use
a Facebook game on our smartphone is to run Facebook on Android, iOS, or
other operating systems. These operating systems provide a basic environment
for other platforms. In Figure 1, we can observe a scheme of these relationships.
If we consider Susan’s workout again, we can relate each platform to a
category in our previous taxonomy. Spotify is an end-platform. Users use it for
listening to music, which is the main service of the platform. However, Garmin

" Do not confuse them with middleware, or middleware platforms.

12 1t is true that some of those platforms can become middle-platforms. The differentiation among them is
subtle, and it mainly depends on the use of each user.
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FIGURE 1
VERTICAL RELATIONSHIPS

or Facebook are middle-platforms. Both platforms have an ecosystem around
them with other platforms or apps that are built on top of them. Nonetheless,
this classification depends on the specific use of each person. If you only use the
Garmin or Facebook main platforms and none of their third-apps, then you use
them as end-platforms. Lastly, Susan was using her smartphone and her iPod,
which run on Android and iOS respectively, infrastructural platforms.

Highlight 6. There is a complex set of relationship between all the digital
services we daily use. Many of those services are platforms, and they may
play three different roles. The infrastructural one (the basic functionalities),
the middle one (enablers), or end one that only offer a service to end-users.
Each one is built upon the previous one.

1. Platform Relationships and Data: A Chain of Platforms
or Nested Platforms?

As we observe in Figure 1, services are built upon platforms, and the
relevance of users’ data decreases when we move towards the bottom. This
representation allows us to depict not only the relationships among platforms
but also, the relationship with users’ data. However, this is not the only
possible representation. There is another different one. In Figure 2, we observe
another potential representation of the relationships among platforms. The
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representation of platforms and their relationships is quite relevant because
each representation emphasizes different features of those relationships.

For example, Figure 1 creates the idea of vertical relationships, a value
chain. However, the Figure 2 suggests a nested vision in which all the elements
belong to a technological environment where platforms and customers are
linked by bilateral relationships (services-data/prices). These different visions of
the same problem spark different interpretations of the relevance of compatibility
among platforms (and the use of data).”™ For example, Figure 1 may suggest
that there is a value chain, and maybe the users are paying expensive services
because everyone in that chain is trying to earn profits (in economics, this is
known as the double-marginalization problem). On the other hand, Figure 2
does not suggest that issue, but it suggests that some platforms are more
relevant than others because of their relationships with other platforms in
their market, or in other markets. Also, Figure 1 suggests a linear transfer of
data, from the top to the bottom. On the other hand, Figure 2 suggests that
transfers can go in any direction.

FIGURE 2
NETWORK RELATIONSHIPS AND INTERCHANGES OF DATA

Infrastructural
Platform 1

End
Platform 3

Technological Infrastructure (Mobile Networks, Broadband connections, etc.)

Infrastructural \-
Platform 2

Platform 2

But the relationship among the platforms is not the only relevant topic.
It is also relevant the relationship of platforms with their customers. We need
to consider that digital platforms provide services to several sides, and all the
sides have to be taken into account. If we consider one side only, it may lead
to wrong conclusions. For example, Susan is worried about the use of her data
by MyFitnessPal. If we want to study the use of her data, we cannot focus on
the relationship between Susan and MyFitnessPal only. We have to consider the

13 A similar taxonomy with horizontal and vertical relationships among platforms can be found in
Belleflamme and Toulemonde (2004).
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relationship between MyFitnessPal and developers, or other companies that use
her data.

Lastly, it is necessary to consider that when we refer to compatibility as
shared networks or shared data, there are different uses of that data that lead
to different conclusions. In Figure 1, we observe the first relationship. The
vertical relationship, in which platforms provide other platforms with data. In
this case, data is a mere input to produce an output. This is the most intuitive
case. Platforms generate a lot of data that they sell to third-party companies
that benefit from it. It is the digital equivalent to buy a hammer in an appliance
store and to use it to build a closet or a rack. You use it as an input to produce an
output (the closet or the rack). In Figure 2, we observe the second relationship.
The horizontal one. It suggests another type of use of data in which platforms
share data not only with third-party companies but also, with competitors. In
our previous example, this relationship implies that you ask your competitor
to share with you the hammer, and both build closets or racks using the same
hammer. This situation is strange for most of us, but it is common in digital
platforms. In the following sections, we analyze these different uses of data and
those different relationships among platforms.

Highlight 7. There are different ways of representing the relationships
among platforms. Depending on which topic we want to address, some of
them are more useful than others. In the case of data, each representation
points out different roles of data. The vertical relationship highlights the
role of data as input in the value chain, and the horizontal relationship
highlights its role as a link with competitors and other stakeholders.

2. Other Classifications

The previous classifications are not the only ones that we can find in the
literature. There are a lot more. However, the previous one allows us to focus
on the relationships that platforms have with other platforms. Other types of
classifications do not allow us to address such relationships. For example, one
of the most interesting classifications is the one proposed by Filistrucchi (2008).
He classifies two-sided markets in two categories

m Media type, these platforms are characterized by the absence of
observable transactions. For example, TV channels or newspapers. In
these cases, advertisers display ads, but they do not know if someone is
influenced by those ads. These markets are also characterized by setting
“membership fees” only.
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m Payment card type, these platforms are characterized by the observability
of a transaction between the sides, like a payment with a credit/debit card.
The platform can monitor the transaction, and it can apply transaction
fees.

This classification is quite useful. It only requires knowing the pricing
policies. However, it does not allow us to classify platforms with respect to their
relationships.™

There are also other classifications that can be interesting such as the ones
proposed by Evans (2003), or Tiwana (2013). However, they are not useful for
illustrating how data influence the behavior of platforms. That is why we omit an
extensive analysis of those taxonomies. Nonetheless, there are other interesting
classifications that link platforms to their pricing strategies. For example,
Rysman (2009) points out that it is normal to find multi-sided platforms and
traditional re-sellers. We also observe in digital markets how platforms compete
with traditional business models. For example, Uber and taxi companies, or
Amazon pantry and supermarkets.'

IV. COMPATIBILITY AND THE USE OF DATA IN DIFFERENT
MARKETS

Susan has a smartphone and has total control of her life with it. Almost
any uncomfortable task that she used to do ten years ago is easy to do using
her smartphone nowadays. This morning, she was in a hurry. She was rushing
to the bus stop while she was checking out the weather. Today, it will be
sunny. She also used another app that estimated that the bus would arrive
in 5 minutes. She was on time. However, when she was on the bus checking
out Facebook, she realized that she forgot her food at home. She opened the
advertisement that she saw on Facebook about HealthyOut, and she placed
an order to deliver Chinese food at her work at 12 am. Because she is worried
about her nutrition, she shared the calories information with her MyFitnessPal
account. This account is linked to Garmin connect, which quickly updates the
information about calories burnt in her MyFitnessPal account. Lastly, because

4 Nonetheless, expert readers will notice that the literature has focused much more on “media type” markets
than on “payment card type” ones. Therefore, the following sections are highly influenced by “media type”
markets.

1> Which business model is better is a topic that is beyond the scope of this work. Nonetheless, there is no
a better business model. It depends on the market. See Hagiu and Halaburda (2014) or Rysman (2009)
for a discussion on this topic, or see Sdnchez-Cartas and Leon (2018) for an extensive review on other
classifications.
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she placed the order while using Facebook, this platform and Google (which
controls the Gmail account that is related to the phone) also know that she
placed that order.

Behind this chaotic set of relationships among platforms, there are three
behaviors that involve Susan’s data. When there is no data sharing; when data
is extracted and used as an input by the platforms; and when platforms share
data with competitors. For example, the weather app or the bus app only
display advertisements and the information Susan is looking for. There is no
further interaction between Susan and the app. This can be considered the
simplest case. Also, most of the people think that this is the common pattern.
However, we are sorry to disappoint you, but it is not.

The second type of behavior is the most common one. This is the case of the
big players in the industry such as Google, Apple or Facebook. All of them have
platforms that can extract a lot of information about you constantly. Maybe you
do not realize it but, if you have Facebook on your Android (i0S) smartphone,
both Facebook and Google (Apple) know where you are, and probably, what
you are doing. This case is scary for a lot of people, and it sparks a debate about
privacy and customized services. However, we will not address this concern
here. This case also encompasses situations where different platforms from
different market segments cooperate and make their services compatible. For
example, the integration of Youtube on Facebook or the possibility of sharing
your Shazam songs on Twitter.

The third type of behavior is the case of data sharing among platforms that
compete with each other. This is the most intriguing case because it refers to
platforms that compete with each other for the same users and developers, but
they “share their data”. They offer their databases to competitors. That is the
case between Garmin and MyFitnessPal.

Data are the essential good in those relationships. And it is not clear if the
traditional economic intuitions remain valid when we consider digital platforms.
Wright (2004) points out that conventional knowledge from the classical
economics literature may lead to mistakes when addressing digital (multi-sided)
platforms. In that sense, some conclusions may not be robust in those markets.
This suggests that policymakers have to be careful not to base their policies on
inadequate generalizations about markets, especially in ICT markets.

The main difference between traditional economics and platforms is
subtle, but it motivates a whole line of research. In the traditional economics,
consumers value the presence of other consumers in the services. One example is
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the social networks. Users value whether or not their friends are on the
platforms. However, in digital platforms, some consumers may value the presence
of other consumers too. The essential difference is that they also value the
presence of other types of consumers. The social networks are one example of
this. Companies value the presence of users, but companies are also consumers
of the social network. However, they have a different purpose than people who
connect with their friends. To what extent this subtle difference is affecting the
behavior of consumers and platforms is an ongoing research topic. Nonetheless,
some advances have been made, and we can point out some consequences of
realizing that different types of consumers interact with each other in digital
platforms. In the next section, we will focus on compatibility and on the use of
data generated by that compatibility.

Highlight 8. Data may play three roles: No use at all because data is
not “harvested”, as an input in the value chain to increase the value of the
companies’ products or services, or as a commodity that it can be sold or
shared with third-parties.

1. Compatibility: Old Rules in New Behaviors

The idea of compatibility that we use today when we refer to digital
platforms is similar to the one proposed by Katz and Shapiro (1985). They defined
compatibility as follows. /f two firms’ systems are interlinked, or compatible,
then the aggregate number of subscribers to the two systems constitutes the
appropriate network. If the systems are incompatible, such as Telex and cable,
then the size of an individual system is the proper network measure for users
of that system.'®

This definition does not emphasize the role of data, but the role of
users who use the same service. There are two situations in which this idea
of compatibility can be considered to address digital platforms. First, in the
launching phase, many platforms behave like traditional companies, serving
only one type of customers, (see Rysman, 2009). The reason is that these
platforms do not have enough users to attract other types of customers like
advertisers. In this sense, some platforms are born as traditional companies
that consider one type of customer only. For example, this was the case in social
networks. In the beginning, their purpose was to put in touch friends, family,
colleagues, etc. They were focused on attracting users who interact with each
other. Then, platforms realized that advertisers value the information about
people’s relationships but also, they value even more the information about people’s

16 They also defined the hardware-software compatibility such as: /f two brands of hardware can use the
same software, then the hardware brands are said to be compatible.

25



Part I: Platforms and Information
|

tastes. Then, the digital platforms as a multi-sided business started. So, during
those initial phases, this definition of compatibility is valid because platforms
are focused on the number of users only.

The second case is when platforms allow you to use the services of a third-
party company to communicate with external agents. For example, Susan shares
with her friend Eva all their running routes, her performance, heart rate, speed,
etc. Platforms may allow her to send that information to her friend Eva. This
option can be considered as a complement to the platform’s services. In this sense,
this case can be analyzed as a complementary good, and traditional intuitions may
apply because we put emphasis on connecting people, not the data'’. However,
if platforms use that data for commercial purposes, these intuitions may not
apply, and we have to address new approaches.

If we consider the initial description of compatibility and we omit
the comercial use of data for a moment, we can observe how platforms use the
compatibility to create value for users. If we pay attention to Figure 1 again, it
is crucial that platforms at all the levels complement each other to create value
for users. Facebook will have no value at all in a smartphone in which it crashes
every five minutes. However, if it runs fast and it is a reliable app because it is
built on the top of a compatible system, the bundle: smartphone plus apps
is quite valuable. This complementarity among services allows platforms to
increase the adoption, and these intuitions are valid for both, digital platforms
and traditional businesses.

When platforms allow you to connect with other users on different
platforms, the complementarity and the compatibility help to foster the adoption
of all the platforms. All those platforms become more attractive because
their users’ bases become larger. We observe this behavior in digital platform
markets such as fitness trackers. In this case, we can consider that companies
have allowed compatibility between their devices and the digital platforms
of other companies in an attempt to foster the adoption of their products.
For example, Eva and Susan use different devices. They would not be able to
compete nor to compare their performances if companies were incompatible.
In this sense, many companies allow cross-synchronization of their devices with
other platforms because a critical mass of users can be reached easily.

7 With traditional intuitions, we refer to the intuitions derived from the network economics literature. Many
works have been developed in the network economics literature, and we do not have time to review all

of them. For a comprehensive review of the literature see Economides (1996). For an introduction to the
topic, see Belleflamme and Peitz (2015).
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In the case of end-platforms, many of these platforms are compatible by
default with the infrastructural and middle-platform layers. This is the case of
Shazam and Whatsapp, Twitter and Youtube, or the integration of different
apps in different devices such as smartphones or wearables. In fact, this kind
of compatibility is normal because, if compatibility only requires one side to allow
it, it is normal that the one interested in the compatibility will do it (see Matutes
and Regibeau, 1988). This compatibility between independent products can
boost the demand or the adoption of those products but also, it makes more
valuable the product for some users,'® and more profitable for companies (see
Matutes and Regibeau, 1988). However, this compatibility among platforms
creates incentives to increase prices because:

1. Compatibility increases the value of the goods (see Farrell and Saloner,
1985 or Economides and Salop, 1992).

2. Compatibility reduces the incentives to compete in prices since the effect
of reducing prices affects all the complementary products (see Matutes
and Regibeau, 1988).

One example of all those intuitions is the iPod. When Apple made its iPod
compatible with PCs, sales took off sharply.’ After that, iPod prices remained
almost untouched.?® Considering the technological race in these devices and
the emergence of other competitors, it seems that the traditional intuitions
give us an interesting answer to why prices were high during so much time.
Nonetheless, we do not have to forget that other things are happening at the
same time that increase and reduce prices such as technology evolution (the increase
of prices for new generations) or changes in the tastes of users (the reduction of
prices for users who value more new generations than old ones).

But these are not the only intuitions that remain valid in digital platform
markets. On the other hand, if we pay attention to the development of the
operating systems such as Android Things, Android Wear or iOS. They are
formed by different layers that use different standards and protocols that
are especially addressed to developers. In those cases, traditional intuitions
still apply, and there are many examples of behaviors that can be explained by
the traditional economic literature. For example, it is quite common to hold
technical conferences for developers from time to time. This literature highlights
that, in this way, communications allow to set standards that help in fostering

18 These features were early highlighted in the literature. See Katz and Shapiro (1985) or Farrell and Saloner
(1985).

1% http://www.ilounge.com/index.php/articles/comments/instant-expert-a-brief-history-of-ipod/
20 https://www.macworld.com/article/1053499/home-tech/ipodtimeline.html
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compatibility among services.?! The literature also highlights that it is normal to
develop systems that are incompatible by definition such as iOS and Android,
that represent two different approaches to the same issue: an operating system
for mobile devices. In these cases, they are born as incompatible services, but
they adopt partial standardization during the evolution of the systems because
it is profitable.??

However, there are other situations in which these intuitions do not apply.
For example, when we deal with the commercial use of data. When Eva and
Susan share their performance, they are also sharing data. These data can be
sold or can be given for free. This is a consequence of compatibility, and this
consequence was not addressed in the traditional economic literature. Recently,
we started to pay attention to it. The definition of compatibility is the same than
the one proposed by Katz and Shapiro. However, this time is different.

Nonetheless, the impact of the commercial use of data is not homogeneous
because it depends on the laws around digital platforms. Countries differ in their
laws, and digital platforms have to adapt to them. In this sense, the legislation
of each country is essential to fix the business model of each digital platform. For
example, Uber works as a multi-sided business in California, but as a traditional taxi
service in Madrid, and it is illegal in London.?* In the European Union, the use of
personal data is quite constrained in comparison to other countries. Platforms
that work with data may avoid the use of data for commercial purposes and
focus on offering a service that allows people to share data with others on third-
party platforms. Even in these constrained environments, some questions arise:
Are platforms changing their behavior because of the data? Is data changing
the pricing policies of platforms? To what extent is data influencing platforms
and customers?

Highlight 9. Digital platforms are new and innovative products. But
many insights about compatibility between devices still apply to digital
platforms. When the focus of compatibility is not the the commercial use
of data but the number of users who use the platform, all the traditional
insights about compatibility still apply. Independently of what approach we
consider, compatibility tends to be commoner among end-platforms, and it
tends to create incentives to increase prices. However, when the commercial
use of data is involved, this may not be true.

21 See Farrell and Saloner (1985) for an analysis of the problem of adopting standards and the role of
communications.

22 See Katz and Shapiro (1986) for an analysis of standards.
2 https://www.thesun.co.uk/news/2067929/uber-london-banned-tfl-petition-ceo-sadig-khan/
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2. Data. The New Compatibility

2.1. The Vertical Relationships

In Section Ill.1, we pointed out that we can find two types of data
relationships among digital platforms. The first one was the “vertical one”.
Platforms that provide others with data to produce something. This behavior is
common among platforms that do not compete for the same set of customers
directly. 1t may seem that this case is unrelated to compatibility. However,
platforms are built upon other platforms, and some of them communicate with
other platforms using compatible communication protocols. This compatibility is
well-known among engineers. However, among economists it is less noticeable
because standards, adapters or similar products or devices are not so visible
as they were in the 80s and 90s. However, they play a relevant role today,
and because of those standards and compatible protocols, data generated
by some platforms can be used by other platforms. The problem is how that
data is used, and if that data may generate inefficiencies (such as the double-
marginalization).

Let us illustrate this case. Susan loves to eat healthy food. Normally, she
orders from different apps when she finds a good offer. However, the company
who owns the app has paid large fees to Facebook and Google to know the
habits of people like Susan. Obviously, those fees are costs for the app company,
and it has to charge a bigger price in each order to cover those costs. The
inefficiencies arise because the “app company” does not take into account that
the platforms are charging a price with a markup when they sell the data.*

On the other hand, companies that are able to integrate the extraction of
data within the platform will not create this inefficiency. For example, if Susan
uses Amazon or UberEats. It is possible that big platforms with a lot of users
are not buying data to other companies. In that sense, they will not have to
charge higher prices. In fact, maybe, they set even lower prices. However, these
inefficiencies are not only related to data. They can appear in other digital
markets, such as video-consoles. For example, Susan also loves to play video-
games in her video-console.? In the video-console market, there are platforms
(video consoles) that are used to play video games (users, first side) created by
developers (second side). Clearly, both the platform and the developers want

24 More formal: if the upstream market operates as an oligopoly, the firms' equilibrium prices contain a
markup, which downstream firms treat as part of their marginal costs. This creates the inefficiency.

2 An outstanding work that addresses the video console market from an empirical point of view is Lee
(2013). If you prefer a theoretical approach, see Hagiu (2004). For an introduction to this topic, see Evans,
Hagiu and Schmalensee (2008).

29



Part I: Platforms and Information
|

to earn profits. In the video console market, platforms sell the hardware below
costs and make profits from selling video games. Developers pay a fee for
developing titles, and users pay for playing the game. In this scheme, it is clear
that a double marginalization problem is possible as long as developers take an
input (Developers’ toolkit) and produce a game with it.2¢

We have claimed that companies that can capture data themselves can
offer services at lower prices. However, this is only true for those platforms
that sell products in which data is relevant. If we turn back to Figure 1, we
mainly refer to the end and middle platforms. This is the reason behind the
integration of killer apps or the acquisition of killer apps by big players that
operate infrastructural or middle platforms. For example, killer apps tend to be
integrated by the upstream platforms. Examples of this behavior are WhatsApp
(integrated with Facebook) or Paypal (integrated with eBay). There are several
reasons why companies integrate those killer apps: because they can damage
other platform’s products because those apps do not take into account their
effects on other platforms (see Viecens, 2009), or because it is more profitable
for the platform (see Economides and Katsamakas, 2006). Even policymakers
would be interested if they could increase welfare (see Nocke, Peitz and Stahl,
2007). For example, WhatsApp used to charge an annual fee. However, in
2016, after its purchase by Facebook in 2014, it became free. When WhatsApp
was not integrated, its prices were inefficiently high. Once it was acquired,
the integration led to a zero price. The double-marginalization problem was
solved.?’

Nonetheless, the inefficiencies that foster integration get weaker and tend
to disappear when substitutability among the applications is high.? This clearly
resembles the case of instant messaging services. Currently, many services co-exist
with a high degree of substitutability (Telegram, Line, WhatsApp, etc.). All of
them are free to use, but none of them are compatible. This is an example
of how substitutability have lowered the inefficient high prices that were the
consequence of the double-marginalization issue.?

26 QOther services susceptible of having these inefficiencies are the video-streaming services (HBO, Netflix,
Hulu, etc.). These services operate in a similar way that the cable TV, which was pointed out as a market
with double-marginalization. See Waterman and Weiss (1996).

27 Making WhatsApp free was the strategy of Facebook to make customers pay for other services. https:/
techcrunch.com/2014/02/24/whatsapp-is-actually-worth-more-than-19b-says-facebooks-zuckerberg/

28 |ntegration is not always the best option. Hagiu and Wright (2015) prove that optimal integration depends
on the market structure. There is always a trade-off between integration or disintegration.

29 This price reduction as the consequence of the integration is not exclusive of digital platforms. Economides
and Salop (1992) also point out that the integration of the complementary companies reduces the total
price of the complementary goods. However, Viecens (2009) proved that, in digital platforms, integration
and substitutability mitigate the double-marginalization problem.
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Also, in the smartphone ecosystem, apparently, there is no double-
marginalization problem. The main reason is that, either infrastructural
platforms are open source, such as Android; or they are vertically integrated,
such as iOS. Nonetheless, in Figure 1, we observe that data is generated by final
users, and that data is losing relevance when we move towards the infrastructural
platforms. Normally, this problem may arise between the middle and end platforms,
but it is not clear to what extent it is a generalized phenomenon. Some middle-
platforms have private or open Application Programming Interfaces (APIs) that
can be used by developers to create new services. Some companies (such as
Garmin) prefer to sell the access to developers, but others (such as Runtastic)
prefer to give it for free. It depends on the business model of each company,
and the strategy followed. Some companies prefer to give it for free to boost
the creation of an ecosystem, others prefer to sell the APl to monetize the data.
However, these pricing decisions may change over time. For example, Garmin
or Under Armour APIs were free some years ago, but right now accessing those
APIs requires a payment. To what extent there is a double-marginalization in
these cases is unknown.

In other cases, data are used within platforms to help developers foster
the adoption of their apps to increase the relevance of the ecosystem. For
example, the platform Steam developed by Valve®® allows users to have a
digital library with all their games available worldwide. The platform is free for
users, and developers only pay for developing games. Nonetheless, both, users
and developers, generate a tremendous amount of data. This data is not only
helping Steam to know which games are the most played but also, to gather
information about the users’ hardware, their willingness to pay for games,
which genres are more interesting, etc. All that information is used to help
developers find their place in the market.?!

All those cases illustrate how platforms behave with regard to data in a
vertical sense. As a summary, in this case, data is not creating new issues. Data
is only a new input (a very valuable one), but the intuitions are not changing
radically. Although traditional insights remain valid (see Weyl, 2008 or Viecens,
2009), this statement does not imply that the analysis has to be the same than
with traditional markets.3?

Lastly, let’s re-take the case of Susan. While Susan was running, different
digital platforms were taking different types of information (Spotify and

30 http://store.steampowered.com/
31 https:/partner.steamgames.com/doc/marketing

32 |In empirical terms, this creates another issue: the market identification. In other words, how to know
where are the market boundaries. Market identification is beyond the scope of this chapter. See Filistrucchi,
Geradin and Van Damme (2012).
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Facebook were taking information about the songs played, and the friends
nearby respectively). Others were taking the same type of information (Garmin
and Google Maps were tracking her GPS position, but probably for different
purposes). Lastly, some platforms were sharing their data with competing
platforms. For example, Garmin was extracting data from the Garmin device,
and MyFitnessPal was synchronizing the information of the device with its
online platform.

This case is the most interesting one. She is using a Garmin device that,
automatically, synchronizes with Garmin Connect (the digital platform of
Garmin). However, MyFitnessPal allows her to synchronize Garmin data with
MyFitnessPal. This behavior is totally new. Why does a company allow its
competitors to access its information?

Highlight 10. Compatibility between vertical companies (provider-
client) highlights the role of data as a mere input that is created by some
companies and exploited by others in a different market. In this case,
vertical integration between those companies may lead to lower prices, but
it depends on how relevant is the double-marginalization. Nonetheless, the
incentives for integrating tend to disappear when substitutability among
companies’ products is high.

2.2. The Horizontal Relationships

In Section .1, we point out that some platforms may share their data
with their competitors, and in previous sections, we have introduced this case,
but it was incomplete, and we only pointed out some examples, such as the
fitness tracker market, in which several platforms allow their competitors to
access their data. Let us focus on this case.

Let us return to Susan. Susan was using a Garmin device and the MyFitnessPal
app. These are two competing companies. Garmin owns a digital platform
(Garmin Connect) in which all the data of their wearables is synchronized. On
the other hand, MyFitnessPal is a digital platform, but it is provided by Under
Armour, which has its own devices too. In this case, advertisers or developers
who want to access MyFitnessPal data (to promote a product or to develop a
new app) will find that not all users are equal. Some of them are pure Under
Armour users, but others are users of Garmin, Fitbit, etc.®> In comparison with
previous sections, in this case, users are not accessing to a bigger pool of users

3 Some consumers may use their smartphones to workout, many of them have GPS, accelerometer, etc. so,

they may be used them as a fitness device. However, for simplicity’s sake and without loss of generality,
we omit this case because the main purpose of a smartphone is not the fitness tracking.
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(like in the Katz and Shapiro’s definition). Instead, advertisers, developers,
sellers, etc. are the ones who access to a bigger pool of users.

Traditionally, it was thought that compatibility could increase (see Farrell
and Saloner, 1985; Katz and Shapiro, 1985), or decrease (see Matutes and
Regibeau, 1988) price competition. Some authors argue that the net effect of
compatibility in prices was influenced by the product diversity, the total output,
the users’ valuation of the whole system, etc. However, the current evidence
points out that, in digital platforms, sharing networks or databases mitigate the
price competition among platforms.34

Nonetheless, these changes in prices are not easy to notice. Evaluating
the prices of digital devices such as wearables is not easy. Digital platforms
are influenced by the competition with other producers, technological change,
network compatibility, market segmentation, etc. For example, in the wearable
market, platforms invest a lot of money in R& D to outperform their competitors.
This behavior starts a “quality race”.?> Technological change imposes a challenge
to those who want to study prices because almost every year a new generation
is launched, and during the year, new products are launched that compete with
the incumbents. All those changes make quite difficult to test if compatibility is
increasing or reducing prices in a specific market.

However, if we only pay attention to the compatibility, and we omit for
a moment the technological, other effects appear. There is an incentive to
increase prices in platforms as a consequence of compatibility that is exclusive
of platforms. Compatibility mitigates the incentives to reduce prices to attract
some customers. In fact, in the fitness-tracker market, we observe this pattern.
Although in the next section we will pay attention to it, in this section, let us
focus on why companies allow other competing platforms to access their own
database.

Let us consider a fitness-tracker company such as Fitbit or Garmin.
Currently, they sell a device with an integrated digital platform. The digital
platform attracts a lot of users, but to attract more users these companies need
more functionalities, more apps, and better interfaces. To do so, they need to
attract developers too. In this situation, they can decide to reduce users’ prices.
With this policy, platforms want to attract a lot of users interested in the device
and the platform. This price reduction increases the users’ base, and at the
same time, many developers start to be interested in developing applications for
the platforms. Companies have given up market power and profits in the users’

34 See Doganoglu and Wright (2006) and Salim (2009). See Sanchez-Cartas and Ledn (2017) for a
generalized model.

3 See Salim (2009). She develops a model in which quality races are endogenously generated.
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side to boost the adoption of their products and the overall profits.?® This is the
intuition of a two-sided business model.

However, some companies have realized that some competitors’ networks
have open APIs to attract developers. These APIs allow others to access and
export information about users. In this situation, many companies have created
an extra functionality that allows users in those platforms to “migrate” to other
platforms automatically. In some cases, all the information about users can
be synchronized in several platforms, and many users are interested in doing
that because some platforms offer extra information about the calories burnt,
performance, etc. that the other platforms cannot. That implies that some users
synchronize their data with other companies’ platforms even when they have
not bought the companies’ device. This practice allows companies to relax
their policy of low prices for devices. Users are coming into the platforms from
competitors’. Developers are happy because the users’ base is increasing, and
there is no reason to keep low prices for the devices.3” This example illustrates
a case that resembles what is going on in the fitness-tracker market. The
possibility of accessing the users’ data in other platforms reduces the interest
of platforms in subsidizing their devices to attract consumers.® In comparison
with incompatible digital platforms, compatibility increases the market power
of platforms because they relax their competition. The network effects between
the sides lose relevance. Nonetheless, it is possible that some users will use
different platforms at the same time (multihoming). If users can easily use two
platforms at the same time, the incentives to become compatible disappear.
However, multihoming is not always a good substitute for compatibility (see
Doganoglu and Wright, 2006), especially for users, who have to pay for using
two platforms that do not allow them to export their data. Compatibility and

Highlight 11. Compatibility among competitors leads to higher prices
on at least one side of the market. It mitigates the incentive to reduce
prices to attract more consumers because the network is shared with
competitors. However, we have to take care of not confusing compatibility
with multihoming. Compatibility implies being on a platform and being
able to access others from that platform. Multihoming implies being on
several platforms at the same time.

36 Developers will be willing to pay more to access your huge database, so you expect larger profits.

37 For a technical explanation see Doganoglu and Wright (2006), Salim (2009) and Sédnchez-Cartas and Ledn
(2017).

38 This argument can be stated the other way around. The compatibility may reduce the incentive to subside
developers to attract users because users can connect with anybody on another platform.
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multihoming mitigate competition and increase profits, but it is not clear which
one is preferred over the other (especially, in terms of welfare).

2.3. Do Policymakers Have to Worry about Compatibility?

The previous examples raise a clear concern about the use of data by
platforms. Apart from the already known issues about privacy in digital services, a
new front is open. In previous sections, we have argued that companies may
have an incentive to share data that can increase the consumers’ prices. In this
sense, it seems that consumer welfare will be damaged by this practice. However,
the problem is not so simple. Let us consider the users only. Compatibility among
platforms may have a clear advantage for users, who may export their data
to the platform they prefer without reducing the number of platforms in the
market. Other users may also benefit from the possibility of using combinations
of wearables or devices such as a smart balance of Withings and the fitness
tracker of Fitbit. Compatibility may also increase the incentives to compete.
Higher compatibility implies that is easier to compare platforms, so they can
be forced to produce platforms with more quality or more functionalities at
the same price. Obviously, if we omit those benefits that arise from linking the
platforms, it seems that compatibility may harm users. Those users who buy
the device and do not care about which platform they use will be harmed by
this policy. They would pay a higher price because of the compatibility. However,
in terms of welfare, it is not clear which group is more numerous nor the net
change in welfare.

Nonetheless, customers of digital platforms are not only users, developers
are also customers.

To measure the impact of compatibility, we need to take them into account.
In this sense, it is clear that developers benefit from the compatibility in different
ways. The most obvious one is the possibility of accessing a large pool of users,
but it is not the only one. Compatibility among platforms also reduces the
number of protocols and complexity of databases. Having a common way to
communicate among services allows developers to work more efficiently in
different frameworks. However, it is also true that they may pay a higher price.

As a summary, from a strict point of view, it is not clear if compatibility
increases or reduces welfare,? there are forces in both directions. On the
other hand, the increase in market power of platforms as a consequence of

39 There is theoretical evidence in this sense, Salim (2009) proves that compatibility is welfare enhancing, but
her model does not cover all the potential scenarios.
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compatibility may not be superior to the market power of a company that sells
a device that is not influenced by network effects, such as watches or clothes.
Intervention from public authorities may not be justified in this case.

However, it is clear that some digital platforms have a dominant position
in the market (Google, Amazon or Facebook). However, compatibility can be
rejected as the driver of these monopolies. In most of the cases, it is the own
nature of digital platforms and their network effects which motivate a situation
of dominance. Compatibility can help in increasing this dominance, but it is not
the main driver (see Sanchez-Cartas and Ledn, forthcoming). One clear example
is the fitness tracker market, in which several companies compete, and there is
no clear dominance.

Nonetheless, it is true that compatibility may create perverse incentives
in markets in which “the-winner-takes-all-the-market” outcome is a possible
result. In these markets, small players may be interested in sharing their
databases with a leader because, in that way, the differentiation between
them and the leader would be larger. In this case, they could create two
different markets, one for data and another one for devices. For example, let's
imagine a wearable market in which there are two companies: the leader and
the follower. The leader has a bigger network as a consequence of being an
incumbent in digital markets, and it sells average-quality devices. The follower
has a tiny network, but it sells high-quality devices. Both of them sell a device
to users and a platform to developers. However, because of the network effects,
the leader has a clear advantage, and it can almost expel the follower from the
market. The follower has a great device, but without a powerful platform, its
growing capacity is limited. If the follower agrees to share its data with the
leader, that increases the size of the leader network, and the leader can focus
on the platform. On the other hand, because of the compatibility, the follower
can focus on the device and monopolize the market of devices. Both companies
benefit as long as the monopoly profits of the two markets are higher than the
profits in the initial situation of duopoly.

This is a fictional scenario, and it is not clear how likely it is. Nonetheless,
competition authorities may consider this possibility in new markets, such as
the Internet of Things markets. In these markets, some companies can focus
on selling devices only if there is a great pool of users who only care about
the device itself (and not about the communities or the linked services). This
phenomenon is already common in the fitness tracker market, where there are
users who only value the device and do not care about working out with other
people nor sharing their performance with others.
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Lastly, a point worth emphasizing is that compatibility is not a type of
merger or tacit collusion. With compatibility, there is no coordination in the
decision-making process of companies. In contrast with mergers, agreements
are not required. Neither they are needed to behave in the same way, as we
expect when there is tacit collusion. Compatibility can be asymmetric and, in
many cases, it is asymmetric, and it can arise from the desire of only one company
(if there are no legal barriers to it). Nonetheless, some platforms may cooperate
when they become compatible, for example, to develop new technologies. This
cooperation may lead to markets where there is tacit collusion (one platform
becomes a high-quality vendor, and the other one a low-cost one). Even in this
case, it is not clear if the welfare will increase or decrease.*®

Highlight 12. A priori it is not clear the impact on the welfare of the
compatibility among competitors. Even without considering the profits of
the platform, it is not clear whether or not all sides benefit. It will depend on
each market. Nonetheless, there is no reason to think that compatibility will
lead to the “winner-takes-all-the-market” outcome. However, it is true that
the companies involved in those compatibility agreements increase their
market power.

3. An Example of Digital Platform Market: The Fitness Tracker-
market

In the previous sections, we have been using the fitness tracker as an
example. In this section, we focus on this market to show the relevance of
compatibility. However, an extensive analysis of the market is beyond the
scope of this work. This market involves a smart device (a wearable), and a
digital platform that links the device with other smart devices such as tablets or
smartphones. The first two companies of this market in achieving notoriety were
Fitbit and Jawbone in 2011.4' They started by selling a device. The platform idea
came later on when they, and other competitors, realized that it was time to
attract more users by creating communities,*> and developers by creating larger
platforms and ecosystems.*

40 In fact, Salim (2009) points out that cooperative investment by standardized platforms might create higher
aggregate surplus than [non-compatible platforms].

41 http://www.businessinsider.com/the-smartwatch-and-fitness-band-market-2015-1

42 The linking with social networks took place in 2012. http://mashable.com/2012/01/27/ facebook-privacy-
open-graph/#uv_7foC0jsqY

4 1t is easier to convince people to buy a high-quality product than to convince them to buy a product that
will be high-quality only when other consumers adopt it. And it is easier to convince similar people than
to convince heterogeneous people to adopt the product.
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Once platforms were established, the market started to grow. New
platforms entered the market, and users started asking for more functionalities.
Then, opening the network to competitors was slowly taking place as a way
to keep the users who wanted to have functionalities of different platforms. In
Figure 3 a network that represents the compatibility relationships among the
databases of the relevant players in the fitness tracker ecosystem in July 2016 is
depicted.** The most connected player is Under Armour. The professional access
to their APl is not free. However, some years ago, it was free. Garmin is another
example of this behavior. They have a one-time license fee of $5000, although
until 2014 it was completely free. However, other companies have open APIs
because: a) a fitness-tracker is not the main line of business (as Nokia-Withings),
or b) their ecosystems are not so vibrant as those of Garmin or Under Armour.*®
However, what is truly interesting about the Figure 3 is the complex network of
relationships among the platforms. Obviously, many users take advantage
of this compatibility, but probably other multihome. Nonetheless, compatibility

FIGURE 3

RELATIONSHIPS AMONG DATABASES OF FITNESS TRACKER COMPANIES.
SUMMER 2016

4
MapMyFitness
MyFitnessPal

4 We only consider those companies which sell a fitness tracker. There are other players that influence
the market such as Google Fit, Apple Health or Runkeeper, but they do not sell a fitness tracker with a
complementary platform.

4 Under Armour: https://developer.underarmour.com/, Garmin: https://goo.gl/nLUw35 and https://goo.gl/
QkHfHu
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is much easier to notice than multihoming. In Figure 4, we can observe the
situation of the fitness tracker ecosystem in June 2017. The bold lines represent
the new connections that have appeared between July 2016 and July 2017. We
observe that nine new connections have appeared. This change in only one year
highlights how relevant is the compatibility issue for companies in this market.

On the other hand, we have stated that some companies may behave as
multi-sided platforms or maybe as sellers of devices or platforms. In this sense,
it is interesting to consider the Terms & Conditions (TOC) of the service provided
by the fitness tracker platforms. In Table 1, we observe a list with all the relevant
players in the fitness tracker market, the link to their TOC, the last update of the
TOC, and information about their behavior towards the users’ data.*® Obviously,
the degree of sharing differs from company to company. We only highlight
those who are willing to share some non-personal information with third-party
companies. In some cases, companies state that they offer the possibility of
connecting to third-party networks, but the transfer of data is up to the user.
From a privacy point of view, this is a clear disclaimer. But the interesting point is
that, at this moment, a common pattern in the industry is to allow the sharing
of non-personal data.

FIGURE 4

RELATIONSHIPS AMONG DATABASES OF FITNESS TRACKER COMPANIES.
SUMMER 2017

,

MapMyFitness
MyFitnessPal

46 This data was cross-checked in November 2017.
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TABLE 1
TERMS AND CONDITIONS. PRIVACY POLICIES
Company Date Is sharing data allowed? Link
Under Armour 22/01/2016 Yes https://goo.gl/eDwUig
Jawbone 16/12/2014 No https://goo.gl/aYZ6qv
Mio No date Yes https://goo.gl/KES6b1
Suunto No date Yes https://goo.gl/4ENzLh
Garmin 14/02/2017 Yes https://goo.gl/ttnsBG
Fitbit 28/07/2016 Yes https://goo.gl/IGGdt4
Mi (Xiaomi) 06/05/2016 Yes https://goo.gl/1mtkzd
Apple 19/07/2017 Yes https://goo.gl/x2jolg
Withings 20/07/2017 Yes https://goo.gl/S14zoq
Mykronoz 20/10/2015 Yes https://goo.gl/a397KA
Huawei 01/07/2016 Yes https://goo.gl/iPbo8r
Epson 01/02/2012 No https://goo.gl/gkFXms
Wisewear 01/01/2015 No https://goo.gl/BUuRbXB
Atlas No date Yes https://goo.gl/9PqTiD
Amiigo Out-of-business
Razer 01/04/2016 Yes https://goo.gl/uefz14
Wellograph 04/04/2014 No https://go0.9l/Q71Thg
Runstastic (Adidas) 13/04/2017 Yes https://goo.gl/cXTr8P
Misfit No date Yes https://goo.gl/XqGKi9
Wahoo No date Yes https://goo.gl/bxsRFy
GOQii 07/04/2017 Yes https://goo.gl/aUNgzf
Samsung 22/03/2016 Yes https://goo.gl/HjLSUa
Basis (Intel) No date Yes https://goo.gl/VeP9B6
Polar No date Yes https://goo.gl/nKJUri
Sony 01/04/2015 Yes https://goo.gl/ny5tu
Zephyr 01/06/2016 Yes https://goo.gl/SqHcTv
Timex 27/04/2015 No https://goo.gl/T6DrMD
Moov 01/08/2016 Yes https://goo.gl/ZvaQWm
Adidas No date No https://goo.gl/zUNnXS
Pivotal Living Out-of-business
LG No date Yes https://goo.gl/eCgD1v

V. CONCLUSIONS. THE CHANGES THAT DIGITAL PLATFORMS
HAVE BROUGHT

Digital platforms are everywhere. In our daily life, we can use dozens
of them without noticing it, but they are impacting our lives, and they are
growing in relevance. These digital platforms are also bringing new behaviors
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and challenging our knowledge of how companies compete. In this work,
we analyze the relationships of platforms with each other. We focus on those
relationships in which there are exchanges of data. These relationships are the
most interesting ones because to transfer data, platforms must be compatible
with each other, either in communication protocols or in data formats. Then, we
analyze different classification of platforms depending on their relationships.
We differentiate between vertical relationships and horizontal ones. The vertical
relationships represent the idea that some platforms depend on others to work
but also, they represent the relationships of platforms that sell data to other
platforms in different markets. On the other hand, the horizontal relationships
represent an exclusive feature of digital platform markets: the exchanges of
data among competitors. We analyze these two classifications following
different examples of real digital markets, and we show how different economic
intuitions are still valid in digital platform markets. Nonetheless, we pay special
attention to those cases in which new intuitions emerge. In this work, we also
show how data can play different roles in markets depending on who uses the
data and who is providing that data. We focus on the role of those relationships
with data from a regulator’s point of view, and we highlight that it is not clear
if those exchanges of data are increasing or reducing welfare.

Lastly, we focus on a real case: The fitness tracker market. This market is
characterized by a lot of exchanges of data among competitors. We depict
the current network of relationships among the most relevant companies in the
market and how that network has evolved. We also analyze the terms and
conditions of use of those companies, and we show that the vast majority of
them are open to sharing data with third-party companies.
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ASYMMETRIC INFORMATION AND REVIEW SYSTEMS:
THE CHALLENGE OF DIGITAL PLATFORMS'
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Abstract

In this chapter we review theoretical and empirical works related to the issues
of asymmetric information and the role of review systems in digital contexts.
First, the concepts of Adverse Selection and Moral Hazard are introduced as
they form the two main classes of issues related to the asymmetries of information
between parties. Later, we describe the common design of review systems and
discuss the empirical evidence of the impact of reviews on the performance
of online users. Finally, since feedback systems can simultaneously reduce
Adverse Selection and discipline Moral Hazard, we clarify the signaling and
the sanctioning roles of reviews describing the theoretical mechanisms behind
these functions; and the empirical findings from several digital marketplaces.
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I. INTRODUCTION

Digital platforms such as eBay, Amazon or Airbnb have achieved enormous
success and popularity in the last two decades and they keep attracting new
clients. Now, online marketplaces connect millions of people around the world
and digital commerce exerts a significant impact on the GDP growth of many
countries.?

Interestingly, the growth and the expansion of digital commerce was
underestimated by many economists a few years ago: what is now a customary
habit for millions of users was taken with surprise and skepticism. In particular,
some characteristics of online trade such as anonymity were considered an
insurmountable limit that would have prevented the formation of the trust
among parts, essential for transactions. To understand the skeptical attitude
towards online transactions, it is worth to recall the story of one of the very first
items sold on eBay (at that time called AuctionWeb): a broken laser pointer. In
1995, a few months after the website launch, the eBay founder Pierre Omidyar
decided to sell online his broken laser pointer; in the listing description, he
wrote that the item was indeed damaged. Still, after a few weeks the pointer
was sold for 14.83 US dollars. Surprised by the final price, Omidyar contacted
the buyer asking whether it was clear to him that the laser pointer was broken. The
buyer responded he was a “collector of broken laser pointers”.?

This anecdote is often cited to remark the limitless variety of buyers and
sellers that can be matched through online platforms. However, it is important
to note that, at that time, even the eBay founder casted some doubts on the
success of online anonymous transactions. In his question to the winning
bidder, he implicitly pointed out one of the issues that could potentially hinder
exchanges in digital platforms.

First, the two sides of online transactions do not have access to the
same pieces of information about the object of the transaction: for instance,
eBay sellers are usually much more aware of the quality of the items they are
selling relative to potential buyers; in the same way, Airbnb hosts have a better
understanding of the location of their dwellings with respect to the guests who
are going to rent their apartments.

Moreover, the two sides can partially determine the transactions’ quality
through their actions: in eBay, sellers choose how to organize the delivery

2 McKinsey Global Institute reports show that Internet accounted for more than 20 percent of GDP growth
in developed countries over the last five years (Manyika and Roxburgh, 2011; Manyika, et al., 2016).

3 This and other stories about the eBay early years can be found in Cohen (2003).
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process for the listed objects; similarly, in Airbnb, hosts can decide how much
effort to put in cleaning their apartments; and guests may respect or not the
house's rules.

In this sense, we can define two potential issues of online transactions
related to the anonymity and the distance among users:

m The two sides involved in the online transactions have different levels of
information regarding the inner quality of the service, that can hardly be
modified by users’ action. In the most extreme cases, one side (typically the
buyer side) is aware of the service’s quality only after the transaction has
occurred. Because of this, the price that the least informed side is willing
to pay for the transaction will take into account the quality uncertainty
and it will reflect an “average” expected quality level. Accordingly, the
sellers with high quality will be driven out of the market by the low
prices and, using economic jargon, the sellers will be adversely selected
(as only the ones with low quality are willing to be on the market). In the
remaining part of the chapter, we will call this potential issue as Adverse
Selection.

m The quality of the transactions depends on the level of attention, effort
and care that the two sides put in the process. Still, the transaction price
is often decided before the effort choice is made and the two parties
may be tempted to not accomplish their duties after the money transfer.
Such behavior could be indeed very likely in online markets since users
seldom interact with each other more than once and their misbehavior
cannot be punished in future periods. All this leads to another type of
uncertainty regarding the services’ quality. We will denote it as Moral
Hazard.

These two issues are potentially present simultaneously in all digital
platforms; however, the dominance of one over the other depends on the
capacity of one side to vary the quality of the service with his actions. For
example, we may expect to observe the prevalence of Adverse Selection issues in
platforms where the quality depends less on the effort decision such as Booking
or Expedia. Differently, Moral Hazard may turn out to be dominant in platforms
like Uber or BlaBlaCar since the drivers’ performance directly defines the quality
of the service provided.

Despite these weaknesses, several digital platforms found their path
to success and online trade is under enormous growth. Part of this success
may depend on the way digital platforms tried to reduce these issues with an
innovative solution: review systems. First introduced by eBay, almost all the digital
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platforms implemented feedback systems thanks to which users can review their
experiences in previous transactions. Reviews reduce Adverse Selection issues
since new pieces of information increase the precision of the buyers’ estimate
about seller quality; besides, they also mitigate Moral Hazard issues and the
history of past reviews creates a reputation regarding the users’ on-going
behavior that can lead to potential punishment after some misconducts. In
this sense, review systems play at the same time the role of a signaling and
sanctioning device, notions firstly introduced by Dellarocas (2006).

In this chapter we are going to describe how review systems work; and,
in particular, how they discipline the Adverse Selection and the Moral Hazard
issues in digital platforms.

The chapter consists of five parts: in the next part we analyze the impact of
reviews over the performance of users in different platforms with a focus on the
main drawbacks of review systems. In parts three and four we discuss Adverse
Selection and Moral Hazard separately. Part five presents recent works about
the joint impact of review systems on Adverse Selection and Moral Hazard, and
how these two issues are connected. Part six concludes the chapter.

Il. REVIEW SYSTEMS: DESCRIPTION AND IMPACT

In the introduction, we clarified which potential issues may hinder the
success of online trade due to the asymmetry of information in possession of
the parts involved in digital transactions. We distinguished Adverse Selection
and Moral Hazard issues and we pointed out the role of feedback by previous
users to reduce these information asymmetries. In this part we describe the
types of feedback that digital platforms usually ask to users and report on their
webpages. In particular, we focus on the nature of information that is usually
displayed and the identity of the reviewers. At the same time, we sketch some
of the main drawbacks associated with the online reviewing process such as
review manipulation and reviewers’ selection. Finally, we briefly illustrate the
impact of reviews on users’ online performance in terms of the volume of trade
and prices.

eBay introduced its innovative review system in the year of its launch,
1995; with few modifications across the years, the same mechanism is still
in use today. Later on, almost all digital marketplaces were inspired by the
eBay feedback system and they implemented similar mechanisms with some
adjustments due to the different contexts.
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In general terms, review systems allow users to rate previous transactions
with other parties with at least one numerical rating and one textual comment.
The numerical rating can vary: in eBay, users can give a grade of +1, 0, or —1,
while many other platforms use wider ranges (the five-star range seems to be the
dominant choice across digital platforms). The text of the comments is usually
restricted to few lines. Apart from the overall rating, users are commonly asked
to review specific characteristics of the transactions with separate ratings: for
instance, guests in Airbnb can separately review the location and the cleanliness
of the hosts’ dwellings; the dwellings’ furniture; the accuracy of the webpage
description; the hosts’ communication skills and the check-in moment. All these
ratings are then aggregated on the users’ webpages with total and moving
averages in order to facilitate the understanding of such a massive amount of
information.

In almost all digital platforms, only subscribed users who had a reported
transaction can review the other party. Many platforms use a bilateral reviewing
process (eBay, Airbnb, BlaBlaCar) where the two parties review each other;
while few marketplaces allow only one part to review the other: this is the case
of Amazon where buyers can rate the sellers; but not vice versa.

TripAdvisor, Yelp and other interactive travel forums are noticeable examples
of platforms that allow all website visitors to post reviews. Maizlyn, Dover
and Chevalier (2014) show that the open structure of such review platforms
facilitates reviews manipulation by third parties (such as competitors) and may
lead to biased and incorrect representations of the quality of the services.

An additional source of reviews bias is associated with the users’ fear of
retaliation in some bilateral review systems: Klein, Lambertz, and Stahl (2016)
and Fradkin, Grewal, and Holtz (2016) study these types of issues in eBay and in
Airbnb, respectively. In both cases, authors argue that one party has incentives
not to post negative reviews because of the risk to receive negative comments
by the other party as a retaliatory behavior. These two studies show that,
in absence of this risk, reviewers become less biased and report more often
negative experiences.

The latter remarks about reviews accuracy give us the opportunity to recall
three other main weaknesses of review systems:

m First, reviewing is almost always not mandatory and it greatly depends
on the willingness to provide useful information to other users in the
same community. Accordingly, only a part of the total number of users
reviews and they may not be representative of the average users’ tastes.
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m Second, buyers experience may change over time because of the sellers’
actions. Accordingly, past reviews may not be informative of the current
level of the service quality.

m Finally, given the relatively low costs of creating accounts in digital
platforms, users can delete their reviews’ history after receiving bad
comments; and start again with clean reputation.

The case of restaurant reviews illustrates all these points. In fact, skeptical
readers of the online comments in TripAdvisor usually argue that those who
review have very different tastes compared to their much more sophisticated
palates; furthermore, the mood of restaurants staff changes from day to day
and old reviews cannot capture this; finally, a perfect, but short reputation is
suspicious and indicative of a recent cleaning of the online profile.*

The problem of reviewers' self-selection is difficult to eliminate or reduce
with a modification of the reviewing process since it relates to the inner
element of voluntary feedback mechanisms. Moreover, the potential bias
related to the self-selection of users who decide to review may explain the
great dominance of positive reviews in all digital platforms. Since reviewing
is costly, only users who face extremely positive or negative experiences may
decide to review. Alternatively, reviewers are self-selected among those who
found a discrepancy between what they read in past feedback and the results
of their own transactions: Dellarocas and Wood (2008) study these and other
explanations for potential bias in eBay reviews. They conclude that eBay buyers
who decide not to review have worse experiences. In line with this result, Nosko
and Tadelis (2015) show that the ratio between positive reviews to the total
amount of transactions is a more informative measure of the actual performance
of eBay sellers. On top of this, social reciprocity may be an additional source
for the positive bias of reviews in platforms where parties physically meet and
the stakes of the services are higher, as Zervas, Proserpio, and Byers (2015)
and Fradkin, Grewal and Holtz (2016) claim in the Airbnb case.

Despite their drawbacks, reviews do have an impact over users performance.
In fact, in the last two decades several authors have investigated whether the
reputation created by feedback systems matters and whether reviews have a
significant bite in determining users” actions. Their findings differ depending on
the platform and the type of empirical analysis. However, the most important
studies agree in recognizing the following result.

4 In spite of all these criticisms, Chua and Banerjee (2013) showed that TripAdvisor reviews are indeed largely
reliable.
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Finding 1. In several online platforms, the improvement of the users’
reputation has a significant positive effect over users’ number of transactions.

Here we will list relevant contributions on this topic focusing on robust
results observed across several platforms using different methodologies. Cabral
(2012) and Tadelis (2016) give excellent and comprehensive reviews of the most
recent empirical literature on this topic.

The impact of online feedback over users’ performance has been mainly
documented on consumer-to-consumer (C2C) retail and e-commerce platforms
such as eBay, Taobao and Amazon. A robust result across marketplaces regards
the positive and significant effect of reviews on the volume of trade for sellers;
instead, there is no complete consensus on the effect over prices.

The vast majority of studies focuses on C2C retail platforms where mostly
non-professional sellers and buyers exchange goods: among them, eBay is
the most studied case. Many scholars analyze how the buyers’ reviews affect the
outcome of future auctions for the sellers’ objects. Dellarocas (2003) provides
a complete summary of the first attempts to measure the effect of previous
reviews on prices and probabilities of sale using cross-section regressions of
sale prices on feedback. This approach has been discarded in most recent works
starting with the article by Resnick et al. (2006): they use a field experiment
and show that the results of previous cross-section analyses (a significant effect
of reputation over sellers’ performance) might be affected by the presence of
omitted variables such as sellers” writing abilities. The authors randomly assign
identical items (collector’s postcards) to sellers with different reputations and
they observe significantly higher winning bids for established sellers’ accounts.
Still, significant higher bids are also associated with those sellers who do not
commit orthographic typos in the items’ description.

To correct this bias, panel data analysis has replaced cross-section
regressions: the article by Cabral and Hortagsu (2010) is the most cited among
those that apply panel data techniques. The authors construct a panel using
feedback histories of several eBay sellers and focus on the impact of negative
reviews over the weekly sales growth rates. They register a significant impact of
the first negative review over the sales rate. From the movements of the sales
rate and the amount of negative reviews they estimate the evolution of the
sellers” behavior over time. Many other articles use panel data techniques to
remove the confounding factors as the writing abilities evidenced by Resnick
et al. (2006). Fan, Ju, and Xiao (2016) find returns to reputation in the
Chinese platform Taobao. While established sellers result to have reputation
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premia in terms of prices and volumes, new sellers with higher reputation tend
to decrease prices to boost the sales rates further.

Anderson and Magruder (2012) and Luca (2011) use a different approach
to evaluate the impact of restaurant reviews on the platform Yelp. Evaluating
the impact of feedback over revenues presents one further issue in this context:
restaurants with good reviews perform better than others because they are
actually better. In this sense, observing a positive relationship between feedback
and performance is not conclusive of the impact of feedback over performance.
These types of problems are commonly referred to as reverse causality issues.® In
both articles, the authors solve this issue implementing a regression discontinuity
design: in the platform they study, users’ ratings are aggregated and displayed
on top of the restaurants’ webpages as averages. These averages are rounded
off to the nearest half-star (the rating range goes from one to five stars). In
this sense, restaurants with very similar average ratings may have displayed a
sensibly different number of stars on their webpages. For instance, a restaurant
with an average rating of 4.2 appears to have four stars on its webpage; while
a restaurant with 4.3 appears to have four stars and a half. Taking advantage
of it, Anderson and Magruder (2012) and Luca (2011) compare restaurants
with very similar underlying average ratings but with different displayed ratings
and they estimate the effect of crossing the 0.5-stars on reservation availability
(Anderson and Magruder, 2012) and revenues (Luca, 2011). In both cases
reviews have a significant and positive impact.

The economic literature mainly focuses on numerical ratings; yet, textual
comments constitute an important part of review systems since users may
report essential pieces of information in the texts they write. Numerical ratings
are bounded on a restricted range of values. Moreover, given the tendency
of users to report positive reviews, the ratings’ variance is often extremely
small. By contrast, textual comments include a richer set of information and,
if appropriately analyzed, they express a wider spectrum in users’ experiences.
Moreover, Filippas et al. (2017) show that textual comments in an online labor
marketplace are less affected by review inflation, that is the tendency of users
to lower their standards and give better feedback over time.

Finding 2. The significant impact of online reputation over users’
performance is not restricted to numerical ratings, but it also regards textual
comments.

> Reverse causality has a particular relevance in those contexts where reviews are not the unique source of
information regarding the service and the evolution of ratings does not represent the only history
of the transactions available. This is the case of travel forum websites such as Yelp, where users can find
information about restaurants or other activities through many channels. In this sense, digital platforms
such as eBay, or Airbnb are less affected by this issue.
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This finding is supported by recent articles that explore textual comments
with content or sentiment analyses: Ghose, Ipeirotis, and Sundararajan (2007)
measure the strength and the polarity of comments in the Amazon review
system and they study the economic impact of textual feedback over the
performance of users. They observe that written reviews affect product sales
and they measure how the comments’ content determines the impact on users’
performance in terms of sales. They find that reviews' characteristics such as
subjectivity, readability and linguistic correctness influence sales and perceived
usefulness of comments.

Archak, Ghose, and Ipeirotis (2011) identify different features of items sold in
Amazon using a sentiment analysis of textual comments. Doing so, they are able
to select the product features that consumers value the most and to analyze
the reviews’ impact over different product features. Their results show that
textual reviews have an impact over prices and volumes of trade.

The empirical facts proposed by these papers show that reviews are
important and buyers and sellers care about online reputation. In the next part
we go beyond reviews’ impact; and, in particular, we investigate how review
systems are able to discipline the main issues related to Adverse Selection and
Moral Hazard.

lll. ADVERSE SELECTION: REVIEWS AS A SIGNAL FOR QUALITY

Asymmetric information between sellers and buyers is a feature that
online exchanges share with many traditional markets. Accordingly, problems
related to quality uncertainty are not new and many economists studied them
years before the rise of digital trade. Akerlof (1970) introduces the concept
of Adverse Selection and shows how buyers uncertainty regarding the quality of
the objects sold in a market may lead to an (adverse) selection of the sellers
who are willing to stay on the market and exchange. He studies cases in which
buyers cannot apply any tools to objectively evaluate the quality of the goods
on sale and shows as an example the market for used cars. In his article, buyers
can only use prices to infer cars’ quality and no mechanic tests are available.
This total absence of methods to reduce the uncertainty on the buyers’ side may
be too restrictive since certifications and warranties are often present in reality
to evaluate the quality of products. In fact, many works show that these tools
can help to reduce the asymmetry of information.® In online markets, reviews
play a role similar to certifications in that they provide additional information
about the quality of the items listed on the platforms;” and reviews can be

6 Dranove and Jin (2010) provide a complete review about the efficacy of these tools.

7 Elfenbein, Fisman, and McManus (2015) show that eBay feedback serves as a substitute for eBay’s own
quality certification.

55



Part I: Platforms and Information
|

considered as a “signaling device” to learn the quality of the object, as pointed
out by Dellarocas (2006).

Some theoretical works investigate how the observation of outcomes of
past transactions can foster buyers’ learning about sellers’ quality.® Since the
outcomes of transactions may be a noisy measure of the actual seller quality,
potential buyers need many observations to fairly infer the quality: with an infinite
amount of observations, buyers learn perfectly. Yet, the flow of observations
may stop before inducing a sufficient learning of the true quality of sellers, who may
exit the market irrespectively of their quality. This may be the case of online
high-quality sellers who were unlucky in the very first transactions and received
bad reviews. Because of this effect no buyer is willing to purchase their items,
keeping their (bad) reputation not updated.

Bar-Isaac (2003) shows the important role of the seller’s belief about his
own quality. If a seller knows his quality, then learning failures are less common
since good-quality sellers may decide to stay and decrease the price they charge
in case of a temporary bad reputation. The future profits obtained after the
true (good) reputation is restored can compensate the losses made in the first
periods with bad reputation. Conversely, if a seller does not know his quality,
buyers’ reviews shape the seller’s beliefs regarding his own quality: a few bad
reviews may convince the seller to be of low-quality and induce him to exit since
he does not expect better reviews in the future.

Finding 3. Online reviews foster buyers’ learning of sellers’ quality
reducing Adverse Selection. Still, learning may stop irrespectively of the true
sellers’ quality if users’ reviews are a noisy measure of the true quality.

From an empirical point of view, cases of learning failures are difficult to
observe since quality is sellers” private information. Still, the learning patterns
evidenced before can be observed in the studies of several scholars who
investigated the effect of reviews on sales in the movie industry: in this setting,
quality is fixed over time and online reviews are a noisy measure of quality since
they are affected by users’ tastes. We will list here a few papers that study how
the word-of-mouth expressed by online feedback influences the movies’ box
office performance. Dellarocas, Zhang, and Awad (2007) build an econometric
model to forecast the dynamics of movies’ box office revenues over time. Their model
includes, as predictors, pre-release marketing, professional critic reviews and
the number of theaters where the movies were shown. They observe that users’
reviews published on several review aggregation websites (Yahoo!Movies,
BoxOfficeMojo and the Hollywood Reporter) improve the forecasting ability of

8 Bar-Isaac et al. (2008) provide an excellent summary of such models.
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the model and show that online word-of-mouth has a significant bite over the
movies’ sales. Duan, Gu, and Whinston (2008) study the dynamic relationship
between sale volumes and reviews approaching the reverse causality issue
introduced in the previous section: with a dynamic simultaneous equation system
they show that the volume of online reviews improves the box office performance
of movies. Furthermore, movies’ box office revenues also increase word-of-mouth
volume, creating a reinforcing dynamics between sales and reviews in line with
the process of learning highlighted in the theoretical works described above.

Since the issues regarding learning of sellers’ quality is of great importance
for online trade, some digital marketplaces implemented particular mechanisms
to induce the correct learning of the sellers’ quality; and thus to diminish the
market inefficiencies due to Adverse Selection. One of the most studied tools to
signal quality in review systems is the possibility that sellers provide incentives
for buyers to leave feedback. The Chinese C2C platforms Alibaba and Taobao
launched in the recent years a feedback reward mechanism called “Rebate-for-
Feedback” (RFF) for online sellers. When sellers choose this option, they set a
rebate amount for any item they sold to buyers conditional on buyers leaving
highly informative feedback. The informativeness of the feedback is computed
with a machine-learning technique programmed by the platforms. High-quality
sellers who know their quality and have recently entered the platforms have
incentives to use RFF for two main reasons: first, buyers have incentives to leave
a descriptive feedback of their (high) quality and the learning process will speed
up. Second, buyers know whether sellers opted for the RFF feature and they
may consider this as a signal for quality since the sellers want to be reviewed. Li
(2010) shows with a theoretical model that this type of mechanism can reduce
Adverse Selection as well as the bias of reviews since a wider range of users
will review. Even though both high-quality and low-quality sellers choose this
option in equilibrium, buyers prefer sellers who choose it and their true types
are revealed through feedback. Li and Xiao (2014) test the predictions of this
model in a lab experiment and they find a consistent evidence; Cabral and Li
(2015) study a similar mechanism with a monetary reward of feedback using a
series of field experiments in eBay. They observe buyers leaving more and better
feedback for those sellers who give monetary rewards. Finally, Li, Tadelis, and
Zhou (2016) study the RFF mechanism using Taobao data and show that sellers
who choose this option have higher sales and better feedback with respect to
those who do not choose it. This suggest that RFF can be considered as a signal
for quality that buyers understand; and a useful tool to fight Adverse Selection.

Finding 4. The power of review systems to signal sellers’ quality can be
improved with incentives for buyers’ to report their feedback so as to reduce
learning failures and improve the informativeness of reviews.
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Coming back to the cases where no signaling devices are present apart
from reviews, some recent articles study the entry and exit dynamics of sellers
when reputation determines the beliefs over their quality and the prices they can
charge. Atkeson, Hellwig, and Ordofiez (2014) focus their analysis on the role
of entry taxes over these dynamics. The authors assume that, before entering
the market, sellers can invest in their own quality, that remains fixed after entry.
Entry taxes create incentives for sellers to invest: accordingly, sellers’ entry reputation
increases and the informativeness of reputation will be reinforced. Vial and
Zurita (2017) add to this framework the possibility for sellers to change names
over time and start with a new (clean) reputation. Studying name changing
strategies is extremely important since this behavior can harsh the entire
functioning of feedback mechanisms. In the model by Vial and Zurita
(2017), the starting reputation of new entrants (those with no reviews
at all) plays a key role since sellers with lower reputation than entrants
decide to change name. Their model predicts well the major empirical
findings of the literature with “younger” sellers being more likely to exit
(that is, starting with clean records) and the probability to exit increasing
as reputation worsens.

The empirical literature about the reviews’ impact on sellers’ performance
is in line with the idea of users learning the quality through past feedback. In
this sense, the positive impact of ratings over sales rates is due to the change
in buyers’ beliefs regarding the sellers’ quality; prices accommodate changes in
reputation since buyers expect different qualities from different reputation
levels. Studies about the relationship between ratings and prices have to take
into account the multiple channels that link these two variables; and how
movement in prices may be used by sellers to induce further learning of their
quality.

Jolivet, Jullien, and Postel-Vinay (2016) report a significant effect of
reputation over prices in the e-commerce platform PrimeMinister and explicitly
consider the dynamic relationship between prices and ratings: better reputation
leads to higher prices; still, high prices may increase buyers’ expectations and
potential dissatisfaction.

Fan, Ju, and Xiao (2016) analyze how sellers manage their reputation
through the life cycle in the Chinese platform Taobao. They distinguish between
new and experienced sellers and show that the effects of reputation for these
two classes of users are different: new sellers do not increase prices after
receiving the first positive reviews. But, they keep them low to further boost
their volumes of trade. After many reviewed transactions, new sellers become
experienced sellers, with a stronger reputation and the possibility to exploit the
reputation to increase prices.
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However, prices are not the only variable that determines buyer’s value of
a transaction. In almost all digital platforms, sellers can affect the quality of the
services over time through effort. In the next part, we focus on Moral Hazard
issues: first, we illustrate how reviews can be used as an on-going monitoring
device of the behavior of users in digital marketplaces; moreover, we discuss
theoretical and empirical works related to these contexts.

IV. MORAL HAZARD: AVOIDING MISBEHAVIOR WITH REVIEWS

Together with Adverse Selection, Moral Hazard issues are common
features of traditional and digital marketplaces. In several cases agents have
no incentives to perform well in one-shot interactions; still, if agents interact
in several periods, incentives against misbehavior can arise. With repeated
interactions, agents’ misconduct today may lead to punishment tomorrow;
while cooperating today may lead to future rewards. Game theory studies
these cases. In particular, one of the most remarkable results of this field
(called the Folk Theorem) shows that, with a sufficiently high discount
factor, any outcome, also very beneficial for all parties, can be sustained
in equilibrium.®

This conclusion can be applied to a basic game where one seller and
one buyer repeatedly trade with the following timing: first, the buyer can
send or not money to the seller in exchange of a good; next, when the seller
receives the monetary transfer, he decides whether to send the good or
not. With trade occurring only once, the seller never sends the good after
receiving the money and he keeps the object for his personal use. Accordingly,
the buyer never sends the money since he cannot trust the seller: agents do
not trade.

Still, when this game is repeated over time, the buyer may apply a trigger
strategy: he sends money each period until the seller stops sending the object.
When it happens, he stops sending money. With this strategy, the seller decides
to send the object if future profits from trades exceed the value of keeping the
objects for his personal use today and in the future. In this case, buyer and
seller will trust each other and they will trade in each period. However, if trade
can take place only during a finite number of periods and agents know when
exchanges end, trust between buyer and seller cannot be built: in the very last
period, agents are back in the same situation of the static game and they will

9 The entry in The New Palgrave Dictionary of Economics by Kandori (2008) contains an instructive review
over the studies about repeated interactions with a game theoretic approach.
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not trade. Applying the same argument, trust in any period before the last one
cannot be sustained.

Yet, users in digital markets rarely interact multiple times and it is reasonable
to assume that they do not know each other before trade. Still, thanks to review
systems online buyers can observe the outcomes of the previous transactions of
a seller and notice whether he is trustworthy or not: in the previous example,
if a seller always shipped the object or not. Therefore, thanks to the presence
of past reviews, it is possible to build trust with trigger strategies played by all
the sequence of buyers who have transactions over time with the seller: buyers
start sending money and write positive reviews after receiving the good; then, if
once the seller does not send the object, the buyer will write a negative review
and all the next buyers will know about the seller misbehavior; hence, they will
stop sending money.

However, as we pointed out before, if the seller knows that he is going to
exit the market for sure at a certain date, then his incentives to behave properly
in the last transaction decay and misconducts can arise.

Finding 5. Through past reviews, buyers can monitor seller’s past
behavior. Sellers have incentives to behave correctly since, in case of
misconduct, buyers will punish them with negative reviews.

Empirical studies find that punishment and rewards strategies are at play
from the buyers’ side in several online platforms. Still, in reality, online buyers
do not implement pure trigger strategies that would lead to a complete cease
of the sellers’ activities after a negative review. Additionally, reviews are not
perfectly informative about the quality of the transactions because of the
multiple sources of review bias expressed in the previous part.

In eBay, Cabral and Hortagsu (2010) find that sellers’ sales significantly
drop (from 5% to -8%) after the first negative review.

Moreover, seller behavior changes depending on his reputation: in the
same article, Cabral and Hortacsu (2010) report that after the first negative
rating, further negative feedback follows 25% more frequently; still, with a
lower impact on the sellers’ performance. With high reputation, the incentives
to behave well are also high; conversely, if the level of reputation goes down
because of a negative review, then sellers are less motivated to perform well.
Cabral (2015) proposes a theoretical model for this type of behavior that can
explain the persistence of high performance of online traders.
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Finding 6. When sellers plan to exit the platform, the incentives for
good conduct provided by review systems are weak: the majority of negative
reviews occurs close to the end of sellers’ life-cycle.

If a seller knows that he is going to exit soon, then future profits from
good behavior reduce and cases of misconduct are more likely. This theoretical
finding is in line with the empirical evidence. Cabral and Hortacsu (2010) show
that the lower the sellers’ reputation, the higher their exit probability; and sellers
receive more negative reviews before exiting than in their lifetime average. Still,
the relationship between exit and negative reviews is also in line with another
story: the performance of a seller may be reviewed badly for external reasons
to the effort he puts (in the previous example, a seller can ship the objects, but
buyers never receive them because of postal disservice). Due to this, seller’s
reputation decreases and he prefers to exit rather than exerting effort to recover
a good reputation.

Following the theoretical predictions and the empirical findings, we may
conclude that sellers” and buyers’ strategies evolve over time as information
about the transactions slowly accumulates on their webpages. Newcomers
on the platforms have more incentives to behave well and build a positive
reputation. Whereas later they enjoy high reputation and profitable exchanges.
Finally, closer to the exit, sellers’ incentives to misbehave are higher and they will
end up their life-cycle on the platform with a higher rate of negative reviews.

V. ADVERSE SELECTION, MORAL HAZARD AND REVIEW
SYSTEMS: A GENERAL OVERVIEW

In the previous sections of this chapter we described review systems
and we showed evidence of their impact on online buyers and sellers. Later,
we analyzed separately Adverse Selection and Moral Hazard introducing a
theoretical framework and the empirical findings corroborating the theories.
In this way, the signaling and sanctioning functions of online feedback have
been enlightened with several examples. At the same time, these two issues
are closely related and different theories may explain the same empirical facts.
An example of these similarities was given by the two theories that motivate
the relationship between sellers’ exit decisions and a drop in their reputation in the
last periods of their stay on the platform. The bad reputation of sellers may be
related with the inner qualities of sellers’ services. This explanation is more in
line with Adverse Selection and the learning process described in the third part
of this chapter. At the same time, exit decisions by sellers may correlate with
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bad reputation because of a drop in the sellers’ effort; and Moral Hazard issues
are in place.

In the remaining part of this chapter, we analyze Adverse Selection and Moral
Hazard together; first, we present two alternative theoretical contributions
dealing with Adverse Selection and Moral Hazard when users interact over
time and they can build a reputation from the reviews of previous transactions.
Afterwards, we discuss the presence of these two issues in several platforms
pointing out how the interpretation of Adverse Selection and Moral Hazard can
vary across digital contexts. Finally, we focus on some recent empirical works,
in line with the models presented, that study how changes in review systems
design can reduce Adverse Selection and discipline Moral Hazard.

The discussion of the theoretical models follow the excellent review by
Bar-Isaac et al. (2008) where the authors analyze these and other types of
models regarding seller reputation.

In the previous models of learning and repeated interactions, the buyers’
uncertainty regards either the fixed quality of the seller; or, the seller’s decisions
in each trade event. Other models extend the previous frameworks and discuss
cases where sellers’ quality and decisions are unknown to buyers at the same
time. We start analyzing the “signal jamming” model presented by Holmstrém
(1999). In this model, a manager works in each period for a different company
and his performance with the companies can result either in a success, or in a
failure. The probability to be successful in each period depends on the sum of
two elements: manager’s innate ability and effort. The innate ability is unknown
to the companies and to the manager. Still, the manager can choose the effort to
put in each period and everybody observes the history of manager’s successes
or failures in previous transactions. Moreover, companies pay a wage to the
manager in line with the expected probability of success that they infer from
the history. The manager’s objective is to achieve the highest lifetime wages
minimizing the effort.

Holmstrom (1999) shows that, in equilibrium, the manager chooses high
effort in the first transactions to influence the companies learning process, and
the associated wage process. Still, the effort diminishes over time since, in the
long run, companies perfectly infer the manager’s ability and they pay him a
wage based on his ability. Accordingly, the model explains the career concerns
of agents who exert high effort at the beginning of their working life, lowering
their care in performing well when the reputation is built.

This framework perfectly fits the case of online trade with one seller trading
each period with different buyers who observe the outcomes of previous
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transactions thanks to the reviews. Moreover, the theoretical findings of a
decreasing effort over time are in line with the empirical facts about the life
cycle of eBay sellers reported by Cabral and Hortagsu (2010).

In the previous model, quality and effort sum together to form the
expected productivity of the manager. However, we may interpret the concept
of quality as the capacity of sellers to perform well exerting the necessary effort
for the transactions. In this sense, high-quality sellers are those that do not act
strategically and always ship the objects to buyers. Differently, low-quality sellers
can change their shipping decisions over time, with potential misconducts.
Kreps et al. (1982), Kreps and Wilson (1982) and Milgrom and Roberts (1982)
introduce different types of sellers inside the framework of repeated games.
In their analysis, they consider two types of sellers: a commitment type and
a strategic type. Commitment types are always playing the action to which a
long-run player would like to commit: that is, exerting high effort in all the
transactions. Conversely, strategic types are not constrained in their decisions
and they can choose in each period whether to put effort, or not.

To explain the economic rationale of these models, we refer back to the
basic game between a seller and multiple buyers illustrated in the previous part.
Now the seller can be either a commitment type and he will always send the object;
or, a strategic type and he will choose to ship the object or not in each period.
Buyers do not know the type of the seller, but they are aware that commitment
and strategic sellers are both present on the platform. In this sense, the history
of previous transactions has a double function for buyers: past reviews help
to monitor the on-going behavior of the seller as in the previous case without
multiple types of sellers; furthermore, they may signal the type of seller. If reviews
are perfectly representative of the quality of transactions, then commitment
types always face positive reviews and buyers can infer the strategic nature of
sellers with only one negative reviews. Because of this, strategic players have
incentives to always ship the object to buyers acquiring the reputation of a
commitment type.

Allowing feedback to be a noisy measure of the sellers performance,
such a direct inference is no longer valid since also commitment types may be
“unlucky” and get negative reviews. Cripps, Mailath, and Samuelson (2004)
show that in this case, strategic types do not always imitate commitment: after
having established a good reputation with many positive reviews, strategic
types may not send the object in some transactions blaming external factors
involved in the shipping. In the long run, types will be learned and reputation
concerns disappear.'

19 Situations with other seller types may originate different results regarding the impact of reputation.
Bar-Isaac et al. (2008) and Cabral and Hortagsu (2010) extensively review all these models.
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These two classes of models study how reputation affects sellers’ behavior
when buyers’ uncertainty regards the fixed quality and the decisions of sellers
over time. Some predictions of the evolution of sellers’ actions are common:
reputation effects are strong in the initial phase of sellers’ life cycle; and
decreasing over the number of transactions. Yet, some relevant differences are
present regarding how the two types of uncertainty are related. In Holmstrém
(1999), the innate ability and the effort of the manager play the same role in
determining the probability of success and the manager quality does not affect
directly the effort decisions; we have to recall that the manager is not aware
of his innate ability and he learns it with the companies from the history of
performance. Differently, the literature about seller types in repeated games
defines the quality of a seller as his capacity to act in a non-strategic way. This
distinction is not only important from a theoretical point of view, but it interests
the nature of the services enabled by different digital platforms.

In sharing-economy platforms such as Airbnb, BlaBlaCar, or TaskRabbit, the
quality of services provided is composed by a part that is fixed over time, and by
the time-varying attention and care of users. For instance, the quality of a stay
in a house listed on Airbnb depends at the same time on the dwelling’s quality
(that may be fixed, as the dwelling’s location) and on the hosts’ attention in
cleaning, communicating and receiving the guests. Accordingly, the model
by Holmstrém (1999) has a better fit for these types of platforms as suggested by
the empirical findings presented by Rossi (2018) regarding Airbnb. In his work,
a sentiment analysis of guests’ comments is used to disentangle two dimensions
of the quality of hosts’ service: one dimension regards how guests evaluate
the fixed component of the service due to the dwelling’s quality. The other
dimension relates to the guests’ perception of the hosts’ effort. Both measures
include an amount of “noise” due to the tastes and perceptions of guests. To
remove the guest idiosyncratic component, Rossi (2018) uses a control function
approach that establishes a relationship between the guests’ tastes about the
dwelling’s quality and the hosts’ effort. Having removed the idiosyncratic guests’
perceptions, an estimate of the dynamics of the effort exerted by Airbnb hosts
over time is obtained. In line with the model by Holmstrém (1999), Airbnb
hosts exert a higher effort in the first transactions to attract guests; while
they shirk in the transactions before exit since the reputational incentives
are low.

The case of C2C and e-commerce marketplaces is different: here it is hard
to distinguish between fixed and varying aspects of the exchange quality. A
high-quality seller is the one who describes properly the state of his goods, and
respects the delivery deadlines. Even though sellers may change their policies
over time, we may consider these behavioral features as fixed over time for
some sellers. In this fashion, models with different types of sellers that trade
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repeatedly with buyers are more often used to explain the empirical findings
regarding the sellers’ behavior in these platforms.

Finding 7. Irrespectively of the type of model, when reviews are signals
for quality and sanctioning devices, two results emerge: 1) users learn
the true value of sellers’ quality after a sufficient number of reviews;
2) reputation incentives for good behavior are stronger at the beginning of
the life-cycle and weaker close to exit.

We conclude this part discussing some empirical papers that exploit
variations of review systems design to observe how these changes impact on
Adverse Selection and Moral Hazard.

Klein, Lambertz and Konrad (2016) and Hui, Saeedi, and Sundaresan (2017)
take advantage of a variation in the eBay review system implemented in 2008 to
remove the potential bias of feedback due to the buyers’ fear of retaliation. In
both studies the authors observe that the variation led to a significant reduction
of the inefficiencies due to asymmetric information; still, Klein Lambertz and
Konrad (2016) claim that it induced a disciplining effect on Moral Hazard;
instead, Hui, Saeedi and Sundaresan (2017) attribute the improvement to a
reduction in Adverse Selection. Here we compare their methodologies and their
results.

It has been shown that many eBay users, before starting selling objects,
decide to build a reputation as buyers. This behavior was firstly noticed by Cabral
and Hortacsu (2010) and several other articles confirm the same empirical fact.
Accordingly, eBay buyers care about their reputation in that they will use it
later when they start their career as sellers. Before 2008, eBay sellers, in case
of buyers’ negative reviews, were used to retaliate with negative reviews:
evidence of this is provided by Hui, Saeedi and Sundaresan (2017), who report
that sellers responded with negative feedback after receiving negative feedback
from buyers in the 37% of the cases. This retaliatory behavior, together with
the interest of buyers in keeping a good reputation, created a positive bias over
reviews with buyers under-reporting sellers misconduct. To eliminate this bias,
eBay modified in May 2008 its feedback process allowing sellers to rate buyers
only with positive reviews (or no feedback).

Klein, Lambertz and Konrad (2016) evaluate the impact of this change in
the eBay review process. They compare the levels before and after May 2008
of the Detailed Seller Ratings (DSRs), the anonymous feedback that buyers can
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report after each transaction; and, of the sellers’ exit rate. They find that the
change led to a significant improvement in DSRs. Since this type of rating has
always been anonymous, they infer that it has never been biased by the fear of
retaliation and buyers’ satisfaction improved after the change. Differently, the
exit rate of sellers is not affected.

In this sense, their results suggest that the feedback variation disciplines
Moral Hazard; that is, sellers behave better after May 2008. However, it does
not lead to a reduction of Adverse Selection since sellers exit rate does not
Increase.

In contrast with this study, the empirical findings by Hui, Saeedi and
Sundaresan (2017) are more in line with a reduction in Adverse Selection. To
measure the movements in sellers” quality before and after the change they study
several parameters: negative feedback (not anonymous); DSRs (anonymous);
and the number of buyers’ disputes. In addition, they consider the sellers’ size,
that is, the number of items sold in a given month; and the sellers’ exit rate. They
measure the change in buyers’ satisfaction due to changes in sellers’ behavior
and changes in the sellers’ size; and they interpret the former as a reduction
in Moral Hazard and the latter as a reduction in Adverse Selection. Doing so,
they estimate that the reduction of Adverse Selection accounts for the 68%
of the buyers’ satisfaction improvement. While the discipline of Moral Hazard
accounts for the remaining 32%.

The opposite conclusions by Klein, Lambertz and Konrad (2016) and Hui
et al. (2017) are probably due to the different nature of the datasets used
by the authors. In particular, Hui, Saeedi and Sundaresan (2017) used eBay
proprietary data, while Klein, Lambertz and Konrad (2016) scraped data from
the eBay website. As suggested by Hui, Saeedi and Sundaresan (2017), using
scraped datasets may bias the results in that the eBay sellers studied by Klein,
Lambertz and Konrad (2016) are seasoned sellers who stay active on eBay for
more than a year and whose probability of exiting the platform is much lower
than average.

Fradkin, Grewal and Holtz (2016) analyze the effect of a similar variation in
the Airbnb review system. In this platform, having a bilateral feedback system
is necessary because of the significant uncertainty regarding the profiles of
guests and hosts. In this sense, Airbnb has not modified the two-sided design
of its review system (as eBay did in May 2008); but, to avoid retaliation, hosts
and guests reviews are posted simultaneously on users’ webpages after the
change in May 2014. Fradkin, Grewal and Holtz (2016) study the outcomes of
several experiments that led to the adoption of such a policy by Airbnb using
proprietary data. They show that the simultaneous reveal experiments increase
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review rates leading to a more precise learning of users’ quality and improving market
efficiency.

We conclude this review of empirical works with the article by Hui, Saeedi
and Sundaresan (2016) where they discuss jointly the roles of reputation and
regulation in reducing asymmetric information. In this paper, the authors focus
on two programs by eBay: the Top Rated Seller (TRS) program, implemented
in October 2009; and the Buyer Protection (BP) program, active from October
2010. The TRS identifies the most reliable sellers considering their past
performance and sales volume. Top Rated sellers are signaled with a badge
shown on top of the eBay webpage. Differently, the Buyer Protection
program aims at guaranteeing purchases from all sellers. Thanks to the BP program
sellers have to refund buyers if the items are not received; or if the items differ
from the ones described online.

First, Hui, Saeedi and Sundaresan (2016) establish that the TRS badge has
a positive signaling value for sellers since the average sales price for sellers that
are badged raises by 3%. Moreover, badged sellers perform better than those
who are not badged.

Later, they study the regulatory effect of the BP program. They show
that negative feedback ratings decrease by 23% after the introduction of the
program. Thus, they conclude that the regulation provided by the BP program
had a significant impact on Moral Hazard. Moreover, the quality of eBay sellers
increases with a reduction of Adverse Selection: the exit rate for low quality
sellers increases as well as the share of Top Rated sellers.

The brief overview on recent articles captures, at least partially, the state of
the art regarding how the fine-tuning of review systems affects the asymmetry
of information due to Adverse Selection and Moral Hazard. The following
finding summarizes the main results.

Finding 8. More accurate reports on seller behavior (with lower fear of
retaliation from the buyers’ side) reduces asymmetry of information in two
ways: 1) It mitigates Adverse Selection since low-quality sellers exit or their
sales’ volume shrinks; 2) It disciplines Moral Hazard since buyers are free to
punish sellers in case of misconduct. Moreover, digital platforms may jointly
rely on reputation (using reviews) and regulation (using guarantees and
certifications) to improve the quality of the services provided and to reduce
the asymmetry of information.
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VI. CONCLUSION

In this last part we conclude with a recap of the most important points
analyzed; and with a list of further directions of research regarding these issues.

This chapter aims at clarifying the role of review systems in reducing
asymmetric information in digital platforms. When the phenomenon of
e-commerce and digital trade started, experts were alarmed by some features
that could severely hinder the existence and the efficiency of these markets. In
the introduction, we grouped all these criticisms in two parts: online buyers
do not perfectly know the quality of sellers and this uncertainty may adversely
select the sellers. At the same time, sellers exert effort once buyers have paid for
the transaction; hence, Moral Hazard issues may be at play.

Next, we described the common design of review systems in digital
plaforms and we illustrated possible weaknesses of the mechanisms currently
adopted in online marketplaces. Despite these shortcomings, online reputation
matters and online users care about reviews: this result is observed in several
platforms and using different techniques.

After a brief review over the impact of feedback on users’ performance, we
discussed the theoretical mechanisms and empirical findings on how reviews
of past transactions can reduce Adverse Selection and discipline Moral Hazard.

m First, we considered the role of reviews in signaling sellers’ quality and
circumstances in which buyers’ learning process stops (Bar-Isaac, 2003).
With this respect, we reviewed theoretical and empirical studies in favor
of a mechanism implemented by two Chinese platforms: the Rebate-for-
Feedback.

m Later, we focused on Moral Hazard describing the theoretical mechanisms
to create incentives for sellers’ good behavior when transactions are
repeated.

m Finally, we described two theoretical models that consider Adverse
Selection and Moral Hazard simultaneously. After discussing the
applications of these models in different contexts, we listed some recent
empirical works that identify the impact of reviews in reducing the
asymmetries of information exploiting variations in the feedback design.

The literature about digital markets and reputation keeps growing rapidly.
We suggest here some potential directions of future research in this field. Our
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short list of possible avenues of research is not exhaustive and for the advanced
readers we suggest the excellent works by Dellarocas (2003) and Cabral (2012).

Users’ behavior in digital platforms presents many unanswered questions:
why do users review? What do they review? Reviews are a public good and they
provide positive externalities to the users’ community. Still, reviewing has a cost
and, from a pure economic point of view, users have no incentives to leave their
feedback. Only recently Fradkin, Grewal and Holtz (2016) and Filippas et al.
(2017) have opened the discussion over these issues; still, given the relevance of
these questions, further research is necessary from a theoretical and empirical
perspective.

A second promising line of research is related to the emergence of new
types of platforms associated with the sharing economy:™" these marketplaces
connect people and favor exchanges with higher stakes relative to C2C or
e-commerce websites. Accordingly, mechanisms to ensure services’ quality such
as review systems and regulations are particularly important for the success of
these platforms. Still, only few works have studied these contexts, observing that
reviews are important (Edelman, Luca, and Svirsky, 2017) and additional evidence
is required to establish robust results. Moreover, both Adverse Selection and
Moral Hazard issues are potentially present in many services that are offered
on these marketplaces. Time-varying effort affects the quality of the exchanges
as well as the characteristics of some facilities that are fixed over time. In this
sense, sharing economy platforms such as Airbnb, BlaBlaCar, or TaskRabbit are an
ideal setting to test the predictions of models of reputation where Adverse
Selection and Moral Hazard are both present and to understand how fixed
characteristics and effort are related. The work by Rossi (2018) investigates
these issues in the Airbnb setting. The dynamics of the effort exerted by Airbnb
hosts are only partialy influenced by the quality of their dwellings. Hosts tend
to exert high effort at the beginning of the life-cycle and shirk close to the end
independently of the house’s quality. Still, hosts with low-quality dwellings stay
for shorter periods on the platform with sharper changes in hosts’ effort over
the life-cycle.

Finally, there is no consensus about the characteristics of an “optimal”
feedback mechanism that is free from the shortcomings previously listed. Which
changes in review systems are needed to facilitate trust?

On the empirical side, the introduction and the positive impact of
mechanisms such as the Rebate-for-Feedback and the Buyer Protection programs
show how the proper design of review systems leads to a significant reduction

" Sundararajan (2016) provides an extensive overview on the economics of these platforms and the main
issues related to the growth of the crowd-based capitalism.
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of inefficiencies. In this sense, further works are important to understand what
programs are more effective in different contexts.

From a theoretical point of view, Dellarocas (2005) pioneered the
normative approach about the design of a reputation mechanism to discipline
Moral Hazard. Along the same lines, Aperjis and Johari (2010) and Bolton,
Greiner, and Ockenfels (2013) investigate the optimal pieces of information that
platforms should show and aggregate to facilitate trust among users, signal the
users’ quality and create incentives for good behavior. However, until now no
general consensus has been achieved in the theoretical literature regarding the
selection of the most relevant information that review systems should provide in
contexts with different degrees of Adverse Selection and Moral Hazard.

With this chapter, we give a systematic overview of the theoretical and
empirical works related to the issues of asymmetries of information in digital
contexts and the role of review systems. Recalling the anecdote of the broken
laser pointer in the very first eBay transaction, the well-functioning of online
operations was not obvious even for the founder of the first successful digital
marketplace. Whereas now, digital platforms connect millions of users daily and
the possibility to trade safely online is no more under question. For sure, one
reason of the great success of online markets is the introduction of innovative
review systems that helped to discipline users’ behavior and signal their quality.
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Abstract

The rise and success of digital platforms (such as Airbnb, Amazon,
Booking, Expedia, Ebay, and Uber) rely, to a large extent, on their ability to
address two major issues. First, to effectively facilitate transactions, platforms
need to resolve the problem of trust in the implicit or explicit promises made
by the counterparties; they post reviews and ratings to pursue this objective.
Second, as platforms operate in marketplaces where information is abundant,
they may guide their users towards the transactions that these users may have
an interest in; recommender systems are meant to play this role. In this article,
we elaborate on review, rating, and recommender systems. In particular, we
examine how these systems generate network effects on platforms.
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I. INTRODUCTION

Platforms can be defined as undertakings whose core mission is to enable
and to generate value from interactions between users. Although platforms
can operate off-line, Internet and digital technologies greatly contribute to
reducing transaction costs, which explains why digital platforms are so prevalent
nowadays. Digital platforms typically provide a number of services that generate
so-called “platform-specific network effects,” insofar as the attractiveness of a
particular platform increases with the volume of interactions that the platform
manages. Roughly speaking, the platform becomes more attractive the more it
is used, and, as a result, each user cares about the participation of other users.>

The participation of other users may matter for a few reasons. First, their
active evaluation of products and services, or the information contained in
their actions, provides guidance for a user’s action; second, the information
contained in the users’ actions enables the platform to provide better services or
add specific offerings, both of which potentially benefit all users. In this article,*
we focus on the former reason and analyze platforms’ deployment of review,
rating, and recommender systems. These non-price strategies allow platforms to
generate within-group and/or cross-group external effects, that are (as we will
argue below) platform-specific: the disclosure, aggregation and interpretation
of information provided by the participants steer trade on the platform, thereby
affecting the overall attractiveness of participating on the platform.

How are rating and recommender systems instrumental in producing
network effects? Consider, for instance, the case of Amazon, which publishes
product reviews and average ratings. Arguably, the more consumers that are
active on Amazon, the more informative are the reviews and ratings, thus
allowing consumers to make a better-informed decision. Amazon also provides
recommendations by matching product descriptions with consumers’ interests.
Similarly, the more consumers that are active on the platform and the larger
the volume of transactions they generate, the better the data that Amazon has
about consumer characteristics and, so, the better the matches it can suggest;
the quality of recommendations increases thus with the number of consumers,
which in many cases will lead to a higher expected net consumer benefit. These
mechanisms point to positive within-group external effects.

On two-sided platforms, positive cross-group external effects might arise.
For instance, a high-quality seller thinking of participating on Ebay, Amazon

3 For a justication of this broad notion of what constitutes a platform (i.e., a managed marketplace featuring
network effects), see, for instance, Belleflamme and Peitz (2018b).

4We use material from Chapters 2 and 5 of Belleflamme and Peitz (2018a).
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Marketplace or some other B2C platform cares about the ease with which it can
build its reputation. The more buyers active on the platform, the more precise
the information about the seller type at a given point in time (assuming truthful
consumer ratings). Thus, there is a positive cross-group external effect from
buyers to high-quality sellers. Similarly, the more buyers on a platform, the better
the matching between buyers and sellers (in terms of horizontal characteristics).
This, in particular, reduces the expected number of products returned to the
sellers. Thus, thanks to the recommender system, there is a positive cross-
group external effect from buyers to sellers. This effect is strengthened by more
detailed data on each consumer, as this improves the expected match quality.

Ratings are intended to help consumers make choices based on the
quality or value-for-money dimension. Recommendations can also serve this
purpose; they also have the potential to address buyer heterogeneity if they
are personalized. This does not mean that some degree of personalization is
impossible in the context of a rating system. In fact, several platforms offer the
option of personalization; by, for instance, showing ratings and reviews only of
buyers with certain profiles. Such rating selection can provide better guidance
because what is good for one group of buyers is not necessarily good for others.
For example, a business traveler may have different needs and preferences than
a family on vacation and, thus, may prefer to see only reviews and ratings by
fellow business travelers.

In the rest of this article, we analyze the economics behind the ratings,
reviews and recommendations that have become mainstream on digital
platforms. We start in Section Il with rating and review systems. These
systems provide platform users with information about either products or
their counterparties to a transaction. Of crucial importance is, of course, the
informativeness of these systems, which depends not only on the users’ actions
but also on the specific design chosen by the platforms. We then turn, in
Section Ill, to recommender systems, which aim to reduce users’ search cost by
pointing them towards transactions that may better match their tastes. Besides the
ability of such systems to generate network effects, we also discuss their effects
on the distribution of sales between ‘mass-market’ and ‘niche’ products, as well
as the incentives that platforms may have to distort their informativeness. We
conclude in Section IV.

Il. RATINGS AND REVIEWS

Ratings and reviews are prevalent on digital platforms. Platforms acting as
vertically integrated retailers (such as Amazon.com) generally ask buyers to rate
products or services and often give buyers the chance to write reviews. In such a
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case, we speak of product ratings and product reviews. For platforms that host
buyers and sellers (such as Amazon Marketplace), users on either side are often
asked to rate and comment on the counterparty to the transaction. These we
call seller (or buyer) ratings and reviews.

1. Asymmetric Information and Network Effects

Before analyzing the economics of rating and review systems, we consider
their significance for digital platforms. Unquestionably, the main function of
ratings and reviews is to respond to asymmetric information problems. At the
same time, they are also an important source of network effects, which makes
them instrumental in platforms’ efforts to gain market shares. We describe
these two aspects in turn.

1.1. Asymmetric Information

Asymmetric information problems are prominent on platforms that
facilitate the trade of experience goods, as buyers typically have less information
than sellers about the quality of the goods or services offered for sale. In this
section, we focus on those asymmetric information problems that arise with
experience goods.®

A traditional instrument to address asymmetric information problems is the
use of certification and warranties. \When a seller wants to transact with a buyer,
third parties may provide certification, and platforms are a natural candidate
for such certification services. Certification is an ex ante solution to asymmetric
information problems, as it may ensure a minimum quality provided on the
platform; lower-quality sellers are not admitted or worse-performing sellers
are expelled from the platform. Certification can be mandatory or voluntary.
For instance, Uber checks the records of its drivers to make sure that they
are eligible to drive; such certification is mandatory. Airbnb offers the sellers
of accommodation services the option to certify the authenticity of photos of
the announced property, thus reducing the risk of unpleasant surprises for the
buyer; such certification is voluntary. As for warranties, they may, in principle,
be provided by sellers themselves, but platforms are often in a better position
to provide them, since they interact more frequently and directly with buyers.

> We argue in Section Ill that asymmetric information problems may also apply to search goods. In this case,
even if buyers can ascertain quality before purchase, they may lack information prior to investing time and
effort to obtain relevant product information. Here, platforms can use ratings and reviews (on top of other
instruments) to lower buyers’ search costs and to improve the match between buyers and products/sellers.
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Asymmetric information problems can also be addressed ex post through
insurance and guarantees. For instance, Airbnb insures sellers against vandalism
by buyers. Another example is Ebay’s guarantee to buyers (introduced in 2010)
to compensate them if the seller does not deliver as advertised (see Hui et al.,
2016).

Rating and review systems complement these classic instruments and
tend to become relatively more effective than them, the larger the number of
transactions that the platforms facilitate. Indeed, the ability of rating and review
systems to tackle information problems faced by buyers (and possibly sellers)
increases with the volume, variety, and velocity of the data that platforms can
collect about their users and the transactions they conduct.®

1.2. Network Effects

As just argued, ratings and reviews can be an important source of network
effects: the more users that are active on a platform —and, thus, the more
ratings and reviews that are available— the better-informed other users are prior
to making their purchase decisions. In the following sections, we will clearly
identify the various forms that these network effects can take. What we want
to stress here is that, although users often have access to ratings and reviews
whether or not they purchase on a particular platform, network effects tend to
be ‘platform-specific’ for a number of reasons.

First, some users may not consider purchasing on a platform different
from the one on which they obtain information. In this case, even if a featured
product is available on multiple platforms, it matters on which platform better
information is available. For instance, in the early 2000s, buyers in the U.S.
may have accessed ratings and reviews available on books at Amazon and then
purchased the book from Barnes & Noble. However, as we discuss below, the
positive sales effect of high ratings is more pronounced on the same platform
than across platforms. This suggests that a substantial fraction of buyers only
took note of reviews and ratings only on the platform on which they terminated
their purchase.

Second, when buyers rate sellers on a two-sided platform, a seller may (at
least partially) condition its behavior on the distribution channel picked by the
user. In this case, the seller’s reputation is actually conditional on the transaction
on a platform. For example, a hotel may be more accommodating to the wishes
and requests of a guest who booked on a particular platform. To give another
example, a seller may exert particular effort to speedy delivery of a product
ordered through a particular platform.

6 The veracity of the data is also crucial, as we discuss in point 4 of Section II.
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Third, the identity of a seller may be platform-specific, or it may be costly
for the user to identify the same seller across platforms. For instance, it may
be difficult to verify that the seller name on Ebay or Amazon Marketplace
corresponds to the seller name on some other distribution channel. If this is
the case, network effects are, by construction, platform-specific. For all these
reasons, we can safely record the following finding.

Finding 1. Because they generate platform-specific network effects,
rating and review systems fuel self-reinforcing mechanisms that, other
things being equal, make successful platforms even more successful, at the
expense of their smaller rivals.

Wenow turntoanin-depth analysis of rating and review systems on products
and services (point 2 of Section Il), and on transaction counterparties (point 3
of Section I). We then address the fundamental issue of the informativeness of
these systems (point 4 of Section II).

2. Product Rating and Review Systems

Many online retailers have established rating and review systems (or
‘rating systems’ for short) that allow buyers to rate and comment on particular
products. Absent such a rating system, we would not classify an online retailer
as a platform, since, given prices, a buyer’s purchase intention would not be
affected by other buyers’ purchases. However, the presence of a rating system
renders the retailer a platform, as it is a source of network effects, and its design
affects the strength of network effects.

Finding 2. Product rating systems have the potential to solve asymmetric
information problems. In an e-commerce context in which buyers rate
products, as more buyers on a platform make the average product rating
more informative, a platform with a product rating system features positive
network effects among buyers.

To illustrate this point, we consider a firm that carries products sourced
at marginal cost ¢ and sold at price p. Neither the firm nor the buyers know
the quality of any product prior to consumption. What is known is that quality
q may be either high (q=H) or low (q=L) with probability 1/2, and that this
probability is drawn independently across products. Buyer valuations for high
and low quality (respectively, vy and v;) satisfy vy > ¢ > v and (vyg + v;)/2
> c¢. The first set of inequalities tells us that if information were complete,
only high-quality products would be traded (as buyers value the low quality
below its marginal cost). The second inequality tells us that when buyers are

80



Inside the Engine Room of Digital Platforms: Reviews, Ratings, and Recommendations
- ____________________-____________________|

uninformed, trade will nevertheless take place, as the average valuation of a
product is above the marginal cost.

Suppose that there are k buyers, who arrive in random order at each
product. Each buyer is inclined to leave a review (if the firm provides a rating
system) with some probability p, which is independent of the actual quality of
a product. Furthermore, suppose that buyers perfectly observe product quality
after purchase and report this quality truthfully if they write a review.

Absent a product rating system, a monopoly firm sets its price equal to
the average valuation, p = (vyg + v)/2, and all buyers make a purchase. With
a product rating system and under the assumption of a uniform price, the firm
has to set the price such that buyers buy the product even when no review is
available. This price is the same as without a rating system, as a buyer who does not
observe any review is willing to pay up to the average valuation—i.e., (vyg + v.)/2.

At such a price, a buyer buys the product as long as no review of low
quality has been posted (i.e., if either no review is available, or if only positive
reviews are available). If the product is of high quality, regardless of the order
in which buyers appear, there will be no negative review posted. If the product
is of low quality, a buyer in position k encounters with probability (1—p)<! that
none of the previous k—1 buyers left a review. Thus, the overall probability
that a buyer in a market with a total of n, buyers does not see a negative review
is Py+P;, where Py=1/2 is the probability that the product is of high quality
(and it does not matter then whether or not buyers wrote a review), and P.=
z (1-p)' 1(2n,)=[1-(1=p)" |/ (2m,) is the cumulative probability that none of the previous
buyers left a review and the product is of low quality. Importantly, P; decreases
as the number of buyers, ny, increases (it converges to 0 as ny, turns to infinity).
The expected surplus of a buyer is then equal to U°=Py(vy—p)+P.(v,—p). As
p=(vg+vy)/2>vy, it follows that U¢=(Py—P;)(vg—Vy)/2, which is increasing in
n,. Thus, a platform with a product rating system is more informative the larger
the number of buyers and, therefore, exhibits positive network effects.”

In the above example, the rating system generates positive network effects
among buyers; such effects are generally called ‘within-group’ or ‘one-sided’
network effects. Does this imply that retailers with a rating system do not
feature two-sidedness? In general, one- or two-sidedness is often a matter of

7In the example, a monopoly firm makes a lower profit with a rating system because it sells at the same
price to fewer buyers. However, if buyer participation necessitates an up-front fixed cost for buyers, there
is a hold-up problem absent a rating system. In this case, establishing a rating system limits the hold-up
problem and, in equilibrium, may lead to higher profits for a firm with a rating system, since the market
breaks down absent a rating system. In this case, a monopoly firm has the incentive to establish a rating
system.
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the concrete circumstances. This is also the case with rating systems, as we now
show in the following three examples.

In the first example, we consider a stylized two-period setting in which
some users simultaneously make purchase decisions in period 1, and other users
simultaneously make purchase decisions in period 2. Suppose that a fraction
of the former group posts a rating. Thus, period-2 buyers can make better-
informed decisions, as the number of per|od 1 users increases. This means that
due to the ratings system, there are positive cross-group external effects from
period-1 users to period-2 users.

In the second example, we consider another stylized setting that features
two types of buyers. For the first type, products are experience goods (quality
is observed with some noise after purchase) and for the second type, they are
credence goods (quality is not observed, even after consumption). Suppose that
only users who learn the quality of the product rate the product (truthfully)
and that those who do not learn the quality do not leave a rating. If users buy
different products over time and base their decisions on average ratings, they
benefit from a retailer attracting more type-1 buyers, as additional rankings
allow for better-informed choices. Thus, there exist positive within-group
external effects for type-1 buyers and positive cross-group external effects from
type-1 to type-2 buyers. To the extent that type-1 buyers can draw on their
own previous experience, informative ratings are less essential than for type-2
buyers, and, thus, the cross-group external effects generated by type-1 buyers
are stronger than their within-group external effects.

Turning to the third example, consider now that, depending on the group
a buyer belongs to, she leaves reviews with different probabilities; let A; denote
the review probability in group j. If n/ buyers of group j participate on platform
I, the expected number of reviews on platform i is mi=An, +4,n,. More reviews
make a platform more attractive to buyers. This benefit can be captured by an
increasing and concave function fim’). In this setting, there are positive within-
group external effects for each group of buyers. In addition, there are positive
cross-group external effects between the two groups of different strength (if
A #D,).

As argued above, rating systems help buyers make more-informed choices.
With a rating system in place, the empirical prediction is that a more-highly-rated
product should see its sales increase compared to a less-highly-rated product.
Chevalier and Mayzlin (2006) analyze the effect of book reviews on the sales
patterns of the two leading online booksellers in the USA (at that point in time),
Amazon and Barnes & Noble.® Both offer buyers the opportunity to post book

8 Our exposition is almost identical to that in Belleflamme and Peitz (2015: Chapter 15).
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reviews on their site. The central question of the study is whether an additional
negative report on Amazon leads to a decline in sales at Amazon relative to
the sales at Barnes & Noble. If the answer is 'yes,” this means that book reviews
carry relevant information that affect sales. To answer this question, Chevalier
and Mayzlin use the 'differences-in-differences’ approach—that is, they take
differences between the relative sales of a book at the two retailers to control
for possible effects of unobserved book characteristics on book sales and
reviews. Data were publicly available: they cover a random selection of book
titles with certain characteristics in three short periods—two-day periods in May
and August 2003 and May 2004.

Chevalier and Mayzlin regress the natural logarithm of the sales rank of
book i at retailer j (which serves as a proxy for sales) on a number of variables
including fixed effects, prices at Amazon and Barnes & Nobles and the share
of positive (5-star) and negative (1-star) reviews. Chevalier and Mayzlin show
that an additional positive review for a particular book at one retailer leads to
an increase in the sales of this book at that retailer relative to the other. There
is also some evidence that an additional negative review is more powerful in
decreasing book sales than an additional positive review is in increasing sales
(measured by the sales rank). The fact that the length of reviews also matters
suggests that buyers not only use summary statistics but actually take a look at
the reviews; this also suggests that they take the content of the review explicitly
into account (perhaps to evaluate how much to trust a particular review or
because there is uncertainty with respect to the fit of the match, which is buyer-
specific).

Vana and Lambrecht (2018) use product review data from an UK online
retailer. They identify the effect of the content of individual reviews, since the
position at which reviews are placed is exogenous in their setting (placement by
the date of being posted). When a new review appears, all existing reviews are
shifted downward by one position. This shift occurs regardless of the content
and rating of any review. As the authors show, the rating of the first displayed
reviews have a strong effect of purchase likelihood. In particular, if these reviews
come with a high rating (four or five stars out of five) the estimated purchase
probab