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Abstract

This dissertation investigates various aspects of two-sided markets – markets with
at least two distinct user groups each of which exerts inter-group network effects on
the other side – in the online world.
In the first paper, I examine the interactions between the traditional (offline)

demand channels and the new (online) demand channels in the German magazines
industry, focusing in particular on the link between offline and online advertising.
I find that offline and online advertising are substitutes although not perfect ones.
This explains the shift from offline to online advertising observed in recent years.
In the second paper, I develop a semi-structural approach to identify network

effects on two-sided monopoly platforms without data on prices and quantities. A
sufficient test for the existence of network effects is derived when only data on total
revenue is available. If separate revenue data is available on the two sides, then the
test is both necessary and sufficient.
The third paper investigates the certification mechanisms and incentives that en-

able lending markets to match demand and supply despite the absence of financial
intermediaries with skin in the game. The institutional setting for this analysis is
the online social lending market, in which potential lenders and borrowers interact
directly without a financial intermediary but can create self-organized groups in-
stead. A difference-in-difference approach is used to examine how the same groups
behave before and after the exogenously imposed elimination of rewards for the
leaders of these groups. Allowing group leader rewards is found to be detrimental
for the market outcome. Group leaders become more careful in screening after the
elimination of these rewards, and if their loan participation is high, i.e. when they
have skin in the game and are thus severely hurt by a borrower default.
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Zusammenfassung

Diese Dissertation besteht aus drei Aufsätzen, in denen verschiedene Aspekte von
zweiseitigen Märkten untersucht werden. Dabei handelt es sich um Märkte mit zwei
verschiedenen Nutzergruppen, von denen jede Netzwerkeffekte auf die jeweils andere
Seite ausübt.
Im ersten Aufsatz werden die Wechselwirkungen zwischen den traditionellen (off-

line) Nachfragekanälen und den neuen (online) Nachfragekanälen in der deutschen
Zeitschriftenindustrie analysiert. Dabei liegt der Fokus insbesondere auf den Effek-
ten zwischen Offlinewerbung und Onlinewerbung. Das Ergebnis der Schätzung ei-
nes dafür entwickelten ökonomischen Modells ist, dass Offline- und Onlinewerbung
moderate Substitute füreinander sind. Dies erklärt die Verlagerung von Offline- zu
Onlinewerbung, die man in den vergangen Jahren beobachten konnte.
Im zweiten Aufsatz wird ein semistruktureller Ansatz zur Messung von Netzwerk-

Effekten auf potentiell zweiseitigen Monopol-Plattformen entwickelt. Der Test ist
hinreichend, wenn lediglich Daten zum Gesamtumsatz der Plattform zur Verfügung
stehen. Sind getrennte Umsatzdaten für die beiden Seiten verfügbar, dann ist der
Test sowohl notwendig als auch hinreichend.
Der dritte Aufsatz untersucht Mechanismen und Anreize, die die Koordination

von Angebot und Nachfrage auf Kreditmärkten ermöglichen, in denen es keine Fi-
nanzintermediäre mit eigener finanzieller Beteiligung an den vergebenen Darlehen
gibt. Dazu wird der Online-Direktkreditmarkt analysiert, in welchem an die Stelle
von klassischen Finanzintermediären ein System von Gruppen tritt. Anhand eines
Differenz-in-Differenzen-Ansatzes wird gezeigt, dass Entgelte für die Leiter dieser
Gruppen zu adversen Anreizen führen können. Nach Abschaffung der Entgelte diffe-
renzieren die Leiter der Gruppen deutlich stärker bei der Auswahl derjenigen Kredit-
gesuche, die sie als investitionswürdig empfehlen. Gleiches ist zu beobachten, wenn
die Leiter der Gruppen selbst zu einem großen Teil an den entsprechenden Darlehen
beteiligt sind.
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1 General Introduction

1.1 Two-Sided Markets – Definition, Challenges and Examples

Over the last years, the Internet has substantially changed people’s lives in many ways.
Numerous interactions, which before the rise of the Internet were only possible offline,
can now be carried out online as well. As transaction costs were reduced compared to
traditional offline markets, new types of platforms were created. Not only are there online
equivalents of traditional marketplaces, but additionally, new markets for information
exchange and advertising such as online search engines and news portals have emerged.
These revolutionary changes have also sharpened the way economists think about

markets and transactions in general. In particular, economists’ attention was attracted
to the specific characteristics of two-sided markets, which are defined as markets with
platforms serving two different user groups that exert inter-group network effects on
each other. Such inter-group network effects arise if on a given platform the utility for
each user on one side changes ceteris paribus with the number of users on the other
side.1 Equivalently, Rochet and Tirole (2006, abstract) “identify two-sided markets with
markets in which the structure, and not only the level of prices charged by platforms,
matters.” Together, these two alternative definitions reflect the essential feature that dis-
tinguishes two-sided markets from classical multi-product markets: the network effects
between the two user groups imply a pricing system on the platform that can differ from
that obtained for classical multi-product markets without inter-group network effects.
The inter-group network effects of two-sided markets have important managerial im-

plications. Eisenmann et al. (2006) analyze potential business strategies for platform
operators in two-sided markets. According to them, platform operators have to face
three major challenges. First, they have to find the right pricing system for their plat-
form. Second, they have to deal with the winner-take-all dynamics, which describes the
fact that due to the inter-group network effects, two-sided markets often exhibit a ten-
dency that the whole market is served by a single platform. Third, platform operators

1Network effects may also arise in classical one-sided markets. For a detailed discussion the reader is
referred to section 1.2.
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1 General Introduction

have to fight the threat of envelopments, i.e. the danger that other platforms may start
to offer the service as part of a bundled product, thereby attracting users of one’s own
platform. In this context, Hagiu (2007) describes design and expansion strategies for
multi-sided platforms.
The implications of the specific characteristics of two-sided markets in terms of an-

titrust economics are analyzed by Evans (2003). Wright (2004) studies the consequences
of applying one-sided economic logic to markets that are actually two-sided and identifies
several fallacies resulting from such a misleading analysis. In particular, he argues that
since prices in two-sided markets need not equal marginal costs to be efficient, a high
price-cost margin does not necessarily indicate market power and prices below marginal
costs need not indicate predation, either. As a consequence, even in mature two-sided
markets, price structures that do not reflect costs may be justified. Regulating prices
set by a platform in a two-sided market is not competitively neutral and an increase in
competition does not have to result in a more efficient or a more balanced price structure
(see Wright, 2004).
For these reasons, the question to what extent a market is actually two-sided or not

is crucial for both the platform operator and the policymaker. The more important
the inter-group network effects in a two-sided market are, the bigger are the poten-
tial consequences with respect to the platform’s profit but also to economic welfare if
these network effects are ignored. Therefore, both platform operators and policymakers
have an interest in that the inter-group network effects are identified and quantified as
precisely as possible.
Two-sided markets already existed before the rise of the Internet. Classical examples in

the offline world are manifold and include nightclubs, consumer magazines, yellow pages,
payment card systems and telecommunications. However, the network character of the
Internet implies a particularly strong tendency for the creation of platforms with different
user groups and inter-group network effects. Specific examples of two-sided markets in
the Internet comprise online search engines, news portals, online marketplaces, online
dating platforms and online social lending platforms. More broadly, any website where
some users provide and some other user consume content and/or advertising can be
regarded as a two-sided market. Finally, even the Internet backbone itself is a two-sided
market.

2



1.2 Related Literature

1.2 Related Literature

This dissertation is related to various strands of the theoretical and empirical literature
on network externalities in general and on two-sided markets in particular. According to
Katz and Shapiro (1985, p. 424), a good exhibits network externalities if “the utility that
a user derives from consumption of the good increases with the number of other agents
consuming the good”. The authors distinguish between direct and indirect network
externalities. Direct network externalities occur “through a direct physical effect of the
number of purchasers on the quality of the product” (Katz and Shapiro, 1985, p. 424)
while indirect network externalities are related to complementary goods whose price
and quantity vary with the number of users of the considered principal good. Katz and
Shapiro (1985, p. 424) explain this with the example of hardware and software: “For
example, an agent purchasing a personal computer will be concerned with the number
of other agents purchasing similar hardware because the amount and variety of software
that will be supplied for use with a given computer will be an increasing function of the
number of hardware units that have been sold” (Katz and Shapiro, 1985, p. 424). Katz
and Shapiro (1994), Economides (1996) and Shy (2001) provide excellent overviews on
the literature on network effects.2

The definition of indirect, inter-group network effects leads directly to the formal
analysis of two-sided markets, provided in two seminal papers by Armstrong (2006)
and Rochet and Tirole (2006). These two papers differ from each other in the fact
that Armstrong (2006) models users’ participation on the platform, whereas Rochet
and Tirole (2006) analyze platform usage.3 However, the main result of both papers
is that when platform operators take into account the inter-group network externalities
that characterize two-sided markets, then equilibrium prices differ from those in classical
one-sided markets. Even under perfect competition prices on the two sides need not be
equal to the respective marginal costs. Often, one side is subsidized and all profit is
made on the other side, where demand may be more inelastic and/or where the network
effects induced by the first side may be stronger.
Often, users in two-sided markets have the possibility to operate on several or even

2Liebowitz and Margolis (1994) distinguish between network effects and network externalities. They
define network externalities as those network effects that imply a market failure. In what follows, I
will use the two terms interchangeably; which term is appropriate according to the definition above
depends on whether the model implies market failure or not (also see Grajek, 2004).

3More specifically, in the model by Rochet and Tirole (2006), the product of the number of users on the
two sides represents the potential number of interactions on the platform. For each single interaction
the total price is split between the two members who actually interact. In the model by Armstrong
(2006), consumers on the two sides pay for the right to interact on the platform.
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1 General Introduction

all platforms at the same time. In the literature, this feature is referred to as “multi-
homing”. The most interesting case occurs when users on just one side of the market
are able to multi-home while users on the other side single-home. In this case, which is
described as a “competitive bottleneck” in the literature, the single-homing side is treated
favorably, while the interests of the multi-homing side are ignored (see Caillaud and
Jullien, 2003; Armstrong, 2006; Rochet and Tirole, 2006). This contradicts the intuition
that those who multi-home (and thus seem to be more flexible) should be better off.
Dynamic analyses of two-sided market platforms are also particularly interesting because
the inter-group network effects result in a “chicken-and-egg” problem: the platform
operator needs to get users from both sides on board (see Caillaud and Jullien, 2003).
In addition to these general papers on two-sided markets, the other theoretical litera-

ture mostly investigates economic questions in the context of specific two-sided markets.
One illustrative example is competition between different payment card systems, where
the two user groups are card holders and merchants. The fee paid to the payment card
system for network usage and/or for each single transaction is split up between these two
groups and is known as the “interchange fee”. In this context, Rochet and Tirole (2002),
Schmalensee (2002), Gans and King (2003), Wright (2003), Rochet and Tirole (2008),
and Hermalin and Katz (2006) provide formal analyses of payment systems. Another
specific two-sided markets industry is telecommunications. Here, the two sides are the
originators and the receivers of calls. Network competition and network interconnec-
tion are formally analyzed for example by Armstrong (1998), Wright (2002), and Jeon
et al. (2004). Church and Gandal (2006) present several case studies on competition in
telecommunications.
This dissertation is more closely related to two-sided markets in the media industries

and in particular in the Internet. Anderson and Coate (2005) and Kind et al. (2005)
provide theoretical analyses of television broadcasting to determine the socially optimal
level of television advertising. Other theoretical papers study the print media, where
the two market sides are readers and advertisers. Gabszewicz et al. (2001) and Ferrando
et al. (2003) develop basic models for the analysis of this market. The specific features
of two-sided markets in the Internet are studied by Caillaud and Jullien (2001) and
Jullien (2005).4 More precisely, Caillaud and Jullien (2001, p. 799) “account for some
specificities of cybermediation, and in particular the pricing schemes and the possibility
of multiple registration”. This underlines the fact that multi-homing is of particular
importance on Internet platforms. Katsamakas and Bakos (2004) study ownership and

4Related to this, Evans et al. (2005) and Economides and Katsamakas (2006) investigate two-sided
markets in the context of operation systems and software.

4



1.2 Related Literature

investment decisions in two-sided Internet platforms and find “that, under standard
assumptions about the design technologies, the network has a strong incentive to invest
only on one of the sides and let the other side participate with a marginally positive
investment” (Katsamakas and Bakos, 2004, p. 15). Ellison et al. (2004) analyze the
scale effect in online auctions, for example on eBay, Yahoo! and Amazon.

While the theoretical literature on two-sided markets becomes increasingly developed,
the empirical work remains relatively sparse as the measurement of network effects in
two-sided markets is particularly challenging.5 The inter-group network effects occur
simultaneously and create a feedback loop in equilibrium. In order to account for this
loop, the two sides of the market have to be considered together. It is possible that the
inter-group network effects in one or both directions are negative (see Reisinger, 2004).6

But even if network effects in both directions are positive, they can still be differently
shaped and/or of different quantitative importance.

Separating these effects in the estimation procedure is not straightforward and requires
a structural approach rather than a purely descriptive analysis.7 For such a structural
approach, extensive data is needed on prices, quantities, covariates and instrumental
variables on the two sides and over the same observation period.8

Similar to the theoretical work on two-sided markets, a large share of the empirical
literature concentrates on the media. Rysman (2004) builds a structural economic model
to estimate network effects between consumers and advertisers in yellow pages directo-
ries. Similarly, Kaiser and Wright (2006) and Kaiser and Song (2009) quantify network
effects in the magazines industry. One central finding of these papers is that due to
the inter-group network effects, advertisers typically cross-subsidize readers. It is also
shown that the actual amount of this subsidy need not be socially optimal. Argentesi
and Filistrucchi (2007) estimate market power in the newspaper industry by comparing
the observed price structure with that of different models of coordinated price setting.

5There are also several papers on the measurement of direct network effects in classical one-sided
markets (see e.g. Economides and Himmelberg, 1995). Yet, this is not the focus of this dissertation.

6A typical example is television advertising. In the models by Anderson and Coate (2005) and by
Kind et al. (2005), the utility of an advertiser increases ceteris paribus as the number of viewers
increases (positive network effects from viewers to advertisers), whereas viewers dislike television
advertisements (negative network effects from advertisers to viewers).

7As Reiss and Wolak (2007) point out in their overview of structural econometric modeling in industrial
organization, the difference between descriptive and structural analyses is that the latter approach
builds on an empirical model derived from underlying econmic and statistical assumptions. Therefore,
the estimation of a structural model makes it possible to derive conclusions about specific economic
primitives.

8As pointed out in the second paper of this dissertation, under certain conditions a semi-structural
analysis also enables the econometrician to estimate the network effects in a two-sided market.
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1 General Introduction

1.3 Contribution of this Dissertation

As outlined above, the specific challenges that arise in two-sided markets for both plat-
form operators and policymakers are diverse and make the economic analysis particularly
interesting. Among others, these challenges comprise optimal platform pricing, platform
dynamics and – in a broad sense – the question how potential platform intermediaries
have to be rewarded such that adverse incentives for platform members are avoided. In
this context, this dissertation analyzes various aspects of two-sided markets and con-
tributes to the existing literature described above in the following different ways.

In the first paper, I study the interactions between the traditional (offline) demand
channels and the new (online) demand channels in the German magazines industry. In
particular, I focus on the substitution between offline and online advertising, which has
not yet been studied either in the theoretical literature or empirically. Yet, this interac-
tion becomes increasingly important as with the rise of the Internet, traditional consumer
magazines create companion websites and make much of the contents available online to
readers, which in turn attracts advertisers to these websites. The degree of substitution
between offline and online advertising describes how easy or difficult it is for advertisers
to reallocate their advertising budget from the traditional consumer magazines to the
new companion websites. This question is essential for platform operators seeking to
maximize joint profit from the traditional magazine and the companion website. Ad-
ditionally, the paper also contributes to the general theoretical literature on two-sided
markets. While the model developed in this paper is adapted to the case of consumer
magazines and their companion websites, it can be modified to fit other two-sided mar-
kets where interactions between different demand channels shall be investigated.

In the second paper of this dissertation, I propose a method to estimate network
effects in potentially two-sided markets absent data on prices and quantities. Somewhat
similar semi-structural reduced-form revenue regressions are used by Panzar and Rosse
(1987) to derive conclusions on market power in classical one-sided markets, yet this
paper is the first one to apply this methodology to two-sided markets. Compared to
existing fully structural techniques this approach has the advantage that the resulting
regression equations can be easily estimated via OLS. Moreover, neither data on prices or
quantities nor instrumental variables are needed: only revenue data and demand and/or
cost shifters are used.

The third paper of this dissertation sheds light on a different aspect of two-sided
markets. In particular, it investigates the certification mechanisms and incentives that
enable lending markets to match demand and supply despite the absence of traditional

6



1.3 Contribution of this Dissertation

financial intermediaries with skin in the game. This issue has gained particular atten-
tion with the financial and economic crisis, which has partly been the consequence of
irresponsible financial intermediation and disintermediation. However, its analysis is
typically difficult because of the lack of adequate data. In this context, we analyze the
online social lending market, in which potential lenders and borrowers interact directly
without a financial intermediary but can create self-organized groups instead. We show
how improperly designed incentives for the group leaders may lead to adverse outcomes
for the market as a whole. Despite the specific characteristics of this online social lend-
ing market the results also translate to other lending markets and comprise important
general lessons for consumer lending.

7





2 Multi-Channel Demand in Two-Sided
Markets: Evidence from the Magazines
Industry

2.1 Introduction

Traditionally, consumer magazines have operated in a two-sided market, serving two
distinct groups of customers at the same time: readers and advertisers. The market is a
two-sided one because these two groups exert inter-group network effects on each other:
in a given magazine, each advertiser ceteris paribus values each additional reader, while
each reader (dis-)likes each additional advertisement.
However, with the rise of the Internet, further demand channels are explored: readers

can now access much of the contents also on the magazines’ websites, which in turn
attracts advertisers to these websites. In recent years, online advertising has gained
more and more importance, as advertisers have shifted their budgets from the traditional
media – in particular from consumer magazines – to the Internet.
In order to better understand this shift, in this paper I investigate the interactions

between the traditional (offline) demand channels and the new (online) demand channels
in the German magazines industry. More precisely, the contribution of this paper is
to answer the question how demand for magazines and their companion websites is
interrelated on both the side of the readers and the side of the advertisers. In particular,
given the enormous shift from offline to online advertising described above, I expect
to find that these two types of advertising are substitutes. In contrast, had offline
advertising and online advertising experienced a simultaneously increasing trend with
the rise of the Internet over the last years, it would be more intuitive to expect a
complementarity between the two advertising types.
The interaction on the side of the advertisers has not yet been studied either in the the-

oretical literature or empirically but has potentially important managerial implications
for both advertisers and platform operators. First, the higher the degree of substitu-
tion between offline and online advertising, the easier it is for advertisers to reallocate

9



2 Multi-Channel Demand in Two-Sided Markets: Evidence from the Magazines Industry

their advertising budgets from traditional offline advertising to online advertising. Since
advertisers and readers operate in a two-sided market, this reallocation will then also
lead to a change in the number of readers on the respective other side of the market.
Second, in order to maximize total platform profit from advertisers and readers both in
the offline and in the online world, each platform operator needs to take these additional
interactions into account when setting prices.
The data I use is particularly rich in many dimensions. Apart from prices and quanti-

ties on offline and online advertising and reading, I also possess information on magazine
composition, website composition as well as magazine readers’ and website viewers’ char-
acteristics. While this rich dataset – together with adequate modeling and appropriate
instrumental variables – makes structural estimation in principle possible, there is one
important shortcoming: The precise measurement of readers’ and advertisers’ actions
on the websites has started only recently. Therefore, not all data is available over the
entire time period of interest. This calls for a special estimation procedure: I first con-
struct a demand model in which there is only the offline world and estimate it, using
the General Method of Moments (GMM), with data from the time period when neither
online reading nor online advertising played a significant role. Under the assumption
that with the rise of the Internet the estimated coefficients of this nested model do not
change, I then estimate the remaining parameters of the full model, in which offline and
online advertising and reading coexist.
This study is related to three different strands of the literature. First, it contributes to

the theoretical literature on (indirect) network externalities in general and on two-sided
markets in particular. Two-sided markets are formally analyzed in the two seminal pa-
pers by Armstrong (2006) and Rochet and Tirole (2006). Roson (2005) provides an early
survey on the economics of two-sided markets.1 In this general context, this paper is the
first one that explicitly models demand interactions between different two-sided market
demand channels: On the side of the readers, these two channels are offline and online
reading; on the side of the advertisers these are offline and online advertising. Modeling
these interactions across different demand channels becomes increasingly important in
the economic analysis not only in this particular setting of consumer magazines, but
also in two-sided markets in general. With the rise of the Internet, many online two-
sided platforms have emerged, and as a consequence both consumers and firms face an
increasing number of possibilities to interact with each other. Ignoring substitution or
complementarity effects between the corresponding demand channels of different plat-

1For a more detailed discussion on related work on two-sided markets, the reader is referred to the
literature review in section 1.2 of this dissertation.
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2.1 Introduction

forms may lead to potentially biased economic conclusions by platform users.

The second strand of literature comprises the growing number of empirical papers
on the estimation of inter-group network effects in two-sided markets, in particular in
media industries. Wright (2004) argues that ignoring network externalities may lead to
wrong conclusions with respect to the policy implications to undertake for regulation in
a two-sided market. Therefore, quantifying these network externalities is of great impor-
tance. Various researchers have estimated network effects in television (e.g. Anderson
and Coate, 2005; Kind et al., 2005), newspapers (e.g. Argentesi and Filistrucchi, 2007),
magazines (e.g. Kaiser and Wright, 2006; Kaiser and Song, 2009) or yellow pages (e.g.
Rysman, 2004). Generally, all these papers find that there are positive network effects
from consumers to advertisers: advertisers like consumers. The estimation results of
network effects in the opposite direction – from advertisers to consumers – vary: most
papers assume a priori that consumers dislike advertisements (e.g. Anderson and Coate,
2005), whereas others find that consumers like advertisements (e.g. Rysman, 2004; Kaiser
and Song, 2009). The specific research design of my study allows me to estimate network
effects in the two-sided market of the German magazines industry in the absence of the
online world. In doing so, I am able to reproduce the empirical results found in the
literature in my first estimation step, although with a slightly different model.

Finally, this paper contributes to the ongoing debate of whether the rise of the In-
ternet has influenced demand for reading and demand for advertising in the traditional
magazines and newspaper industry. Kaiser (2002) finds that in the German women’s
magazines market observed between 1998 and 2001, website provision neither has a sig-
nificant effect on magazine nor on advertising demand, whereas Kaiser (2006) provides
empirical evidence in favor of the belief that a magazine’s companion website induces
channel competition on its print version. In his study of the Italian newspaper market,
Filistrucchi (2005) finds that opening a website has a negative impact both on the sales
of the newspaper who opens it and on those of its rivals. Gentzkow (2007) develops a
model that allows for complementarity between offline and online newspapers to study
competition between print and online newspapers, and estimates the relationship be-
tween the print and online papers in demand, the welfare impact of the online paper’s
introduction, and the expected impact of charging positive online prices. In this context,
my paper is the first one that does not only consider the interactions on the side of the
readers, but also those on the side of the advertisers by explicitly modeling and estimat-
ing the interaction between offline and online advertising. Ignoring this interaction may
lead to a suboptimal choice of the amount of advertising both offline and online. There-
fore, this latter contribution has important managerial implications for the advertisers
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2 Multi-Channel Demand in Two-Sided Markets: Evidence from the Magazines Industry

seeking to optimize joint profit from their offline and online advertising channels.
This paper is structured as follows: In the next section, I construct a model of two-

sided markets with different demand channels that is suitable for estimation in two steps
as described above. Section 2.3 describes the industry and the data. In section 2.4, I
present and discuss the estimation results. Section 2.5 concludes.

2.2 The Model

In this section, I construct a model of (inverse) demand for advertising and demand
for reading that captures the two-sidedness of both markets as well as the interrelation
between the offline and the online channel for both advertising and reading.

Figure 2.1: Model Setup – Full Model

owns owns

place
 ads

re
ad read

place ads

Magazine Firm Online Platform

Readers

Advertisers

As shown in figure 2.1, I consider a number of firms j = 1, . . . , J , each of which
owns a magazine (m) and a website (w). Each firm maximizes joint profit from its
magazine and its website. Readers can read the magazine offline, but also surf over
the corresponding website in order to obtain the same or complementary information.2

Advertisers can place advertisements in the magazine, but also – in the form of banners
– on the corresponding website. Therefore, for the individual firm j, there are three
sources of revenue: revenue from readers of the magazine, revenue from advertisements
in the magazine and revenue from advertisements on the compantion website. There is
no price charged to consumers for surfing over the website.

2The question whether the same or complementary information can be obtained from the magazine
and its compantion website has direct implications for the question whether these two products are
substitutes or complements. Unfortunately, my data does not provide this information.
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Readers and advertisers operate in a two-sided market, i.e. they exert inter-group
network effects on each other: for example, offline advertisers value each additional
reader of the magazine, and magazine readers’ utility probably changes with the number
of advertisements in the magazines. These network effects are represented by the outer
arrows from readers to advertisers and vice versa in figure 2.1.

As indicated in the introduction, estimation of this model proceeds in two steps,
because not all data is available for the entire time period of interest:3 I first consistently
estimate a model in which there is only the offline world using data from a time period
when Internet reading and online advertising did not play a significant role. This model
is shown in figure 2.2. In the second step and under the assumption that the estimated
coefficients of the offline world do not change, I then insert the estimates I obtain from
the first step into the full model where there is both the offline and the online world
(shown in figure 2.1) and estimate the remaining coefficients.4 To make the two-step
estimation possible, the model in which only the offline world exists (see figure 2.2) has
to be nested in the full model (see figure 2.1).

Figure 2.2: Model Setup – Nested Model

owns

re
ad

place ads

Magazine Firm

Readers

Advertisers

3Parker and Röller (1997) use a somewhat similar method to determine to what degree duopolistic
competition leads to competitive market outcomes. In particular, they also consider a two-period
model: a monopoly period followed by a duopoly one. This makes a specification test of their model
for the monopoly period possible. Moreover – and this is also the case for my approach as discussed
later – this increases the efficiency of the estimator for the second period.

4A detailed discussion of the advantages and disadvantages of this approach is delayed until section
2.4.3.
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2.2.1 (Inverse) Demand for Advertising

A Model of (Inverse) Demand for Advertising

Consider a representative, price-taking advertiser who, in his decision how to choose
offline and online advertisements on the different platforms, faces the following profit
function:5

Π =
J∑
j=1

R(π̄jm, π̄jw, ajm, ajw, Njm, Njw)︸ ︷︷ ︸
Revenue from advertising on platform j

− (pjmajm + pjwajw)︸ ︷︷ ︸
Costs from advertising on platform j

 (2.1)

Here, Njm and Njw capture the number of readers and the number of page impressions
on platform j, respectively. ajm is the number of advertisement pages the representa-
tive advertiser chooses to place in the magazine of platform j and ajw is the number
of advertisement banners and their size (together measured by ad impressions) the rep-
resentative advertiser chooses to place on the website of platform j. pjm and pjw are
the corresponding prices for an offline and an online ad on platform j.6 π̄jm and π̄jw

scale the revenue per reader offline and website viewer online (i.e. how much revenue the
representative advertiser can make per ad viewer offline (π̄jm) and online (π̄jw).
I assume that R(·) takes the form of a Constant Elasticity of Substitution (CES)

function R(π̄jm, π̄jw, ajm, ajw, Njm, Njw) =
[
π̄jm

(
aγmjmN

βm
jm

)ρ
+ π̄jw

(
aγwjwN

βw
jw

)ρ] 1
ρ and

that there is separability between advertising on different platforms (see Rysman, 2004),
but not between offline and online advertising on a given platform. This assumption
is a rather strong one. Rysman (2004) shows that it follows directly from two other
underlying assumptions. The first one is that readers do not use various directories at
the same time. The second one is that advertisers’ profit per consumer look is constant.
Under these assumptions, the optimization problem of the representative advertiser,
which is derived from equation (2.1), simplifies to the choice of ajm and ajw on any
given platform j:

max
ajm,ajw

[
π̄jm

(
aγmjmN

βm
jm

)ρ
+ π̄jw

(
aγwjwN

βw
jw

)ρ] 1
ρ − (pjmajm + pjwajw) (2.2)

5In this subsection, I extend the model for advertising in yellow papers by Rysman (2004) in my
theoretical specification of advertisement demand.

6In addition to the quantities ajm and ajw, these prices pjm and pjw may also be endogenous in the
optimization problem of the representative advertiser – depending on the type of competition in the
market: If there is perfect competition in both advertising markets, prices are completely exogenous
to the representative advertiser. Otherwise, prices are endogenous and need to be instrumented for
in the estimation since I do not model the supply side.
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2.2 The Model

There are several economic assumptions underlying the functional specification made
in equation (2.2). First, offline and online revenue are considered as substitutes or com-
plements by the representative advertiser and σ = 1/(1−ρ) measures the corresponding
elasticity of substitution. More specifically, if ρ = 1, then offline and online advertis-
ing revenue are considered as perfect substitutes by the representative advertiser, for
ρ → 0, I get the Cobb-Douglas function and for ρ → −∞, I get the Leontief (perfect
complements) function. The main aim of this study is to estimate the coefficient ρ.

γm and γw measure the curvature of revenue of the representative advertiser with
respect to offline and online advertising. Put differently, they are closely linked to the
own-price elasticities of offline and online advertising. I expect that γm < 1 and γw < 1,
i.e. downward sloping demand curves for both offline and online advertising.

The functional specification (2.2) does not explicitly model a congestion effect of ad-
vertisements, i.e. the ability to reach consumers in a given medium is not explicitly
assumed to vary with the number of competing advertisers. If this is the case after all,
the profit the representative advertiser can make on a given platform j will also depend
on total advertisement offline or online on this platform. Rysman (2004) accounts for
this congestion effect in his model but is unable to disentangle it from the decreasing
returns to the individual advertiser from large advertisements as only the sum of the
two effects is identified. Therefore, if a congestion effect is indeed present although it is
not specified in the economic model (2.2), then γm (respectively γw) will capture this
congestion effect in addition to the curvature effect. In this case, the estimate of the
curvature effect will be biased downward.

Network effects from readers and website viewers to the representative advertiser are
captured by βm and βw. In line with previous research, I expect that 0 < βm < 1,
indicating positive non-explosive network effects from readers to advertisers, i.e. – all else
equal – each additional reader increases the representative advertiser’s profit. Similarly,
0 < βw < 1 would imply positive network effects from website surfers to advertisers in
the online market.

From the maximization problem (2.2), the first order conditions can be derived as
follows:

∂Π
∂ajm

= 0⇔ pjm = π̄jmγma
γmρ−1
jm Nβmρ

jm

[
π̄jm

(
aγmjmN

βm
jm

)ρ
+ π̄jw

(
aγwjwN

βw
jw

)ρ] 1−ρ
ρ

∂Π
∂ajw

= 0⇔ pjw = π̄jw γwa
γwρ−1
jw Nβwρ

jw

[
π̄jm

(
aγmjmN

βm
jm

)ρ
+ π̄jw

(
aγwjwN

βw
jw

)ρ] 1−ρ
ρ

(2.3)
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2 Multi-Channel Demand in Two-Sided Markets: Evidence from the Magazines Industry

Assuming that there areK equal advertisers in the market, in a symmetric equilibrium
one can replace ajm = Ajm/K and ajw = Ajw/K and obtains after simplifying the first
order conditions (2.3):7

pjm = π̄
1
ρ

jmK
1−γmγmA

γm−1
jm Nβm

jm

1 + π̄jwK
(1−γw)ρ

π̄jmK(1−γm)ρ

Aγwjw
Aγmjm

Nβw
jw

Nβm
jm

ρ
1−ρ
ρ

︸ ︷︷ ︸
Term due to substitution or complemen-
tarity between offline and online world

pjw = π̄
1
ρ

jwK
1−γw γwA

γw−1
jw Nβw

jw

1 + π̄jmK
(1−γm)ρ

π̄jwK(1−γw)ρ

Aγmjm
Aγwjw

Nβm
jm

Nβw
jw

ρ
1−ρ
ρ

︸ ︷︷ ︸
Term due to substitution or complemen-
tarity between offline and online world

(2.4)

Let πjm = π̄jmK
(1−γm)ρ (respectively πjw = π̄jwK

(1−γw)ρ) account for both the num-
ber of advertisers in the market and the advertising revenue per reader (respectively
website viewer), such that (2.4) simplifies to:

pjm = π
1/ρ
jm γmA

γm−1
jm Nβm

jm

1 + πjw
πjm

Aγwjw
Aγmjm

Nβw
jw

Nβm
jm

ρ
1−ρ
ρ

︸ ︷︷ ︸
Term due to substitution or complemen-
tarity between offline and online world

pjw = π
1/ρ
jw γwA

γw−1
jw Nβw

jw

1 + πjm
πjw

Aγmjm
Aγwjw

Nβm
jm

Nβw
jw

ρ
1−ρ
ρ

︸ ︷︷ ︸
Term due to substitution or complemen-
tarity between offline and online world

(2.5)

Note that for Ajw = 0 and ρ = 1, which are reasonable assumptions for the only-offline
world, the additional term due to substitution or complementarity in the first equation
in (2.5) disappears and the equation collapses into an estimation equation of a model
where only the offline-world exists:

pjm = πjmγmA
γm−1
jm Nβm

jm . (2.6)

Equation (2.6) is precisely the equation of inverse demand for advertising from the

7I assume that all advertisers are active in both the market for offline advertising and the market for
online advertising.
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model developed by Rysman (2004), with the exception that – as described above – I do
not consider a congestion effect in advertising in my model.

Identification

For estimation of equation (2.6), i.e. of (inverse) demand for advertising in the nested
model, I assume that ln πjm = Xjmδm + νjm, where Xjmδm is a linear combination of
observable variables and νjm is an unobservable term. Taking the natural logarithm of
equation (2.6) leads to:

ln pjm = (γm − 1) lnAjm + βm lnNjm + ln γm +Xjmδm + νjm. (2.7)

As Rysman (2004) argues, the equilibrium quantity of advertising depends on price,
and therefore Ajm and Njm are potentially correlated with νjm and need to be instru-
mented for. In GMM, instrumental variables are applied to entire equations, not to
single potentially endogenous variables. Essentially, good instruments for the estimation
of (2.7) should be uncorrelated with the error term νjm, but correlated with advertising
Ajm and/or reading Njm.
As Rysman (2004) points out, ideal instruments for Ajm are variables that shift

marginal cost and therefore the publishers’ first order conditions. Accordingly, I use
producer price index of printing material as well as wages paid in printing and publish-
ing.8 I also use the logarithm of GDP and firms’ perceptions on their current business
situation, which is captured by the Ifo Business Climate Index. These two variables
reflect the overall situation of the economy, and I expect them to shift the publishers’
first order conditions without shifting advertising demand at the same time.
As instruments for Njm, i.e. the number of people who read a magazine, I use the

unemployment rate, assuming that when more people are unemployed, either less mag-
azine copies are sold because people have less money to spend or more copies are sold
because people have more time to read.9 Furthermore, I use the consumer price index as
an instrument for Njm. For this instrument, the assumption is that this global measure
of changes in the price level of consumer goods and services purchased by households
also shifts reading.
For estimation of the remaining coefficients in the advertising equations of the full

8Additionally, I experiment with producer price indices of printing machines and paper machines.
However, these instruments work less well, probably since investments into printing machines are not
made on a regular basis.

9Which of these two opposing effects prevails, is not important for the instrument to work well.
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model (2.5), I specify:

ln pjm = (γm − 1) lnAjm + βm lnNjm + 1− ρ
ρ

ln

1 + Xjwδw
Xjmδm

Aγwjw
Aγmjm

Nβw
jw

Nβm
jm

ρ
+ ln γm + 1

ρ
Xjmδm + νjm

ln pjw = (γw − 1) lnAjw + βw lnNjw + 1− ρ
ρ

ln

1 + Xjmδm
Xjwδw

Aγmjm
Aγwjw

Nβm
jm

Nβw
jw

ρ
+ ln γw + 1

ρ
Xjwδw + νjw.

(2.8)

Recall that by assumption, γm, βm as well as δm are consistently estimated in the
first estimation step already. These estimates are assumed not to change over time and
are therefore plugged into the system of equations (2.8). Consequently, in the second
estimation step, I only need to instrument for the remaining variables that are potentially
correlated with νjm in the first equation of (2.8) and/or with νjw in the second equation
of (2.8): lnAjw and lnNjw. As instruments for these two variables, I use the income
distribution of the website viewers.

2.2.2 Demand for Reading

A Model of Demand for Reading

I assume that the demand for reading offline and online on platform j follows the log-
linear specification:

lnNjm = φm lnAjm + φw lnAjw + ψw lnNjw + κmcpjm + Yjmθm + εjm

lnNjw = χw lnAjw + χm lnAjm + τm lnNjm + Yjwθw + εjw,
(2.9)

where φm measures the network effects from offline advertisements on offline reading
and φw describes the influence of online advertisements on offline reading (expected to
be insignificant). cpjm is the copy price of the magazine of platform j whereas there
is no price for reading online in my model.10 ψw and τm measure whether magazines
and websites are substitutes (ψw,τm < 0) or complements (ψw,τm > 0). χm captures
network effects from online advertisers to website viewers and χw measures the influence
10Depending on competition in the market, cpjm may be endogenous and in this case needs to be

instrumented for.
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of offline advertisements on online reading. Yjm (respectively Yjw) captures magazine-
specific (respectively website-specific) covariates of platform j.

I employ the log-linear specification for offline reading in the first equation of (2.9)
instead of a (nested) logit one for two reasons:11 First, since I analyze magazines from
very different genres, the assumption that readers single-home is not justified. Second,
for a (nested) logit specification I would need to observe the whole market in all periods
in order to be able to compute the outside option consistently. This, however, is not the
case for my data. Since users do not surf over just one, but over many websites, a nested
logit model is not appropriate for the specification of demand for online reading either.

Similar to the case of advertising demand, for the reasonable assumptions for the
only-offline world lnAjw = 0 and lnNjw = 0, the first equation of (2.9), which quantifies
demand for offline reading, collapses to:

lnNjm = φm lnAjm + κmcpjm + Yjmθm + εjm. (2.10)

Identification

In equation (2.10), advertising Ajm and copy price cpjm are potentially endogenous as
they are simultaneously determined with reading Njm. As instruments for both of these
variables, I use the instrumental variables described in section 2.2.1 that are expected
to drive marginal costs and therefore to shift the first order conditions of the publishers:
producer price indices of printing material, wages paid in printing and publishing, GDP
and firms’ perceptions on their current business situation (Ifo Business Climate Index).
Furthermore, I also use the income distribution of the magazines’ readers and the average
number of advertisement pages in all other magazines as instruments.

Similar to advertising demand, in the second estimation step only those coefficients
have to be estimated in (2.9) that have not been estimated already in the first one.
This means, that φm, κm and θm have not to be estimated in the second step. As a
consequence, in the first equation of (2.9), I do not need to instrument for lnAjm and
cpjm. In the second equation of (2.9), I need to instrument for lnAjw. As instrumental
variables I use the income distribution of the website viewers, expecting that their income
has an impact on advertising demand without influencing the number of page impressions
the website generates.

11Kaiser and Song (2009) employ a similar log-linear model for reading demand.
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2.3 Industry Characteristics and Data

2.3.1 Industry Characteristics

The magazines industry has a long tradition in Germany, and for a long time magazines
have been the third largest advertising medium in Germany after television and news-
papers (see Circle of Online Marketers, 2010). In sharp contrast to that, online reading
and online advertising are relatively new markets, which have grown fast with the rise
of the Internet. This contrast makes an analysis of the interactions in these two closely
related and yet so different industries particularly interesting.

Figure 2.3 shows how the situation of the average magazine evolves over time. It
presents the quarterly average number of readers and the quarterly average number of
advertisement pages per magazine since 1990. Overall, the number of readers decreases,
in particular from the year 1998 on. One possible explanation for this additional decrease
might be that at that time more and more magazines created a companion website.12

The average number of advertisement pages is remarkably stable until the year 2001
and then decreases considerably. While one has to be careful when inferring causality
from this graph, this implies at least a strong positive correlation between the average
number of copies sold and the average number of advertisement pages and suggests the
existence of inter-group network effects between reading and advertising.

A somewhat similar picture can be inferred from figure 2.4. Average revenue from
readers decreases from 1990 on, in particular since 2000. In contrast, average revenue
from advertisers slightly increases until 2000 and strongly decreases afterwards.

During the same time period, online advertising gains signifcant importance. In 2009,
online advertising increases in Germany by 12.4% to reach a gross volume of more
than four billion Euros, and surpasses with 16.1% advertising from consumer magazines
(13.1%) for the first time in history (see Circle of Online Marketers, 2010).13

Together, these facts suggest that with the rise of the Internet both magazine readers
and offline advertisers have to face changes in their interconnected markets. It is therefore
essential to take into account the growing markets for both online reading and online
advertising when analyzing these classical markets, in particular from the year 2000 on.

12Although not shown in the graph, the average number of page impressions of the corresponding
websites increases considerably between 2002 and 2009.

13In this paper I only consider online advertising on the companion websites of the magazines, not on
all websites.
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Figure 2.3: Average Number of Readers and Average Number of Advertisement Pages
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Figure 2.4: Average Revenue from Readers and Average Revenue from Advertisers
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2.3.2 Data

The data is compiled from various sources.14 The number of sold magazine copies, copy
prices, number of advertising pages per magazine and price per advertising page is pub-
licly available for download from Focus Medialine (http://medialine.focus.de) and was
originally collected by the Informationsgemeinschaft zur Feststellung der Verbreitung
von Werbeträgern (IVW), a non-for profit institution that has been monitoring the dis-
semination of advertising media in Germany since 1949.15 This data is available from
1972 until 2009 on a quarterly basis.
Newspaper composition in terms of content pages is analyzed regularly by the Jah-

reszeiten Verlag (a big German publisher) in its Funktionsanalyse. For each magazine
and each year, this data set contains the number of pages in different content types.
I aggregate this very detailed information, which is available from 1994 to 2009 with
the exception of 1995, to six different types of pages (Fashion, Do-it-yourself, Family &
Health, Travel & Hobby, Knowledge & Entertainment, Program & Service) and use the
average over the available years as magazine-fixed effects.
The number of page impressions were provided by IVW and the number of ad impres-

sions by Nielsen Media Research. Ad impressions are available on a monthly basis, yet
only for 2009, which makes the two-step estimation employed in this paper necessary. A
page impression is defined as a call of a website that is unique and induced by the user,
an ad impression is defined accordingly.16

Data on magazine reader characteristics come from the Arbeitsgemeinschaft Media-
Analyse (AG.MA). In an extensive survey, AG.MA regularly interviews more than 25,000
people over the age of 14 on their reading habits. From this survey, I aggregate readers’
characteristics for each magazine in the different years.
Website viewer characteristics – which are also compiled from a survey – and on-

line advertisement prices were provided by the Arbeitsgemeinschaft Online Forschung

14Parts of this data is also used and described by Kaiser (2002).
15In line with Kaiser (2002), the prices I use in my analysis are computed as weighted (by the respective

numbers of advertising pages) averages of black and white, two-color and four-color advertisement
prices.

16According to IVW (2009), the action is “induced by the user” if he expects to obtain a significant
change in the page contents. IVW gives some examples for such actions: This may be the call of a
new website or new parts of a website or reloads of the same website or its parts as a response to
a mouse click or to the use of the keyboard by the user. In contrast to that, actions which are not
induced by the user are for example a call of a new website or new parts of a website by automatic
forwarding, an automatic reload of the same website or its parts (e.g. newsticker), the call of a website
when closing a window and the call of a website by robots or spiders. A “significant” change is for
example a change in text passages or visual / multimedial contents that are contentwise in the center
of the website, a new question in a quiz or a new picture in a slideshow.

22



2.3 Industry Characteristics and Data

(AGOF). This data is available on a quarterly basis. For my analysis, I use data from
the year 2009.
The instrumental variables other than those from the sources mentioned above (i.e.

GDP, Consumer Price Index, etc.) come from the German Federal Statistical Office and
the Ifo Institute for Economic Research and are available on a quarterly basis.
For the first estimation step, I obtain a final sample of 3,963 observations of 137

magazines for the time period from the first quarter of 1991 until the fourth quarter of
1999. Table 2.1 provides univariate statistics on the endogenous and exogenous variables
of reading and advertising as well as on the instrumental variables during this time first
sample period.

Table 2.1: Univariate Statistics: Nested Model (Only Offline World)

Mean S.D. Min Max N

Panel A: Endogenous Variables: Offline Ads

ln pjm 9.39 0.65 7.60 10.92 3,963
lnAjm 5.15 0.89 2.48 7.79 3,963

Panel B: Endogenous Variables: Offline Reading

cpjm 2.27 1.34 0.41 7.57 3,963
lnNjm 14.50 1.41 11.23 17.52 3,963

Panel C: Exogenous Variables: Offline Ads And Offline Reading

Fashion (%) 8.73 15.87 0.00 87.61 3,963
Do-it-yourself (%) 8.39 20.90 0.00 84.47 3,963
Family & Health (%) 9.17 12.38 0.00 65.37 3,963
Travel & Hobby (%) 20.31 24.95 0.10 89.04 3,963
Knowledge & Entertainment (%) 39.25 28.25 1.47 90.64 3,963
Program & Service (%) 14.13 19.44 3.30 86.21 3,963
ln(# Pages) 6.52 0.65 4.56 8.46 3,963

Panel D: Instrumental Variables

Wage: Printing 11.93 0.95 10.16 13.00 3,963
Producer Price Index: Paper 91.13 2.38 86.53 97.07 3,963
lnGDP 4.50 0.04 4.44 4.58 3,963
Consumer Price Index 86.22 4.81 74.40 91.70 3,963
Ifo-Index 96.27 4.53 86.43 107.10 3,963
Unemployment Rate 10.67 1.62 7.30 12.70 3,963
1st Income Quartile 0.26 0.11 0.04 0.73 3,963
2nd Income Quartile 0.22 0.09 0.00 0.49 3,963
3rd Income Quartile 0.23 0.06 0.00 0.43 3,963
4th Income Quartile 0.29 0.15 0.02 0.84 3,963

This table reports descriptive statistics on the variables of reading demand and advertising
demand as well as on the instrumental variables during the first sample period (only offline
world).

In table 2.2, I report the correlation matrix of the main variables for the first sample
period (only offline world). There is a positive correlation of 0.3941 between the (natu-
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ral logarithm of the) number of readers Njm and the (natural logarithm of the) number
of advertisement pages Ajm in a magazine, suggesting – in line with figure 2.3 – some
network effects between readers and advertisers. However, direction and size of these
effects remain to be determined in the structural analysis. I also find a negative corre-
lation of -0.6501 between the (natural logarithm of the) number of readers Njm and the
copy price cpjm. Finally, I find a positive correlation between the (natural logarithm of
the) advertisement price pjm and (the natural logarithm of the) number of advertisement
pages Ajm, which is a priori economically counterintuitive for a demand relationship and
therefore indicates the need of instrumental variable techniques to disentangle demand
and supply effects in the structural estimation.

Table 2.2: Correlation Matrix: Nested Model (Only Offline World)

ln pjm lnAjm cpjm lnNjm
ln pjm 1.0000
lnAjm 0.5014 1.0000
cpjm 0.0457 0.0154 1.0000

lnNjm 0.4573 0.3941 -0.6501 1.0000

This table shows the correlation matrix of the main
variables of interest for the first sample period (only
offline world).

For the second estimation step, the sample size is 45. Table 2.3 provides univariate
statistics on this second estimation sample. While the sample size substantially decreases
compared to the first sample period, the variables of interest – specifically ln pjm, lnAjm,
cpjm and lnNjm – are remarkably stable on average.17

Table 2.4 presents the correlation matrix of the main variables of interest for the
second estimation sample. Compared to table 2.2, in this table I also consider the online
variables ln pjw, lnAjw and lnNjw, i.e. price and quantity of online advertising and the
number of page impressions. In terms of these additional online variables, table 2.4
shows a positive correlation between the amount of online advertising lnAjw and the
number of page impressions lnNjw, suggesting that there might be inter-group network
effects between online advertisers and website viewers, similar as the relationship I find
in table 2.2 for the offline market.
It is noteworthy that the correlation coefficients between the offline variables do not

change much compared to those from the first sample period shown in table 2.2. In

17A t-test on the equivalence of means with unequal variances rejects the null hypothesis of equal means
for ln pjm, and cpjm at the 5%-significance level: prices have increased. This cannot be found for
logarithmized advertising and reading quantities lnAjm and lnNjm. However, in absolute terms,
Ajm and Njm have decreased significantly nevertheless.
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2.3 Industry Characteristics and Data

Table 2.3: Univariate Statistics: Full Model (Offline and Online World)

Mean S.D. Min Max N

Panel A: Endogenous Variables: Offline Ads

ln pjm 10.11 0.44 9.38 11.18 45
lnAjm 5.09 0.75 3.25 6.36 45

Panel B: Endogenous Variables: Online Ads

ln pjw 3.21 0.27 2.30 3.91 45
lnAjm 17.89 1.91 13.59 22.79 45

Panel C: Endogenous Variables: Offline Reading

cpjm 3.13 1.44 1.00 7.00 45
lnNjm 14.29 1.12 12.61 16.78 45

Panel D: Endogenous Variables: Online Reading

lnNjw 12.71 1.50 9.69 15.88 45

Panel E: Exogenous Variables: Offline Ads And Offline Reading

Fashion (%) 10.52 15.91 0.00 49.88 45
Do-it-yourself (%) 8.46 21.45 0.00 84.47 45
Family & Health (%) 8.27 13.04 0.00 65.37 45
Travel & Hobby (%) 23.69 27.56 0.50 85.84 45
Knowledge & Entertainment (%) 39.73 30.42 2.19 95.68 45
Program & Service (%) 9.32 11.42 3.67 83.30 45
ln(# Pages) 6.54 0.59 5.00 7.62 45

Panel F: Exogenous Variables: Online Ads And Offline Reading

Redactional content (%) 0.85 0.18 0.29 1.00 45
Content generated by users (%) 0.10 0.15 0.00 0.59 45
Other content (%) 0.05 0.06 0.00 0.32 45

Panel G: Instrumental Variables

Income: < $1,000 0.30 0.08 0.14 0.49 45
Income: $1,000 – $1,500 0.18 0.02 0.11 0.24 45
Income: $1,500 – $2,000 0.17 0.03 0.06 0.23 45
Income: $2,000 – $3,000 0.20 0.03 0.11 0.27 45
Income: > $3,000 0.15 0.06 0.05 0.31 45

This table reports descriptive statistics on the online variables of the full model during
the second sample period (offline and online world).
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Table 2.4: Correlation Matrix: Full Model (Offline and Online World)

ln pjm lnAjm cpjm lnNjm ln pjw lnAjw lnNjw
ln pjm 1.0000
lnAjm 0.4642 1.0000
cpjm -0.1932 0.0670 1.0000

lnNjm 0.7654 0.4850 -0.5685 1.0000
ln pjw 0.0783 -0.1113 0.4028 -0.1827 1.0000
lnAjw 0.5020 0.4237 -0.0695 0.5563 0.0264 1.0000
lnNjw 0.4163 0.3605 -0.0040 0.4977 -0.0290 0.8709 1.0000

This table shows the correlation matrix of the main variables of interest for the second
sample period (offline and online world).

particular, the positive correlation between the (natural logarithm of the) number of
readers Njm and the (natural logarithm of the) number of advertisement pages Ajm in
a magazine increases only slightly from 0.3941 in the first sample period to 0.4850 in
the second sample period. Similarly, the correlation between the (natural logarithm of
the) number of readers Njm and the copy price cpjm changes from -0.6501 to -0.5685.
The positive correlation between the (natural logarithm of the) advertisement price pjm
and (the natural logarithm of the) number of advertisement pages Ajm slightly decreases
from 0.5014 to 0.4642.
In sum, these results suggest that neither the offline variables of interest (i.e. ln pjm,

lnAjm, cpjm and lnNjm) themselves nor the links between them change much after
the rise of the Internet. This supports the assumption that the coefficients estimated
in the first step do not change with the rise of the Internet and therefore the two-step
estimation methodology outlined above is appropriate.

2.4 Estimation and Results

In this section I estimate the model constructed in section 2.2. As discussed before,
estimation proceeds in two steps. I first estimate the nested model with the data from
the sample period where online reading and online advertising did not play a significant
role. In the second step, these results are plugged into the full model and the resulting
coefficients are estimated with data from the year 2009.

2.4.1 Nested Model (Only Offline World)

Recall that the first step consists of the joint estimation of equations (2.7) and (2.10)
using GMM with the appropriate instruments described before.
Table 2.5 presents the main results of the first estimation step. Specifications (1) and
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Table 2.5: Only-Offline Period: Nested Model

Without Instruments With Instruments
(Non-linear SUR) (GMM)

Without With Without With
Covariates Covariates Covariates Covariates

(1) (2) (3) (4)

Panel A: (Inverse) Demand For Advertising

γm 1.280 (142.05)*** 1.523 (70.11)*** 0.617 (3.80)*** 0.220 (1.42)
βm 0.143 (23.83)*** 0.233 (27.33)*** 0.403 (7.23)*** 0.254 (4.34)***
ln(# Pages) -0.547 (-14.16)*** 1.118 (5.16)***
Fashion (%) 0.001 (1.28) 0.018 (7.06)***
Do-it-yourself (%) -0.004 (-7.14)*** 0.016 (6.06)***
Family & Health (%) -0.012 (-13.43)*** 0.007 (2.60)**
Travel & Hobby (%) -0.006 (-11.82)*** 0.011 (4.36)***
Knowl. & Entertain (%) -0.005 (-9.95)*** 0.004 (2.80)**
Constant 279.121 (13.47)*** 6.910 (57.07)*** 400.549 (2.15)* 3.198 (7.52)***

Panel B: Reading Demand

φm 0.641 (37.55)*** -0.066 (-2.40)* 0.580 (8.32)*** 0.391 (2.92)**
κm -0.691 (-41.54)*** -0.263 (-18.20)*** -0.761 (-31.94)*** -0.524 (-15.17)***
bi-weekly -0.686 (-18.20)*** -0.598 (-10.21)***
monthly or less -1.231 (-20.99)*** -0.853 (-7.40)***
2nd Quarter -0.059 (-2.18)* -0.127 (-3.78)***
3rd Quarter 0.008 (0.29) 0.021 (0.70)
4th Quarter -0.086 (-3.16)** -0.154 (-4.73)***
ln(# Pages) 0.833 (15.58)*** 0.301 (1.41)
Fashion (%) -0.006 (-8.75)*** -0.008 (-7.32)***
Do-it-yourself (%) -0.004 (-5.48)*** -0.009 (-5.15)***
Family & Health (%) -0.005 (-5.41)*** -0.010 (-5.71)***
Travel & Hobby (%) -0.012 (-18.31)*** -0.014 (-10.32)***
Knowl. & Entertain (%) -0.007 (-12.27)*** -0.006 (-6.37)***
Constant 12.767 (137.17)*** 11.418 (41.44)*** 13.243 (40.60)*** 13.037 (14.77)***

N 3,963 3,963 3,963 3,963
P : Hansen’s J 0.0000 0.2659

This table reports the regression results of the first estimation step, i.e. of the nested model during the period when only offline
advertisement and offline reading is available. Specifications (1) and (2) employ non-linear Seemingly Unrelated Regression
(SUR) while specifications (3) and (4) show the results of General Methods of Moments (GMM) estimation and thus account
for endogeneity. Moreover, specifications (1) and (3) do not account for other covariates possibly influencing the endogenous
variables whereas specifications (2) and (4) do so. T-statistics are reported in parentheses. ***, **, and * indicate significance
at the 0.1%, 1%, and 5% levels, respectively.
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(2) show the estimation results of a non-linear Seemingly Unrelated Regression (SUR).18

In specifications (3) and (4) I use GMM with the instrumental variables described above.
In specification (1), I do not consider any covariates. For advertising demand, I obtain

as expected positive and significant network effects from readers to advertisers (βm =
0.143). However, the estimation results also predict an upward-sloping demand curve
for advertising (γm = 1.280), which is in sharp contrast to my expectations.19 In terms
of reading demand, specification (1) predicts as expected a downward-sloping demand
curve (κm = −0.691) and positive and significant network effects from advertisers to
readers (φm = 0.641), suggesting that readers like advertisements.
When I control for observable characteristics in the magazines – to be specific for

the composition of the magazines’ contents and the logarithm of the number of content
pages – in specification (2), this latter result is reversed: readers dislike advertisements
(φm = −0.066). Furthermore, compared to specification (1), the price elasticity of
reading is decreased in absolute terms (κm = −0.263) and the network effects from
readers to advertisers are estimated to be more important than before (βm = 0.233).
Nevertheless, I still estimate an upward-sloping demand curve (γm = 1.523).
This issue emphasizes the importance to instrument for the potentially endogenous

variables in both estimation equations (2.7) and (2.10). I therefore re-estimate both
specifications (1) and (2) with GMM using the instruments discussed in sections 2.2.1
and 2.2.2. The corresponding results are shown in specifications (3) and (4) of table 2.5.
In specification (3) I re-estimate the model without covariates. When controlling for

endogeneity by using GMM, the positive network effect from readers to advertisers in-
creases (βm = 0.274). Additionally, I now also find a downward sloping advertising
demand curve (γm = 0.617). In terms of reading demand, the results of specification (3)
are very close to those of specification (1). Note that Hansen’s J-statistic of overidenti-
fying restrictions is significant even at the 0.1%-level, suggesting that the model is not
yet well specified.
When I control for observable characteristics and for endogeneity in specifiction (4), I

find – similar to specification (2) – a slightly less elastic reading demand. In comparison
to specification (3), γm decreases even further.20 Hansen’s J-statistic is insignifcant now
(P -value= 0.2659), so that the null hypothesis that the model is not overidentified is not

18SUR is employed because of common regressors in the equations of advertising demand (2.7) and
reading demand (2.10).

19Recall that this is also suggested by the positive correlation between lnAjm and ln pjm as discussed
in section 2.3.2.

20In specification (4), γm is not significantly different from 0. However, what is important is that γm is
signifcantly smaller than 1 even at the 0.01% signifcance level (Wald-test).
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rejected.
In sum, these results show that advertisers value readers in the traditional German

magazine market. This confirms well the corresponding result found in the general
empirical literature on two-sided markets that is discussed in the introduction. I also
find positive network effects from advertisements to readers, i.e. readers of traditional
German magazines like advertisements. Despite the fact that I use a different model for
my estimation, this is in line with the findings by Kaiser and Song (2009). Moreover,
these findings are encouraging with respect to the overall specification of my model.

2.4.2 Remaining Parameters of the Full Model (Offline and Online World)

I now turn to the estimation of the remaining parameters in the full model. To do so,
I plug in the estimates shown in table 2.5 into equations (2.8) and (2.9) and obtain the
following system of equations:

ln pjm = (γ̂m − 1) lnAjm + β̂m lnNjm + 1− ρ
ρ

ln

1 + Xjwδw

Xjmδ̂m

Aγwjw
Aγ̂mjm

Nβw
jw

N β̂m
jm

ρ
+ ln γ̂m + 1

ρ
Xjmδ̂m + νjm

ln pjw = (γw − 1) lnAjw + βw lnNjw + 1− ρ
ρ

ln

1 + Xjmδ̂m
Xjwδw

Aγ̂mjm
Aγwjw

N β̂m
jm

Nβw
jw

ρ
+ ln γw + 1

ρ
Xjwδw + νjw

lnNjm =φ̂m lnAjm + φw lnAjw + ψw lnNjw + κ̂mcpjm + Yjmθ̂m + εjm

lnNjw =χw lnAjw + χm lnAjm + τm lnNjm + Yjwθw + εjw,

(2.11)

where γ̂m, β̂m, δ̂m, φ̂m, κ̂m and θ̂m are the estimates of the corresponding coefficients
obtained in the first estimation step.
Table 2.6 shows the results of the second estimation step. Similar to table 2.5 from

the first step, specifications (1) and (2) present estimation results of non-linear SUR and
specifications (3) and (4) those from GMM estimation.
In specification (1), where I do not control for observed characteristics in (inverse)

demand for offline and online advertising and in demand for offline and online reading,
I find that γw = 1.003. Since this value is not significantly different from 1, it would
indicate a flat demand curve for online advertising and therefore it calls for instrumental
variable techniques – similar as it was the case for the estimation of offline advertising
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Table 2.6: Offline and Online Period: Remaining Parameters

Without Instruments With Instruments
(Non-linear SUR) (GMM)

Without With Without With
Covariates Covariates Covariates Covariates

(1) (2) (3) (4)

Panel A: (Inverse) Demand For Advertising

ρ 0.937 (303.16)*** 0.671 (66.59)*** 0.936 (261.32)*** 0.300 (27.80)***
γw 1.003 (23.11)*** 1.017 (18.69)*** 1.041 (17.96)*** 0.723 (5.93)***
βw -0.024 (-0.46) -0.023 (-0.31) -0.064 (-0.81) 0.300 (2.07)*
Red. Content (%) 0.292 (1.00) 0.738 (1.58)
User Content (%) 0.179 (0.59) 0.481 (0.93)
Constant 26.677 (2.87)** 1.879 (4.60)*** 21.363 (3.69)*** 0.580 (1.30)

Panel B: Reading Demand

φw -0.195 (-2.60)** -0.211 (-4.04)*** -0.120 (-1.74) -0.617 (-3.72)***
ψw 0.313 (2.92)** 0.302 (4.14)*** 0.208 (2.13)* 0.890 (3.79)***
χw 0.608 (9.10)*** 0.637 (10.76)*** 0.653 (12.84)*** 2.190 (1.43)
χm -0.053 (-0.37) 0.041 (0.27) -0.006 (-0.08) 0.142 (0.12)
τm 0.109 (1.05) 0.060 (0.61) 0.058 (0.69) 1.285 (0.69)
Red. Content (%) -0.345 (-0.21) 14.295 (0.79)
User Content (%) -0.817 (-0.42) 6.398 (0.46)
Constant -0.479 (-0.39) -0.222 (-0.12) -0.237 (-0.25) -32.753 (-1.01)

N 47 45 47 45
P : Hansen’s J 0.1028 0.2647

This table reports the regression results of the second estimation step, i.e. of the remaining parameters of the full model during
the period when both offline and online advertisement and reading is available. Specifications (1) and (2) employ non-linear
Seemingly Unrelated Regression (SUR) while specifications (3) and (4) show the results of General Methods of Moments (GMM)
estimation and thus account for endogeneity. Moreover, specifications (1) and (3) do not account for other covariates possibly
influencing the endogenous variables whereas specifications (2) and (4) do so. T-statistics are reported in parentheses. ***, **,
and * indicate significance at the 0.1%, 1%, and 5% levels, respectively.
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demand in the first estimation step. Moreover, network effects from online readers
to online advertisers are not found to be significant in this specification: βw is not
significantly different from 0. In terms of reading demand, I find that website viewers
like advertising (χw = 0.608). Most important for the purpose of this study, specification
(1) predicts that offline and online advertising are close substitutes (ρ = 0.937, which is
significantly smaller than 1). When I control for observable heterogeneity in specification
(2), most results remain the same. However, ρ decreases significantly to reach a value
of 0.671. Similarly, when I use GMM without covariates in specification (3), the results
from specification (1) remain almost entirely unchanged.
In specification (4), I control for both observed heterogeneity and endogeneity. In

doing so, I find a downward sloping demand curve for online advertising (γw = 0.723)
and positive network effects from website viewers to advertisers: advertisers like website
surfers. Furthermore, compared to the other specifications, ρ decreases considerably to
reach a value of 0.300. Consequently, when one does not control for observed heterogene-
ity as well as endogeneity, the estimate of ρ is biased upwards. Moreover, the network
effect from advertisers to readers χw is not estimated to be statistically significant in
this specification.
In sum, these results suggest that also in the online market – just as it is the case for the

offline market – advertisers value consumers. Moreover, offline and online advertising are
found to be substitutes, albeit not perfect ones. I obtain an estimate of ρ which is both
far away from −∞ (Leontief specification) and lies between the cases of ρ = 0 (Cobb-
Douglas specification) and ρ = 1 (perfect substitutes specification). The estimate of ρ
obtained in the last specification implies a moderate estimated elasticity of substitution
between offline and online advertising of σ̂ = 1/(1 − ρ̂) = 1.429, which is much smaller
than those obtained from the other three specifications. Indeed, the estimate of ρ will
be biased upwards unless the endogenous variables are properly instrumented for as in
specification (4).

2.4.3 Discussion

A comment is in order on the behavioral properties of the estimators in terms of bias,
consistency and efficiency, and on the implications for the estimates obtained in the
second estimation step.
There are three main drivers that may lead to incorrect estimates in the second step.

First, if in the first estimation step the model is misspecified, then in the second step
inconsistent estimates are plugged into the system of equations (2.6), which in turn
yields inconsistent estimates of the remaining coefficients. Second, the assumption that
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the estimated coefficients from the first step do not change over time might be incorrect.
Finally, there may be sample selection in the sense that not all consumer magazines
create companion websites and therefore, the substitution process analyzed in this paper
is only valid for those which have a companion website.
To shed light on the first two of these issues, it is useful to compare the two-step

estimation carried out in this paper with a – hypothetical – one-step estimation of the
full model if all necessary data had been available. Suppose that the estimates from
the first estimation step are unbiased and that the assumption that the estimates do
not change over time is correct. In this case, the estimator in the second step will be
consistent and more efficient than the hypothetical one-step estimation. If, by contrast,
either the estimates from the first estimation step are biased or the assumption that
they do not change over time is wrong, then the estimator in the second step will be
inconsistent. However, even in this case the two-step estimator will be more efficient.
The reason for the increasing efficiency compared to the one-step estimation is that
any additional information – even if it is incorrect – will increase the precision of the
estimator.
In order to test robustness of my results with respect to the third issue (i.e. the

possibility of sample selection described above), I rerun the regressions of both steps,
restricting the sample in the first step to those consumer magazines that create websites
and are therefore analyzed in the second step as well. The results of these regressions
differ only marginally from those reported in tables 2.5 and 2.6.

2.5 Conclusion

In this paper I have shed light on the interaction between offline and online demand
for advertising in the magazines industry, taking into account the two-sidedness of the
markets for reading and advertising.
In a first step, I can reproduce the result from previous research that in the traditional

two-sided market of consumer magazines, there are positive network effects between
readers and advertisers in both directions: advertisers value readers and readers also
like advertisements. The reason for this latter result – readers value advertisements – is
that when reading a magazine, consumers are always in control because they can easily
skip advertisement pages.
Beyond this – and this is the main contribution of my study – offline and online ad-

vertising are found to be substitutes albeit not perfect ones. This finding goes in line
with the observation made in recent years that advertisers slowly yet increasingly shift
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their budgets from offline to online advertising. This has potentially important impli-
cations for the allocation of advertisement revenue in the future. Essentially, it draws a
prospering future for online advertising. As of now, advertisers expect that the positive
trend of online advertising will persist in the years to come for three main reasons (see
Circle of Online Marketers, 2010). First, for the advertiser costs for online advertising
are much more transparent than costs for traditional offline advertising. Second, de-
tailed analyses of the advertising campaigns are much easier for online than for offline
advertising. Finally, advertisers can optimize running online advertising campaigns in
real time, whereas this possibility is not given in the offline advertising market. As ex-
plained in Circle of Online Marketers (2010), these features and possibilities are more
important than ever for advertising companies. By sharp contrast, classical magazines
probably will have to either cross subsidize their printed editions even more strongly or
explore alternative sources of revenue.
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3 Estimating Network Effects in Two-Sided
Markets without Data on Prices and
Quantities

3.1 Introduction

The estimation of network effects in two-sided markets is both particularly important and
particularly challenging. It is particularly important because the antitrust economics of
two-sided markets differ fundamentally of those of classical one-sided markets (see e.g.
Evans, 2003; Wright, 2004) and therefore, the question whether a market is actually
two-sided or not is crucial for choosing adequate competition policy measures.1 The
more important the inter-group network effects in a two-sided market are, the bigger are
the potential consequences with respect to economic welfare if these network effects are
ignored when choosing competition policy measures. Therefore, the inter-group network
effects have to be identified and quantified as precisely as possible.
However, the estimation of the network effects paramters in a two-sided market setting

is also particularly challenging. Indeed, while the theoretical literature on two-sided
markets is constantly growing, only few papers aim to measure the inter-group network
effects empirically. This lack of empirical research is largely a consequence of two specific
problems arising in the empirical analysis of such markets: the need of complicated
estimation procedures and the rather high data requirements.
Both of these problems are due to the fact that the inter-group network effects occur

simultaneously and thereby create feedback between the two sides of the market.2 Var-
ious papers have tried to disentangle the two effects of this feedback loop in different
two-sided markets. The existing empirical applications include studies on the markets
for yellow pages, newspapers/magazines, other media platforms and electronic payment
1For a definition and examples of two-sided markets, the reader is referred to section 1.1, and for a
more extensive general literature review, see section 1.2.

2The analysis can be further complicated if the network effects in one or both directions are negative
(see Reisinger, 2004). A typical example is TV advertising, (see Anderson and Coate, 2005; Kind
et al., 2005).
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systems (in particular payment card networks or Automated Clearing House).
In the simplest case, the existence of inter-group network effects can be identified by a

Correlation Analysis. Rysman (2007) analyzes individual network choice and correlations
with network reputation, measured by network size and scope. While this method is easy
to implement, the direction of the network effect remains unclear, since correlation does
not imply causality: The ”approach does not allow [...] to distinguish whether consumer
usage causes merchant acceptance, merchant acceptance causes consumer usage or both“
(Rysman, 2007, p. 27).
Argentesi and Filistrucchi (2007) construct a structural econometric model and esti-

mate it by two-stage least squares in order to derive conclusions on market power in the
two-sided market of the newspaper industry. Since the data they have on the two sides
does not match in frequency and observation period, they estimate the equations for the
two different separately.
Ackerberg and Gowrisankaran (2006) use an Indirect Inference Procedure to estimate

causes and magnitudes of network externalities in the Automated Clearing House (ACH)
electronic payments system. In a first step, they specify an equilibrium model of interac-
tions between the two sides (banks and customers). Secondly, the structural equilibrium
predictions of the model are computed. Finally, these predictions are compared to the
actual outcome, i.e. the data.
Rysman (2004) specifies a structural two-sided market model for network competition

in the market for yellow pages. Using General Method of Moments (GMM), he estimates
simultaneously two demand equations (one on consumer demand for usage and one on
advertiser demand for advertising) and the publisher’s first-order condition for optimal
advertising prices, which is derived from profit-maximizing behavior. The other first
order condition is missing since yellow pages are given to readers for free so that prices
on the readers’ side are constrained to zero. Similarly, Kaiser and Wright (2006) ana-
lyze competition in the magazine industry. In their model, two platforms (in this case
magazines) compete. Demands on each side is derived from a Hotelling specification and
prices are set in a differentiated Bertrand way. They estimate the two demand equa-
tions using GMM and are able to derive conclusions on the network externalities and
the markups in equilibrium. The advantage of using GMM is that it deals at the same
time with the problem of simultaneity arising from the inter-group network effects and
the other endogeneity issues. To be specific, simultaneity is addressed by a simultaneous
estimation of the demand equations on the two market sides. Endogeneity is addressed
by the choice of appropriate instruments.
However, all of the estimation techniques described above put high requirements on

36



3.1 Introduction

the data needed for the analysis. Researchers need data on quantities, prices, covariates
as well as appropriate instruments on both market sides. To overcome this problem
and in order to use more simple estimation techniques, this paper proposes a semi-
structural approach that allows to identify and quantify network effects in two-sided
markets absent data on prices and quantities and without using instrumental variable
techniques. Instead, only data on equilibrium revenue and on demand and/or cost
shifters is required and the resulting regression equations can be easily estimated by
Ordinary Least Squares (OLS).
More precisely, I consider a number of profit-maximizing monopoly platforms each

of which serves two distinct groups of users that potentially exert inter-group network
effects on each other. This monopoly assumption implies that users single-home, i.e. that
they use at most one platform and consequently competitive bottlenecks do not exist.
One intuitive application of this monopoly setting is the market for regional newspapers
in many countries, where each newspaper operates as a monopolist in its respective
region. In this example, the two user groups would be readers and advertisers. Network
effects between these two groups would be present if advertisers value readers and/or
the utility of each reader changes with the number of advertisements in the respective
newspaper.
I begin by specifying a structural model of demand and supply. The model is solved

for the equilibrium on the two market sides such that endogenous equilibrium prices
and quantities are functions of exogenous variables, which may be demand and/or cost
shifters.3 Equilibrium revenue on the two market sides is derived as functions of the
shifters. Comparative statics is used to derive conclusions on the inter-group network
effects from these revenue equations. Identification is achieved when the reduced-form
revenue reacts differently to shocks in demand and/or costs if the two market sides are
interconnected rather than if they are not.
The functions are reduced-form revenue equations, since the coefficients to be esti-

mated from them are not the original structural coefficients of the demand and supply
equations, but rather combinations of those. This is also the reason why the approach is
a semi-structural and not a completely structural one. Revenue results from the optimal
prices and quantities in equilibrium and therefore the dependent variable incorporates
the overall optimal response to an exogenous change in a shifter through all potentially
endogenous variables. As such, the approach follows Panzar and Rosse (1987), who

3Intuitively, demand shifters are more promising, since it is difficult to distinguish cost complementar-
ities on the one hand and the difference in the reaction to a shift in costs in one-sided markets and
two-sided markets on the other hand.
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propose a reduced-form revenue estimation in classical one-sided markets.
By estimating equilibrium revenue instead of demand and supply, I avoid the need

of data on prices and quantities as well as of instrumental variables, yet at the cost of
losing some economic information which could have been used, had the structural model
been directly estimated. Compared to structural models, the drawback of the approach
developed in this paper is that after the estimation of the reduced-form revenue equa-
tions, not all parameters from the original structural model can be completely identified
in all model setups. Specifically, a sufficient test for the existence of network effects is
derived when only data on total revenue on the two sides is available. It is not possible to
identify size or direction of the network effects in this scenario. If separate revenue data
is available, then the test is both necessary and sufficient, and size as well as direction
of the network effects are identified.
This paper is structured as follows: In the next section, I propose the semi-structural

model of a two-sided market. In section 3.3, the identification of network effects is
derived and discussed. Section 3.4 concludes.

3.2 A Semi-Structural Model

In this section, I develop a static, semi-structural model for a two-sided monopoly plat-
form. As discussed above, the main advantage of this approach is that it avoids the need
of extensive information on prices, quantities and instrumental variables. Only data on
revenues and appropriate demand and supply shifters are needed for the two market
sides, and the resulting regression equations can be easily estimated via OLS.
The model follows Armstrong (2006) closely. In particular, prices are not charged per

transaction between users from the two sides (see e.g. Rochet and Tirole, 2003, 2006).
Rather, each participating user on each side is charged a price for the right to interact
on the platform.
Given utility functions of consumers, I derive demand of the two sides of the market.

After that I obtain supply from the assumption that the monopolist maximizes joint
profit from the two sides, taking into account the demand system derived before. Af-
ter specifying this structural model, I derive the reduced-form revenue equations from
equilibrium prices and number of users, explain how they can be estimated by Ordinary
Least Squares and turn to the most important problem of identification in order to draw
conclusions on the coefficients of the original structural model, in particular on the exis-
tence of network effects. In doing so, I consider two different scenarios, one in which data
on total revenue from both market sides is given, but data on revenue from each side is
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unavailable, and one in which revenue data is available for the two separate sides. The
former scenario involves estimation of just one reduced-form revenue equation, whereas
in the latter scenario, two equations can be estimated simultaneously.

3.2.1 Utility and Demand

Consider a market with two sides i = 1, 2 on each of which there is a measure one of
consumers. The utility of a consumer is respectively given by u1 = α1n2−p1 +ν1 +x1δ1

and u2 = α2n1 − p2 + ν2 + x2δ2, where p1 and p2 are the platform’s prices for the two
groups, n1 and n2 are the number of users who are on the other side of the platform
and ν1 and ν2 represent the consumer type on side 1 and 2, respectively. x1 and x2 are
demand shifters, for example GDP (if x1 = x2) or group-specific income (if x1 6= x2);
their impact is measured by the coefficients δ1 and δ2. The economic intuition is that
these shifters change the average utility consumers derive from the platform and therefore
also the number of consumers who use the platform in equilibrium. The main parameters
of interest are α1 and α2, which denote the network effects.
Suppose that νi is distributed according to the cumulative distribution function Fi(νi)

and that ui is continuous and increasing in νi. Without loss of generality νi denotes
a rank-ordering of the consumer types on side i. Users on the two sides maximize
utility, given the expected network size on the other side in equilibrium. Consumers will
participate if and only if their utility is non-negative.
Assuming an interior solution, for each side there exists an indifferent consumer of

type ν∗
i s.t. ν∗

1 = p1 − α1n2 − x1δ1 and ν∗
2 = p2 − α2n1 − x2δ2.4 Consumers on side

1 will join if and only if their type ν1 is bigger than ν∗
1 , i.e. if and only if ν1 ≥ ν∗

1 =
p1−α1n2−x1δ1. The same holds symmetrically for side 2. The implicit system of demand
is then given by n1 = 1 − F1 (ν∗

1) = 1 − F1 (p1 − α1n2 − x1δ1) and n2 = 1 − F2 (ν∗
2) =

1− F2 (p2 − α2n1 − x2δ2), which can be simplified to:

n1 = 1− F1 (p1 − α1 + α1F2 (p2 − α2n1 − x2δ2)− x1δ1)

n2 = 1− F2 (p2 − α2 + α2F1 (p1 − α1n2 − x1δ1)− x2δ2) .
(3.1)

To close the demand model so that explicit demand can be derived from (3.1), I
assume that ν1 and ν2 are continuously uniformly distributed in the interval [0, νmax],
i.e. F1(ν1) = ν1/νmax for 0 ≤ ν∗

1 ≤ νmax and F2(ν2) = ν2/νmax for 0 ≤ ν∗
2 ≤ νmax. This

functional assumption of a uniform density of consumers is widely used in the literature,
4In this context, the interior solution means that 0 < ν∗

1ν
∗
2 < 1.
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not only in theoretical but also in empirical articles (see e.g. Bresnahan, 1987; Feenstra
and Levinsohn, 1995).5

For ease of computation, I normalize νmax = 1, so that the distributions of ν1 and ν2

are standard uniform ones. The analysis can also be carried out without this additional
assumption, but the results become slightly more complex. Under these assumptions,
the system of demand (3.1) simplifies to:

n1 = 1− p1 + x1δ1 + α1(1− p2 + x2δ2)
1− α1α2

n2 = 1− p2 + x2δ2 + α2(1− p1 + x1δ1)
1− α1α2

.
(3.2)

3.2.2 Profit Maximization and Supply

Suppose there is a monopoly platform serving demand on the two sides of the market.
Consider revenue R1 = n1p1 and R2 = n2p2 as well as variable costs C1(w1, n1) = n1w1γ1

and C2(w2, n2) = n2w2γ2 and fixed costs Cf . w1 and w2 are input prices of two cost
factors; their impact on variable costs is measured by γ1 and γ2, respectively. For
simplification, this cost specification assumes that there are constant marginal costs on
both sides of the market and that the cost shifters w1 and w2 are separable in the market
sides, i.e. that factor w1 does not have any impact on costs on side 2 and, symmetrically,
w2 does not have any impact on costs on side 1.6

Other cost specifications are possible. For example, marginal costs need not be con-
stant or there may be cost complementarities between the two market sides. Identifi-
cation is also possible if variable costs are of the form C1(w1, n1) = n1(w1γ1 + γc1) and
C2(w2, n2) = n2(w2γ2 + γc2). However, even with the chosen simple cost specification
it is difficult to solve for closed-form equilibrium prices and quantities and to derive
the original structural parameters from the reduced-form revenue estimators. The more
complex the specification of marginal costs is, the more difficult the identification of the
original parameters will be.
The monopolist chooses prices for the two sides p1 and p2 as to maximize joint platform

profit given by:

5In principle, other functional assumptions are possible, but it is important that one can solve explicitly
for the number of users on each side in equilibrium.

6Note that “constant marginal costs” does not mean that the costs may not be shifted as the input
factors w1 and w2 vary.
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π = (R1 +R2)︸ ︷︷ ︸
Revenue

− (C1(w1, n1) + C2(w2, n2) + Cf )︸ ︷︷ ︸
Costs

= n1 (p1 − w1γ1) + n2 (p2 − w2γ2)− Cf .
(3.3)

Substituting (3.2) into profit (3.3) and maximizing with respect to p1 and p2 yields
optimal prices of the monopolist p∗

1 and p∗
2:7

p∗
1 =2(1 + x1δ1 + w1γ1)− (α1 + α2)(α1w1γ1 + α2 + α2x1δ1)

4− (α1 + α2)2

+ (α1 − α2)(1 + x2δ2 − w2γ2)
4− (α1 + α2)2

p∗
2 =2(1 + x2δ2 + w2γ2)− (α1 + α2)(α2w2γ2 + α1 + α1x2δ2)

4− (α1 + α2)2

+ (α2 − α1)(1 + x1δ1 − w1γ1)
4− (α1 + α2)2

(3.4)

Substituting (3.4) back into (3.2) yields the equilibrium number of users n∗
1 and n∗

2:

n∗
1 = 2(1 + x1δ1 − w1γ1) + (α1 + α2)(1 + x2δ2 − w2γ2)

4− (α1 + α2)2

n∗
2 = 2(1 + x2δ2 − w2γ2) + (α1 + α2)(1 + x1δ1 − w1γ1)

4− (α1 + α2)2 .
(3.5)

In (3.4) and (3.5) all four endogenous variables (n∗
1, n∗

2, p∗
1 and p∗

2) are expressed in
terms of exogenous variables, their coefficients and the network effects parameters. This
is an essential step in the procedure since otherwise the reduced-form revenue equation,
which is derived from these two systems of equations, would also consist of potentially
endogenous variables on the right-hand side. This in turn would call for instrumental
variable estimation techniques.

7Suppose that this is a global maximum, which is indeed the case for non-explosive network effects, i.e.
(α1 + α2)2 < 4 (see e.g. Armstrong, 2006).
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3.3 Identfication of Network Effects

Now that the model is solved for equilibrium prices and quantities, the corresponding
equations (3.4) and (3.5) are used to express equilibrium revenue as a function of the
cost and/or demand shifters and the network effects parameters. Since this involves mul-
tiplication of equilibrium prices and quantities, identification of the original structural
parameters becomes challenging.
Two different tests are derived in the analysis which follows. First, I show how a

sufficient test on network effects can be derived when only data on the sum of the
revenues on the two market sides is available. Second, a necessary and sufficient test
for network effects can be obtained when revenue data on both sides of the market is
available.

3.3.1 A Sufficient Test for Network Effects

Total reduced-form revenue R is given by the sum of the equilibrium revenues from the
two market sides:

R =R1 +R2 = n∗
1p

∗
1 + n∗

2p
∗
2

=2 + x1δ1(2 + x1δ1) + x2δ2(2 + x2δ2)− (w1γ1)2 − (w2γ2)2

4− (α1 + α2)2

+ (α1 + α2)(1 + x1δ1)(1 + x2δ2)− w1γ1w2γ2

4− (α1 + α2)2 .

(3.6)

There are four exogenous variables in (3.6) that shift total equilibrium revenue of the
firm, namely x1 and x2 as demand shifters and w1 and w2 as cost shifters. Rearranging
(3.6) yields:

R = λc+λx1x1+λx2x2+λx2
1
x2

1+λx2
2
x2

2+λx1x2x1x2+λw2
1
w2

1 +λw2
2
w2

2 +λw1w2w1w2, (3.7)

where the different λ’s are combinations of the original structural coefficients:
λc = 1

2−(α1+α2) , λx1 = 1
2−(α1+α2)δ1, λx2 = 1

2−(α1+α2)δ2, λx2
1

= 1
4−(α1+α2)2 δ

2
1 ,

λx2
2

= 1
4−(α1+α2)2 δ

2
2 , λx1x2 = −(α1+α2)

4−(α1+α2)2 δ1δ2, λw2
1

= −1
4−(α1+α2)2γ

2
1 , λw2

2
= −1

4−(α1+α2)2γ
2
2 ,

λw1w2 = −(α1+α2)
4−(α1+α2)2γ1γ2.

The estimation strategy is to regress total revenue R on the second-order polynomial
of the exogenous variables according to equation (3.7), taking into account the corre-
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sponding interaction effects. From this regression, the λ’s can be consistently estimated
by OLS. Solving these λ’s for the structural coefficients of the original model yields the
following identification:

(α1 + α2) = 2− 1
λc

δ1 = λx1

λc

δ2 = λx2

λc

γ1 = ±

√
(1− 4λc)λw2

1

λc

γ2 = ±

√
(1− 4λc)λw2

2

λc
.

(3.8)

From (3.8) it can be seen, that the sum (α1 + α2) is identified. To be precise, if (3.8)
implies (α1 + α2) 6= 0, then the monopoly platforms under investigation operate in a
market with inter-group network effects, i.e. in a two-sided market. According to the
first equation of (3.8), testing that (α1 + α2) = 0 is equivalent to testing that λc = 1/2
in the reduced-form revenue equation (3.7), i.e. the existence of network effects can be
tested via the constant of the reduced-form revenue equation.

This special form of the test is due to two specific reasons. The first one is the as-
sumption that νmax = 1, which simplifies the demand functions, thereby also equilibrium
prices/quantities and consequently also reduced-form revenue. The second reason is the
monopoly assumption, as it implies that the firm can entirely internalize the consumers’
reactions to its choice of quantities on both market sides.

However, α1 and α2 cannot be identified separately. Economically, this means that
both size and direction of the network effects remain indetermined. Even if (α1+α2) = 0,
one cannot exclude the existence of network effects in this scenario, since it is possible
that α1 = −α2 6= 0, which means that positive and negative network effects cancel each
other out. Put differently, this setting provides a sufficient but not necessary test for the
existence of network effects.

Demand shock coefficients δ1 and δ2 are identified, while for the cost shocks, only the
square of the coefficients γ1 and γ2 can be identified. Note that not all λ’s are needed
to derive the solution (3.8). The remaining λ’s can therefore be used to construct
specification tests for the model.
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3.3.2 A Necessary and Sufficient Test for Network Effects

Reduced-form revenue on the two market sides is given by:

Ri =n∗
i p

∗
i

=2(1 + xiδi − wiγi) + (αi + αj)(1 + xjδj − wjγj)
4− (αi + αj)2 ×

2(1 + xiδi + wiγi)− (αi + αj)(αiwiγi + αj + αjxiδi) + (αi − αj)(1 + xjδj − wjγj)
4− (αi + αj)2

(3.9)

for i, j = 1, 2 and i 6= j. As before, there are four exogenous variables in (3.9) that
shift equilibrium revenues of the firm on both sides of the market: x1, x2, w1 and w2.
Rearranging (3.9) yields:

Ri =λ(i)
c + λ(i)

x1x1 + λ(i)
x2x2 + λ

(i)
x2

1
x2

1 + λ
(i)
x2

2
x2

2 + λ(i)
x1x2x1x2

+ λ(i)
w1w1 + λ(i)

w2w2 + λ
(i)
w2

1
w2

1 + λ
(i)
w2

2
w2

2 + λ(i)
w1w2w1w2

+ λ(i)
x1w1x1w1 + λ(i)

x2w2x2w2 + λ(i)
x1w2x1w2 + λ(i)

x2w1x2w1

(3.10)

for i = 1, 2 and where the λ(i)’s are combinations of the original structural coefficients.

Estimation is to regress revenues of the two market sides R1 and R2 separately on the
second-order polynomial in the exogenous variables, taking into account their interaction
effects, as indicated in (3.10).8 The resulting estimates of the λ(1)’s and the λ(2)’s are
consistent and can be used to identify the structural parameters of the original model
as follows:

8In principle, the two reduced-form revenue equations of system (3.10) could also be estimated jointly
with Seemingly Unrelated Regression (SUR) estimation. However, as the explanatory variables are
identical in both regression equations, there are no efficiency gains from using SUR rather than OLS
(see Judge et al., 1988, p. 452).
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α1 = 1− λ
(2)
c(

λ
(1)
c + λ

(2)
c

)2

α2 = 1− λ
(1)
c(

λ
(1)
c + λ

(2)
c

)2

δ1 =
4
(
λ

(1)
c + λ

(2)
c

)
− 1

5
(
λ

(1)
c

)2
− λ(1)

c + 6λ(1)
c λ

(2)
c +

(
λ

(2)
c

)2λ
(1)
x1

δ2 =
4
(
λ

(1)
c + λ

(2)
c

)
− 1

5
(
λ

(2)
c

)2
− λ(2)

c + 6λ(1)
c λ

(2)
c +

(
λ

(1)
c

)2λ
(2)
x2

γ1 =
1− 4

(
λ

(1)
c + λ

(2)
c

)
(
λ

(1)
c − λ(2)

c

)2
+ λ

(2)
c

(
1− 4λ(2)

c

)λ(1)
w1

γ2 =
1− 4

(
λ

(1)
c + λ

(2)
c

)
(
λ

(1)
c − λ(2)

c

)2
+ λ

(1)
c

(
1− 4λ(1)

c

)λ(2)
w2 .

(3.11)

(3.11) shows that if revenue on both sides is given, then α1 and α2 are identified.
Economically, this means that both size and direction of the network effects parameters
are identified. Moreover, the test on network effects in this scenario is both necessary
and sufficient.
As before, conclusions on the structural coefficients of network effects α1 and α2

can be made using only the intercepts of the reduced-form regression equations. In
particular, summing up the first two equations of (3.11) and noting that R1 + R2 = R

implies λ(1)
c +λ

(2)
c = λc, one reobtains the sufficient test discussed in section 3.3.1 for the

scenario when only total revenue is available. Identification of α1 and α2 is now achieved
because in contrast to this former scenario, separate revenue constants λ(1)

c and λ(2)
c are

available for the two revenues R1 and R2 and their individual contribution to the total
revenue constant λc can be determined. The special form is again due to the simplifying
assumption νmax = 1 and the monopoly setting.
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3.4 Conclusion

In this paper, I propose necessary and sufficient tests for network effects in two-sided
markets absent data on prices and quantities. This is possible because in such markets,
cost and/or demand shocks have a different influence on equilibrium revenue on the two
sides than they have in markets which are not interconnected.
When only data on the sum of the revenues on the two sides is available, it is possible

to derive conclusions on the existence of network effects; however, the test is only a
sufficient one and it is impossible to identify the direction of the network effects. If, by
contrast, revenues on both sides are available, the test is a necessary and sufficient one
and the direction of network effects is identified.
There are several limitations in and potential extensions of the approach presented

in this paper. First, the model is only valid for monopoly platforms. It may be an
interesting extension to construct a similar model for duopolies, oligopolies and perfect
competition. Second, in order to be able to solve for the equilibrium prices and quantities
in the monopoly model of a two-sided platform, I have to assume a uniform (or a different
simple) distribution of the consumers’ heterogeneity parameters ν1 and ν2 on both sides
of the market. In reality, consumers’ heterogeneity may be different. The conclusions
of the semi-structural approach proposed in this paper rely on this specifc structural
functional assumption. However, the model itself provides appropriate specification
tests for this underlying assumption. Therefore, the approach can be used as a good
starting point for researchers who aim to identify whether a platform is two-sided or not.
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4 Skin in the Game: Evidence from the
Online Social Lending Market

4.1 Introduction

The functioning of markets crucially depends on the matching of demand and supply,
and this holds in particular for financial markets such as the lending market. Borrowers
and lenders face substantial information asymmetries, which may eventually lead to the
breakdown of this market as described by Akerlof (1970) and Stiglitz and Weiss (1981)
– and as observed in the recent financial crisis. Banks have traditionally taken the role
of financial intermediaries to screen and monitor potential borrowers by using public
and private information to overcome – at least partly – these information asymmetries
and to allow the lending market to work, i.e. to give creditworthy borrowers access
to credit at sustainable interest rates that incorporate the borrowers’ risk of default.
Their commitment to the scrutiny of screening and monitoring and thus the forbearance
from unscrupulous lending to informationally disadvantaged borrowers such as retail
customers has traditionally been secured by their skin in the game, as described in
Holmström (1979) and Holmström and Tirole (1997). However, the widespread use of
loan securitization and the originate-to-distribute model have altered the incentives for
financial intermediaries and raised the important question whether and to what extent
the lack of skin in the game has affected the quality of lending decisions. Discussion
about this question has been at the forefront of the regulatory and academic debate
about the financial crisis.1 Further, with the recent advances in information technology,
new lending platforms have emerged that do not rely on the existence of a financial
intermediary any more and in which lenders and borrowers do not have the chance
for personal interaction, as for example described in Ravina (2008). Important open
questions are how markets can responsibly match demand and supply despite the lack

1For example, President Obama motivated the creation of the Consumer Financial Protection Agency
as follows (see The White House, 2009): “Millions of Americans who have worked hard and behaved
responsibly have seen their life dreams eroded by the irresponsibility of others and the failure of their
government to provide adequate oversight. Our entire economy has been undermined by that failure.”
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of a financial intermediary and skin in the game as well as which conditions have to be
fulfilled and what incentives have to be given to market participants to protect retail
customers from unscrupulous lending. While these questions have relevance for many
financial markets, the lack of data makes it often very difficult to find clear evidence.

We thus address some of these questions by examining a clearly defined major change
on the online social lending platform Prosper.com, on which lenders can give their
money directly to borrowers without the intermediation of a financial institution. Pros-
per.com has attracted over 385,000 requests for loans with a total volume of more than
$2,800,000,000 since its inception in 2006. As an outcome, 36,268 of these loan requests
have resulted in actual loans with a volume of $211,000,000. Prosper.com has thus de-
veloped into the market leader for online social lending and can be seen as an ideal and
clean opportunity for our analysis as it provides on its webpage detailed information on
individual borrowers, their loan requests, funding success, interest rates, and subsequent
loan performance.

We are able to examine which incentives work well in this market as well as identify
mechanisms that lead to a deterioration in lending quality, using a difference-in-difference
methodology and analyzing the effects of a major change in the way the lending platform
operates. One important mechanism in this market is the creation of self-organized
groups that are headed by a group leader and joined voluntarily by further members.
The group leader is allowed to grant or deny members access to their group, ask for
verification of the information provided by the group members and define the purpose
of the group as well as the nature and interests of its members. In particular, the group
leader can endorse and submit bids for the borrower listings in her group, i.e. put her
money where her mouth is, or have “skin in the game”. Groups can have the equivalent
of an origination fee wherein the group leader is allowed to charge a fee for his role
in matching demand and supply for loans. This fee regularly comprises an immediate
closing fee and additional interest over the lifetime of the loan. Prosper.com abolishes
this group leader reward on 09/12/2007, following an announcement on 09/05/2007.
This imposed change on the group leader provides us with a unique opportunity to
analyze the functioning of the market before and after this change in the reward structure
for the group leader. Importantly, we can see the behavior of the same group leaders
and groups before and after the removal of origination fees and assess differences in the
kinds of loans originated and their performance.

We find that group rewards have an adverse effect, as we document remarkable differ-
ences for lending outcomes and in particular default rates before and after the change of
the reward structure. When group leaders can still earn rewards for successful listings
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in their groups, the default rates are substantially higher for loans with than for loans
without group leader bids and endorsements. From an economic standpoint, it still pays
for the group leader to endorse or submit bids even for weaker listings. The successful
closure of these listings provides him with a reward that exceeds the losses from the
increased likelihood of default, while other lenders and borrowers lose on these loans.
In strict contrast, after the change in the reward structure when the group leader does
not receive any fees for a successful closure of a listing any more, group leader bids and
endorsements are used much more responsibly and are thus associated with significantly
lower borrower default rates.

Similarly, even before the elimination of group leader rewards, a group leader bid and
endorsement is credible when the group leader contributes a substantial fraction to the
requested loan amount. In this case, the default rates are significantly lower than for
other loans and almost identical to those for loans after the elimination of group leader
rewards. These results suggest that a group leader has the right incentives to screen
only if he has substantial skin in the game and is severely hurt by losing money when
a borrower defaults. This evidence has important implications for the current debate
about the proper protection of retail customers in financial markets. In particular, it
suggests that only originators who retain a substantial share of the originated loan have
the right incentives to screen loans efficiently and make responsible lending decisions
that do not hurt borrowers and co-lenders.

Our paper is related to different strands of the literature. First, it deals with the
general questions raised in Akerlof (1970) and Stiglitz and Weiss (1981) of how to match
demand and supply and thus enable the lending market to work. We provide evidence
how group leader bids and endorsements as well as group leaders’ skin in the game
provide credible signals to other lenders and thus induce them to bid on these listings.
The paper thus directly relates to the literature that focuses on the unobservable ac-
tions by the lender in checking potential borrowers’ creditworthiness. The theoretical
work by Holmström (1979) and Holmström and Tirole (1997) as well as the empirical
work by Sufi (2007) stress the importance of the share of the loan retained by financial
intermediaries to overcome information asymmetries. Second, our paper relates to the
growing literature on irresponsible advice and lending by financial intermediaries and
the resulting need for regulatory intervention and consumer protection, such as for ex-
ample Bolton et al. (2007), Bergstresser et al. (2009), and Inderst and Ottaviani (2009).
Third, we analyze which particular role important concepts from the banking literature
play in this context. One important related concept is the differentiation between hard
and soft information such as in Stein (2002), and Berger et al. (2005). An important
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change due to the use of new technologies in finance such as online lending is a greater
reliance on hard relative to soft information in financial transactions. At the same time,
information technology may lead to the hardening of soft information, i.e. the possibility
to transform the nature of the information from soft into hard as for example in credit
ratings. Another important related concept is the inherent risk of free-riding in moni-
toring when a larger number of lenders face a single borrower, along the lines in Bolton
and Scharfstein (1996). Finally, there is a growing number of papers that analyze the
lending behavior on Prosper.com. Hulme and Wright (2006) provide an overview of the
historical origins and contemporary social trends of online social lending and conduct
a case study of the world’s first online social lending platform, Zopa. Ravina (2008)
and Pope and Sydnor (ming) analyze whether there is discrimination on Prosper.com
in terms of socio-demographic variables such as race and gender. These characteristics
are taken care of by the difference-in-difference methodology employed in this paper, as-
suming their distribution is time-invariant across the different groups. Iyer et al. (2009)
test whether lenders can infer soft information in Prosper. Lin et al. (2009) test which
role social networks and in particular “the company that borrowers keep”, i.e. the bor-
rowers’ friends, play for the lending outcome. In our study, we focus on group leader
bids and endorsements as mechanisms used by the group leader to promote listings,
and we specifically examine the consequences of the elimination of group leader rewards
for funding success, the resulting interest rate, and loan performance. This helps us to
better understand the implications of the use of different incentives in consumer lending
in this market and in particular the importance of skin in the game.
The rest of the paper is structured as follows. The next section describes the insti-

tutional setting on the platform and provides an overview over the data. Section 4.3
presents the analysis and the univariate and multivariate results. Section 4.4 concludes.

4.2 Institutional Setting and Data

4.2.1 The General Setup

Prosper.com provides a basis for the interaction between two sides: on the one side the
potential borrowers, who are looking for money for some specific purpose; on the other
side the potential lenders, who are interested in opportunities and projects to invest their
money into.2 After registering on the platform, borrowers can post a listing in which
they ask for money and provide different types of information so that potential lenders
2Institutions are not allowed on Prosper.com during the sample period, so only private persons may
serve as borrowers or lenders.
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can better assess their creditworthiness. These types of information can be classified
into hard and soft information:

• Hard information

– On the borrower : Prosper.com assigns a unique identification number to each
borrower and requires him to provide his social security number, driver’s li-
cense number, and bank account information so that Prosper.com can verify
his identity and obtain his Experian Scorex PLUSSM credit report. Of par-
ticular importance here is the credit grade, which ranges from AA for the best
customers over A, B, C, D, and E to HR for the worst customers and which
is assigned to potential borrowers based on their Experian credit score. The
credit report, which is not reviewed or verified by Prosper.com, also includes
the borrower’s default history, which is thus observable by potential lenders.

– On the listing: Borrowers set the amount they request, which is between
$1,000 and $25,000, as well as the maximum interest rate they are willing to
pay. In some states, there are interest rate caps, while in the other states
the maximum interest rate may go up to 35% – an interest rate cap set by
Prosper.com.

• Soft information

This information is provided by the borrower herself and only some of it is verified.
Examples of this soft information are borrower state, income range, and house
ownership. Additionally, the borrower has the possibility to post one or more
photos, e.g. of her or the object that she wants to finance with the loan. Borrowers
can explain what they want to spend the money on, how they intend to pay it back
by providing a budget, and why they are particularly reliable and trustworthy.

Lenders have the possibility to screen the listings and can place one or several bids of
at least $50 on any of them at any interest rate below or equal to the maximum interest
rate requested by the borrower. These bids cannot be canceled or withdrawn. The
bidding on the listing is performed as an open uniform-price auction in which everybody
can observe each other’s actions. As long as the aggregate supply on a listing does not
exceed the borrower’s demand, bidders can see the amount of the other bids, but not
the interest rates of those bids. They only observe the maximum interest rate that the
borrower is willing to pay. Once the aggregate supply exceeds the borrower’s demand,
bidders can also see the marginal interest rate so that they know which rate they have
to underbid to be able to serve as a lender. As a consequence, lenders who offer the
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highest interest rates are outbid, so that the resulting interest rate is bid down until the
duration of the listing expires and the listing becomes a loan. Alternatively, borrowers
can also choose that the listing is closed and the loan is funded as soon as the total
amount bid reaches the amount requested. In the end, all winning bidders receive the
same interest rate, which is the marginal interest rate. In case the total amount bid does
not reach or exceed the amount requested within the duration time, the listing expires
and no transaction takes place. All loans on Prosper.com are 36-months annuity loans,
which can be paid back in advance though. The platform makes money from charging
fees to borrowers and lenders once a listing is completely funded and becomes a loan.
Borrowers pay – depending on their credit grade – a one-time fee (between 1% and 5%
of the loan amount), which is subtracted from the gross loan amount. Lenders pay a 1%
annual servicing fee.

A borrower who defaults on his loan is reported to credit bureaus so that this infor-
mation is recorded in the borrower’s credit report. Prosper.com uses collection agencies
to recover the outstanding balances, and the fees for these agencies are borne by the
defaulting borrowers’ lenders. Loans are unsecured and there is no second market for
these loans unless they become overdue; Prosper.com then reserves the right to sell the
loans to outside debt buyers.

On Prosper.com, platform members can organize themselves in groups in order to
facilitate the process of borrowing and lending as well as the interaction between each
other. Each user can form a group by defining the purpose of the group as well as the
nature and interests of its members and thus become a group leader. Each user can be
member (and thus group leader) of at most one group. The group leader administers
her group and can additionally act as a lender and / or borrower on the platform.
Furthermore, the group leader has the right to grant or deny other users access to
her group and ask for verification of the information that these users provide. Many
group leaders request additional information from potential borrowers, and this process
is referred to as “Vetting”. Furthermore, some group leaders request to review every
listing before it is posted in the group. Finally, there are group leaders who explicitly
offer help to the potential borrower in writing and designing the listing.

On Prosper.com, platform members can organize themselves in groups in order to
facilitate the process of borrowing and lending as well as the interaction between each
other. Each user can form a group by defining the purpose of the group as well as the
nature and interests of its members and thus become a group leader. Each user can be
member (and thus group leader) of at most one group. The group leader administers
her group and can additionally act as a lender and / or borrower on the platform.
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Furthermore, the group leader has the right to grant or deny other users access to
her group and ask for verification of the information that these users provide. Many
group leaders request additional information from potential borrowers, and this process
is referred to as “Vetting”. Furthermore, some group leaders request to review every
listing before it is posted in the group. Finally, there are group leaders who explicitly
offer help to the potential borrower in writing and designing the listing.
The group leader can exploit this potential informational advantage and the fact that

everybody can observe each other’s actions to promote in different ways the listings
posted in her group among potential lenders: she can place a bid on the respective
listing, thereby potentially signaling a financial commitment to the trustworthiness of
the borrower. Furthermore, the group leader can write an endorsement for the poten-
tial borrower, i.e. a short text in which she describes why this respective borrower is
particularly trustworthy. While bids and endorsements can also be made by other mem-
bers of Prosper.com, we concentrate on the analysis of bids and endorsements by the
informationally advantaged group leaders, who are also much more active than other
group members and are the key facilitators in their respective groups. Group leader
bids and group leader endorsements are often given together. We thus use the following
approach. First, in the univariate analysis, we consider the two signaling mechanisms
separately. Later, in the multivariate analysis, we analyze group leader bids and group
leader endorsements simultaneously.

4.2.2 Reward Groups, No-Reward Groups, and the Elimination of Group
Leader Rewards

Apart from the fact that groups aim at different purposes and people, they are very
heterogeneous by nature: Group leaders may either provide their service for free, for
example because of the interest they can earn on the loans to which they lend money or
simply the benefits from social interaction or prestige, or charge a fee on loans closed in
their group.3 Therefore, in our analysis we distinguish between no-reward groups and
reward groups. More precisely, we define a group as a reward group if the group leader
requires a group leader reward at least for one listing in her group. Otherwise, the group
is defined as a no-reward group.
Prosper.com started its business officially in 2006. Since then, there have been several

3The group leader obtains a one-time reward (“match reward”, 0.5% of the loan amount except for
E-loans and HR-loans) once the listing is completely funded and a monthly payment (“payment
reward”, 1% p.a. for AA-loans and A-loans, 2% p.a. for B-loans, C-loans and D-loans, 4% p.a. for
E-loans and HR-loans.). Alternatively, the group leader can also choose to only partly capture this
reward.
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policy changes on the platform to adjust the business model to changes in the macroe-
conomic environment and to the constantly better understanding of how online social
lending works. Figure 4.3 in the appendix provides a corresponding timeline of these
policy changes. In our analysis, we focus on one specific policy change: the elimination
of group leader rewards, which takes place on 09/12/2007. Prosper.com motivates the
elimination of group leader rewards in its announcement by “(t)he original philosophy
[...] to enable borrowers in close-knit communities to leverage the reputation and peer
pressure of their group [...], where compensation is not the dominant motivation for the
group leader’s services.” This event constitutes an imposed change on leaders of reward
groups and systematically changes their incentives in the loan granting process. It thus
represents an ideal event to analyze how group leaders react to a sudden change in in-
centives. To exclude possible influences of other significant policy changes, we restrict
our analysis to the loans originated between 02/13/2007 and 04/15/2008 in which no
other significant policy change occurs and follow their performance until 03/01/2010.4

On 02/12/2007, Prosper.com redefines the credit grades E and HR, excludes borrowers
without any credit grade from the platform, changes the borrower closing fee from 1% to
2% for the credit grades E and HR and the lender servicing fee from 0.5% to 1% for the
credit grades B-HR. Also, endorsements for friends are introduced in addition to group
leader endorsements. On 04/15/2008, Prosper.com increases the lender servicing fee for
AA-loans from 0% to 1%. The policy change of interest in our study – the elimination
of group leader rewards – is thus well centered in the sample period.

4.2.3 Descriptive Statistics

Until today, 36,268 loans have been originated out of more than 385,000 listings on
Prosper.com. The total amount funded exceeds $211,000,000. The company makes a
snapshot of its entire public data available on its website for download and data analysis.
After restricting the sample period as discussed above, we obtain a final sample of 153,541
listings, 34,858 of which are posted in groups.

4During the sample period, there are two minor policy changes: On 10/30/2007, Prosper.com changes
the lender servicing fee from 0.5% to 1% for A-loans and from 0.5% to 0% for AA-loans. Moreover,
from this date on Prosper.com allows borrowers who already have a current loan to create a new
listing in order to obtain a second loan. Second loans are allowed only for borrowers whose first loan
has been active for some time and whose two loans together do not exceed the maximum amount
of $25,000. To control for this latter policy change, we remove from the analysis the corresponding
listings in which borrowers apply for second loans. On 01/04/2008, Prosper.com changes the borrower
closing fees from 1% to 2% for the credit grades A and B, from 1% to 3% for the credit grades C and
D, and from 2% to 3% for the credit grades E and HR.
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Table 4.1 provides the summary statistics for the most important variables.5 Panel A
shows the distribution of listings by credit grades and by groups. Most listings are either
posted outside a group (118,683) or in a reward group (32,966); much fewer listings are
posted in no-reward groups (1,892). Listings with the credit grade HR present by far
the most dominant group of listings with 66,734 observations, again mostly outside a
group and in reward groups.

Table 4.1: Summary Statistics

No Group No-Reward Groups Reward Groups Overall

Panel A: Distribution of Listings

AA / A 7,641 301 1,641 9,583
B 6,532 146 1,839 8,517
C 12,572 293 3,648 16,513
D 18,896 346 5,529 24,771
E 21,005 261 6,157 27,423
HR 52,037 545 14,152 66,734

Total Number of Listings 118,683 1,892 32,966 153,541

Panel B: Distribution of Loans

AA / A 2,303 181 659 3,143
B 1,366 73 540 1,979
C 1,572 119 839 2,530
D 1,258 130 904 2,292
E 514 63 495 1,072
HR 432 88 647 1,167

Total Number of Loans 7,445 654 4,084 12,183

Panel C: Group-Specific Information

Group Leader Bid 45.8% 32.0% 32.7%
Group Leader Endorsement 32.8% 12.4% 13.5%
Vetting 28.6% 9.4% 10.4%
Listing Review Requirement 66.0% 40.7% 42.1%
Group Leader Offers Help 18.1% 7.8% 8.3%
In this table we report – by group type – summary statistics on the most important variables. Panel A shows the distribution
of listings (i.e. of requests for borrowing money) by the different credit grades from AA/A (best) to HR (worst). Panel B
shows the corresponding distribution of loans (i.e. of successfully and completely funded requests for borrowing money). Panel
C reports general group-specific shares, in particular the share of listings with at least one group leader bid and the share of
listings with a group leader endorsement. “Vetting” denotes that the group leader claims to review information sent by the
borrower (e.g. diploma or certificates). “Listing Review Requirement” denotes that the group leader checks the listing before
it is opened for bidding by potential lenders. “Group Leader Offers Help” denotes that the group leader offers to support the
borrower in writing and designing the listing.

From panel B of Table 4.1 we see that this does not hold true for the distribution of
loans. From the 12,183 loans, only 1,167 originate from successfully funded HR-listings,
while there are by far more AA/A-loans (3,143). Only for E-loans, the number of loans is

5Variable definitions for all variables in the tables of the paper are given in Table 4.8.
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smaller than for HR-loans. The results in panel B also suggest that the listing probability
is highest in no-reward groups, followed by that in reward groups and outside groups.
The number of loans in no-reward groups of 654 constitutes almost 35% of the number
of listings of 1,892 in these groups, while this rate decreases to about 12% for reward
groups and 6% outside groups.
In panel C of Table 4.1, the information on group-specific characteristics is summa-

rized. Despite the fact that they are not compensated for their work, group leaders are
relatively more active in no-reward groups than in reward groups in terms of bidding and
endorsing listings. They are also more involved in terms of vetting, i.e. they review and
certify the information given to them by the potential borrowers, reviewing listings, and
offering help to the borrower. For example, the share of listings with at least one group
leader bid is considerably higher in no-reward groups (45.8%) than in reward groups
(32.0%).

4.3 Empirical Analysis and Results

4.3.1 Univariate Analysis

Group Leader Bids and Group Leader Endorsements

Group leaders can use bids and endorsements as two important mechanisms to promote
listings in their groups. However, the existence of rewards for group leaders may create
adverse incentives for these group leaders. Rewards for successful listings may induce
them to use bids and endorsements to persuade other lenders to bid even on weak listings,
by making other lenders believe that these listings are creditworthy. Thus, in the first
step, it is important to understand how bids and endorsements are used in no-reward and
reward groups and which outcomes are associated with them. In the observed period,
group leaders bid on 32.7% of the listings and these bids tend to be successful: among
all first group leader bids on a listing, only 13% are outbid. Mostly, these bids constitute
small amounts – very often $50 or $100 – so that the median amount of the first group
leader bid is $70. Usually, these bids are placed very fast. Indeed, if a group leader bids,
her first bid is typically also the first overall bid on the respective listing.
Table 4.2 analyzes for no-reward and reward groups the listing success, interest rates,

and loan performance based on whether the group leaders bids on or endorses a listing
or whether he abstains from either of the two.
Panel A of Table 4.2 shows how success rates of listings are related to group leader

bids and group leader endorsements. In no-reward groups, success rates for listings with
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Table 4.2: Listing Success, Interest Rates, and Loan Performance by Listing Promotion
Mechanism (Group Leader Bids and Group Leader Endorsements)

Panel A: Listing Success

No-Reward Groups Reward Groups
(N=1,892) (N=32,966)

Credit With With With With
Grade None GL-Bid GL-Endorsement None GL-Bid GL-Endorsement

AA/A 39.5% 78.1% (-6.81)*** 81.9% (-7.54)*** 31.2% 50.0% (-7.56)*** 69.6% (-13.29)***
B 34.3% 64.6% (-3.67)*** 76.6% (-5.00)*** 20.8% 38.5% (-8.06)*** 60.7% (-13.87)***
C 21.3% 60.6% (-7.31)*** 70.8% (-8.31)*** 14.9% 33.2% (-12.21)*** 54.0% (-17.61)***
D 13.2% 56.0% (-9.37)*** 68.9% (-10.97)*** 9.7% 26.4% (-15.04)*** 45.5% (-19.43)***
E 9.5% 42.5% (-6.22)*** 55.4% (-7.25)*** 3.4% 18.0% (-15.49)*** 31.2% (-15.28)***
HR 4.3% 32.4% (-8.38)*** 33.1% (-7.58)*** 2.0% 11.1% (-17.54)*** 19.6% (-16.03)***

Total 16.6% 52.8% (-17.22)*** 60.6% (-18.97)*** 6.9% 22.4% (-35.17)*** 39.3% (-41.37)***

Panel B: Interest Rates

No-Reward Groups Reward Groups
(N=654) (N=4,084)

Credit With With With With
Grade None GL-Bid GL-Endorsement None GL-Bid GL-Endorsement

AA/A 9.3% 9.3% (-0.11) 9.5% (-0.37) 11.0% 11.4% (-2.10)** 11.7% (-2.79)***
B 13.4% 12.4% (1.34) 12.9% (0.61) 15.2% 14.6% (1.65)* 14.9% (0.85)
C 15.8% 15.6% (0.22) 15.6% (0.17) 18.2% 16.8% (4.73)*** 17.1% (3.49)***
D 19.2% 17.4% (1.94)* 17.1% (2.10)** 20.9% 19.7% (3.97)*** 19.6% (4.22)***
E 21.5% 20.6% (0.62) 20.4% (0.72) 24.8% 23.8% (2.24)** 23.5% (2.58)***
HR 24.7% 19.7% (2.37)** 20.7% (1.89)* 26.1% 24.2% (4.50)*** 24.3% (4.06)***

Total 14.8% 15.5% (-1.20) 15.4% (-1.03) 18.7% 18.8% (-0.53) 18.5% (0.77)

Panel C: Loan Performance

No-Reward Groups Reward Groups
(N=654) (N=4,084)

Credit With With With With
Grade None GL-Bid GL-Endorsement None GL-Bid GL-Endorsement

AA/A 2.8 6.3 (7.70)*** 4.5 (3.97)** 6.6 10.6 (14.16)*** 11.0 (14.26)***
B 7.7 3.5 (-5.54)*** 7.0 (-0.81) 13.3 15.8 (6.42)*** 15.5 (5.27)***
C 8.8 10.3 (2.04)** 8.7 (-0.09) 16.7 16.8 (0.34) 16.3 (-1.21)
D 9.6 10.5 (1.02) 9.5 (-0.13) 16.8 17.5 (2.05)** 16.9 (0.21)
E 19.4 13.2 (-4.33)*** 12.4 (-4.79)*** 18.5 22.9 (9.21)*** 25.5 (12.89)***
HR 31.4 21.1 (-5.66)*** 22.9 (-4.62)*** 23.7 26.4 (5.70)*** 29.1 (10.26)***

Total 10.6 11.4 (2.10)** 10.9 (0.87) 15.7 18.9 (20.79)*** 19.0 (19.98)***

In this table we report univariate results by listing promotion mechanism (group leader bids / group leader endorsements) and
credit grade. The table distinguishes between No-Reward Groups and Reward Groups. Panel A shows success rates of listings
(i.e. of the requests for borrowing money) by the different credit grades from AA/A (best) to HR (worst). Panel B shows the
corresponding interest rates of loans (i.e. of the successfully and completely funded requests for borrowing money). Panel C
shows failure rates of loans (per 1,000 loan-days). In this panel, any payment which is not made on time is considered as a
failure, so that failure events are late payments, charge-offs and defaults. T-statistics of the test on equality between “With
GL-Bid” and “None” as well as between “With GL-Endorsement” and “None” are reported in parentheses for both No-Reward
Groups and Reward Groups. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

57



4 Skin in the Game: Evidence from the Online Social Lending Market

a group leader bid (52.8%) or a group leader endorsement (60.6%) are much higher than
for those which have neither (16.6%). This is true for all credit grades, which shows
that both group leader bids and group leader endorsements increase the probability of
funding regardless of the riskiness of the listing. The analysis of reward groups draws a
similar picture: here, only 6.9% of the listings without a group leader bid and without a
group leader endorsement are funded, while the listing success is significantly increased
by group leader bids (22.4%) and group leader endorsements (39.3%).
From panel B of Table 4.2 we observe that in no-reward groups, neither group leader

bids nor group leader endorsements significantly influence the interest the borrower has
to pay, except for slightly lower interest rates for credit grades D and HR. The effect
is more pronounced for reward groups. The analysis by credit grade reveals that loans
with a group leader bid or a group leader endorsement are associated with significantly
smaller interest rates, in particular for the riskier credit grades. For example, borrowers
with a loan in the credit grade HR pay on average 26.1% if the listing has neither a
group leader bid nor a group leader endorsement, but only 24.2% if the group leader
bids on the listing and only 24.3% if the group leader writes an endorsement.
From panel C of Table 4.2 we see that in no-reward groups, loans of the riskier credit

grades E and HR have lower failure rates if they have a group leader bid or a group leader
endorsement. By sharp contrast, loans in reward groups with a group leader bid or a
group leader endorsement in general have significantly higher failure rates than loans
without any of these two (18.9 / 19.0 vs. 15.7). This is the case for almost all credit
grades. Apparently, group leader bids and group leader endorsements do not work as
credible signals in reward groups.
Taken together, in both group types the success rates of listings with group leader

bids and endorsements are much higher than for listings without group leader bids
and endorsements. Yet, while in no-reward groups these two promotion mechanisms are
associated with listings of good quality despite their bad credit grade E or HR, in reward
groups failure rates are systematically increased for listings with a group leader bid or
a group leader endorsement. Group leader bids and endorsements thus lead to adverse
outcomes in reward groups. If this is due to adverse incentives for group leaders, then
we should expect to see a change in behavior with a change in reward structure.
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Group Leader Behavior Before and After the Elimination of Group Leader Rewards

We thus analyze next whether and how the change in reward structure affects the group
leader behavior. Panel A of Figure 4.1 shows the weekly share of listings with at least
one group leader bid in no-reward groups and in reward groups over the sample period.
In no-reward groups, the share of listings with at least one group leader bid does not
show any remarkable trend over the sample period. By sharp contrast, in reward groups
this share decreases dramatically from about 40% to less than 10% once group leader
rewards are eliminated.

Panel B of Figure 4.1 draws a similar picture for the other important mechanism:
group leader endorsements. In particular, the share of listings with a group leader
endorsement decreases significantly in reward groups from about 20% to less than 10%
after the elimination of group leader rewards. The slight and rather slow increase of
the respective share in the no-reward groups can be explained by the fact that friend
endorsements were introduced only shortly before the beginning of our sample period
(also see Figure 4.3), so that if nothing had changed – i.e. if group leader rewards had
not been eliminated – we would have expected the same trend for no-reward groups and
reward groups.

Table 4.3 confirms the results from Figure 4.1 by considering different credit grades.
The results in panel A suggest that the share of listings with a group leader bid in no-
reward groups does not change significantly after the elimination of group leader rewards
for any credit grade. It remains at a level of about 45%. In strict contrast, the decrease
in reward groups is significant for all credit grades, and it is most distinct for riskier
credit grades. For example, it decreases from 34.7% to 3.9% for credit grade HR.

Panel B shows the respective results for the group leader endorsements. In no-reward
groups, the share of listings with group leader endorsements increases on average after
the elimination of group leader rewards, consistent with Figure 4.1. In contrast, in
reward groups, the share of listings with a group leader endorsement decreases after
the elimination of group leader rewards from 13.9% to 6.8%, which is especially due to
the significant decrease in the corresponding shares of the high-risk listings with credit
grades C, D, E and HR.

In sum, these results indicate that group leaders of reward groups significantly lower
the effort they put into listings and in particular risky listings after the elimination
of group leader rewards – as opposed to group leaders of no-reward groups who do not
change their behavior. The resulting open question is how this change in behavior affects
outcomes.
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Figure 4.1: Weekly Share of Listings with a Group Leader Bid (Panel A) / with a Group
Leader Endorsement (Panel B)
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Table 4.3: Use of Group Leader Bids and Group Leader Endorsements

Panel A: Share of Listings with a Group Leader Bid

No-Reward Groups Reward Groups
(N=1,892) (N=32,966)

Credit Grade Before After t-statistic Before After t-statistic

AA/A 42.6% 42.4% (0.02) 43.3% 24.0% (6.70)***
B 44.2% 45.0% (-0.10) 45.4% 15.1% (12.37)***
C 52.2% 42.5% (1.63) 42.7% 10.4% (21.67)***
D 57.3% 52.0% (0.90) 44.2% 5.9% (37.25)***
E 45.0% 39.5% (0.83) 37.6% 5.2% (35.45)***
HR 40.1% 44.0% (-0.84) 34.7% 3.9% (54.03)***

Total 46.5% 44.3% (0.92) 38.8% 6.4% (77.10)***

Panel B: Share of Listings with a Group Leader Endorsement

No-Reward Groups Reward Groups
(N=1,892) (N=32,966)

Credit Grade Before After t-statistic Before After t-statistic

AA/A 40.6% 34.3% (1.06) 22.0% 19.8% (0.85)
B 26.7% 40.0% (-1.66) 20.1% 16.4% (1.53)
C 27.8% 34.5% (-1.20) 17.0% 9.9% (5.26)***
D 30.5% 47.0% (-2.84)*** 16.4% 6.2% (11.25)***
E 23.9% 38.3% (-2.28)** 12.2% 6.3% (7.46)***
HR 25.9% 44.6% (-4.18)*** 10.8% 4.6% (12.93)***

Total 29.1% 40.2% (-4.72)*** 13.9% 6.8% (18.97)***
In this table we report the share of listings (i.e. of requests for borrowing money) with at least one
group leader bid (panel A) and the share of listings with a group leader endorsement (panel B) by
group type and credit grade. T-statistics of the test on equality (before vs. after the elimination of
group leader rewards) are reported in parentheses. ***, **, and * indicate significance at the 1%,
5%, and 10% levels, respectively.
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Effect of Change in Group Leader Behavior

A first price of evidence for the effect of the change in group leader behavior on outcomes
is provided by Figure 4.2, which shows success rates of listings posted outside groups as
well as of listings posted in no-reward groups and in reward groups. As shown before,
success rates of listings in no-reward groups are generally the highest ones: they are
significantly higher than those of listings in reward groups and those of listings posted
outside groups. Success rates of listings in reward groups are also higher than those not
posted in groups, but, most importantly for the purpose of this study, only before group
leader rewards are eliminated and in a short transition period after the change.

Figure 4.2: Weekly Share of Successful Listings (Loans)
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The changes in outcome patterns are analyzed in more detail in Table 4.4. Panel A
of Table 4.4 shows that the overall success rate remains constant at 34.6% in no-reward
groups before and after the elimination of group leader rewards. The results are also
very similar for each of the different credit grades, with the exception of HR. In strict
contrast to no-reward groups, success rates in reward groups decrease significantly from
13.4% to 8.6%. This decrease is particularly pronounced in the risky credit grades C to
HR, while there is no significant change for the credit grades AA/A and B. This means
that worse credit grades have a substantially lower chance of getting funded after the
elimination of group leader rewards.
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Table 4.4: Listing Success, Interest Rates, and Loan Performance Before and After Elim-
ination of Group Leader Rewards

Panel A: Listing Success

No-Reward Groups Reward Groups
(N=1,892) (N=32,966)

Credit Grade Before After t-statistic Before After t-statistic

AA/A 59.9% 60.6% (-0.12) 40.0% 41.0% (-0.31)
B 47.7% 53.3% (-0.67) 29.4% 29.1% (0.10)
C 40.6% 40.7% (-0.03) 24.1% 18.0% (3.64)***
D 36.6% 40.0% (-0.59) 17.7% 11.0% (6.16)***
E 23.3% 25.9% (-0.44) 9.2% 4.2% (7.37)***
HR 19.3% 9.0% (3.39)*** 5.0% 3.0% (5.31)***

Total 34.6% 34.6% (0.00) 13.4% 8.6% (12.06)***

Panel B: Interest Rates

No-Reward Groups Reward Groups
(N=654) (N=4,084)

Credit Grade Before After t-statistic Before After t-statistic

AA/A 9.1% 9.7% (-1.16) 11.3% 11.2% (0.36)
B 12.5% 13.6% (-1.70)* 14.9% 15.3% (-0.90)
C 15.1% 16.3% (-1.30) 17.4% 18.1% (-1.52)
D 17.4% 18.4% (-1.24) 20.1% 20.1% (0.17)
E 21.3% 20.0% (0.91) 23.9% 25.4% (-1.79)*
HR 20.2% 21.7% (-0.72) 24.5% 26.8% (-3.07)***

Total 15.1% 15.2% (-0.09) 18.7% 18.9% (-0.78)

Panel C: Loan Performance

No-Reward Groups Reward Groups
(N=654) (N=4,084)

Credit Grade Before After t-statistic Before After t-statistic

AA/A 3.5 6.7 (6.37)*** 9.0 8.0 (-2.56)**
B 7.3 7.3 (-0.06) 14.9 13.8 (-2.22)**
C 9.6 9.8 (0.25) 17.3 13.4 (-9.08)***
D 10.2 10.1 (-0.11) 17.9 11.2 (-17.32)***
E 14.2 13.7 (-0.42) 22.2 17.1 (-7.75)***
HR 24.3 14.2 (-7.80)*** 26.2 22.5 (-6.12)***

Total 11.6 9.5 (-6.61)*** 18.1 14.0 (20.43)***
In this table we report univariate results by group type and credit grade. We also distinguish whether
the listing (i.e. the request for borrowing money) or the loan (i.e. the successfully and completely
funded request for borrowing money) was created before or after the elimination of group leader
rewards. Panel A shows success rates of listings by the different credit grades from AA/A (best) to
HR (worst). Panel B shows the corresponding interest rates of loans. Panel C shows failure rates of
loans (per 1,000 loan-days). In this panel, any payment which is not made on time is considered as
a failure, so that failure events are late payments, charge-offs and defaults. T-statistics of the test
on equality (before vs. after the elimination of group leader rewards) are reported in parentheses for
both No-Reward Groups and Reward Groups. ***, **, and * indicate significance at the 1%, 5%,
and 10% levels, respectively.
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Panel B of Table 4.4 suggests that interest rates do not significantly change after the
elimination of group leader rewards, neither in no-reward groups nor in reward groups.
The only exceptions are interest rates for credit grade B in no-reward groups and credit
grades E and HR in reward groups, which pay slightly more after the change.
As shown in panel C of Table 4.4, failure rates in reward groups consistently decrease

after the elimination of group leader rewards across all credit grades. The average
decrease in failure rates of loans per 1,000 loan-days amounts to about 4. In the extreme
case, failure rates decrease from 17.9 to 11.2 for credit grade D. In no-reward groups, no
systematic pattern can be found. While failure rates increase for credit grades AA/A,
they decrease for credit grade HR.
Taken together, these results show that no-reward groups work the same way before

and after the elimination of group leader rewards. In contrast, reward groups work
much better after the elimination of group leader rewards than before, as failure rates
are substantially lower. A decrease in listing success along with a decrease in failure
after the elimination of group leader rewards suggests that group leaders now much
more carefully screen and choose the listings that are funded. An open question is
why – before the elimination of group leader rewards – the listing success in reward
groups is high despite the fact that the resulting loans also have a high likelihood of
defaulting. This suggests that co-lenders do not fully foresee the consequences of the
adverse incentives created by upfront rewards, most likely because of the short period
between the creation of the webpage and the point of time when these lenders have to
make their decisions.6

4.3.2 Multivariate Analysis

In order to determine the driving factors behind the results described above and to
control for the joint influences, we now turn to the multivariate analysis.

Listing Success

Table 4.5 shows odds ratios of logistic regressions of listing success. In specification
(1), we consider all listings, i.e. those posted in groups as well as those posted outside
groups. Almost all covariates are highly significant and go into the expected direction:
Listing success is decreasing in credit grade risk, debt-to-income ratio, and the number
of historical and current records in the credit report; it is increasing in homeownership
6Lenders do not possess the full information that is used in this paper, as their decisions are made
within the sample period, while the data for this paper cover the whole sample period.
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and in income. Self-employed and in particular retired or unemployed borrowers face
a particularly low funding probability. In terms of the listing characteristics, listing
success is decreasing in the amount requested and increasing in the duration of the
listing. Potential borrowers who decide to close their listing as soon as it is funded also
exhibit higher chances to have their listing funded; obviously potential lenders tend to
jump on these listings as there is a good chance to earn high interest rates given that
one cannot be outbid.
Specification (1) considers all listings – independently of whether they are posted

inside or outside groups – and shows that listings that are not posted in a group (No
Group) or that are posted in a reward group (Reward Group) have significantly lower
funding probabilities than those posted in no-reward groups, which is the reference group
in all our regressions. Moreover, after the elimination of group leader rewards (After),
listing success decreases.
In specifications (2) to (4) of Table 4.5, we concentrate on those listings that are

posted in groups and analyze in particular the different group-specific variables.7 The
probability that the listing is funded increases significantly if the group leader requires
the listing to be reviewed before it is posted in the group (Listing Review Requirement)
or if the group leader offers help in designing the listing (Group Leader Offers Help).
Vetting, i.e. the verification of the information by the group leader, seems surprisingly
unimportant for the success of the listing. However, by far the most important group
variables in terms of listing success are group leader bids and group leader endorsements
at the top of specifications (2) to (4), which we analyze now more closely.
In specification (2), we include dummy variables for group leader bids and group

leader endorsements into the regression and distinguish between Only GL Bid, Only
GL Endorsement and GL Bid & GL Endorsement. Listings that have GL Bid & GL
Endorsement exhibit particularly high funding probabilities. Listings with just one of
these two elements are still about two to three times more likely to be funded than listings
without any of these two. When comparing the coefficients for Only GL Endorsement
and Only GL Bid, it may seem surprising at first sight that Only GL Endorsement –
where there is no monetary commitment by the group leader at stake, i.e. where group
leaders do not have “skin in the game” – has an even slightly higher positive influence
on the funding probability than Only GL Bid has. We analyze this observation more
carefully in the next specification.
In specification (3), we break down the influence of group leader bids and group

leader endorsements for reward and no-reward groups. The results show that Only GL
7The results obtained with respect to the other covariates are robust across the different specifications.
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Table 4.5: Listing Success – Multivariate Analysis

All Listings Only Listings in Groups

(1) (2) (3) (4)

GL Bids & GL Endorsements
Only GL Bid 1.829*** (12.64)
Only GL Bid: No-Reward 2.192*** (4.85) 2.172*** (4.80)
Only GL Bid: Reward 1.796*** (11.82) 1.772*** (11.53)
Only GL Endorsement 2.919*** (12.06)
Only GL Endorsement: No-Reward 1.913** (2.56) 1.916** (2.56)
Only GL Endorsement: Reward 3.149*** (12.22) 3.157*** (12.24)
GL Bid & GL Endorsement 7.739*** (38.53)
GL Bid & GL Endorsement: No-Reward 11.584*** (16.11) 11.580*** (16.11)
GL Bid & GL Endorsement: Reward 7.368*** (35.86)
GL Bid & GL Endorsement: Reward, Before 7.038*** (33.89)
GL Bid & GL Endorsement: Reward, After 11.801*** (15.27)

Group Characteristics
No Group 0.162*** (-29.83)
Reward Group 0.414*** (-14.18) 0.573*** (-8.56) 0.669*** (-3.76) 0.661*** (-3.87)
Vetting 1.085 (1.40) 1.099 (1.61) 1.071 (1.15)
Listing Review Requirement 1.492*** (9.64) 1.494*** (9.65) 1.491*** (9.61)
Group Leader Offers Help 1.375*** (5.08) 1.336*** (4.56) 1.334*** (4.53)

Listing Characteristics
After 0.857*** (-6.09) 0.790*** (-4.50) 0.781*** (-4.70) 0.740*** (-5.41)
Amount Requested (in $1,000) 0.887*** (-57.39) 0.894*** (-29.83) 0.893*** (-29.82) 0.893*** (-29.90)
Duration 1.063*** (11.67) 1.036*** (3.70) 1.038*** (3.82) 1.038*** (3.82)
Listing Closed As Soon As Funded 1.140*** (5.13) 0.939 (-1.38) 0.938 (-1.40) 0.938 (-1.40)

Borrower Characteristics
Credit Grade: B 0.612*** (-12.81) 0.663*** (-5.20) 0.656*** (-5.33) 0.658*** (-5.29)
Credit Grade: C 0.302*** (-32.71) 0.426*** (-11.91) 0.419*** (-12.10) 0.422*** (-11.99)
Credit Grade: D 0.153*** (-47.83) 0.237*** (-19.44) 0.234*** (-19.61) 0.236*** (-19.48)
Credit Grade: E 0.060*** (-56.96) 0.102*** (-26.60) 0.100*** (-26.73) 0.101*** (-26.61)
Credit Grade: HR 0.027*** (-71.02) 0.055*** (-33.19) 0.055*** (-33.29) 0.055*** (-33.21)
Debt-to-Income Ratio 0.900*** (-9.89) 0.967** (-2.48) 0.967** (-2.52) 0.966*** (-2.60)
Is Borrower Home Owner 1.167*** (6.22) 1.160*** (3.45) 1.163*** (3.52) 1.164*** (3.53)
$1-24,999 1.316*** (2.70) 0.827 (-1.20) 0.830 (-1.17) 0.830 (-1.18)
$25,000-49,999 1.895*** (6.35) 1.233 (1.32) 1.231 (1.31) 1.234 (1.33)
$50,000-74,999 2.391*** (8.54) 1.658*** (3.14) 1.657*** (3.14) 1.661*** (3.15)
$75,000-99,999 3.000*** (10.42) 2.038*** (4.23) 2.040*** (4.23) 2.049*** (4.26)
$100,000 3.409*** (11.42) 2.432*** (5.12) 2.434*** (5.12) 2.451*** (5.16)
Part-Time 1.000 (0.00) 0.864 (-1.40) 0.854 (-1.50) 0.853 (-1.51)
Self-Employed 0.924* (-1.86) 1.074 (1.00) 1.070 (0.94) 1.071 (0.96)
Retired 0.643*** (-5.72) 0.692*** (-2.84) 0.686*** (-2.90) 0.688*** (-2.88)
Not Employed 0.632*** (-3.18) 0.597** (-2.38) 0.591** (-2.43) 0.593** (-2.41)
Current Delinquencies 0.917*** (-14.53) 0.961*** (-4.91) 0.961*** (-4.91) 0.962*** (-4.86)
Delinquencies Last 7 Years 0.995*** (-5.07) 0.997 (-1.63) 0.997 (-1.62) 0.997 (-1.59)
Public Records Last 10 Years 0.970** (-2.38) 0.959** (-1.97) 0.959** (-1.97) 0.958** (-2.00)
Total Credit Lines 0.993*** (-5.57) 0.994*** (-3.22) 0.993*** (-3.30) 0.993*** (-3.31)
Inquiries Last 6 Months 0.974*** (-8.93) 0.986*** (-3.29) 0.986*** (-3.24) 0.986*** (-3.19)
Amount Delinquent (in $1,000) 0.993*** (-2.89) 0.991** (-2.46) 0.991** (-2.46) 0.990** (-2.51)
Public Records Last 12 Months 1.084* (1.88) 1.087 (1.21) 1.089 (1.24) 1.091 (1.27)
Current Credit Lines 1.004 (0.59) 1.034*** (3.34) 1.033*** (3.31) 1.033*** (3.29)
Open Credit Lines 0.973*** (-4.25) 0.957*** (-4.09) 0.957*** (-4.04) 0.958*** (-4.02)
Revolving Credit Balance (in $1,000) 1.000 (1.09) 0.999 (-1.31) 0.999 (-1.40) 0.999 (-1.40)
Bankcard Utilization 1.081** (2.43) 1.005 (0.09) 1.003 (0.06) 1.005 (0.10)
Months in Current Occupation 1.000*** (-2.62) 0.999** (-2.34) 0.999** (-2.28) 0.999** (-2.31)

N 153,541 34,858 34,858 34,858
pseudo R2 0.258 0.275 0.276 0.276

In this table we report odds ratios of the logistic regression of funding success, i.e. the exponentiated regression coefficients.
Coefficients larger (respectively smaller) than 1 indicate relatively higher (respectively smaller) success probabilities than in
the reference group. In specification (1) all listings (i.e. all requests for borrowing money) are considered, in specifications
(2) to (4) only group listings are analyzed. Specification (2) reports the overall effect of a group leader bid and / or a group
leader endorsement on listing success. Specification (3) additionally distinguishes whether the group leader bid and / or the
group leader endorsement occurs in a listing in a no-reward group or in a reward group. Specification (4) compares the joint
effect of a group leader bid and a group leader endorsement before and after the elimination of group leader rewards on listing
success in the reward groups. Note that in this specification, the difference between the regression coefficients of “GL Bid
& GL Endorsement: Reward, Before” and “GL Bid & GL Endorsement: Reward, After” is significant at 1%. The reference
is AA/A-listings before the elimination of group leader rewards in no-reward groups without a group leader bid or a group
leader endorsement. T-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and 10%
levels, respectively.
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Bid, Only GL Endorsement and GL Bid & GL Endorsement work in the same way in
reward and no-reward groups. However, Only GL Endorsement works particularly well
in reward groups, while Only GL Bid works better in no-reward groups. The larger
coefficient for Only GL Endorsement in specification (2) is thus solely due to its higher
listing success in reward groups. We will later analyze whether these endorsements
eventually also lead to loans with lower failure rates, or whether the group leader simply
persuades potential lenders to participate in a loan so that he can earn the upfront
reward associated with a successful listing.
Finally, specification (4) constitutes the key part of our analysis and employs a

difference-in-difference methodology with two sources of identifying variation: (i) the
time before and after the removal of group leader rewards, (ii) the distinction between
listings inside and outside reward groups. Our inference is based on evaluating whether
reward groups perform differently after the elimination of group leader rewards. It shows
that after this event the influence of the combination of a group leader bid and a group
leader endorsement in the reward groups is significantly higher than before.8 The result
indicates that – after the elimination of group leader rewards – potential lenders trust
much more than before the correctness of the group leader’s signal that comes from his
bid and endorsement. This suggests that after this change, lenders might be less con-
cerned about the group leader behaving opportunistically and promoting listings only
for his own benefit.

Interest Rates of Loans

In order to determine the influence of the different variables on the interest rates that
borrowers have to pay to the lenders if their listing is funded, we run Tobit regressions
of this interest rate (in percent) on the same independent variables as in the regressions
in Table 4.5. Table 4.6 reports the results, where the dependent variable is truncated
at left at 0% and at right at 35%, which is the maximum interest rate possible on
Prosper.com.9 Naturally, the sample is restricted to those listings that are completely
funded and therefore become loans.
The interest rate of loans in the reference group, which are AA/A-loans, is about 5%.

As before, most covariates are significant and have the expected signs. The borrower’s
credit grade is by far the most important influencing factor for the interest rate charged
8Due to the high correlation of group leader bids and group leader endorsements and the resulting
low sample size for Only GL Bid and Only GL Endorsement after the elimination of group leader
rewards, we do not distinguish the two variables Only GL Bid and Only GL Endorsement in the
reward groups between before and after the elimination of group leader rewards.

9OLS regression results differ only marginally and are therefore not reported here.
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Table 4.6: Interest Rates – Multivariate Analysis

All Loans Only Loans in Groups

(1) (2) (3) (4)

GL Bids & GL Endorsements
Only GL Bid -0.713*** (-5.07)
Only GL Bid: No-Reward -1.320*** (-3.22) -1.285*** (-3.14)
Only GL Bid: Reward -0.642*** (-4.35) -0.595*** (-4.01)
Only GL Endorsement 0.213 (0.95)
Only GL Endorsement: No-Reward -0.067 (-0.12) -0.052 (-0.09)
Only GL Endorsement: Reward 0.242 (0.99) 0.261 (1.07)
GL Bid & GL Endorsement -0.886*** (-6.27)
GL Bid & GL Endorsement: No-Reward -1.076*** (-3.11) -1.061*** (-3.06)
GL Bid & GL Endorsement: Reward -0.878*** (-5.90)
GL Bid & GL Endorsement: Reward, Before -0.755*** (-4.90)
GL Bid & GL Endorsement: Reward, After -1.807*** (-5.24)

Group Characteristics
No Group 2.060*** (12.76)
Reward Group 1.342*** (8.14) 1.263*** (8.41) 1.010*** (3.45) 1.052*** (3.60)
Vetting -0.501*** (-3.50) -0.496*** (-3.44) -0.421*** (-2.88)
Listing Review Requirement 0.118 (0.98) 0.128 (1.07) 0.130 (1.09)
Group Leader Offers Help -0.721*** (-4.72) -0.712*** (-4.62) -0.713*** (-4.63)

Listing Characteristics
After 1.345*** (15.42) 1.499*** (10.59) 1.500*** (10.58) 1.691*** (10.88)
Amount Requested (in $1,000) 0.253*** (36.49) 0.290*** (29.02) 0.290*** (29.03) 0.291*** (29.18)
Duration -0.007 (-0.39) 0.009 (0.37) 0.008 (0.32) 0.009 (0.36)
Listing Closed As Soon As Funded 3.286*** (37.07) 2.961*** (22.85) 2.971*** (22.90) 2.977*** (22.96)

Borrower Characteristics
Credit Grade: B 3.619*** (31.20) 2.896*** (15.69) 2.895*** (15.67) 2.880*** (15.60)
Credit Grade: C 6.299*** (54.49) 5.732*** (33.47) 5.729*** (33.36) 5.706*** (33.23)
Credit Grade: D 9.586*** (74.34) 8.634*** (47.41) 8.635*** (47.36) 8.611*** (47.23)
Credit Grade: E 13.580*** (80.37) 12.249*** (54.57) 12.241*** (54.51) 12.206*** (54.33)
Credit Grade: HR 13.420*** (75.66) 12.917*** (55.77) 12.916*** (55.76) 12.892*** (55.67)
Debt-to-Income Ratio 0.157*** (4.70) 0.162*** (4.45) 0.161*** (4.43) 0.166*** (4.57)
Is Borrower Home Owner -0.152* (-1.82) -0.500*** (-4.35) -0.499*** (-4.34) -0.502*** (-4.37)
$1-24,999 0.220 (0.64) 0.971** (2.27) 0.966** (2.26) 0.956** (2.24)
$25,000-49,999 -0.340 (-1.00) 0.455 (1.08) 0.456 (1.08) 0.449 (1.06)
$50,000-74,999 -0.473 (-1.38) 0.232 (0.54) 0.235 (0.55) 0.226 (0.53)
$75,000-99,999 -0.733** (-2.08) -0.180 (-0.41) -0.181 (-0.41) -0.194 (-0.44)
$100,000 -1.132*** (-3.16) -0.579 (-1.27) -0.580 (-1.27) -0.594 (-1.31)
Part-Time -0.423** (-2.19) -0.034 (-0.12) -0.041 (-0.15) -0.047 (-0.17)
Self-Employed 0.221 (1.55) 0.145 (0.75) 0.136 (0.71) 0.132 (0.69)
Retired 0.129 (0.49) -0.258 (-0.72) -0.246 (-0.68) -0.248 (-0.69)
Not Employed 0.605 (1.18) 1.125* (1.81) 1.123* (1.81) 1.095* (1.76)
Current Delinquencies 0.072*** (4.15) 0.069*** (3.28) 0.068*** (3.28) 0.068*** (3.28)
Delinquencies Last 7 Years 0.025*** (7.07) 0.021*** (4.57) 0.020*** (4.54) 0.020*** (4.55)
Public Records Last 10 Years 0.203*** (4.70) 0.224*** (3.70) 0.224*** (3.70) 0.226*** (3.74)
Total Credit Lines 0.019*** (4.83) 0.013** (2.48) 0.014** (2.53) 0.014** (2.53)
Inquiries Last 6 Months 0.141*** (14.18) 0.076*** (6.16) 0.076*** (6.14) 0.075*** (6.09)
Amount Delinquent (in $1,000) 0.018*** (3.14) 0.015 (1.55) 0.015 (1.58) 0.016 (1.63)
Public Records Last 12 Months 0.445*** (2.83) 0.179 (0.83) 0.177 (0.82) 0.171 (0.79)
Current Credit Lines -0.054*** (-2.59) -0.028 (-1.02) -0.029 (-1.06) -0.028 (-1.02)
Open Credit Lines 0.054** (2.40) 0.023 (0.80) 0.024 (0.81) 0.022 (0.76)
Revolving Credit Balance (in $1,000) 0.001 (1.29) 0.004** (2.00) 0.004** (1.98) 0.004* (1.95)
Bankcard Utilization 0.416*** (3.73) 0.449*** (3.09) 0.445*** (3.07) 0.443*** (3.05)
Months in Current Occupation 0.001 (0.97) 0.001 (0.91) 0.001 (0.93) 0.001 (0.98)

Constant 5.087*** (12.68) 5.817*** (11.73) 6.053*** (10.99) 5.957*** (10.81)

N 12,183 4,738 4,738 4,738
pseudo R2 0.160 0.180 0.180 0.180

In this table we report the regression coefficients from Tobit regressions of the lender interest rate of loans (i.e. of successfully
and completely funded requests for borrowing money). In specification (1) all loans are considered, in specifications (2) to
(4) only group loans are analyzed. Specification (2) reports the overall effect of a group leader bid and / or a group leader
endorsement on the borrower interest rate. Specification (3) additionally distinguishes whether the group leader bid and /
or the group leader endorsement occurs in a loan in a no-reward group or in a reward group. Specification (4) compares the
joint effect of a group leader bid and a group leader endorsement before and after the elimination of group leader rewards on
the borrower interest rate of loans in the reward groups. Note that in this specification, the difference between the regression
coefficients of “GL Bid & GL Endorsement: Reward, Before” and “GL Bid & GL Endorsement: Reward, After” is significant
at 1%. The reference is AA/A-loans before the elimination of group leader rewards in no-reward groups without a group leader
bid or a group leader endorsement. T-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%,
5%, and 10% levels, respectively.
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to the borrower. Apart from that, the borrower interest rate is increasing in the debt-to-
income ratio and in the number of historical and current records in the credit report. It is
also decreasing in income, although this effect becomes insignificant if only group loans
in specifications (2) to (4) are considered. Furthermore, a higher amount requested
typically increases the interest rate. The interest rate increases by about 3% if the
borrower chooses that the listing shall be closed as soon as it is completely funded; the
interest rates cannot be bid down in this case.
Specification (1) shows that interest rates of loans funded outside groups (No Group)

or in reward groups (Reward Group) are higher than those of loans in no-reward groups.
Specification (2) shows that loans originated from listings with Only GL Bid benefit from
particularly low interest rates, and interest rates are even lower for loans with GL Bid
& GL Endorsement. We also find that the interest rate of the loan is significantly lower
if the group leader claims to verify additional information from the borrower (Vetting)
or if the group leader offers help in designing the listing (Group Leader Offers Help).
Specification (3) shows the results for reward and no-reward groups. Loans with Only

GL Endorsement do not benefit from significantly lower interest rates. Otherwise, group
leader bids and endorsements lead to lower interest rates both in reward and no-reward
groups.
Finally, from specification (4), which uses again a difference-in-difference methodology,

we deduce that after the elimination of group leader rewards, the interest rate of loans
with GL Bid & GL Endorsement in reward groups is about 1% smaller than before. This
result indicates that after this event, group leader bids and group leader endorsements
have a significantly higher influence on the resulting interest rate in this group type.
This suggests again that the signal of a group leader bid and endorsement is much more
credible after the elimination of group leader rewards than before.

Loan Performance

In order to analyze the determinants of loan performance, we specify Cox proportional
hazards models with the same independent variables as before. The underlying assump-
tion of the models is that the coefficients are not time-varying, i.e. the importance of a
variable for the probability of defaulting or being late is constant over time.10 Loans are
exposed to the process from the time they are originated until they are either completely
paid back, they default or their data runs out. The results of the Cox proportional haz-
10If e.g. a loan with credit grade HR is more susceptible to have a failure than a loan of the reference

group AA/A, the strength of this relationship does not depend on time. Thus, for example, the
HR-loan does not become more susceptible to fail over time, compared to the AA/A-loan.
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ards models are reported in Table 4.7.
Specification (1) of Table 4.7 shows that hazard rates are increasing in the credit

grade risk and the debt-to-income ratio. Borrowers who use their bankcard exhibit
lower hazard rates. Hazard rates are decreasing in income, whereas borrowers who are
unemployed or retired have higher hazard rates. In terms of the listing characteristics,
hazard rates are increasing in the loan amount. Furthermore, if the listing has a short
duration or if it is closed as soon as it is funded, the corresponding loan is potentially
exposed to a higher hazard rate. Together, this suggests that borrowers in urgent need
of money exhibit higher hazard rates. For the key variables of interest, the group type
significantly influences hazard rates even after controlling for other factors. Loans in
reward groups (Reward Group) and loans resulting from listings posted outside groups
(No Group) exhibit significantly higher hazard rates than loans in no-reward groups as
the reference group. This result confirms the evidence from the univariate analysis.
The results in specifications (2) to (5) suggest that hazard rates are also reduced if the

group leader verifies the information provided (Vetting) or if he generally offers help in
designing the listing (Group Leader Offers Help). Most importantly for the purpose of
this study, specification (2) shows that while Only GL Bid is insignificant in explaining
the failure rate of a loan, the opposite is the case for Only GL Endorsement or the
combination GL Bid & GL Endorsement, which increase failure rates. Obviously, group
leader endorsements do not work properly as a signal of good listing quality.
From specification (3) we see that this is only a problem in reward groups, whereas

in no-reward groups Only GL Bid, Only GL Endorsement as well as the combination
GL Bid & GL Endorsement significantly lower the hazard rate of the loan. One may
wonder whether before the elimination of group leader rewards it is profitable for the
group leaders of reward groups to promote listings in their groups by placing a group
leader bid on them. Further analysis shows that in this time period the group leader
rewards more than compensate for the slightly higher failure rates in these groups.11

Most importantly, the influence of the elimination of group leader rewards on loan
performance in reward groups can be deduced from the difference-in-difference specifica-
tion (4): while before this policy change the combination of GL Bid & GL Endorsement

11To be specific, we calculate the median internal rate of return (IRR) of three different investments the
group leader can make: (i) investment in a listing in her reward group by placing a group leader bid,
(ii) investment in a listing in a no-reward group and (iii) investment in a listing not posted in any
group. The median IRRs of investments (ii) and (iii) are negative with -22.4% and -37.0% as most
loans are not yet paid back completely. Only the median IRR of investment (i) is already positive
with 7.2% – due to the additional reward the group leader obtains. This clearly shows that it is
profitable for the group leader of a reward group to promote listings in her group so that she obtains
the group leader reward.
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Table 4.7: Loan Performance – Multivariate Analysis

All Loans Only Loans in Groups

(1) (2) (3) (4) (5)

GL Bids & GL Endorsements
Only GL Bid 0.998 (-0.14)
Only GL Bid: No-Reward 0.906* (-1.85) 0.914* (-1.68) 0.951 (-0.94)
Only GL Bid: Reward 1.001 (0.05) 1.013 (0.90) 1.014 (0.97)
Only GL Endorsement 1.106*** (4.25)
Only GL Endorsement: No-Reward 0.814** (-2.35) 0.816** (-2.33) 0.847* (-1.89)
Only GL Endorsement: Reward 1.124*** (4.79) 1.128*** (4.94) 1.134*** (5.16)
GL-B & GL-E 1.105*** (7.23)
GL-B & GL-E: No-Reward 0.841*** (-3.80) 0.845*** (-3.71)
GL-B & GL-E: No-Reward, ≤ 33% 0.950 (-1.12)
GL-B & GL-E: No-Reward, > 33% 0.337*** (-8.73)
GL-B & GL-E: Reward 1.125*** (8.39)
GL-B & GL-E: Reward, Before 1.154*** (9.94)
GL-B & GL-E: Reward, Before, ≤ 33% 1.172*** (10.92)
GL-B & GL-E: Reward, Before, > 33% 0.821*** (-3.85)
GL-B & GL-E: Reward, After 0.823*** (-4.60)
GL-B & GL-E: Reward, After, ≤ 33% 0.869*** (-3.30)
GL-B & GL-E: Reward, After, > 33% 0.084*** (-4.95)

Group Characteristics
No Group 1.307*** (15.12)
Reward Group 1.419*** (20.02) 1.425*** (19.34) 1.172*** (4.04) 1.182*** (4.26) 1.225*** (5.10)
Vetting 0.865*** (-9.61) 0.856*** (-10.23) 0.874*** (-8.84) 0.882*** (-8.23)
Listing Review Requirement 0.994 (-0.51) 0.997 (-0.24) 0.997 (-0.26) 0.993 (-0.64)
Group Leader Offers Help 0.947*** (-3.53) 0.957*** (-2.82) 0.957*** (-2.83) 0.941*** (-3.91)

Listing Characteristics
After 0.836*** (-20.37) 0.825*** (-11.83) 0.830*** (-11.48) 0.883*** (-6.96) 0.884*** (-6.93)
Amount Requested (in $1,000) 1.062*** (89.84) 1.061*** (60.08) 1.061*** (60.10) 1.062*** (60.38) 1.061*** (59.57)
Duration 0.983*** (-10.81) 0.979*** (-8.73) 0.978*** (-8.97) 0.979*** (-8.87) 0.979*** (-8.82)
Listing Closed As Soon As Funded 1.357*** (40.29) 1.171*** (13.44) 1.172*** (13.47) 1.173*** (13.51) 1.174*** (13.62)

Borrower Characteristics
Credit Grade: B 1.747*** (40.83) 1.774*** (24.59) 1.773*** (24.57) 1.770*** (24.51) 1.764*** (24.35)
Credit Grade: C 2.305*** (62.86) 2.330*** (39.21) 2.333*** (39.23) 2.318*** (38.92) 2.305*** (38.65)
Credit Grade: D 2.792*** (72.11) 2.627*** (43.00) 2.633*** (43.08) 2.621*** (42.87) 2.604*** (42.56)
Credit Grade: E 3.812*** (81.09) 3.757*** (52.53) 3.760*** (52.54) 3.729*** (52.20) 3.717*** (52.06)
Credit Grade: HR 4.741*** (92.24) 5.019*** (63.39) 5.030*** (63.46) 4.992*** (63.14) 4.977*** (62.99)
Debt-to-Income Ratio 1.017*** (6.43) 1.022*** (6.48) 1.022*** (6.64) 1.023*** (6.82) 1.024*** (7.13)
Is Borrower Home Owner 1.151*** (17.70) 1.109*** (9.32) 1.110*** (9.36) 1.111*** (9.48) 1.108*** (9.20)
$1-24,999 1.126*** (3.76) 1.122** (2.50) 1.118** (2.42) 1.117** (2.39) 1.107** (2.21)
$25,000-49,999 1.074** (2.29) 1.050 (1.08) 1.051 (1.09) 1.050 (1.06) 1.036 (0.77)
$50,000-74,999 0.939** (-2.01) 0.938 (-1.40) 0.937 (-1.40) 0.935 (-1.45) 0.928 (-1.62)
$75,000-99,999 0.935** (-2.08) 0.986 (-0.31) 0.985 (-0.31) 0.984 (-0.33) 0.971 (-0.63)
$100,000 0.827*** (-5.74) 0.855*** (-3.23) 0.852*** (-3.29) 0.847*** (-3.40) 0.840*** (-3.58)
Part-Time 0.991 (-0.48) 1.122*** (4.04) 1.131*** (4.30) 1.132*** (4.35) 1.120*** (3.98)
Self-Employed 1.106*** (7.82) 0.952*** (-2.68) 0.952*** (-2.63) 0.951*** (-2.69) 0.948*** (-2.85)
Retired 1.119*** (4.71) 1.315*** (8.79) 1.315*** (8.78) 1.317*** (8.83) 1.324*** (9.00)
Not Employed 1.333*** (6.58) 1.326*** (4.54) 1.324*** (4.50) 1.319*** (4.44) 1.351*** (4.81)
Current Delinquencies 1.023*** (20.59) 1.025*** (17.85) 1.025*** (18.02) 1.025*** (17.98) 1.025*** (17.83)
Delinquencies Last 7 Years 0.998*** (-7.21) 0.998*** (-5.25) 0.998*** (-5.41) 0.998*** (-5.43) 0.998*** (-4.99)
Public Records Last 10 Years 1.046*** (14.87) 1.074*** (15.05) 1.075*** (15.14) 1.076*** (15.35) 1.076*** (15.28)
Total Credit Lines 1.006*** (16.79) 1.005*** (11.05) 1.005*** (11.02) 1.005*** (11.14) 1.005*** (11.19)
Inquiries Last 6 Months 1.047*** (71.17) 1.043*** (49.79) 1.043*** (49.76) 1.043*** (49.76) 1.043*** (49.91)
Amount Delinquent (in $1,000) 1.000 (-0.31) 1.003*** (4.43) 1.003*** (4.45) 1.003*** (4.56) 1.003*** (4.44)
Public Records Last 12 Months 0.962*** (-3.09) 0.947*** (-2.98) 0.948*** (-2.96) 0.945*** (-3.08) 0.946*** (-3.07)
Current Credit Lines 1.002 (1.17) 1.005** (1.99) 1.006** (2.18) 1.005** (2.10) 1.005** (1.98)
Open Credit Lines 0.986*** (-6.79) 0.987*** (-4.45) 0.987*** (-4.61) 0.987*** (-4.59) 0.988*** (-4.41)
Revolving Credit Balance (in $1,000) 1.000*** (5.24) 1.001*** (6.11) 1.001*** (6.16) 1.001*** (6.05) 1.001*** (6.11)
Bankcard Utilization 0.935*** (-6.83) 0.924*** (-5.95) 0.924*** (-5.92) 0.923*** (-5.99) 0.924*** (-5.93)
Months in Current Occupation 1.000*** (-2.80) 1.000 (-1.61) 1.000* (-1.77) 1.000* (-1.81) 1.000** (-1.99)

N 374,235 161,000 161,000 161,000 161,000

In this table we report the exponentiated regression coefficients obtained from a Cox Proportional Hazards Model. Any payment
which is not made on time is considered as a failure, so that failure events are late payments, charge-offs and defaults. In
specification (1) all loans (i.e. all successfully and completely funded requests for borrowing money) are considered, in specifications
(2) to (5) only group loans are analyzed. Specification (2) reports the overall effect of a group leader bid and / or a group leader
endorsement on the failure probability of loans. Specification (3) additionally distinguishes whether the group leader bid and
/ or the group leader endorsement occurs in a loan in a no-reward group or in a reward group. Specification (4) compares the
joint effect of a group leader bid and a group leader endorsement before and after the elimination of group leader rewards on the
failure probability of loans in the reward groups. Note that in this specification, the difference between the regression coefficients
of “GL Bid & GL Endorsement: Reward, Before” and “GL Bid & GL Endorsement: Reward, After” is significant at 1%. Finally,
specification (5) analyzes whether before the elimination of group leader rewards, the group leader participates with more than
33% of the loan amount in the loan, if she places a bid and an endorsement on the listing (i.e. whether she “has skin in the
game”). The reference is AA/A-loans before the elimination of group leader rewards in no-reward groups without a group leader
bid or a group leader endorsement. T-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%,
and 10% levels, respectively.
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hints at a ceteris paribus higher hazard rate (coefficient of 1.154), after this event the
hazard rate is significantly smaller not only than before the change but also than the
benchmark of 1 (coefficient of 0.823). Consequently, the results suggest that – before
the elimination of group leader rewards – group leaders of reward groups overpromote
bad listings with the help of group leader bids and especially group leader endorsements,
which lead to higher failure rates for these types of loans. In contrast, after this policy
change, the mechanism works properly as the group leader has now no incentive any
more to behave opportunistically.
The evidence so far suggests that rewards give group leaders an incentive to promote

and bid even on bad listings as these rewards more than offset the losses due to the
higher likelihood of failure. This behavior changes once the reward is eliminated, which
changes the group leaders’ trade-off between rewards and losses. An alternative way to
align incentives, i.e. to make group leaders screen listings very carefully, is that – even
before the elimination of group leader rewards – group leaders participate to a large
fraction in the loan and thus have substantial skin in the game. We therefore further
differentiate in specification (5) whether a group leader participates in more or less
than 33% of the loan.12 The results show that the failure rates decrease substantially
when the group leader participates in more than 33% of the loan; this holds for no-
reward groups as well as reward groups before and after the elimination of group leader
rewards. However, only in reward groups before the event, the failure rate is higher
than 1 if the group leader participates in less than 33% of the loan. This means that the
potential losses in this case are not high enough to outweigh the rewards. Or, interpreted
differently, only a large commitment and thus substantial skin in the game induces a
group leader to carefully screen borrowers and promote the creditworthy listings, even

12The threshold of 33% is obtained as follows: A listing yields a negative payoff to a regular bidder under
the following simplified condition: −α+αI(1−p)+α(1−p) < 0, where α = share of the loan amount
supplied by this bidder, I = interest rate obtained, p = probability of default. The recovery rate is
assumed to be zero. This can be simplified to −α(Ip+p−I) < 0, so that α > 0 implies (Ip+p−I) > 0
for a listing with a negative payoff. Suppose the group leader knows p and I from historical data. To
make it profitable for him to still bid on a listing with a negative payoff, group leader fees and upfront
payment have to outweigh the loss: F (1−p)+U > α(Ip+p−I), where F = group leader fee (interest
rate paid on the full loan amount), and U = upfront payment to the group leader (relative to the
loan amount). Since (Ip+p−I) > 0 as before, (F (1−p)+U)/(Ip+p−I) > α yields an upper bound
for a profitable group leader bid on this listing. For each credit grade we compute the critical value
α according to this last formula. As an example, consider a borrower with the credit grade B in a
reward group. For this borrower, we have the average interest rate I = 15%, the probability of default
p = 18%, the group leader fee F = 2% and the upfront fee U = 0.5%. According to the formula
above this yields a cutoff criterion of (0.02x(1 − 0.18) + 0.005)/(0.15x0.18 + 0.18 − 0.15) = 0.37 > α.
Consequently, the group leader should not participate in more than 37% of B-loans in which a regular
bidder would lose money. The resulting overall critical value of 33% is the weighted average over
these critical values of the credit grades.
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if he can earn rewards. The coefficient of 0.821 in this case is almost identical to that
of 0.823 in specification (4), which captures the failure probability after the elimination
of the rewards. These results suggest that a high bid by the group leader serves indeed
as a signal about the quality of screening, as the other lenders correctly assume that a
higher participation leads to more skin in the game and thus a more careful screening
process.

4.4 Conclusion

Lenders and borrowers in markets without financial intermediaries with skin in the
game are confronted with even more substantial information asymmetries than agents in
traditional lending markets. An important open question is thus how these markets can
work properly and efficiently, i.e. give borrowers access to credit at rates that incorporate
their risk of default and protect them against unscrupulous lending. The analyses in this
paper for the online social lending market show that information asymmetries can be
alleviated by a system in which group leaders credibly signal borrower quality to other
lenders by endorsing and submitting bids for carefully screened borrower listings.
The functioning of groups is severely impaired when group leaders are rewarded for

successful listings. We thus show that online social lending platforms are indeed right in
eliminating or not using rewards that give group leaders adverse incentives to promote
non-sustainable loans. After the elimination of group leader rewards, reward groups
work much better and provide the correct incentive structures to the group leader. Even
before the elimination of rewards, these groups work well if the group leader puts his
money where his mouth is and participates to a substantial fraction in a loan. Listings are
then promoted only if the group leader trusts their quality. These results show that only
a considerable fraction of the loan retained by group leaders in reward groups induces
them to efficiently and responsibly screen loan listings. This result does not imply that
group leaders should generally not be rewarded. Rather some other mechanisms might
be considered, e.g. the group leader might obtain a small lump sum from the borrower
once the loan is completely paid back.
In sum, this paper has at least two important implications. First, the results have

direct relevance for the question of how to protect retail customers in the substantially
growing online social lending markets. Second, while they cannot be simply generalized
to other financial markets in which consumer protection is also of vital interest, they
provide evidence from a very clean experiment and show that proper incentives are
crucial for giving borrowers access to credit and to induce lenders to carefully screen loan

73



4 Skin in the Game: Evidence from the Online Social Lending Market

applicants. It is an open question for future research how these findings can be more
generally applied to consumer protection in traditional financial and lending industry as
well as in more unconventional ways of access to finance such as micro lending.
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4.A Appendix: Timeline and Variable Definitions
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Table 4.8: Variable Definitions

Variable Definition

Group Leader Bid The group leader places a bid on the listing.
Group Leader Endorsement The group leader writes an endorsement (a short text statement) on the

borrower / her listing (before the loan is funded or the listing expires).
Only GL Bid The group leader places a bid on the listing but does not write an en-

dorsement.
Only GL Endorsement The group leader writes an endorsement for the listing but does not place

a bid.
GL Bid & GL Endorsement The group leader places a bid on the listing and writes an endorsement.
Before / After The listing is created before / after the elimination of group leader re-

wards. “Before” is the reference in the multivariate analyses.
No Group The listing is not posted in any group.
No-Reward (Group) / Re-
ward (Group)

If the group leader does not request a reward for any listing posted in
the group in the sample period, the group is considered as a no-reward
group. Otherwise the group is considered as a reward group. “No-Reward
Group” is the reference in the multivariate analyses.

Vetting The group leader asks the borrower to provide information.
Listing Review Requirement The group leader reviews the listing before it is open for bidding by the

lenders.
Group Leader Offers Help The group leader provides help in designing and writing the listing.
Credit Grade: AA/A, B, C,
D, E, HR

Each borrower is assigned a credit grade based on her Experian credit
score. AA designates the lowest risk, HR the highest. “Credit Grade:
AA/A” is the reference in the multivariate analyses.

Debt-to-Income Ratio The debt-to-income ratio of the borrower at the time the listing was
created. This value is capped at 1.01.

Is Borrower Home Owner Specifies whether or not the member is a verified homeowner at the time
the listing is created.

Income Information Unavail-
able / $1-24,999 / $25,000-
49,999 / $50,000-74,999 /
$75,000-99,999 / $100,000+

The income range of the borrower at the time the listing is created.
“Income Information Unavailable” is the reference in the multivariate
analyses.

Full-Time / Part-Time / Self-
Employed / Retired / Not
Employed

The occupation status of the borrower at the time the listing is created.
“Full-Time” is the reference in the multivariate analyses.

Current Delinquencies Number of current delinquencies at the time the listing is created.
Delinquencies Last 7 Years Number of delinquencies in the last 7 years at the time the listing is

created.
Public Records Last 10 Years Number of public records in the last 10 years at the time the listing is

created.
Total Credit Lines Number of total credit lines at the time the listing is created.
Inquiries Last 6 Months Number of inquires in the last 6 months at the time the listing is created.
Amount Delinquent (in
$1,000)

The monetary amount delinquent at the time this listing is created. (in
$1,000)

Public Records Last 12
Months

Number of public records in the last 12 months at the time the listing is
created.

Current Credit Lines Number of current credit lines at the time the listing is created.
Open Credit Lines Number of open credit lines at the time the listing is created.
Revolving Credit Balance (in
$1,000)

The monetary amount of revolving credit balance at the time the listing
is created. (in $1,000)

Bankcard Utilization Describes whether the borrower uses a banking card for her transactions.
Length Status Months The length in months of the employment status of the borrower at the

time the listing is created.
Amount Requested (in
$1,000)

The amount requested by the borrower in the listing. (in $1,000)

Duration The time for which the listing is open for bidding by potential lenders.
Listing Closed As Soon As
Funded

The listing is automatically closed as soon as it is completely funded, i.e.
once the total amount bid reaches or exceeds the amount requested.
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5 Concluding Remarks

In this dissertation, I have analyzed various aspects of two-sided markets with a partic-
ular focus on the importance of online platforms. As shown throughout the dissertation,
the inception of such platforms results in challenges and implications for the users they
attract, for users of the traditional offline platforms and in particular for platform inter-
mediaries.
As an example, in the first paper of this dissertation I have shown that the creation of

companion websites to traditional consumer magazines results in a crowding-out effect
of platform revenue from traditional offline reading and advertising. The reason is that
both readers and advertisers substitute online for offline. The model I develop for this
analysis is not limited to the case of consumer magazines and their companion websites,
but can be potentially modified to analyze substitution effects in other two-sided markets.
As the Internet grows further, new business models and types of market platforms

are created. Therefore, it is increasingly important for both platform operators and
policymakers to quantify correctly the network effects that arise on such platforms. One
innovative approach to this problem I have provided in the second paper where I have
derived a sufficient (and under mild conditions also necessary) test for network effects
in potentially two-sided monopoly platforms.
A different challenge is analyzed in the third paper of this dissertation. It shows how

financial disintermediation on innovative online social lending platforms may lead to
adverse incentives for platform members if the reward scheme is not set up carefully.
The results from this experiment provide important implications for the question of how
retail consumers can be protected against unscrupulous lending and thus the ongoing
debate about the proper regulatory framework for consumer lending.
Together, the three papers of this dissertation provide help to researchers who want

to improve their understanding how two-sided markets function and what their partiu-
larities are – especially with respect to the rising importance of the Internet.
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