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Abstract

This thesis provides a broad view of the role of information and information’s effective provid-
ing in multi-agent systems. In the thesis I address three important and highly applicable general

settings, exploring how they are influenced by the information provided.

First I discuss the role of information’s effective providing in auctions, studying how dif-
ferent information disclosure schemes affect the behavior and expected profit of the different
participants in the auction (i.e., information provider, auctioneer and bidders) as well as the
social welfare. In this domain I am able to show that there are cases where, by disclosing part
of the information for free, the information provider can push the market to better equilibrium,
providing her with a higher expected profit. An example for such a case can be an auction of
an item which its value is uncertain. By eliminate part of the possible values of the item for
free, the information provider can actually increase the need for the exact value causing the
other participant to be interested in the information she holds. In addition, I study two com-
plementary manipulations available to the information provider and the auctioneer (such as
anonymously disclosing some of the information for free). Using those manipulations, the in-
formation provider and the auctioneer can increase their expected profit (and sometimes even
the other participants’ expected profit). In order to overcome the computational difficulty of
extracting the proper manipulation to be used, I provide effective sequencing heuristics that

guide the players towards the solution to be evaluated first.

The second domain discussed in this thesis is economic search (in particular one-sided
search). In this domain I analyze the case where the information provider is willing to disclose
information for free for some chosen outcomes, showing that by doing so she can actually

increase her expected profit and sometimes even the searcher’s expected profit.



Finally I study the case in which people are in the role of the information buyers, discussing
the differences between the results to be achieved when facing completely rational agents and
those achieved in experiments performed with people. One interesting result achieved in this
domain is that the main reason for those differences is the fact that people fail to take into con-
sideration the strategic nature of their interaction with the information provider and therefore
fail to update correctly the posterior probabilities after receiving the free information. People’s
inability to calculate properly the value of the information was found to be secondary in its
influence.

The research summarized in this thesis is based on both theoretical analysis and online em-
pirical experiments. The theoretical analysis is carried out using concepts from game theory,
auction theory and search theory, while the online experiments are based on Amazon Mechan-

ical Turk, a well-known crowdsourcing platform.

II



Chapter 1

Introduction

1.1 Overview

“There will be very few occasions when you are absolutely certain about anything. You will
consistently be called upon to make decisions with limited information. That being the case,
your goal should not be to eliminate uncertainty. Instead, you must develop the art of being
clear in the face of uncertainty."

Andy Stanley senior pastor of North Point Community Church

Finding effective ways to provide information is increasingly gaining importance, primarily
due to the key role that information is now playing in every aspect of our daily lives. A proof
for this can be found in the increasing number of firms investing a big part of their resources in
information technologies. For example, in 2014, Facebook bought the social network “What-
sapp" for a sum of $22 billion, making it one of the largest technologies acquisitions to date
[42]. In addition, at least 30% of the companies in Forbes’ “World’s Biggest Public Compa-
nies" list have a tight connection to providing information [41]. Actually, according to The

Economist, the world’s most valuable resource is no longer oil, but data.

In the existing literature much focus has been placed on studying the role information plays
in different environments [86, 27, 28, 53, 19, 102, 37, 21, 44, 62, 56, 76, 82, 121, 25, 49, 39,

118]. In addition, recent advances in information processing and communication technologies
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have given rise to the emergence of strategic information providers in multi-agent settings.
These information providers (typically referred to as information brokers or experts) are capa-
ble of disambiguating much of the uncertainty associated with the different alternatives avail-
able to agents (e.g., in search-based markets [86, 27], online dating [28], e-commerce [53]).
When dealing with information providing, many questions need to be answered, for exam-
ple: What is the value of the information? Should one disclose all the information she is holding
or only part of it? In what way should the information be displayed? Should the information be
given for free or at a cost? Should the disclosure be anonymous? How should one use the in-
formation she owns in order to maximize her expected profit from the system? and many more.
In this thesis I study ways to effectively provide information to agents in multi-agent systems
whenever the information provider is a self-interested agent. The work presented in the fol-
lowing chapters focuses on three highly applicable settings, Auctions, Economic Search and
Interaction with People, which have been extensively researched in prior literature. For each
domain I first present the role of information in the system, moving on to show how information
disclosure can influence the different participants in the system (using a game theoretic analysis
whenever possible, i.e., when dealing with rational agents) and providing ways to increase the
expected profit of different participants using effective disclosure of information. In addition,
for the auctions domain, I also provide some interesting manipulations (such as anonymously
providing the information or preventing the information holder from providing exact informa-

tion) available to the different participants that can improve their individual welfare.

1.2 Auctions

Information in Auctions One domain where the choice of the information available to the
different players is of great importance is auctions. In particular, whenever the bidders’ val-
uations of the auctioned item depend on some uncertain property of the auctioned item, e.g.,
its common value, the detail and completeness of the information disclosed is crucial [63, 19].
The information that might be disclosed can influence the identity of the winning bidder, and

consequently the expected profit of the auctioneer from the auction, influencing the amount
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she will be willing to pay to the information provider in exchange for the information. In this
context, an external information provider can be of relevance, whenever the auctioneer herself
does not have the information necessary to fully disambiguate the uncertainty associated with
the item (e.g., does not have the specific expertise or special equipment required for generating
the information) or does not want to disclose such information for her own strategic considera-
tions. For example, an individual selling an antique she found in her attic does not necessarily
have the expertise needed in order to determine its authenticity and condition. She can, however
contact an expert that knows about these things in order to get this information. When dealing
with auctions, although it might seem somehow counter-intuitive, I am able to show that by
giving away part of the information for free, the information provider’s profit (along with the
profit of some other participants) can be improved. The underlying idea behind this approach is
to change the general belief of the participants in the system regarding the validity of different

possible world states, leading them to an equilibrium that is better for the information provider.

Players’ Manipulation In many cases, besides selling the information, additional actions
can be taken by the player holding the information, allowing her to change the beliefs of other
players regarding the true value of the auctioned item. The auctioneer, although not in posses-
sion of the information, can also influence the beliefs of the bidders regarding the true value
of the auctioned item. In this thesis I discuss two of those additional actions (which I will
refer to as manipulations hereafter). The first kind of manipulation is the one carried out by
the auctioneer, preventing the information provider from being able to distinguish some of the
possible values from the others. In doing so, the information she can receive becomes less ac-
curate (compared to the case of receiving the information without using this manipulation).
The second manipulation discussed deals with the information provider disclosing information
for free without letting the auctioneer and the bidders know that she is the source of the free
information. In doing so, the information provider prevents the strategic response of the other
participants (due to the fact that they are not aware of her strategic behavior). In such a case,
the dominant strategy of the information provider is to eliminate the set of possible values such

that her expected profit from the auction will be maximized. The determination of which values



to disqualify is computationally exhausting. In order to provide the information provider with
a practical tool in order to decide which values to choose, I present two heuristic methods for
sequencing plausible solutions that need to be evaluated, such that those associated with higher
profit are sequenced early in the sequence. These heuristics are found to be highly effective
experimentally. In addition, I show that initially disclosing the information to all participants
instead of just to the auctioneer can sometimes be beneficial to the information provider even

though the auctioneer is the only one capable of purchasing the information.

1.3 Economic Search

One of the great successes of the Internet has been in reducing the inherent costs of acquir-
ing information of all kinds. This is particularly true for information platforms of the kinds
that connect users with the types of opportunities that they are potentially interested in. These
platforms often, either implicitly or explicitly, guide a process of search carried out by users.
For example, e-commerce platforms like eBay make it easy to search for consumer goods;
Carfax.com makes it easy to search for used cars; Match.com makes it easy to search for ro-
mantic partners. The ease with which these Internet-based platforms allow users in locating
relevant opportunities has led to a resurgence of research studying the theory and applications
of sequential search, with the understanding that the order-of-magnitude reduction in search
costs (particularly the cost of time) changes the game and necessitates new methodologies for
analyzing these markets [16, 101, 50].

The common scenario in most research dealing with economic search is a set of possible
opportunities available to an agent from which she needs to choose only one. Therefore, this
agent (mostly known as ““searcher") performs a search in order to maximize her expected profit.
The searcher is interested in maximizing her overall expected profit from the process (i.e., to
maximize z where z is the value of the opportunity found minus the accumulated search cost).
Here I address a model of one-sided economic search, e.g., the case in which an individual
search for a job or a product. Although the individual is interested in finding the most suitable

match, she also needs to take into consideration the cost (e.g., time) that is being wasted during

4



the search.

In one-sided search, information regarding opportunity quality is of great importance to the
agent performing the search. In this thesis I demonstrate that allowing the information provider
to use partial free information disclosure can push the searcher to continue the search even in
cases where she did not intend to do so in the first place (i.e., without having the information
disclosed). This can often lead to a higher profit for the information provider (and sometimes
even for the searcher (e.g., in the case of a “lemon" opportunity)). Furthermore, I prove a unique
equilibrium structure that holds in this case.

One interesting (one may even say natural) phenomenon that may occur in such cases is
that additional customers, who were not interested in paying for the information, will now be
interested in using the information that is being provided for free. As a result, the expected profit
of the information provider may decrease since she will need to produce additional information
while not receiving payment for it. This scenario is also discussed here and I am able to show

that in this specific model the information provider’s expected profit does not decrease.

1.4 Information and People

In many real life situations, the agents that are interested in the information are humans (i.e.,
not completely rational agents). Therefore, towards the end of the thesis I investigate the case
where the information buyers are people. The results achieved in the case where the information
is being sold to people are compared to those achieved in the case where the information buyers
are completely rational agents, in order to emphasize the differences between them. Here I am
able to show that although when dealing with rational agents the information provider cannot
benefit from using partial free information disclosure (a formal proof is provided), this is not
the case when it comes to people. When dealing with people, the fact that part of the informa-
tion was disclosed for free has a positive effect on the information provider’s expected profit.
Interestingly, I find that although people are struggling with the calculation of the correct value
of the information, and therefor in many times mistakenly choose to purchase the information,

this is not the main reason for the difference between the theoretical and actual choice made.



The main reason for the increase in the information provider’s expected profit through free in-
formation disclosure, when selling information to people, is the fact that people fail to treat the

interaction between them and the information provider as strategic.

1.5 Publications

Some of the results appearing in this dissertation were published in the following journal and

proceedings of the refereed conferences:

S. Alkoby, D. Sarne, and I. Milchtaich. Strategic signaling and free information dis-
closure in auctions. In Proceedings of the Thirty-First AAAI Conference on Artificial

Intelligence (AAAI-17), pages 319-327, 2017. [6]

e S. Alkoby and D. Sarne. The benefit in free information disclosure when selling infor-
mation to people. In Proceedings of the Thirty-First AAAI Conference on Artificial In-

telligence (AAAI-17), pages 985-992, 2017. [3]

e S. Alkoby, D. Sarne, and S. Das. Strategic free information disclosure for search-based
information platforms. In Proceedings of the 14th International Conference on Autonomous

Agents and Multiagent Systems(AAMAS-15), pages 635-643, 2015. [4]

e S. Alkoby and D. Sarne. Strategic free information disclosure for a vickrey auction. In
International Workshop on Agent-Mediated Electronic Commerce and Trading Agents

Design and Analysis, pages 1-18. Springer, 2015. [2]

e S. Alkoby, D. Sarne, and E. David. Manipulating information providers access to in-
formation in auctions. In Technologies and Applications of Artificial Intelligence, pages

14-25. Springer, 2014. [5]

e D. Sarne, S. Alkoby, and E. David. On the choice of obtaining and disclosing the common

value in auctions. Artificial Intelligence, 215:24-54, 2014. [102]
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1.6 Structure of the thesis

The remainder of the thesis is organized as follows. In the following chapter, I review related
work. Chapter 3 introduces the role of information in auction environments. In contrast to
previous works, I extend the strategic capability of the information provider so that in addition
to setting the price for which she is willing to sell the information, she is now also able to use
partial free information disclosure (in the form of sending signals). Next, in Chapter 4, I take a
closer look at the role of information in auctions, allowing some of the auction’s participants to
use some manipulations on the other players. The chapter is divided into two parts where each
part allows a different participant to manipulate the rest. The first section discusses the case
where the auctioneer manipulates the information provider, preventing her from being able to
remove completely the uncertainty associated with the true value of the auctioned item. The
second section deals with the manipulation performed both on the auctioneer and the bidders
by the information provider. In this section, the information provider also discloses some of the
information for free, this time anonymously (i.e., the auctioneer and the bidders do not know
she is behind the disclosure of the information). In both sections I provide a game-theoretic
analysis, presenting some interesting and counter-intuitive results.

In Chapter 5, I introduce and analyze an effective way to provide information in a one-sided
search environment. In this chapter I show that in cases where the information provider/platform
is willing to provide some of the premium services for free, she can actually increase her profit
from the search.

In Chapter 6, I offer a comparison between a theoretical model in which an information
provider is interested in selling information to a rational agent, with the empirical results for
the case where people (who are not completely rational players) are in the role of the buyers. In
this chapter I show that when it comes to people, the information provider can benefit greatly
from using preliminary partial free information disclosure.

I conclude with a discussion and suggested directions for future research in Chapter 7.






Chapter 2

Related Work

The role of information in multi-agent systems and the way it should be provided in those
systems is a very relevant and important research topic nowadays. This is due to the fact that
information has a hold on almost every situation in our daily lives: from electronic commerce
[122, 67] to matching markets [8, 22], from social networks [110] to medical procedures
[52, 100], information and its effective usage has the ability to change and improve our lives.
As was mentioned above, this thesis discusses the influence information disclosure has in three

main settings: Auctions, Economic Search and Interaction with People.

2.1 Information in Auctions

Auctions are an effective means of trading and allocating goods whenever the seller is unsure
about buyers’ (bidders’) exact valuations of the sold item [71, 74]. The advantage of many
auction mechanism variants in this context is in the ability to effectively extract the bidders’
valuations [70, 91, 30, 106], resulting in the most efficient allocation. Due to its many advan-
tages, this mechanism is commonly used and researched and over the years has evolved to
support various settings and applications such as online auctions [64, 77, 57, 32, 106, 104],
matching agents in dynamic two-sided markets [20], resource allocation [89, 88, 31] and even
for task allocation and joint exploration [45, 75]. In this context great emphasis has been placed
on studying bidding strategies [114, 111, 15], the use of software agents to represent humans

in auctions [30], combinatorial auctions [112] and the development of auction protocols that
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are truthful [20, 32, 31, 12] and robust (e.g., against false-name bids in combinatorial auctions
[124]). The case where there is some uncertainty associated with the value of the auctioned
item is quite common in auction literature. Most commonly it is assumed that the value of the
auctioned item is unknown to the bidders at the time of the auction and bidders may only have
an estimate or some privately known signal, such as an expert’s estimate, that is correlated
with the true value [47, 71, 107]. Many of the works using uncertain common value models
assumed asymmetry in the knowledge available to the bidders and the auctioneer regarding the
auctioned item, typically having sellers who are more informed than bidders [1, 37]. As such,
much recent emphasis was placed on the role of information revelation [33, 38, 44, 62] and

corresponding computational aspects [37, 21, 34].

2.1.1 Partial Free Information Disclosure

Chapter 3 introduces a model with an augmented information provider’s strategy which enables
a priori revelation of some of the information for free through the notion of signaling. This adds
much complexity, as now both the auctioneer and the bidders need to take into consideration
the strategic behavior of the information provider.

Models where agents can disambiguate the uncertainty associated with the opportunities
they consider exploiting through the purchase of information have been studied in several other
multi-agent domains, e.g., in optimal stopping domains [120, 97, 95, 98, 96, 14]. Here, the
main questions studied were how much costly information it makes sense to acquire before
making a decision [85, 99], in particular when additional attributes can be revealed at certain
costs along the search path [79, 119]. Relaxation of the perfect signals assumption has also
been explored in models of two-sided search [28]. Alas, the entities providing the information
in such models usually take the form of matchmakers rather than information providers. Those
that do consider a self-interested information provider in these domains, e.g., Nahum et al.[86],
focused on the way she should set the price for the information she provides and did not con-
sider the option of free information disclosure [56]. The work described in Chapter 5 suggests
an information provider that can provide the true value of an opportunity for free, for some

of the signals, showing that such a strategy can benefit the information provider. Nevertheless,
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the source of the achieved improvement in the information provider’s profit is completely dif-
ferent than in this case—the free information was shown to push users to become more picky
hence it increased the overall search period and consequently the number of times the infor-
mation provider’s service was required. On the contrary, in this case the value derives from
the fact that the value of the remaining information held, and consequently the expected profit,
increases. Naturally the model and analysis of these two cases are substantially different. Other
justifications for free information disclosure mentioned in prior work are increasing user loy-
alty and attracting potential users [101]. Finally, much of the existing work in auction literature
that considers information revelation either assumes that the auctioneer necessarily obtains the
information (or initially holds it) or, when an information provider is considered (e.g., [102]),
she was either not allowed to be strategic or she was allowed to be strategic but her strategic

behavior was limited to price-setting only.

2.1.2 Player’s Manipulation

In the currently existing auction literature, great emphasis is placed on the role of information
revelation [84, 93, 33, 38, 43, 44, 62, 63]. In particular, several authors have considered the
computational aspects of models in which the value of the auctioned item is unknown to the
bidders at the time of the auction and bidders may only have an estimate or some privately
known signal, such as an expert’s estimate, that is correlated with the true value. In such models,
the auctioneer needs to decide on the subsets of non-distinguishable values to be disclosed to
the bidders [37, 21, 34]. All of these works assume that the auctioneer necessarily obtains
the information and that the division into non-distinguishable groups, whenever applicable, is
always a priori given to the bidders. Furthermore, not disclosing any information (signal) is not
allowed in these works. The problems presented in Chapter 4, on the other hand, do not require
that the auctioneer possesses (or purchase) the information in the first place, and they allow

non-disclosure of any value even if the information is purchased.
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Auctioneer’s Manipulation

In contrast to the above presented works, the problem presented in the first section of Chapter
4 allows the auctioneer to use a manipulation on the information provider. The auctioneer,
although not holding the information, can choose to limit the level of detail and precision of
the information that the information provider will be able to sell. Doing so (for example, by
limiting the information provider’s access to some of the data required to determine the exact

common value), the auctioneer can sometimes increase her expected profit.

Work in other domains that did consider selective information disclosure, e.g., for compar-
ison shopping agents [55] or for sharing data for user modeling [103], is very different in terms
of the principles used, since not dealing with an external entity aiming to maximize it expected
profit from selling the information, and cannot be applied in this case. All in all, despite the
many prior models that consider a subset of the characteristics of the model described in the
first section of Chapter 4, to the best of my knowledge, an analysis that addresses all of the

different aspects included in this model does not exist in prior literature.

Information Provider’s Manipulation

In the second section of Chapter 4 I extend the above described work to include an additional
strategic dimension for the information provider, in the sense of anonymously disclosing some
of the information for free. Furthermore, unlike prior work, in this section I deal with the com-
putational aspects of extracting the information provider’s strategy. Other related work can be
found in the study of platforms that bring together different sides of the market (e.g., dating, or
eCommerce platforms). Here, there is much work on the impact on selective information disclo-
sure [53], strategic ordering of the disclosed information [54] and having the platform charge
only one of the two participating sides [56], and even cases where consumers are in effect paid
to use the platform being studied [101]. My work can be viewed in a similar vein, especially
in the context of the information provider subsidizing information provisioning, although the
intuitions behind my results are quite different and grounded in the transition between different

equilibria rather than in the profit of potentially increasing overall participation.
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2.2 Information in Economic Search

Much recent work has focused on studying the dynamics associated with information search
in distributed multi-agent system environments, where immediate reliable information about
the different opportunities available to the agents is not public [56, 86, 119, 27], and emergent
behavior in two-sided markets [7, 101, 118, 51]. One of the main questions investigated within
this context is how platforms should price their information services, i.e., who pays, and what
fees to charge [25, 49, 39, 118]. Chapter 5 is among the first to consider a richer space of
strategic choices for platforms, such as the option to partially disclose information for free [92].
To date, work that considers providing information for free has been limited to providing the
information completely free to some users. For example, it has been suggested that platforms
could charge only one side in a two-sided market while the other group is allowed to use
the platform for free [24]. These models are also different from the one presented in Chapter
5 in the motivation for free service provision. Typically, the motivation in these models is
intense competition among the players of one group (e.g., directories such as “yellow pages”
that are supplied to readers for free) [7] or how platforms can attract elastic consumers and, as a
result, obtain higher prices or more participation from the other side [101]. The work presented
in Chapter 5 analyzes partial free disclosure of information at the single user level, with the

potential benefit that it may induce further consumption of the paid service.

Much recent work has been dedicated to applying search-theoretic principles in novel do-
mains, e.g., in comparison shopping [116, 61]. The assumption in this line of work is that
the provider’s sole purpose is to serve the user’s needs [81]. This assumption leads to the de-
sign or modeling of information providers which favor the user (e.g., buyers, in comparison
shopping applications) [48, 87]. Existing work where information providers are modeled as
self-interested autonomous entities [67, 68] focuses on the use of the information provider for
obtaining the signal itself in settings where signals are noiseless (e.g., price quotes) rather than
for supplying complementary information [117]. In contrast, the work presented in Chapter 5
deals with an information provider that is interested in maximizing its expected revenue from

the process. Finally, there is rich literature on variations of the secretary problem [40], a classic
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optimal-stopping online problem. Chapter 5’s setting is different in that it involves search costs
rather than a limited list of possibilities, and the goal is to maximize expected utility rather than
the probability of hiring the best candidate (for more on these differences and models that share
some features of both types of problems, see Gilbert and Mosteller [46] and Das and Tsitsiklis
[29D.

To the best of my knowledge, none of the one-sided search literature in either search theory
or multi-agent systems has considered the market dynamics that result in cases where a self-

interested information provider can sometimes choose to disclose her information for free.

2.3 Information and People

In human-computer interaction, much effort has been placed on modeling the user’s attentional
state in order to reason about the cost of (and consequently the benefit in) requesting informa-
tion from the user or providing her with some information held by the system [123, 59, 60].
While the underlying value of information calculation in these works is similar to the one pre-
sented in Chapter 6, the information provider/requester they consider is fully cooperative in the
sense that it attempts to maximize the user’s expected benefit instead of its benefit from selling
the information to the user, as in Chapter 6.

Much work can be found in the multi-agent literature studying strategic information providers
that can disambiguate the uncertainty associated with the opportunities available to agents [102,
85, 13]. These, however, primarily deal with the question of information pricing and do not in-
corporate the option for selectively disclosing some of the information in order to increase the
chance for a purchase. Those that do consider the option to use selective information disclo-
sure (in more complex decision settings, where the method can theoretically matter even when
taking the strategic aspect of the interaction) [56], or even those that studied the role of infor-
mation revelation [33, 38, 44], typically assume that information consumers are fully rational
agents.

The idea itself of selective information disclosure that affects people’s behavior is not new in

general and can be found in various other works [113, 108, 11, 54, 92, 9]. It has been justified in
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prior literature mainly as means for increasing user loyalty, attracting potential users, inducing
repeated service requests or influencing the user’s behavior [101, 36]. Nevertheless, to the best
of my knowledge, an empirical investigation of the benefit in free information disclosure in

order to promote information purchase by people has not been carried out to date.
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Chapter 3
Providing Information in Auctions

In this chapter! I analyze the problem of strategic information disclosure and signaling by in-
formation providers in the context of auctions (specifically for second-price auctions). I provide
an equilibrium analysis to the case where the information provider can use signaling accord-
ing to some pre-committed scheme before introducing its regular (costly) information selling
offering. The signal provided, publicly discloses (for free) some of the information held by the
information provider. Providing the signaling is thus somehow counter intuitive as the informa-
tion provider ultimately attempts to maximize her gain from selling the information she holds.
Still, I show that such signaling capability can be highly beneficial for the information provider
and even improve social welfare. Furthermore, the examples provided demonstrate various pos-
sible other beneficial behaviors available to the different players as well as to a market designer,
such as paying the information provider to leave the system or commit to a specific signaling
scheme. Finally, I provide an extension of the underlying model, related to the use of mixed

signaling strategies.

3.1 Introduction

Despite their importance in auctions, the study of profit-maximizing information providers in
this domain has been limited, to date, to the price setting problem, i.e., the pricing of the infor-

mation offered for sale (e.g., see [102]). The choice of what information to disclose in auctions

!'The work reported in this chapter was published in [6].
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was studied only in the context of information available to the auctioneer that can possibly
be disclosed to the bidders [33, 38, 37, 21, 44, 62]. The analysis of information disclosure
by an external self-interested information provider entity, however, calls for a different analy-
sis framework and may reveal much new insights. For example, it has been shown in various
domains that information brokers can gain much by limiting their information offers and its

accuracy [26] or even offering some of it for free [101, 56].

In this chapter, I introduce a similar approach to the auction domain, focusing in extending
an information provider’s strategy space to include signaling that aims to selectively disclose,
for free, some of the information she holds. For example, before offering to sell the information
she own regarding to the worth of the antique, the expert can disclose that the antique’s worth
can not be lower than a specific value. The signal is disclosed to the auctioneer and bidders
prior to making the decision of whether to purchase the information offered for sale. In doing
so, the information provider, at times, fully discloses the information she holds and hence the
information is not purchased. Yet, this strategy, as demonstrated during this chapter, substan-
tially improves the price the players will be willing to pay for the information in other cases,

hence overall the effect on the information provider’s profit is positive.

Contributions The main contribution of the chapter is the demonstration that partial free
information disclosure may be beneficial for the information provider, despite the counter-
intuitiveness of the action. This is demonstrated by a three-party equilibrium analysis for an
information-provider-based auction setting with signaling. Furthermore, I show that the benefit
of the information provider is not entirely at the expense of the auctioneer. In addition, I show
that in various settings players may find it beneficial to pay the information provider to leave the
system entirely or switch to a different strategy. Finally, the chapter offers various extensions
to the information provider’s strategy, such as the use of mixed signaling and restricting her

strategy space.
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3.2 The Model

I consider a standard second-price sealed-bid (Vickrey) auction setting where bidders’ private
values depend on some uncertain value X pertaining to (or characterizing) the auctioned item
(e.g., the number of people passing by next to an auctioned ad space).> The parameter X may
obtain any value from a finite set X*, where the probability it receives a value z is given by
p(x) O, ex-p(x) = 1). X will be called the state of the world.

Each bidder can be of any type 1" from a finite set 7™, where the probability of a bidder
being of a type ¢ is given by ¢(t) O _,cr- ¢(t) = 1). The different types are independent. An
agent’s type ¢ determines its valuation of the auctioned item (i.e., its private value) for each
value x that X may obtain, denoted V;(z). Finally, it is assumed that all players (information
provider, auctioneer and bidders) are familiar with the distributions of X and 7" and the number
of bidders taking part in the auction, denoted n, and that each bidder knows her own type.
Similar to recent prior work (both in auctions and other domains) I assume that the uncertainty
associated with the value of X can be disambiguated by some agent denoted “information
provider" [25, 49, 39]. The information provider can sell this information to the auctioneer. |
further assume that if such information is purchased by the auctioneer, then she must reveal it
to the bidders as well, e.g., as part of fair information disclosure regulations.

Unlike prior work that also used the above underlying model, this model enables the infor-
mation provider, in addition to setting the price for her information providing service, to send a
signal that partially reveals the information she holds. While I do not put any constraint on the
signal itself (i.e., it can have any form and its content can either directly relate or have nothing
to do with the actual value of X)) I assume the signal becomes public domain in the sense that
it is revealed both to the auctioneer and bidders. Furthermore, I assume that the information
provider must publicly commit to a specific strategy.

Formally, the information provider’s strategy, denoted ()M, S, C'), specifies a set M of pos-
sible messages, a function S : X* — M specifying the message S(x) that will be sent when the

state of the world is z (X = x), and a function C': M — R, that specifies the price C'(m) > 0

2A specific case is where X represents the common value of the auctioned item [62, 47, 21, 71] and bidders’
private values depend to some extent on that common value.
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asked for revealing the true state of the world when the message is m € M.

AUCTIONEER BIDDERS
x1,®,5,(x1) 2> purchase (3 >——
P ) S(x2) ”71’61"53*— S
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Figure 3.1: Extensive form game representation of the game.

The course of the game is therefore as follows (see Figure 3.1 for the extensive form game

representation):

The Information provider publicly commits to a set of possible signals M, a mapping
function S, and a pricing function C'. The pair (M, S) will be denoted signaling scheme

onward.

e The information provider learns the true state of the world and sends the appropriate

signal m according to the signaling scheme she has committed to.

e The auctioneer either purchases from the information provider the information regarding

to the true value of X (and truthfully discloses it to the bidders) or does not purchase it.

Each bidder becomes acquainted with her type and places her bid.

All actions according to the above flow are publicly visible to the other players. Notice that
there are several nodes in Figure 3.1 that are in fact in the same information set. For example,
it is possible that S(z') = S(2”) (where 2’ # x”) hence the nodes of type 3 coming out of
the “not-purchase” auctioneer decisions (originating from type 2 nodes) when the information
provider commits to a strategy which uses S are all part of the same information set. One
important detail that is not being presented in the figure is the fact that the bidders can be of

different types hence provide different bids for the same state of the world.
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All players are assumed to be fully-rational self-interested agents, aiming to maximize their
expected profits. The information provider’s profit is her revenue from selling the information.
The auctioneer’s profit is calculated as her revenue from the auction (captured by the second
best bid) minus the payment made to the information provider if the information is purchased. A
bidder’s profit is the difference between her valuation of the auctioned item and her payment to
the auctioneer in case of winning the auction and zero if she loses. Finally, I measure the social
welfare as the sum of the auctioneer’s, bidders’ and the information provider’s expected profits.
The social welfare is also equal to the expected true valuation of the item in the eyes of the
winning bidder. This is due to the fact that both the auctioneer’s and the information provider’s
profits are exclusively based on payments made by or to the other players, thus canceled out by
other players’ profits, resulting in a social welfare measure that is the true valuation of the item
in the eyes of the winner. This represents the efficiency of the allocation made and aligns with
the way social welfare is measured in prior work, even when not considering an information

provider in the model (Krishna2002 p.75-76).

3.3 Analysis

I analyze the auction using backwards induction. I start with the bidders’ best response strategy.
A bidder’s bidding strategy is influenced by the signaling scheme to which the information
provider had committed, the bidder’s own type ¢, the signal m she disclosed or the state of the
world x disclosed by the auctioneer. It is captured by the function B, : M UX* — R as follows:

Vi(a) a€ X
Bi(a) = (3.1)

>, pyla)Vily) aeM
where p(z|m) is the conditional probability of X = z given that the signal sent is m, specifi-
cally:

S I N S(z) =m
p(zm) = 2 yes—1(m) P(¥) 3.2)

0 otherwise

The optimality of the above subscribed strategy derives from the fact that if the information
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is purchased eventually and the bidders receive the true value x, then this new information
necessarily overrides any prior information encapsulated in m. Hence since this is a second
price (Vickrey) auction the bidders’ best response is necessarily to bid their true valuation, i.e.,
Vi(z) [115]. Otherwise, if the true value is not purchased by the auctioneer (i.e., a € M) then
the bidders should update the probabilities assigned to each possible value z € X*: (a) each
value x for which S(z) # a obtains a probability 0 as the information provider’s commitment
precludes its legitimacy as a potential value X may obtain; (b) the probability of each value x
for which S(z) = a is the conditional probability given a, again due to the commitment of the
information provider. Based on the updated (posterior) probabilities, the best response strategy
is to bid the expected private value [37].

Next, I analyze the auctioneer’s strategy. The auctioneer’s strategy defines her action to
any strategy (M, S, C) used by the information provider and the signal m sent. It needs to
take into account the best response strategy of the bidders. I use the function R, : M U
X* — R for denoting the expected profit of the auctioneer from the auction (i.e., the second
highest bid) when the information provider is committed to (A/, S, C') and the bidders use their
best response bids. The argument of the function is the true state of the world z € X* if
the information was purchased and the signal m € M sent otherwise. The auctioneer’s best
response is to purchase the information whenever its value is greater than its cost. Formally, the
information is purchased whenever Ey p(y|m) - Raue(y) — Rauc(m) > C(m).

Now that the best response strategies of the auctioneer and bidders are defined, I can find an
information provider’s best response strategy. The information provider will choose a strategy

(M, S, C') which maximizes her expected profit, given by:

> plz) - C(S(x)) (3.3)

rzeX

where, for any m € M:?

C(m) = max(D>_ p(ylm) - Rauc(y) — Raue(m), 0)

Y

*Note that for the case where C'(m) = 0 (i.e., >y PYIm) - Rauc(y) < Rauc(m), hence the information has
no value for the auctioneer) there is an infinite number of best-response strategies for the information provider, as
any positive price will lead to the same result of not purchasing the information upon disclosing m.
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The sum Equation (3.3) calculates is the expected profit of the information provider when
using a strategy (M, S, C') while having every element C'(S(z)) set to be the maximum possible
fee at which the information is purchased by the auctioneer whenever receiving the signal m €
M. The calculation sums all possible values in X* weighing the appropriate gain according to

the a priori occurrence probability of each value.

One important feature of the information provider’s signaling strategy is that it induces a
partition of the set X*. Two states of the world z; and z;, are in the same partition element if
and only if the same message is sent in both states. Clearly, the only information revealed by
a message is the identity of the partition element that includes the true state of the world; the
actual content is irrelevant. Therefore, there is no loss of generality in specifying a strategy as

a partition of X* and a cost ¢ for each partition element.

This observation has two implications. The first is conceptual, as it reveals the main inter-
pretation of the signaling - giving away information. This is further discussed in much detail
in the following numerical section. The second implication is computational. Seemingly, the
solution concept outlined above would require iterating over an infinite number of signaling
schemes. With the observation that the information provider’s signaling strategy induces a par-
tition of X™* one needs to consider only a Bell number (of the number of values in X*) of
schemes.* This is still intractable when the set of possible values is large, or continuous, how-
ever in practice, typically there is a very limited set of world-states (or categories). For example,
a geologist selling information about the quantity of oil buried under a land will usually provide
you with one out of several ranges. Similarly, the value of a rare coin offered for sale is affected
by the era it was made (of a limited set).

The equilibrium can thus be calculated by finding a strategy profile in which all players
are using their best response strategy. Since the information provider chooses the solution that
maximizes her expected profit and I have already shown that the seemingly infinite strategy

space can be reduce to a Bell number, an equilibrium solution necessarily exists.

One key feature of interest in this model where the information provider can use signaling is

4The number of possible partitions of a set of size b is a Bell number, given by the recursive formula: By, =
ZZ:O (Z) * By, Bo = 1.
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the change in the different players’ expected profit and in particular the social welfare compared
to the case where signaling is precluded. While I discuss and demonstrate numerically typical
patterns of changes in the different parties’ expected profit in the next section, I can also prove
some relationships between the equilibrium social welfare for the two cases.

For this purpose I first define the concept of signaling refinement in the context of signaling

schemes in this model, leading to a partial order of equilibria.

Definition 1. A signaling scheme (M, S) induces a finer partition of the set X* than the signal-
ing scheme (M’',S") if for any x the following holds: {y|S(y) = S(x)} C {y|S'(y) = S'(z)}

and there exists at least one x for which the inclusion is strict.

Proposition 1. Any equilibrium E such that there is no other equilibrium FE' that uses a finer
signaling scheme is efficient (maximizes the social welfare). In particular, an efficient equilib-

rium exists.

Proof. 1t suffices to show that if there is an equilibrium by which the social welfare is not
maximized then there also necessarily exists an equilibrium that uses a finer signaling scheme
(hence eventually there is an equilibrium that maximizes social welfare). Consider equilibrium
FE by which the information provider is using a strategy (M, S, C') and the social welfare is
not maximized. Since the social welfare in the auction is equal to the true valuation of the
item in the eyes of the winner, the social welfare is maximized whenever the auctioned item
is always allocated to the bidder that values it most. In this model this happens whenever all
bidders bid their exact valuation according to the true state of the world.> Since the social
welfare is not maximized in £ then there is necessarily a signal m € M that is used in S for
at least two different states of the world (3z;, z; € X* for which S(z;) = S(z;) = m) and
the information is not purchased by the auctioneer upon sending the signal m. Now consider a
strategy (M’,S’, C") which differs from (M, S, C') only in having a different (new) signal for
every state of the world for which the signal used with strategy ()M, S, C') is m. The expected
profit of the information provider is identical with both strategies (M, S, C') and (M', S",C")

as the new signals fully disclose the corresponding states of the world and the information is

SThis can also happen when bidders bid according to expectations however there is one bidder who values the
item more than others for each state of the world.
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not purchased in those cases. Therefore since (M, S, C') is in equilibrium, so is (M', S’ C")
(as it maximizes the information provider’s profit). The new equilibrium uses a finer signaling

scheme than the one used by £ by definition. U

One important implication of Proposition 1 is that there exists at least one socially optimal
equilibrium. This as opposed to the case of a model where signaling is not used at all, where
it is possible that there is no positive value for the auctioneer from the information held by the
information provider (hence the information is not purchased). The model where signaling is
not used at all is equivalent to the case where the information provider provides an uninforma-
tive signal. An uninformative signal is one that encapsulates no information whatsoever, e.g.,
when always providing the same signal regardless the true world state. Therefore by enabling
signaling one can guarantee at least one equilibrium with an improved social welfare, if ini-
tially the information offered no value for the auctioneer. Furthermore, the social welfare in
this latter case is a lower bound for the social welfare achieved with any signaling scheme as

the following proposition states.

Proposition 2. The social welfare when the bidders do not get any signal or get an uninforma-

tive signal is lower than or equal to the social welfare in case of getting any other signal.

Proof. The information is a random element y. (In the case of the free information (i.e.,
signaling), y = S(x), where z is the random state of the world). For any fixed vector of bid-
der types, bidder i’s valuation is a random variable V;,(x) (as it depends on the state of the
world). Given the information y, the bidder’s bid is the conditional expectation of his valuation,
E(V;,(2)|y). The winning bid is max; F(V;,(x)|y), which is also the conditional expectation of

the social welfare, given y. The unconditional expectation is therefore:
E(max E(V;, (z)]y)) > max E(E(V; (1)]y)) = max E(V,(z))

The expression on the right-hand is the expected social welfare without the information y. [
On the other hand, if the information is purchased when not using signaling then the social

welfare cannot further improve with the use of signaling, as the equilibrium is already efficient.
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3.4 Numerical Illustration

I continue by illustrating the benefit for the information provider in free information disclosure
(i.e., signaling in this model) and the effect on social welfare and the different players’ profit.
Since the goal of the numerical examples is primarily illustrative, I use abstract synthetic set-
tings where different bidder types are arbitrarily assigned their private value for any possible

state of the world.

n=4 private values
z1 2 x3 T4 Zs5
p(Values)
Type o(Types) 028 | 0.19 | 0.2 | 0.07 | 0.26
1 0.38 66 5 35 45 24
2 0.22 72 86 28 73 14
3 0.4 84 14 59 37 81

Table 3.1: The setting used in the example given in Figure 3.2

Consider the auction setting given by Table 3.1. In this example there are four bidders,
each assigned type ¢, t2 or t3 with probabilities 0.38, 0.22 and 0.4, respectively. The state of
the world (the value of X') may obtain one out of five possible values, z; through x5, with
the probabilities shown. The remaining values in the table are the private values that bidders
of different types assign to the different possible values of X. In this setting, the information
provider’s expected profit if she decides to commit to the trivial strategy of not disclosing any
information through signaling (formally: S(z;) = S(z2) = S(x3) = S(x4) = S(z5), or in the
shorter form that I will use onwards: {{1,2,3,4,5}}), is 0 since the information is not being
purchased by the auctioneer.® The information provider can, however, commit to a strategy
S" = {{1,3,4,5},{2}}, C({1,3,4,5}) = 1.24, C({2}) = 0, in which case the expected
profit is 1.01. This example illustrates the benefit in free information disclosure. The signal
results in shrinking the set of possible states of the world, hence the information provider is
providing to the other players some of the information she holds, for free. This might seem
somehow counter-intuitive, as potentially the information provider could have tried “selling”

this information. In particular, whenever disclosing a signal m which is unique, in the sense that

An example where the information is being purchased even when committing to an uninformative signaling
scheme is obtained by changing the value of x; to bidders of type ¢; in the table from 66 to 200.
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there is only one value x € X* that maps to it (as in the case of 5 in the example above), the
disclosure of the signal fully reveals the true state of the world and the information provider’s
service i1s necessarily not used. Still, by distinguishing this case, the information held by the
information provider in other states of the world becomes of greater value for the auctioneer and
this added benefit outweighs the loss incurred by giving away part of the information for free.
Specifically, in this example, the auctioneer is willing to purchase the information, whenever
it is not 9, for a payment of 1.24. This can be intuitively explained by the fact that bidders of
types t1 and t3 (the two types associated with a substantial probability compared to ¢5) have
a relatively low value for z5. In the absence of indication concerning whether or not X = z,
there is a chance that if purchasing the information the value will turn to be x5 in which case
the bidders of these two types will place low bids, resulting in low expected second best bid.
Therefore, while the expected second best bid for all other values will improve, the substantial
decrease in profit in case the value x5 is obtained completely precludes purchase. However,
with the initial indication whether x5 is possible or not, the auctioneer can choose to purchase
the information whenever knowing that x5 is not a possible outcome. Therefore committing to
a strategy that gives away some of the information held by the information provider through

signaling can be highly beneficial.

I emphasize that in a 2-player setting of an information provider and a potential buyer,
where the information offered by the information provider pertains to the true state of the world,
giving away free information of this kind cannot be beneficial for the information provider. The
proof is similar to the one used in Proposition 2. In the model analyzed in this chapter, however,
the free disclosure of information through signaling influences the bids to be placed by the
bidders in case the information is not purchased. This directly affects the value of information

for the auctioneer and consequently her decision to purchase the information.

Figure 3.2 depicts the players’ expected profit and the social welfare, as a function of the
strategy used by the information provider for the above setting. The 52 strategies, which is
the Bell number for the five values that X may obtain, are aligned along the horizontal axis
according to their expected profit to the information provider (ascendingly). The bidders’ ex-

pected profit in this figure is the sum of the individual expected profits weighted according to
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Figure 3.2: The players’ expected profit and social welfare for the different signaling schemes
the information provider can commit to. The partition elements for which the information is
purchased are highlighted.
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the types distribution.

As mentioned above, in Figure 3.2 the information is not being purchased when using the
strategy {{1,2,3,4,5}} and therefore the social welfare associated with this equilibrium is a
lower bound to those obtained with any other strategy (see Proposition 2). The social welfare
is maximized for all signaling schemes in which the true state of the world is always revealed
(i.e., either when it is necessarily purchased (e.g., {{1, 3,5},{2,4}}), in partitions where it is ei-
ther purchased or revealed through signaling (e.g., {{3,4,5},{1}.{2}}) or when fully revealed
through signaling (e.g., {{1}.{2}.{3},{4}.{5}})). In this example, the information provider
managed to generate profit through signaling, reaching an equilibrium that is not only efficient
but also maximizing the bidders’ expected profit. The expected profit of the auctioneer, how-
ever, actually decreased in comparison to the case where the signaling is uninformative, and the
decrease is greater than the corresponding increase in the information provider’s profit when

switching to informative signaling. The increase in the information provider’s profit does not
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necessarily need to come fully at the expense of the auctioneer (an example for a case where the
information provider’s profit is higher than the auctioneer’s loss can be obtained by changing
the value of z; to bidders of type ¢, in the table from 72 to 60). This is best explained by con-
sidering the two parts in which information that affects the bidders’ bids is being revealed. At
the signaling stage, the information provider affects the posterior probabilities of the different
values, which reflects on the bids to be placed (and hence bidders and auctioneer’s expected
profit) if the information is not being purchased. At this stage both the bidders’ and the auction-
eer’s expected profit can increase or decrease. This is best illustrated by the strategies on the
horizontal axis, in which the information is not being purchased, each resulting in a different
profit to the different players (and, of course, a zero profit to the information provider). At the
second stage, where the information can be purchased, the auctioneer’s expected profit does
not change, as the information provider sets the price such that she takes over whatever addi-
tional profit the new information creates for the auctioneer. The signaling scheme set by the
information provider therefore controls how much she will be able to charge the auctioneer in
the second part, and from the auctioneer’s point of view, there is no difference between having

the second phase or not.

Based on Figure 3.2 I can extract several benefiting behaviors available to the different play-
ers. For example, players can benefit from paying the information provider enough to leave
the market completely, or, alternatively, to initially commit to a different signaling scheme
which in the absence of proper compensation is not optimal. For example, the equilibrium
S = {{1,3,4,5},{2}}, C({1,3,4,5}) = 1.24, C({2}) = 0, yields the auctioneer an ex-
pected profit of 52.8 and 1.01 to the information provider. Leaving the market (equivalent to
using the strategy {{1, 2, 3,4, 5}} when the information is not purchased and no information is
revealed trough signaling) yields the information provider’s profit of zero, however the auction-
eer’s profit is 54.15. Therefore the auctioneer finds it beneficial to pay the information provider
slightly over 1.01 in order to leave. Similarly, the auctioneer finds it beneficial to compen-
sate the information provider for the decrease in her expected gain when switching from the
equilibrium strategy S = {{1,3,4,5},{2}}, C({1,3,4,5}) = 1.24, C({2}) = 0, to strategy
S"={{1,2,3},{4,5}}, C({1,2,3}) = 0, C({4,5}) = 1.64, i.e., paying her slightly over 0.47
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as the auctioneer’s expected profit will increase, from 52.8 to 53.9.

n=4 private values
1 2 xs3 T4 x5
p(Values)
Type a(Types) 03 (03] 021 | 01 | 0.09
1 0.18 9% | 57 46 21 41
2 0.01 69 | 70 86 76 2
3 0.81 72 5 9 72 14

Table 3.2: An example where the bidders benefit from paying the information provider to com-
mit to a different strategy. For details see text.

Table 3.2 describes a setting where the bidders will benefit from paying the information
provider to commit to a particular strategy. In this example the information provider can reach
her maximal expected profit, 0.66, using twelve different strategies which among others include
the strategy S = {{1,3},{2,4}.{5}}, C({1,3}) = 5, C({2,4}) = 2.125, C({5}) = 0. This
strategy results in an expected profit of 3.4 for bidders. With the equilibrium strategy S’ =
{{2,4}, {1}, {3}, {5}}, C({1,3}) = 865, C({1}) = 0, C({3}) = 0, C({5}) = O, on the
other hand, bidder’s expected profit is 3.46. Therefore, the bidders will find it beneficial to pay
the information provider any amount smaller than 0.06 in order to make her choose the latter
strategy.

Players can also benefit from constraining the information provider’s signaling scheme.
Up until now, I assumed the information provider may use any signal. In many cases, how-
ever, it is possible that the information provider is limited to (or intentionally chooses (and
commits to) limit herself to) a certain subset of possible signals. For example, the information
provider may be limited only to signals that partition X* into two subsets (e.g., providing only
signals of the form “greater than w” or “lower than w”). Obviously such a restriction cannot
improve the information provider’s profit as she uses the expected-profit-maximizing strategy
anyhow. A constraint over the information provider’s strategy space can, however, be benefi-
cial for the other players, and therefore a market designer may find constraining signaling to
specific schemes to be appealing. For example, consider the setting used for Figure 3.2. Here,
there are some strategies (e.g., S = {{2,4},{3,5},{1}}, C({2,4}) = 0.96, C({3,5}) = 0,

C'({1}) = 0) for which the auctioneer’s expected profit increases at the expense of the informa-
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tion provider’s expected profit, while bidders’ expected profit and the social welfare remain the
same (all compared to the equilibrium strategy in the non-restricted scenario). Similar examples
where strategy restriction can benefit also the bidders and the social welfare can be produced.
Additional interesting phenomenon is related to the effect of an increase in the number
of bidders over the information provider’s expected profit. Generally, one would expect the
information provider’s expected profit to increase as the number of bidders increases. This is
because by purchasing the information the auctioneer guarantees that the bidders who value the
item most will bid their true valuation. Having more bidders thus should increase the profit for
the auctioneer, as it is more likely to have more bidders who assign high values to each state
of the world. Since the information provider takes over a substantial portion of the auctioneer’s
surplus from purchasing the information one would expect the information provider’s expected
profit to increase as a function of the number of bidders taking part in the auction, as well. The
following example, however, illustrates that this is not necessarily the case. Assume there exists
a type who will bid high value regardless of the state of the world. In such a case, as the number
of bidders rise, so is the probability that there will be two bidder from this type participating
in the auction. The auctioneer will thus profit no matter what is the true state of the world and

therefore will not be interested in purchasing the information from the information provider.

3.5 Mixed Signaling

The information provider can further improve her profit through the use of mixed signaling
strategies. In this case the information provider’s strategy specifies a set M of possible mes-
sages, a stochastic matrix Ajx«|x|a, Where A[i, j] is the probability that the signal being sent
is m; € M if the state of the world is z; € X* (3, Ali,j] = 1), and a function C' : M — R,
that specifies the price C'(m) > 0 asked for revealing the true state of the world when the mes-
sage is m. Unlike the case of committing to a pure strategy, here a strategy does not induce a
partition of the set X* and the information revealed by a message does not necessarily disclose
the identity of a subset of X™* that includes the true state of the world. Instead, the message m

leads to the posterior probabilities of any of the values in X*, according to a modification of
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Equation (3.2)

plams) = ATk )

3.4)

I illustrate the potential benefit of using mixed signaling by the setting described by Ta-
ble 3.3. The maximum expected profit the information provider can achieve through a pure
signaling strategy is 1.4 (obtained with the strategy S = {{1,3,4},{2,5}}, C({1,3,4}) =
C({2,5}) = 1.4). Now consider an alternative mixed strategy that uses M = (my,ms),
C(my) = C(my) = 143 and A = [(0,1),(1,0),(0,1),(0.1,0.9), (1,0)]. This means that
whenever the state of the world is x; or x3, the information provider uses the signal m, when-
ever it is x5 or x5 the information provider uses the signal m;, and in case the state of the world
is 4, the information provider mixes between the signals m; and ms with probabilities 0.1 and

0.9, respectively. This strategy improves the expected profit of the information provider to 1.43.

n=4 private values
x1 | x2 | 23 | T4 | TH
p(Values)
e | otvmes 007 | 0.14 | 025 | 0.28 | 026
1 0.24 32 53 9 11 14
2 0.41 68 50 19 50 15
3 0.28 5 85 56 93 70
4 0.07 58 82 88 99 0

Table 3.3: An example where the information provider benefits from using mixed signals. For
details see text.

3.6 Conclusions

The analysis provided in this chapter enables demonstrating that by augmenting the information
provider’s strategy to include signaling she can increase her expected profit. Through the use of
signaling the information provider imposes herself on the auctioneer such that the information
she holds is actually being purchased even in cases where it cannot be sold otherwise. The
importance of this finding is in its non-intuitiveness as the essence of the signaling is free

disclosure of some of the information held by the information provider.

32



The transition to a signaling-based strategy in real-life domains does not require much,
given the so many channels available nowadays for disseminating information. For example, a
strategic information provider will be able to set up a web-page which includes a reduced set
of possible values that the antique can be worth. Since this information is being provided for
free to anyone interested, it practical role is identical to the one of a public signal. In fact, it is
almost impossible to prevent such a strategic behavior and therefore this should be taken into
consideration by the auctioneer and bidders when setting their strategies, making this model a

realistic one.
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Chapter 4

Players’ Manipulations in Auctions

In this chapter! I provide a different alternative of using the information in an auction as was
presented in the last chapter. Here, I am allowing the information provider and the auctioneer
to use some manipulations on the other players, causing them to change the way they react, in
order to increase their expected profit. I will first discuss the case where the auctioneer uses
a manipulation on the information provider causing her to not be able to remove completely
the uncertainty regarding to the true value of the auctioned item. Then I will move on to the
case where the information provider uses a manipulation on all the other players in the form of

anonymous publicly signals.

4.1 Auctioneer’s Manipulation

In this section, I focus on environment settings where the information that may be purchased
still involves some uncertainty. The equilibrium analysis is provided with illustrations that high-
light some non-intuitive behaviors. In particular, I show that in some cases it is beneficial for
the auctioneer to initially limit the level of detail and precision of the information she may pur-
chase. This can be achieved, for example, by limiting the information provider’s access to some
of the data required to determine the exact common value. This result is non-intuitive especially
in light of the fact that the auctioneer is the one who decides whether or not to use the services
of the information provider; hence having the option to purchase better information may seem

advantageous.

!'The work reported in this chapter was published in [5, 2]

35



4.1.1 Introduction

Prior work which include self interested information provider in an auction settings assumed
strategic behavior on the auctioneer and the information provider sides. However, the auction-
eer’s strategy was limited to the choice of the information to be disclosed to the buyers [19, 37].
The information provider, although not being limited to only setting the price of the information
provided, was fully certain and captured the exact common value [102].

In this section I extend the model given in chapter 3 to the more realistic case, where the
information provider cannot guarantee the identification of the true common value, but rather
can offer a more precise estimate of this variable. In particular, I focus on the case in which
the information provider can only eliminate some of the possible values and cannot fully dis-
tinguish between others. For instance, in the example of the antique found in the attic, it is
possible that the information provider will be able to classify the antique’s worth as “cheap”,
“average" and “expensive", where each category spans a wide range of possible values.

To this end, this section’s contribution is twofold:

e [ augment the three-ply equilibrium analysis (considering the strategic behavior of the
information provider, the auctioneer and the bidders) to cases where the information
provider can reduce the uncertainty associated with the common value rather than provide

its true value.

o [ illustrate a beneficial, yet somewhat non-intuitive, strategic behavior of the auctioneer.
In particular, this behavior is the auctioneer’s choice to intentionally limit the information
provider’s (e.g., the expert) ability to distinguish between values. This becomes possible
when the information provider’s ability to provide accurate information depends on in-
puts received from the auctioneer. In the above mentioned antique found in the attic
example, the antique finder can prevent the expert from seeing some relevant documents
found with the antique, such that the expert can estimate a specific range of possible
worth rather than a certain figure from a wider range of values. The non-intuitiveness of
doing this is attributed to the fact that at the end of the day the information provider’s

information is offered for sale to the auctioneer herself, thus by restricting the informa-
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tion provider’s ability to distinguish between values the auctioneer restricts herself by not

having the choice of purchasing more accurate information.

This section is structured as follows. In the following subsection I provide a formal presen-
tation of the model. Then, I present an equilibrium analysis and illustrate the potential profit
for the auctioneer from influencing the accuracy of the information that can be provided by the

information provider. Finally, I conclude with a discussion on the main findings.

4.1.2 The Model

This model considers a similar settings to the model presented in Chapter 3 and includes an
auctioneer offering a single item for sale to n bidders using a second-price sealed-bid auction
(with random winner selection in case of a tie). The auctioned item is assumed to be character-
ized by some value X (the “common value”), which is a priori unknown to both the auctioneer
and the bidders [58, 47]. The only information publicly available with regard to X is the set of
possible values it can obtain, denoted X* = {z1, ...,z }, and the probability associated with
each value, Pr(X = x) (3, .y. Pr(X = x) = 1). Bidders are assumed to be heterogeneous
in the sense that each is associated with a type 7' that defines her valuation of the auctioned
item (i.e., her “private value”) for any possible value that X may obtain. Here also I use the
function V;(z) to denote the private value of a bidder of type 7' = t if the true value of the
item is X = x. It is assumed that the probability distribution of types, denoted Pr(T" = t), is
publicly known, however a bidder’s specific type is known only to herself.

As in Chapter 3, the model assumes the auctioneer can obtain information related to the
value of X from an outside source, denoted “information provider”, by paying a fee C' that is
set by the information provider. Similar to prior models (e.g., [102]), and for the same justi-
fications given there, it is assumed that the option of purchasing the information is available
only to the auctioneer, though the bidders are aware of the auctioneer’s option to purchase such
information. In its most general form, the information provided by the information provider is
a subset X' C X*, ensuring that one of the values in X' is the true common value. This is

usually the case when the information provider cannot distinguish between some of the possi-
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ble outcomes however can eliminate others. Therefore, the information provider will provide a
subset X’ € D = {Xj,..., X;} where D is the set of possible subsets of X*, each containing
values between which the information provider cannot distinguish, such that Ux,cpX; = X~
and X; N X; =0, Vi, j.

In contrast to the model presented in Chapter 3, here if the information is purchased, the
auctioneer, based on the subset obtained, can decide either to disclose the information to the
bidders or keep it to herself (hence disclosing ()). If she discloses the information, then presum-
ably the information received from the information provider is disclosed as is (i.e., truthfully
and symmetrically to all bidders), e.g., if the auctioneer is regulated or has to consider her rep-
utation. Finally, it is assumed that all players (auctioneer, bidders and the information provider)
are self-interested, risk-neutral and fully rational agents, and are acquainted with the general
setting parameters: the number of bidders in the auction, n, the cost of purchasing the informa-
tion, C, the possible subsets that may be obtained by the information provider, D, the discrete
random variables X and 7', their possible values and their discrete probability distributions.

The above model generalizes the one found in [37, 21] in the sense that it requires that the
auctioneer decide whether or not to purchase the external information rather than assume that
she initially possesses it. Similarly, it generalizes the work in [102] in the sense that it allows

the information provider to provide a subset of values rather than the specific true value.

4.1.3 Analysis

The analysis uses the concept of mixed Bayesian Nash Equilibrium. Since the auctioneer needs
to decide both whether to purchase the information and if so whether to disclose the infor-
mation received, I can characterize her strategy using R*° = (p®,p{, ..., p}) where p® is the
probability she will purchase the information from the information provider and p{ (1 < i <)
is the probability she will disclose to the bidders the subset received if that subset is X;. The
dominating bid of a bidder of type ¢, when subset X’ is received (including the case where
X’ = 0, i.e., no information is disclosed), denoted B(t, X’), is the expected private value
calculated by weighing each private value V;(x) according to the post-priori probability of x

being the true common value given the information X', denoted Pr(X = z|X’) [37], i.e.:
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B(t,X') = > cx Vi(z) - Pr(X = x|X'). If the auctioneer discloses a subset X' C X* # ()
then Pr(X = z|X') = % for any z € X’ and Pr(X = z|X') = 0 otherwise. If
no information is disclosed (X’ = )) then Pr(X = z|X’ = )) needs to be calculated based on
the bidders’ belief of whether information was indeed purchased and if so, whether that value
is intentionally not disclosed by the auctioneer. Assume the bidders believe that the auctioneer
has purchased the information from the information provider? with a probability of p and that
if indeed purchased then if the information received was the subset X; then it will be disclosed

to the bidders with a probability of p;. In this case the probability of any value x € X; being

the true common value is given by:

Pr(X =z)(p(1—pi) + (1 —p))
(1—=p)+p ;(1 —pj)2_Pr(X =y)

J yeX;

Pr(X=z|X'=0) =

(4.1)

The term in the numerator is the probability that x is indeed the true value however the subset
it is in is not disclosed. If indeed « is the true value (i.e., with a probability of Pr(X = x))
then it is not disclosed either when the information is not purchased (i.e., with a probability of
(1 — p)) or when purchased but not disclosed (i.e., with a probability of p(1 — p;)). The term
in the denominator is the probability information will not be disclosed. This happens when
the information is not purchased (i.e., with a probability (1 — p)) or when the information is
purchased however the auctioneer does not disclose the subset received (i.e., with a probability
of p> (1 —pj) > e X, Pr(X = y)). Further on in this section I refer to the strategy where
information is not disclosed as an empty set. The bidders’ strategy, denoted R*°", can thus
be compactly represented as RVT = (pb ph. ... pt), where p is the probability they assign to
information purchased and p!? is the probability they assign to the event that the information is
indeed disclosed if purchased and becomes X;.

In order to formalize the expected second-best bid if the auctioneer discloses the subset
X' T apply the calculation method given in [102] but replace the exact value X with a sub-
set X'. I first define two probability functions. The first is the probability that given that the

subset disclosed by the auctioneer is X’ , the bid placed by a random bidder equals w, de-

?Being rational, all bidders hold the same belief in equilibrium.
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noted g(w, X'), given by: g(w, X") = > p xn_, Pr(T" = t). The second is the probabil-
ity that the bid placed by a random bidder equals w or below, denoted G'(w, X'), given by:
G(U), X/) - ZB(t,X’)Sw PT(T - t)

The auctioneer’s expected profit when disclosing the subset X', denoted £ R,..(X'), equals

the expected second-best bid:

ERuwl(X)= Y w(nin(”;l)

we{B(t,X")|teT} k=1
(1=Gw, X)) (g(w, X")*(Gw, X') = g(w, X"))" (42
# 3 (1)t XG0 X = gl X))
k=2

The calculation iterates over all of the possible second-best bid values, assigning to each

its probability of being the second-best bid. As I consider discrete probability functions, it is

possible to have two bidders place the same highest bid (in which case it is also the second-best

bid). For any given bid value, w, I therefore consider the probability of either: (i) one bidder

bidding more than w, k € 1, ..., (n — 1) bidders bidding exactly w and all of the other bidders

bidding less than w; or (ii) £ € 2, ..., n bidders bidding exactly w and all of the others bidding
less than w.

Consequently, the auctioneer’s expected revenue from the auction itself (i.e., excluding the

payment C' to the information provider), when the auctioneer uses R*¢ = (p?, p{, ..., p{) and

the bidders use RY" denoted ER(R™¢, RYd4r) is given by:

ER(Rauc szdder Z ZPT pz ERauc(Xz)
=1 zeX; (43)
(1—=p*)+p* Z ZPT (1 =1¢)) - ERuue(0)
=1 z€X;

where ERu,..(X;) is calculated according to Equation (4.2) (also in the case where X; =
(). Consequently the auctioneer’s expected benefit, denoted EB(R¢, RVder) is given by
EB(Reue, Rvidder) — FR(Raue, Rbidder) _ po 4 O,

A stable solution in terms of the mixed Bayesian Nash Equilibrium in this case is necessar-

ily of the form R = Rbdder — R = (p, py, ..., p;) (because otherwise, if R*¢ = R’ # Rbidder
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then bidders necessarily have an incentive to deviate to R4 = R'), such that: (a) for
any 0 < p; < 1(or 0 < p < 1)1 ERuue(0, R) = ERuue(X;) (or ERgye(0, RVder) =
ERuuc((1,p1, ..., p1), R¥r)); (b) for any p; = 0 (or p = 0): ERguc(0, R"T) > ERo(X;)
(or ERgue(0, R¥4) > ERq..((1,p1, ..., p1), R¥€T); and (c) for any p; = 1 (or p = 1):
ERuue(0, R¥er) < ERuye(X;) (of ERgyue(0, R4 < ERuu.((1,p1, ..., 1), R¥¥"). The
proof for this derivation is similar to the proof given in [102], with the exception that instead of
referring to individual values of X I refer to subsets of values X;. Therefore one needs to eval-
uate all the possible solutions of the form (p, p, ..., p;) that may hold (where each probability
is either assigned 1, 0 or a value in-between). Each mixed solution of these 2 - 3* combinations
(because there is only one solution where p = 0 is applicable) should be first solved for the
appropriate probabilities according to the above stability conditions. Since the auctioneer is the
first mover in this model (deciding on whether or not to purchase information), the equilibrium
used is the stable solution for which the auctioneer’s expected profit is maximized.

I note that if the information is provided for free (C' = 0) then information is necessar-
ily obtained and the resulting equilibrium is equivalent to the one given in [37] for the pure
Bayesian Nash Equilibrium case and in [21] for the mixed Bayesian Nash Equilibrium case.
Similarly, if | X;| = 1 Vi is enforced (i.e., the information provider provides the exact value of

X) then the resulting equilibrium is the same as the one given in [102].

4.1.4 Influencing the Information Provider’s Capabilities to Distinguish

Between Values

As discussed in the introduction, in various settings the auctioneer can influence the information
provider’s ability to distinguish between different values the common value obtains. In this
subsection I consider the case where the auctioneer has full control over the structure of D,
i.e., the division of X* into disjoint subsets, each composed of values which the information
provider cannot distinguish between.

Limiting the information provider’s ability to distinguish between values may seem non-

intuitive in the sense that it limits the auctioneer’s strategy space when it comes to disclosing
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this information to bidders, if it is purchased. Nevertheless, in many settings the strategy of
constraining the information provider’s input can actually play into the hands of the auctioneer
and improve her expected profit. This happens since when being able to distinguish between
values, the information provider will demand more for her services This phenomenon is illus-
trated in Figure 4.1, which depicts the auctioneer’s expected profit (vertical axis) as a function
of the information purchasing cost (horizontal axis), for several possible divisions of X* into
subsets of non-distinguishable values. The setting used for this example is given in the table
below the graph. It is based on three bidders, where each can be of four different types. The first
column of the table depicts the different bidder types and the second column gives their prob-
ability. Similarly, the second and third rows depict the different possible values of X (denoted
x1,%9,23 and z4) and their probabilities. The remaining values are the valuations that bidders of
different types assign different possible values of the parameter X . For example, if a bidder is

of type 3, then her valuation of x5 is 59.

Each of the three graphs given in the figure relates to different possible divisions, d of X*
(marked next to it), depicting the expected profit of the auctioneer in the equilibrium resulting
in the specific cost of information on the horizontal axis. In this example the resulting equilib-
rium is always based on pure strategies (i.e., p,p; € {0, 1}) and the points of discontinuity in
the curve represent the transition from one equilibrium to another. In particular, for C' values
in which the curve decreases, the equilibrium is based on always purchasing the information
(though not necessarily disclosing all subsets). This happens when the cost of purchasing the
information justifies its purchase, i.e., for relatively small C' values. The non-decreasing part
of the curve is associated with an equilibrium in which the information is essentially not pur-

chased.

As can be seen from the figure, for any cost of purchasing the information 0.9 < C' < 1.1,
the auctioneer is better off not allowing the information provider to distinguish between all val-
ues: the division d = {{z1}, {z2}, {xs}, {z4}} is dominated by d' = {{z1}, {x2, x3}, {24}}
and d’ = {{x1, 2z}, {x3,24}}. The explanation for this interesting phenomenon lies in the
different costs of the transition between equilibria due to stability considerations. With fully

distinguishable values, it is possible that a desired solution which yields the auctioneer a sub-
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Figure 4.1: The auctioneer’s expected profit as a function of the information purchasing cost
for different divisions of X * into subsets of non-distinguishable values.

stantial expected profit is not stable (e.g., in this case when 0.9 < C' < 1.1 the solution is that
the information is not purchased at all), whereas with inaccurate information the solution is

stable and holds as the equilibrium.

In particular, in this example, when the information provider acts fully strategically, i.e.,
sets the price of information to the maximum possible price for which the information will still
be purchased (the C' value in which the equilibrium changes from purchase to not purchase the
information, marked with circles in the graphs) the auctioneer will gain (and the information
provider will essentially lose) from restricting the information provider’s ability to distinguish
between values. For example, with {{z1}, {x2, 23}, {x4}} the information will be priced at
C = 0.4 yielding the auctioneer an expected profit of 47.6 (compared to C' = 1.1 and a profit

of 46.8 in the “fully distinguishable” case).
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4.1.5 Conclusions

In this section I advance the state of the art by providing a three player equilibrium analysis that
allows the ability of influencing the auctioneer’s expected profit through controlling the granu-
larity and accuracy of the information offered for sale. It is commonly assumed that information
providers indeed can control the level of accuracy they offer their customers. Moreover, the ac-
curacy of the information provided depends on the customer’s cooperation and the level of the
inputs she provides. Against this background, the importance of this equilibrium construction
and analysis for auctioneers or the information providers is clear, especially, in terms of the
ability to control the granularity in which information is provided.

Here, I show an interesting phenomenon where the auctioneer may benefit in cases where
the information provider cannot fully identify the exact state of nature, even though the infor-
mation is eventually offered exclusively to the auctioneer. This phenomenon is explained by
the stability requirement — beneficial solutions that could not hold with the complete ("per-
fect") information scheme, because of stability considerations, are found to be stable once the

information being offered for sale is constrained.

4.2 Information Provider’s Manipulation

This section extends prior work by enabling the information broker a richer strategic behav-
ior in the form of anonymously eliminating some of the uncertainty associated with the com-
mon value, for free. The analysis of the augmented model enables illustrating two somehow
non-intuitive phenomena in such settings: (a) the information broker indeed may benefit from
anonymously disclosing for free some of the information she wishes to sell, even though this
seemingly reduces the uncertainty her service aims to disambiguate; and (b) the information
broker may benefit from publishing the free information to the general public rather than just
to the auctioneer, hence preventing the edge from the latter, even if she is the only prospective
customer of the service. While the extraction of the information broker’s optimal strategy is
computationally hard, I propose two heuristics that rely on the variance between the different

values, as means for generating potential solutions that are highly efficient. The importance of
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the results is primarily in providing information brokers with a new paradigm for improving
their expected profit in auction settings. The new paradigm is also demonstrated to result, in
some cases, in a greater social welfare, hence can be of much interest to market designers as

well.

4.2.1 Introduction

Prior work that dealt with uncertain auction settings with a self-interested information broker
allowed the information broker to disclose for free part of the information she holds. Doing so,
she had to identify herself as the information source. In this section I augment the information
provider’s strategy, enabling her to anonymously disclose some of the information she holds
for free. For example, prior to offering to sell the information she has regarding to the worth
of the antique found, the expert can leave an untraceable report eliminating the option of the
antique worth being “average". A second somehow surprising choice that I manage to illustrate
is the one where the information broker finds it more beneficial to disclose the free information
to both the auctioneer and the bidders rather than to the auctioneer only. The latter choice
strengthens the auctioneer in the adversarial auctioneer-bidders interaction, allowing her to
make a better use of the information offered for sale, if purchased, hence potentially enabling
charging more for the service.

As explained in more details in the following paragraphs, the information brokers’ prob-
lem of deciding what information to disclose for free is computationally extensive. Therefore,
another contribution of this section is in presenting and demonstrating the effectiveness of two
heuristics for ordering the exponential number of solutions that need to be evaluated, such that
those associated with the highest profit will appear first in the ordering.

In the following subsection I provide a formal model presentation. Then, I present an equi-
librium analysis for the case where the free information is disclosed to both the auctioneer and
the bidders and illustrate the potential profit for the information broker from revealing some
information for free, as well as the ordering heuristics and their evaluation. Next, I present the
analysis of the case where the free information is disclosed only to the auctioneer. Finally, I

conclude with discussion of the main findings.
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4.2.2 The Model

This section’s model is very similar to the one presented in the previous section, it considers an
auctioneer offering a single item for sale to n bidders using a second-price sealed-bid auction
(with random winner selection in case of a tie). The auctioned item is assumed to be character-
ized by some value X (the “common value”), which is a priori unknown to both the auctioneer
and the bidders [58, 47]. The only information publicly available with regard to X is the set of
possible values it can obtain, denoted X* = {z1, ..., }, and the probability associated with
each value, Pr(X = z) (3_, .y Pr(X = x) = 1). Bidders are assumed to be heterogeneous in
the sense that each is associated with a type 7' that defines her valuation of the auctioned item
(i.e., her “private value”) for any possible value that X may obtain. The use in the function
Vi(x) is identical to the one presented in the former section. Again, it is assumed that the prob-
ability function of types, denoted Pr(7T = t), is publicly known, however a bidder’s specific
type is known only to herself.

Here also, the model assumes the auctioneer can obtain the value of X from an outer source,
denoted “information broker” (for the rest of the section will be called "broker"), by paying a
fee C set by the broker. Similar to prior section it is assumed that this option of purchasing the
information is available only to the auctioneer, though the bidders are aware of this possibility.
In addition, here also, if purchasing the information, the auctioneer can choose whether she is
interested to disclose this information to the bidders or keep it to herself (hence disclosing ().
Finally it is also assumed that all players (auctioneer, bidders and the broker) are self-interested,
risk-neutral and fully rational agents, and acquainted with the general setting parameters.

Up to this point the described model is equivalent to the one found in [102] where the bro-
ker is self-interested agent that controls C, the price of purchasing the information. This model,
however, extends prior work in the sense that it allows the broker also to anonymously publish
some of the information for free before the auctioneer makes her decision of whether to pur-
chase the information. The anonymity requirement in this case is important as discussed later
on in the analysis. Yet, there are numerous options nowadays for publishing such information
anonymously, e.g., through an anonymous email, uploading the information to an electronic

bulletin board or anonymous file server, sending the information to a journalist or an analyst.
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The typical case, which I use for the analysis, is the one where the broker, knowing the true
value x € X*, eliminates a subset of values D C X* (where x ¢ D), leaving only the values
X* — D as applicable values the common value may obtain. Doing so, the model distinguishes
between the case where the free information is disclosed to all and the one where it is disclosed
to the auctioneer only (allowing the latter to decide what parts of it to disclose further to the

bidders prior to starting the auction).

4.2.3 Disclosing Information for Free

Consider the case where the true common value is z. In this case, if the broker publicly elim-
inates (i.e., anonymously publishes that the common value is not part of) the subset D C X*
then the auctioneer and bidders are now facing the problem where the common value may

receive only the subset X* — D and the a priori probability of each value in the new setting

Pr(X=x)
z;€X*—-D PT(X:$1)

is given by Pr'(X = z) = . Since the auctioneer needs to decide both
whether to purchase the true value z € X* — D and if so whether to disclose it to the bidders,
her (mixed) strategy can be characterized using R** = (p°, p{, ..., p}) where p® is the prob-
ability she purchases the information from the broker and p{ (1 < ¢ < k) is the probability
she discloses to the bidders the value x; if indeed X = z;. The dominating bid of a bidder
of type t, when the auctioneer discloses that the true value is x, denoted B(t,x), is given by
B(t,z) = Vi(x) [115]. If no information is disclosed (x = )) then the dominating strategy for
each bidder is to bid her expected private value, based on her belief of whether information
was indeed purchased and if so, whether the value received is intentionally not disclosed by
the auctioneer [37]. The bidders’ strategy, denoted R*%4°" can thus be compactly represented
as Rbidder — (pb pb . p), where p’ is the probability they assign to information purchase by

the auctioneer and p? is the probability they assign to the event that the information is indeed

disclosed if purchased by the auctioneer and turned to be z;.>

The bid placed by a bidder of type ¢ in case the auctioneer does not disclose any value,

3Being rational, all bidders hold the same belief in equilibrium.
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B(t,0), is therefore:
B(t,0) => Vi(z)- Pr'(X =x) (4.4)

where Pr*(X = x) is the posterior probability of z; being the true common value, based on
the bidders’ belief R*4°" and is being calculated as:

Pro(X = ) = LA = z)(P° (1 —pf) + (1 —p")) @5)

(L=p") +p" (1= p)Pr(X =)

The term in the numerator is the probability that z; indeed will be the true value and will

not be disclosed. If indeed z; is the true value (i.e., with a probability of Pr(X = x;)) then
it will not be disclosed either if the information is not purchased (i.e., with a probability of
(1 — p*)) or if purchased but not disclosed (i.e., with a probability of p®(1 — p?)). The term
in the denominator is the overall probability that the information will not be disclosed. This
can happen either if the information will not be purchased (i.e., with a probability of (1 — p?))
or when the information will be purchased however the value will not be disclosed (i.e., with
probability of p® >~ (1 — p?) Pr(X = x;)).

Consequently, the auctioneer’s expected profit when using R%“* while the bidders use Rder,

denoted EB(R™<¢, Rb"der) ig given by:

EB(R™, R""*") = p* > " Pr'(X = 2;)p} - ERquc(1;)

(1= ")+ Y (1= p)Pr(X = 2,)) - ERpue(8) —p" - C

(4.6)

where F R,.(x;) is the expected second highest bid if disclosing the true value z; (x; € {X* —
D, (}). The broker’s expected profit is p® - C'. The first row of the equation deals with the case
where the auctioneer discloses the true value to the bidders (i.e., p® is the probability that the
information was purchased and ) Pr'(X = x;)p} - ERuuc(x;) is the probability that x; is the
true value multiplied by the auctioneer’s expected profit for this case). The second row deals
with the case where the information was not disclosed to the bidders (i.e., when the information
is not purchased by the auctioneer (with probability (1 — p*)) and when the information is
purchased but not discloses (with probability p® > (1 — p?) Pr'(X = x;))).

A stable solution in this case (for the exact same proof given in [102]) is necessarily of

the form R®¢ = RYdder — R = (p,pi,...,px) (as otherwise, if R™¢ = R/ # Rbidder
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the bidders necessarily have an incentive to deviate to R"44" = R'), such that [102]: (a)
forany 0 < p; < 1(or0 < p < 1)t ERuue(0, R) = ERuuc(Xi) (or ERgyc(0, R*") =
ERuuc((1,p1, ... pi), R¥€T)); (b) for any p; = 0 (or p = 0): ERgye(0, RY7) > ERy(X;)
(or ERgue(0, R¥Y > ER.u.((1,p1, ..., pr), R¥¥"); and (c) for any p; = 1 (or p = 1):
ERuye(0, R¥r) < ERyue(X;) (0r ERgye(0, R¥4T) < ER4ue((1,p1, ..., pi), RY4eT), There-
fore one needs to evaluate all the possible solutions of the form (p, py, ..., px) that may hold
(where each probability is either assigned 1, O or a value in-between). Each mixed solution
of these 2 - 3¥ combinations (as only one solution where p = 0 is applicable) should be first
solved for the appropriate probabilities according to the above stability conditions. Since the
auctioneer is the first mover in this model (deciding on information purchase), the equilibrium

used is the stable solution for which the auctioneer’s expected profit is maximized.

If the information is provided for free (C' = 0) then information is necessarily obtained and
the resulting equilibrium is equivalent to the one given in [37] for the pure equilibrium case and

[21] for the mixed equilibrium case.

Being able to extract the equilibrium for each price C' she sets, the broker can now find
the price C' which maximizes her expected profit. Repeating the process for all different sets

D C X*, enables extracting the broker’s expected-profit maximizing strategy (D, C').

Figure 4.2 depicts the expected profit of the auctioneer (vertical axis) as a function of the
information cost C' (horizontal axis), for five of the possible D sets. The setting used is given
in the table at the bottom of the figure. It is based on four possible values the common value
may obtain: X* = {z, 29, x3, 24}, where x5 is the true value. The subset D that is used for
each curve is marked next to it. For each set D the information provider discloses, the auction-
eer chooses whether to purchase the information and what values to disclose, if purchasing,
according to the auctioneer’s expected-profit-maximizing equilibrium. For example, the lowest
curve depicts the auctioneer’s expected profit when the broker initially eliminates the values
{z1, x4} and the auctioneer’s strategy is to disclose to the bidders the value x5 in case it is the
true value of the auctioned item. Since equilibria in this example are all based on pure strate-
gies, the expected-profit-maximizing price C', and hence the expected profit, equals the highest

price at which information is still purchased (marked by circles in the graph, as in this specific
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example the last segment of each curve applies to an equilibrium by which the information
is not being purchased at all). From the figure one can see that indeed in this sample setting,
anonymously eliminating some of the applicable values is highly beneficial - for example, the
elimination of x; results in a profit of 3.7, compared to a profit of 1.2 in the case no information

is being a priori eliminated (i.e., D = ().

O~
3 D={x,}
D={}
D= {x4,x4}
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Figure 4.2: Auctioneer’s expected profit as function of information purchasing cost, for differ-
ent a priori eliminated subsets.

As discussed in the introduction, benefiting from providing some of the information for
free may seem non-intuitive at first—seemingly the broker is giving away some of her ability
to disambiguate the auctioneer’s and bidders’ uncertainty. Yet, since the choice of whether the
information is purchased or not at any specific price derives from equilibrium considerations,
rather than merely the auctioneer’s preference, it is possible that providing information for free
becomes a preferable choice for the broker.

The benefit in free information disclosure does not necessarily comes at the expense of
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social welfare. For exemplifying this I introduce Figure 4.3. The setting used for this example
is given in the bottom right side of the figure. Again, the auctioneer’s strategy is to disclose the
set which will benefit her the most. In this example the broker’s expected profit increases from
0 to 1 by publicly eliminating the value x; (the information is not purchased otherwise), and at
the same time the social welfare (sum of the bidders’ and auctioneer’s profit) increases from 45
to 45.2, due to the substantial increase in the bidder’s profit (from 4.2 to 13.1). If including the

broker’s expected profit in the social welfare calculation, the increase is even greater.
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Figure 4.3: An example of an improvement both in the broker’s expected profit and the social
welfare as a result of free information disclosure. The true common value of the auctioned item
in this example is x3.

Finally, I note the importance of disclosing the information anonymously or without leaving
a trace of a strategic behavior from the broker’s side. If the auctioneer and bidders suspect that
the broker may disclose free information strategically, then the equilibrium analysis should be
extended to accommodate the probabilistic update resulting from their reasoning of the broker’s
strategy. This latter analysis is left beyond the scope of the current section—as discussed pre-
viously, there are various ways nowadays for anonymous disclosure of information, justifying

this specific modeling choice.
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4.2.4 Sequencing Heuristics

The extraction of the broker’s expected-profit-maximizing subset [ is computationally ex-
hausting due to the exponential number of subsets for which equilibria need to be calculated —
the broker needs to iterate over all possible 21X "|=! — 1 D subsets (as there are | X*| — 1 values
that can be eliminated, and eliminating all but the true value necessarily unfolds the latter as
the true one). Therefore, in this subsection I present two efficient heuristics—Variance-based
(V'b) and Second-Price-Variance-based (S PV b)—that enable the broker to predict with much
success what subsets D are likely to result, if eliminated for free, with close to optimal expected
profit. The heuristics can be considered sequencing heuristics, as they aim to determine the or-
der according to which the different subsets should be evaluated. The idea is to evaluate early
in the process those subsets that are likely to be associated with the greatest expected profit.
This way a highly favorable solution will be obtained regardless of how many subsets can be

evaluated in total.

Variance-based (V')

The value of the information supplied by the broker derives from the different players’ (auc-
tioneer and bidders) ability to distinguish the true common value from others, i.e., to better
identify the worth of the auctioned item to different bidders. Therefore this heuristic relies
on the variance between the possible private values that the information purchased will dis-
ambiguate as the primary indicator for its worth. Specifically, if the broker a priori elimi-

nates the subset D, I first update the probabilities of the remaining applicable values, i.e.,

Pri(x € X* = D) = Zy@i ’:(;( ;f()X:y). The revised probabilities are then used for calcu-
lating the variance of the private values in the bidder’s type level, denoted Var(T = t):
Var(T = t) = Y cx«_p Pri(z)(Vi(z) — B(t,0))?, where V;(x) is the private value of a
bidder of type T' = t if knowing that the true common value is z, as defined in the model
section, and B(t, () is calculated according to (Equation (4.4)), based on a setting X* — D. The
overall weighted variance is calculated as the weighted sum of the variance in the bidder’s type

level, using the type probabilities as weights, i.e., >, . Pr(T =t) - Var(T = t). The order

according to which the different subsets D C X* should be evaluated is thus based on the
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overall weighted variance, descending.
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Figure 4.4: Performance (ratio between achieved expected profit and maximal expected profit):
(a) Vb and SPVb versus random ordering; and (b) all three methods as a function of running
time. All data points are the average over 2500 random settings with 6 possible values the
common value obtains.

Figure 4.4(a) illustrates the performance of Vb (middle curve) as a function of the num-
ber of evaluated free disclosed subsets (horizontal axis). Since the settings that were used for
producing the graph highly varied, as detailed below, I had to use a normalized measure of
performance. Therefore I used the ratio between the broker’s expected profit if following the
sequence generated by the heuristic and the expected profit achieved with the profit-maximizing
subset (i.e., how close I manage to get to the result of brute force) as the primary performance
measure in the evaluation. The graph depicts also the performance of random ordering as a
baseline. The set of problems used for this graph contains 2500 randomly generated settings
where the common value may obtain six possible values, each assigned with a random proba-
bility, normalized such that all probabilities sum to 1. Similarly, the number of bidders and the
number of bidder types in each setting were randomly set within the ranges (2-10) and (2-6),
respectively. Finally, the probability assigned to each bidder type was generated in the same
manner as with the common value probabilities. For each setting I randomly picked one of
the values the common value may obtain, according to the common-value probability function.
Each data point in the figure thus represents the average performance over the 2500 randomly
generated settings.

As can be seen from the graph, Vb dominates the random sequencing in the sense that it

produces substantially better results for any number of subsets being evaluated. In particular,
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the improvement in performance with the heuristic is most notable for relatively small number
of evaluated solutions, which is the primary desirable property for such a sequencing method,
as the goal is to identify highly favorable solutions within a limited number of evaluations. As
expected, the performance of both Vb and random ordering monotonically increase, converg-
ing to 1 (and necessarily reaching 1 once all possible solutions have been evaluated). This is

because as the number of evaluated subsets increases the process becomes closer to brute force

Second-Price-Variance-based (SPV'D)

This heuristic is similar to Vb in the sense that it orders the different subsets according to
their weighted variance, descending. It differ from Vb in the sense that instead of depend-
ing on the variance in bidders’ private values it uses the variance in the worth of informa-
tion to the auctioneer, i.e., in the expected second price bids. The variance of the expected
second price bids if disclosing D for free, denoted Var(D), is calculated as: Var(D) =
Y vexs—p Pri(2)(ERguc(x) — ERquc(0]D))?, where Pr*(x) is calculated as in Vb, E Ry (1)
is the expected second highest bid if disclosing to the bidders that the true value is z, as given
earlier. £ R,,.(0|D) is the expected second highest bid if the auctioneer discloses no informa-
tion to the bidders however the bidders are aware of the elimination of the subset D by the
broker, i.e., bid according to B(t,0) = > . _p Vi(x)Pr(X =2)/ > cvo_p Pr(X =2).
Figure 4.4(a) also illustrates the performance of SPVb (upper curve) as a function of the
number of evaluated subsets D using a similar evaluation methodology and the same 2500
settings that were used for evaluating V', as described above. As can be seen from the graph,
S PV'b dominates random sequencing and produces a substantial improvement, especially when
the number of evaluated subsets is small. In fact, comparing the two upper curves in Figure
4.4(a) I observe that S PV b dominates V'b in terms of performance as a function of the number
of evaluated sets. One impressive finding related to SPVb is that even if choosing the first
subset in the sequence it produces a relatively high performance can be obtained—91% of the
maximum possible expected profit, on average. This means that even without evaluating any
of the subsets (e.g., in case the broker is incapable of carrying the equilibrium analysis) but

merely by extracting the sets ordering, the broker can come up with a relatively effective subset
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of values to disclose for free.

This dominance of SPV'b is explained by the fact that it relies on the variance between
the winning bids rather than the bidders’ private values. Meaning it relates to the true worth of
the information to the auctioneer and consequently to the broker’s profit. While this is SPV'b’s
main advantage, compared to V'), it is also its main weakness: from the computational aspect,
the time required for calculating the expected second-price variance of all applicable subsets
D is substantially greater than the time required for Vb to calculate the variance between the
possible private values. The expected profit of the auctioneer when disclosing the information
X = z, denoted FR,,.(X = x), equals the expected second-best bid when the bidders are

given z, formally calculated as:

ERuwlX =2)= Y. w(njn(”;l)

we{B(t,x)[teT} k=

Yo Pr(T=t)( Y PrT=t) > Pr(T=t) " 4.7)

B(t,z)>w B(t,x)=w B(t,x)<w
n
+z(k)< S Prr =) 3 Pt =0
k=2 B(t,z)=w B(t,z)<w

The calculation iterates over all of the possible second-best bid values, assigning for each
its probability of being the second-best bid. As I consider discrete probability functions, it is
possible to have two bidders placing the same highest bid (in which case it is also the second-
best bid). For any given bid value, w, I therefore consider the probability of having either: (1)
one bidder bidding more than w, k € 1,...,(n — 1) bidders bidding exactly w and all of the
other bidders bidding less than w; or (ii) £ € 2, ..., n bidders bidding exactly w and all of the
others bidding less than w. Notice that Equation (4.7) also holds for the case where z = () (in
which case bidders use B(t, () according to Equation (4.4)).

The mentioned calculation results in a combinatorial (in the number of values the common
value may obtain) run time. The SPVb method thus requires more time to run for producing
the sequence according to which sets need to be evaluated, however the ordering it produces
is substantially better than the one produced by V'b. Similarly, random sequencing does not

require any “setup” time and the different subsets can be evaluated right away.
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In order to weigh in this effect in the heuristics’ evaluation I present Figure 4.4(b). Here,
the performance is depicted as a function of the actual run-time (in seconds, over the horizon-
tal axis) rather than the number of subsets evaluated once the ordering is completed.* Here,
one can see the tradeoff between the initial calculation required for the ordering itself and the
improvement achieved within the first few evaluated subsets. The shift of each curve over the
horizontal axis, till its first data point, is the time it took to generate the sequence of subsets.
From the graph one can see that if the amount of time allowed for running is relatively small
then one should choose to use a random sequence for evaluation. If the broker is less time-
constrained, the best choice is to use Vb and then evaluate subsets according to the generated
sequence. One can notice that the same typical behavior was observed for the case of five and
seven possible values that the common value may obtain. Evaluating for settings with more
than six values is impractical, as it requires solving for thousands of such settings each, as seen
from the Table 1, takes substantial time to solve.

Table 1 depicts the average time it took to extract the equilibrium solution for a setting
according to the number of values in X*. Each data point is the average for the 2500 problems
described above. This justifies my use of six values settings in the numerical evaluation, and
generally motivates the need for the sequencing heuristics I provide by showing that evaluating
all possible sets is in many cases impractical — indeed in many cases the total number of values
in X* is moderate,” however, even with 8 values it takes more than 10 minutes to extract the

broker’s equilibrium profit for a single instance.

# of Possible Values 3 4 5 6 7 8
Execution Time (seconds) | 0.16 | 0.58 | 3.57 | 20.07 | 103.19 | 708.46

Table 4.1: Average time in seconds for extracting the broker’s equilibrium profit in a single
setting as a function of | X*|.

4My evaluation framework was built in Matlab R2011b and run on top of Windows7 on a PC with Intel(R)
Xeon(R) CPU E5620 (2 processors) with 24.0 GB RAM.

SFor example, in oil drilling surveys, geologists usually specify 3-4 possible ranges for the amount of oil or
gas that is likely to be found in a given area. Similarly, when requesting an estimate of the amount of traffic next
to an advertising space, the answer would usually be in the form of ranges rather than exact numbers.
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4.2.5 The Influence of Bidders’ Awareness

Next I consider the case where only the auctioneer receives the information disclosed for free
(e.g., using anonymous email). In this case the auctioneer needs to decide whether to reveal this
information (or part of it) to the bidders. This complicates a bit the structure of the game: (a)
First, the broker needs to decide on the set D of values to be eliminated for free and the price
C of her service of disambiguating the remaining uncertainty; (b) then, she needs to transfer D
anonymously to the auctioneer; (c¢) next, the auctioneer needs to decide what part D’ C D to
further disclose to the bidders; (d) then, the auctioneer needs to decide whether to purchase the
true value from the broker, and if purchasing, upon receiving the value, whether to disclose it
to the bidders or leave them uncertain concerning the true value; (e) finally, the bidders need to
bid for the auctioned item.

The analysis of this case relies heavily on the analysis given above. The resulting adversarial
setting if using D and D’ is one where bidders bid V;(x) whenever the information is purchased
and disclosed by the auctioneer, and otherwise B(t, ) according to Equation (4.4), except that
this time the probabilities Pr*(X = x;) used by bidders result from the equilibrium of a setting
where the original values are X* — D’. Therefore, upon receiving the information D from
the anonymous source, the auctioneer needs to calculate her expected profit from disclosing
any subset D’ C D and choose the one that maximizes it. The auctioneer’s expected profit
calculation in this case is, however, a bit different, due to the asymmetry in information. When
initially disclosing D’ to bidders, the auctioneer needs to calculate the expected second best
bid from disclosing any value x € X* — D, based on the bidders’ type distribution and their
bidding strategy as given above. The auctioneer should choose to disclose any value  for which
the expected second best bid if disclosed is greater than the expected second best bid when no
information is disclosed (i.e., when bidders bid B(t, ) according to the equilibrium for the
X* — D' instance of the original problem, as explained above). This allows the broker deciding
what subset D to disclose, such that her expected profit is maximized.

Figure 4.5 is an example of a case where the information broker discloses the free informa-
tion only to the auctioneer and it is to the auctioneer’s choice which parts of the information (if

at all) to disclose to the bidders prior to the start of the auction. It relies on a setting of three

57



bidders, two possible types and four different values the common value may obtain (x4, ..., 24),
out of which z, is the true common value. The full setting details are given in the table in
the right hand side of the figure. The leaf nodes provide the expected profit of the auctioneer
(inside the rectangle) and the broker (below the rectangle) for each combination of selections
made by these two players (the subset D disclosed for free and the subset D’ C D disclosed
to the bidders), according to the resulting equilibrium as analyzed above. The yellow colored
leafs are therefore those corresponding to the auctioneer’s best response given the subset D
picked by the broker, hence the expected-profit maximizing strategy for the broker is to anony-
mously disclose to the auctioneer the subset {x2, 23} as in this case the auctioneer will choose
not to disclose any of these two values to the bidders, resulting in expected profit of 0.9 (com-
pared to 0.8,0.6,0.6,0.8,0.4 and 0.4 if eliminating {0}, {z1}, {z2}, {z3}, {x1, 22} and {z1, 23},

respectively).
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Figure 4.5: Disclosing the free information to the auctioneer only: the broker needs to decide
on the subset D to eliminate and then the auctioneer needs to decide on the subset D' C D to
disclose to the bidders.

Interestingly, if the broker chooses to anonymously disclose to both the auctioneer and the
bidders that x5 and x5 can be eliminated, her expected profit, calculated based on the analysis
given above, is 1.4. This is substantially greater than in the case where the bidders are unaware
of the information that was disclosed for free. Furthermore, eliminating x5 and 3 for free is
not necessarily the broker’s expected-profit-maximizing strategy for the scenario where the free
information reaches both the auctioneer and bidders. It is possible that there is another subset

which elimination results in an even greater improvement in profit when compared to disclosing
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the elimination of x5 and z3 to the auctioneer only. This outcome, as discussed in the introduc-
tion is quite non-intuitive because by eliminating the asymmetry in the information disclosed
to the different players the broker seemingly reduces the auctioneer’s power against the bidders
in this adversarial setting. Indeed, when the choice is given to the auctioneer she would rather
not disclose this information to the bidders and increase her profit. Since the auctioneer is the
potential purchaser of the broker’s service information offered by the broker, it might seem that
by disclosing the free information only to her, she will have a greater flexibility in making use
of the remaining information (that is offered for sale) hence will see a greater value in purchas-
ing it. Yet, the improvement in the auctioneer’s competence by disclosing the free information
to her only does not translate to an improvement in the broker’s profit—eventually the broker’s
profit depends on the range of prices and the corresponding probabilities at which her informa-
tion is indeed purchased. These latter factors result from the equilibria considerations, leading

to behaviors such as in the example above.

Even for this case, the sequencing heuristics Vb and S PV'b are of much importance. Figure
4.6 presents the performance evaluation for these two heuristics, for settings with six values,
demonstrating that highly efficient solutions can be extracted even with a small number of

evaluations.
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Figure 4.6: Performance (ratio between achieved expected profit and maximal expected profit)
when the information is disclosed for free only to the auctioneer and she chooses which in-
formation to disclose to the bidders : (a) Vb versus random ordering as a function of number
of evaluated subsets; (b) SPVb versus random ordering as a function of number of evaluated
subsets. All data points are the average of 2500 random settings with 6 possible values the
common value obtains.
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4.2.6 Conclusions

The model and analysis given in this section adds an important strategic dimension to prior
work in the form of influencing the auctioneer’s and bidders’ strategic interaction through the
anonymous revelation of some of the information that is offered for sale. Throughout the section
I show that the use in anonymous disclosure can actually be highly beneficial to the broker. In
fact, as demonstrated in the section, it can even lead to an overall improvement in the social
welfare. Furthermore, if given the option to disclose the free information to both the bidders
and the auctioneer or to the auctioneer only, the broker may benefit from choosing the first,
despite the fact that the auctioneer is the one to decide about purchasing the information.

This section presents two sequencing heuristics aiming to reduce the computation time
of the broker’s expected-profit maximizing strategy. The results of an extensive evaluation of
these are quite encouraging - the generated sequences, with both heuristics, are quite effective,
as the very few initial subsets placed first in the sequence offer expected profit very close to the
expected-profit-maximizing one. Both methods use the variance as a measure for the profit in
disclosing a given set, differing in the values based on which the variance is calculated—the
bidder’s private valuations and the expected second price bids. Interestingly, I find that while the
use of the expected second-price produces a substantially more efficient sequence, it is better
to rely on the raw values (i.e., bidders’ valuations) as the execution time of generating the

sequence using the latter method is substantially shorter, leading to better performance overall.
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Chapter 5
Providing Information in Search

In this chapter! I investigate information platforms that enable and support user search. Con-
sider users engaged in a sequential search process (e.g. for used cars or consumer goods in
e-commerce, or partners on a dating website). Many platforms provide basic information on
opportunities of interest for free, while also offering, at a price, premium services that can offer
more information to the user on the potential values of different opportunities. Prior research
has focused on the question of how to price such services. Here I investigate a novel strategic
option: can the platform provide some of the premium services for free, and increase its profit
in doing so? By analyzing game theoretic equilibria in such a model, I show that there are
cases where the platform can indeed benefit by sometimes providing information for free. The
underlying mechanism is that sometimes offering free services leads to more extensive usage
of the expert’s paid services. A robustness analysis shows that even if the population of users
is heterogeneous and a large portion of it a priori does not use the premium services, offering

parts of the service for free can still be beneficial for the platform despite the potential misuse.

5.1 Introduction

In addition to the development of various information platforms, another concomitant develop-
ment has been the emergence of a new class of information brokers that serve as intermediaries,

typically by helping users to evaluate the relative values of different opportunities that may be

!'The work reported in this chapter was published in [4]
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available to them (for example, Carfax.com in the used-car space, reputation systems in eBay

and other auction sites, electronic and human “compatibility consultants” in dating sites).

In many cases, the platform itself offers these information services as part of a “premium
package”. The typical model of these premium information services is one where users receive
noisy signals of the true values of opportunities, and can pay for a premium feature (or external
service) that provides more information, helping to disambiguate the uncertainty in the original
signal [27, 86].

The study of the strategic behavior of these information intermediaries, whether indepen-
dent or provided by the platform, has focused primarily on how they should price their services
[56, 105, 76, 82, 121, 25, 49, 39, 118]. When intermediaries are paid on a per-use basis (rather
than, for example, in commission upon the completion of a transaction), their incentives can
become complicated. This is because, for a given user, when the intermediary reveals to the
user that an opportunity is a good fit, and the user stops searching and leaves the market, she
does not use the intermediary’s services any further, cutting off the revenue stream. Therefore,
it is typically assumed that the intermediary must be honest for reputation reasons. However,
even this, and the literature on this problem thus far, fails to take into account other ways in
which the intermediary can remain honest but still increase the probability of extending a user’s
search process: specifically, it is theoretically possible that the intermediary could sometimes
offer to provide extra information for free (say for some range of signals received by the user),
and, in doing so, actually increase the probability that the user does not terminate her search

process and leave the market.

In this chapter, I show that this theoretical possibility is realizable. This chapter’s contri-
butions are threefold. First, I provide an equilibrium analysis for a model of sequential search
where the platform or external information provider, in addition to choosing the single price
it usually charges for its services, can also offer its services for free whenever approached by
the searcher. I prove the existence of a unique equilibrium structure in this model and provide
the set of equations from which it can be extracted for any given settings. Second, I provide
a proof-by-example that free information disclosure can be beneficial. Third, I provide an im-

portant robustness-check of the result that free information disclosure can increase profits. The
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first-order concern, when providing free services, is that a misspecified model of the population
can have disastrous consequences — for example, if there exists a group that is characterized by
a very low search cost, and members of this group never use the intermediary’s services (be-
cause the intermediary charges a cost which is too high for them), the intermediary may be
unaware of their existence. However, by offering some services for free, the intermediary may
expose itself to much higher costs from this group it was previously unaware of. I demonstrate
that my example is quite robust to this concern, by showing the percentage of this hidden popu-
lation would have to be very large to make it unprofitable to use the free information revelation
strategy. Taken together, the results suggest that information intermediaries in search-based
electronic marketplaces may benefit from disclosing some extra information for free, and that

this should be part of the strategic arsenal in algorithmic pricing of information services.

5.2 Model

I consider a standard searcher-platform model (e.g., [56]) in which users, denoted searchers,
login to the information platform in order to gain access to information about opportunities
of the type they seek (e.g., cars, mortgages, consumer products, dates). Due to the high rate
of new opportunities arriving to the platform, in practice, one can view it as enabling access
to an unlimited stream of opportunities. Each searcher is interested in finding the single best
opportunity for them (for example, a searcher would be looking to buy just one used car), so,
once they decide on one, I model them as leaving the platform. While unaware of the specific
value v of each opportunity listed in the platform, the searcher does know the (stationary)
probability distribution function from which opportunities values are drawn, denoted f,(x).
For a cost ¢, (monetary, opportunity cost, etc.), the searcher can acquire a signal s, which is
correlated with the true value v of an opportunity according to a (known) probability density
function f,(s|v). I assume that higher signals are good news (HSGN), i.e., that if s; > s, then
Yy, Fy(yls1) < F,(yls2) [83].

The searcher may query and obtain the true value v of an opportunity for which signal s

was received, by paying an additional fee c.. This true value could be obtained from either
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the information platform that lists the different opportunities or from an external expert (e.g.,
Carfax.com, or a mechanic). I assume that the platform or expert pays a marginal cost d. per
query (i.e., a “production cost”). For exposition purposes I will use “platform” or “expert”
interchangeably to denote this information provider. The goal of the searcher is to maximize
the total utility received i.e., the expected value of the opportunity eventually picked minus
the expected cost of search and expert fees paid along the way. Thus far, this model is quite
standard in prior work [27, 119, 86, 80].

The main departure from previous work in terms of this model is that the expert is allowed
to disclose the true value v for free if it determines that this is beneficial. So, for example, if a
potential buyer comes to a mechanic with a Carfax report indicating a certain set of flaws, the

mechanic may decide to do a free check-up for that car.

I note that the signals received by the searcher are the only form of price discrimination
allowed in the model, and thus the only basis on which the free service can be provided in
place of the paid service.

Therefore, the model now is as follows. At the very beginning, the expert determines the
price it is willing to sell its services for (c.). Then the search process begins. The searcher
receives a signal s; she reveals the signal s to the expert, who must then decide whether to offer
its services either for free, or at cost c,. If it offers the information for free, the searcher takes
advantage of the offer, finds out the true value v, and then must decide whether to terminate
search and take that opportunity, or to continue search, receiving a new signal s and repeating
the process. If the expert chooses not to offer the information for free, the searcher must decide
whether to purchase the expert’s services at cost c.. If she does purchase the services, she again
finds out the true value v, and then must decide whether to terminate search and take that
opportunity, or to continue search. If she does not, then she must decide whether to terminate
search and take that opportunity without knowing the true value v, only the signal s, or whether
to decline the opportunity and continue search. Figure 5.1 shows the process in the form of a

flowchart.
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Figure 5.1: Flowchart of the sequential model where the expert may choose to disclose infor-
mation for free.

5.3 Equilibrium Analysis

No Free Information Disclosure. When the true value is offered by the expert for a fixed fee the
game can be solved as a simple Stackelberg game? where the expert is the leader, setting the
service fee and the searchers are the followers, setting their search strategy accordingly. The
searcher in this case, upon evaluating an opportunity and receiving its noisy signal s, can either:
(a) reject it and continue search by evaluating a new opportunity; (b) accept it and terminate

search; or (c) query the expert to know the true value of the opportunity, incurring a cost c., and,

2A Stackelberg game is a strategic game in economics in which the leader firm moves first and then the
follower firms move sequentially.
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based on the value received, either accept it (terminating the search) or reject it and continue
search as before. The optimal strategy for a searcher in this case can be found in prior work
(e.g., [80, 27]): it is based on a tuple (¢;,t,, V") (see Figure 5.2) such that for any signal s:
(a) the search should resume if s < ¢;; (b) the opportunity should be accepted if s > t,;
and (c) the expert should be queried if {; < s < ¢, and the opportunity accepted (and search
terminated) if the value obtained from the expert is above the expected utility of resuming the
search, V, otherwise search should resume. This is where V' denotes the expected utility-to-go
of following the optimal search strategy. The values of ¢;,¢, and V' can be extracted by solving
a set of equations capturing two key indifference situations. The first is where the searcher is
indifferent between resuming search and querying the expert (for ¢;) and the second when she

is indifferent between terminating search and querying the expert (for ¢,,) [80, 27].

tl tu

Resume Terminate
Search Search

€——Query Region —>

v
Terminating Search after Querying

v

Signal -->

Figure 5.2: Characterization of the optimal strategy for search with an expert (taken from [27]).
The searcher queries the expert if s € [¢;,¢,] and accepts the offer if its value is greater than the
value of resuming the search V. The searcher rejects and resumes search if s < ¢; and accepts
and terminates search if s > ¢,, both without querying the expert.

With Free Information. When the expert is allowed to offer the true value for some of the
signals for free, the equilibrium dynamics become more complex—when setting its service
price c. the expert needs to consider the equilibrium of the simultaneous game resulting from
its decision, in which the searcher decides on her search strategy and the expert on the signals
for which it will provide the true value for free. The key for solving the problem is therefore un-
derstanding the structure of the equilibrium of the resulting simultaneous game given the price
ce set by the expert. Theorem 5.1 provides the structure of the equilibrium for the simultaneous

game, showing that it can be compactly represented in the form of four thresholds.
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Theorem 5.1. The equilibrium when the expert is able to disclose information for free, by
choice, can be characterized according to the tuple (t,t,,V,ty) where (see Figure 5.3): (a)
the information is offered for free for any signal t, < s < ti; (b) the searcher resumes its
search for any signal s such that s < t;; (c) the searcher accepts any opportunity associated
with a signal s > 1, and terminate its search right after; (d) the searcher queries the expert for
any signal t; < s < ty, either for free (if s > t,) or for a cost c. (otherwise) and accept the
opportunity (and terminate search) if the value obtained from the expert is above the expected
utility of resuming the search, V', otherwise search is resumed. The values of t;,t,,V,t; can be

extracted by solving the set of equations:

—cs — Ce(Fys(ty) — Fs(t))) + C

V= o (5.1)
%z/ (v - V) fulylt) dy (5.2)
y=V
1%
. = / (V — ) fulylt) dy (5.3)
Yy=—00
d, = 7. (F,(V|t)) (5.4)
where:
A=1— F.(t)— / " (s)Fu(V]s) ds (5.5)
C :/00 fs(s)Ev|s] ds
. o (5.6)
s v dyd
T / £.(s) /yf (vl5) dy ds
= (Ce - de)(FS(tu) - FS(tl>) - de(F5<tk) - FS(tU)) (5.7)

A

Proof. 1 distinguish between three sets of signals. The first, denoted S,csume, 1S the set of
signals for which if information is not received for free then the searcher’s best response strat-
egy is to resume search without querying the expert. The second, denoted Sjye;y, s the set of

signals for which even if the information is not free, the searcher’s best response strategy is to
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Figure 5.3: Characterization of the optimal strategy for search with an expert when the expert
has the option of disclosing part of the information for free. The searcher queries the expert for
a fee if s € [t,t,] and the expert will disclose the opportunity’s true value if s € [t,,t]. In
both cases the searcher accepts the offer if its value is greater than the value of resuming the
search V', and otherwise resumes search. The searcher rejects and resumes search if s < ¢; and
accepts and terminates search if s > t;, both without querying the expert.

query the expert, and finally the set Sieminate denoting the set of signals for which if the infor-
mation is not free, the searcher’s best response is not to query the expert but rather to accept
the opportunity and terminate the search. I first prove that from the expert’s point of view, if
the best response to the searcher’s strategy is not to offer the information for free for a signal
S € Sierminate then so is the case for any other ' € Sic minate as long as ' > s. By providing
the information for free when the signal is s the expert incurs a cost d., however gains 7. if
instead of terminating her search (as is the searcher’s strategy for a signal s € Sierminate) the
searcher, based on the true value received, decides to resume the search. The searcher will de-
cide to resume search only if realizing that the true value is less than the expected benefit of
further searching, i.e., if the true value is smaller than V. The probability of the latter event is
given by F,(v|s), hence if the expert prefers not to provide the information for free given signal

s then the following must hold:

de > 7 (F,(V]s)) (5.8)

Notice that F,(v|s) > F,(v|s’) for s > s (due to the HSGN assumption), hence d. >
Te(Fy(v]s)) > m.(F,(v|s")) and therefore the expert necessarily finds it beneficial not to of-
fer the information for free for s’. This is in fact all that needs to be proved for the expert’s

strategy structure. Obviously there is no benefit from the expert’s point of view to offer the
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information for free for any signal s" € Syuery U Sresume as doing so has no immediate benefit
and can only potentially eliminate further search rounds (if the reported true value is greater

than V') and future profits.

Moving on to the searcher, I prove that given the above strategy structure of the expert, the
searcher’s best response strategy is of the (;, t,, V, ;) structure. First, I prove that given a signal
S € Syesume, any other signal s < s also belongs to S;.csume. The proof is quite straightforward:
Let V' denote the expected benefit to the searcher if resuming the search if signal s is obtained.
Since the optimal strategy given signal s is to resume search, I know V' > E[v|s]. Given the
HSGN assumption, E[v|s] > E[v|s'] holds for s < s. Therefore, V' > FElv|s'], proving that the
optimal strategy in this case is resuming the search.

Next, I prove that given a signal s € Sierminate, any other signal s’ > s also belongs to
Sterminate- Lhis proof is also quite straightforward: the searcher decides to terminate the search
in case where E[v|s] > V. According to the HSGN assumption it is clear that for every s’ > s
one gets that Flv|s’] > Elv|s] > V.

The structure of the searcher’s strategy, for cases where the information is not offered for
free, is thus based on three continuous intervals, represented by (¢, ¢,,), where all signals s < ¢
belong to S,esume, all signals s > t,, belong to Sierminate and all signals t; < s < t, belong to
Sauery-

At this point, I have everything I need in order to prove that the information will be provided
for free only for signals belonging to the continuous interval (t,, ;). I have already established
the fact that the information provider will never offer the information for free for signals be-
longing to Syuery and Syesume. Now assume there are signals s and &', such that ' > s > ¢,
and the expert’s best response strategy is to offer the information for free for s’ and not for
free for s. I have already shown that if s’ > s > ¢, then both signals belong to Sicrminate-
However, if both belong to Sie;minate and the best response strategy of the information provider
is not to provide the information for free for s then, as shown at the beginning of the proof,
so is her strategy for s/, which leads to a contradiction. Therefore, the set of signals for which

information is provided for free is necessarily a continuous interval that starts at ¢,,.

The searcher therefore will receive the information for free for all signals in the interval
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(tu, tr) and will query the expert (for a fee) for all signals in the interval (¢;,¢,). In both cases,
if the information obtained indicates a value greater than her expected benefit from resuming

the search the process will be terminated and otherwise resumed.

Once establishing the general (#;,t,,V, ;) structure I can now formally express the ex-
pected profit for the searcher, V', and use optimization for deriving her best response set (¢, t,,).
The searcher’s expected profit is given by Equation (5.1). Here the numerator captures the ex-
pected profit within a single search round. This is composed by the cost of receiving the signal,
¢s, the expected cost of querying the expert, c.(Fs(t,) — Fs(t;)), and the expected benefit of the
searcher when stopping the search (without taking into consideration the cost of the search or
the cost of using the expert), C', as calculated in Equation (5.6). The calculation of C' in Equa-
tion (5.6) is based on three cases: (i) in case where the value of the signal s is higher than ¢, the
searcher’s expected profit will be the expectancy of V given the signal ( fso;)tk fs(s)E[V]s| ds)
(ii) in the case where the value of the signal s is in the range of [¢;, ¢, the searcher will stop the
search only if the true value of the item is grater than V" and in those cases will gain this value
( f A (s) [ O:V v [»(y|s) dy ds) (iii) in the case where the value of the signal s is in the range
[tu, tx] the searcher again will only stop the search if the item’s true value is grater than V' and
will then gain this true value ( f;i o Es(s) fyoiv v f.(y|s) dy ds). I note that since the choice of £,
does not affect C, cases (ii) and (iii) were merge to one integral in Equation (5.3), as will be
done in the last two cases of Equation (5.5) to be described. The denominator in Equation (5.1),
A, calculated according to Equation (5.5), is the probability that the searcher will terminate the
search and purchase the offered item. The searcher will terminate search unless: (i) the value of
the signal s is smaller than the value ¢; (i.e., with probability F(t;)); (i) the value of the signal
s is in the range [t;,t,] and the true value of the item is smaller than V' (i.e., with probability
fst; , £5(8)Fu(V]s) ds)i(iii) the value of the signal is in the range [ty, ¢4] and the true value of
the item is smaller than V' (i.e. with probability fsti o Es(8) Eu(V]s) ds).

Setting the first derivative of V' according to ¢; and ¢, to zero obtains Equations (5.2) and
(5.3). Finally, Equation (5.4) represents the best response strategy for the auctioneer as ex-

plained above.

To conclude the proof I note that there are ultimately 4 strategy parameters: ¢; and ¢, for the
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searcher, and ¢,, and c. for the expert. Equation (5.2) gives ¢;, Equation (5.3) gives ¢,,, Equation
(5.4) gives t, and c, is found by optimizing the expert’s profit. ]

I note that the above theorem and its proof can be trivially extended for the case where the
expert provides a noisy (yet more accurate) signal rather than the true value of the opportu-
nity, using a transformation proposed by MacQueen for the case without the free information
disclosure option [80].

Equations (5.2)-(5.4) that characterize the searcher’s and the expert’s optimal thresholds,
can also be derived from their indifference conditions at signals ¢;, t,,, and ¢, respectively. For
example, ¢; is the signal at which a searcher is indifferent between either resuming the search
or querying the expert, i.e., V = fyozv yfo(ylt) dy + VF,(V|t;) — c., which transforms into
Equation (5.2); alternatively, ¢; can also be interpreted as a point where cost of purchasing the
expert’s service is equal to the expected increase in utility from consulting the expert when
the searcher would otherwise reject and resume search. Similarly, ¢, is the signal at which the
searcher is indifferent between querying the expert and terminating the search without querying
the expert (in case the information is offered for a fee c.). Finally, ¢, is the signal for which
the expert is indifferent between providing the information for free and having the searcher
terminate its search, i.e., 0 = —d, + 7.(F,(v|tx)), which transforms into Equation (5.4).

Using the set of Equations (5.1)-(5.7) I can now solve for (;,t,, V, ), and in particular
Equation (5.7) provides me with the resulting expected profit for the platform. Therefore, the

expert can solve for the expected-profit-maximizing c. (e.g., numerically).

5.4 Numerical Illustration

I can use the characterization of the equilibrium strategies to solve for the expert’s optimal
service fee and derive implications for how experts should price their services. Equilibrium in
expert-mediated search derives from a complex set of dynamics. Many parameters affect the
equilibrium, including the distribution of values, the correlation between signals and values,
search frictions and the cost of querying the expert. Uncovering phenomenological properties

of the model is therefore difficult and restricted using a static analysis. Instead, I turn to an
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illustrative model that uses a particular, plausible distribution of signals and values. For this
purpose I adopt the setting used in Chhabra et al [27]. The setting uses the signal as an upper
bound on the true value. So the signal could be thought of as the searcher’s optimistic estimate
upon observing the opportunity (e.g., sellers and dealers offering cars for sale usually make
cosmetic improvements to the cars in question, and proceed to advertise them in the most ap-
pealing manner possible, hiding defects using temporary fixes; mortgage lenders may advertise
their most appealing features, such as a low introductory rate, while keeping troublesome terms
and conditions hidden). Specifically, the signals s are uniformly distributed on [0, 1], and the

conditional density of true values is linear on [0, s|. Thus

2y
1 for0<s<1 £i(uls) = & for0<y<s

fs(s) = :
0 otherwise 0 otherwise

Figure 5.4 depicts the expert’s expected profit with and without free information disclosure
as a function of the service fee it sets, c.. The setting used for the graph takes the searcher’s
search cost to be ¢, = 0.17 and the expert’s production cost d. = 0.00019. Obviously, when
c. = 0 the expert makes no profit regardless of whether or not it offers some of the information
for free. However as c. increases, and in particular when ¢, > d. the expert makes profit and, as
can be observed from the graph, the option to provide information for free results in a greater

expected profit. For larger c, values (¢, > 0.028) the expert becomes too costly and is not being

used anymore, i.e., the equilibrium is characterized by t; = ¢,,.

Figure 5.4: Expert’s expected profit with and without free information disclosure (upper and
lower curve, respectively) as a function of ¢, for a setting where: ¢, = 0.17and d, = 1.9-10~%.
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To get a better understanding of the equilibrium dynamics in the resulting simultaneous
game once the expert has set its service fee c., in particular the effect of free information
disclosure on the equilibrium, I present Figure 5.5. The figure depicts the searcher’s expected
benefit V, the thresholds ¢; and £, and the difference between the two, as a function of the
percentage of the interval of signals (¢, 1) for which information is offered for free, denoted w
(i.e., w = (tx, —t,)/(1 —t,)). I show w on the horizontal axis rather than ¢; because an increase
in t;, per-se has no actual meaning, as it does not say anything about the higher threshold nor
the range of signals used by the searcher for using the costly service (¢,). These result from
the equilibrium dynamics of the simultaneous game. The use of w as defined above resolves
the problem and enforces an equilibrium in which ¢, is constrained in terms of a portion of the
resulting (t,, 1) interval. One possible interpretation for w is therefore the extent to which the
expert is willing to provide free information in cases where the searcher receives a favorable
signal for which the benefit from knowing the true value does not justify paying c. for it. The
setting used for this figure is the same as the one used for Figure 5.4 (¢ = 0.17, d. = 0.00019),
except that here I also fix ¢, = 0.01, i.e., the expert is not attempting to maximize profits over c,
in that specific market.? Figure 5.5 is complemented by Figure 5.6, which depicts the expected
number of searches (i.e., expected number of opportunities for which a signal was received by
the searcher) and the expected number of times the expert was queried by the searcher in the

costly-service mode.

As can be seen from Figure 5.5, the increase in w results in an increase in the searcher’s
expected profit. This is expected, as the searcher now receives the true value for free for some
of the signals and therefore, since c. has not changed, it cannot possibly do worse than in the
case where the information is always costly. The increase in V' results in an increase in ¢; and ¢,

as the searcher will now become indifferent to querying the expert for greater signals. While the

3This is often the case whenever the expert is operating in parallel markets and needs to set a fixed fee, or
cannot distinguish users coming from this market from others.

73



0.1975 T T T T T T T T T 0.249

0.197 - B 0.2485 4
0.1965 - il 0.248 A
01961 ] 0.2475 B
0.247 - b
0.1955 b
1Y ~ 0.2465 4
01951 1 =
0.246 - b
0.1945 |- B
0.2455 b
0.194 1 b 02451 |
0.1935 - 7 0.2445 7
0.193 L L L L L L L L L 0.244 L L L L L L 1 I L
0 0.1 0.2 03 04 05 06 07 08 09 1 0 0.1 0.2 03 04 05 06 07 08 09 1
w W
0.506 T T T T T T T T T 0.258

0.504 - 0.256 | 1
0.502 -

0.254 B
05¢

0.408| 0.2521 1

=
0.496 - 0.25] i

tu-t

0.494 -
0.248 B

0.492 -
0.246 q

0.49

0.488 I I I I I I I I I 0.244 I I I I I I L I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 5.5: V,t;,t,, and the size of the interval between ¢; and ¢,, as a function of the parameter
w (the percentage of the interval of signals (,, 1) for which information is provided for free).
The setting is ¢, = 0.17, d. = 0.00019 and ¢, = 0.01.

increase in t,, is beneficial, from the expert’s point of view, as it increases the interval of signals
for which the service is used for a payment, the increase in ¢; has the exact opposite effect.
Fortunately, since in this example I use a uniform distribution of signals, I can rely on the
measure t,, — t; to determine whether or not the probability the expert will be queried for a fee
increased. From the figure one can see that indeed the increase in w results, in this example, in
an increase in t,, —t; and consequently an increase in the chance the expert is used for a payment
¢ in each search round. Overall, one can see from Figure 5.6 that the increase in w results both
in an increase in the expected number of search rounds and in the expected number of queries
made for a fee. The increase in the first measure suggests that the searcher has become more
picky. This is interesting especially since with the increase in ¢, — ¢; and the increase in the

portion of 1 — ¢,, for which free information is received the searcher receives/purchases more
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Figure 5.6: The expected number of search rounds carried out by the searcher (left) and the
expected number of paid queries made by the searcher to the expert (right), as a function of w.
The setting is identical to the one used for Figure 5.5.

information overall and seemingly can identify favorable opportunities more easily. Yet, at the
same time the improvement in the searcher’s ability to distinguish the favorable opportunities
from the non-favorable ones translates to a greater expected benefit from resuming the search
process, resulting in a longer search. This also explains the increase in the overall number
of paid queries made to the expert. While the increase in this latter measure is beneficial for
the expert, it comes with a price—the expert is also experiencing an increase in the overall
number of queries it is providing for free. Therefore, supplying information for free for all
signals s > ¢, 1s not beneficial and the expert should take into consideration the production
cost d.. Figure 5.7 shows the expected profit of the expert as a function of w (see Equation
(5.7)). Indeed, the expected profit increases as w increases; however using w = 1 is not the
best response strategy for the expert. The expert should offer the service for free only when the
signal is such that the expected benefit from providing it (taking into consideration the chance
the true value will indeed turn out to be poor and an additional search round will be initiated
and the expected profit from having the searcher resume the search) is greater than the cost of
providing the service for free. Formally, this is expressed as 7. F,(V|s) > d. and depicted in

the right graph of Figure 5.7.
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Figure 5.7: (a) The expert’s expected profit from having the searcher resume search as a func-
tion of the parameter w; (b) The expected net benefit from providing the true value for free
when the signal is 7. The setting is identical to the one used for Figure 5.5. The expected net
benefit in this example becomes zero for w = 0.75.

I emphasize that this result (both the expert and the searcher benefiting from the fact that
some of the information is offered for free) is limited to the simultaneous game induced after the
price is set by the expert. This does not mean that the searcher benefits overall from the expert
changing its strategy to provide some information for free—at the end of the day the expert is
setting c, strategically, and it is possible that the searcher does worse overall in the world where
the expert has the added flexibility to offer its services for free sometimes. For example, in the
setting analyzed above (where c¢; = 0.17 and d. = 0.00019, with the expert’s expected-profit-
maximizing ¢, = 0.01 (when free information disclosure is allowed) the searcher’s expected
benefit is 0.196, whereas when free information disclosure is not allowed the expert uses ¢, =

0.05 and the searcher’s expected benefit is 0.247.

5.5 Model Robustness

One fear for an expert or a platform when considering switching to offering a service for free
is that some parts of the population that were not using the service up until then because of its
price, could start using it extensively once it is offered for free, causing a substantial unexpected
expense for the expert, who may not previously have been aware of their existence. In this sec-

tion I illustrate numerically that even with a relatively large population of such “free riders”
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the expert can still benefit from offering the service for free for some signals. For this purpose
I consider two populations of searchers. The first is of searchers characterized by a relatively
small search cost, hence with a smaller incentive to use the expert services (as they can poten-
tially repeat their search process until running into an opportunity associated with a very high
signal, and choose to terminate the search without ever querying the expert). This population
will, however, use the expert’s services whenever offered for free, since this is a dominant strat-
egy when available. The second population is characterized by a higher search cost, and uses
the expert’s services for some signals even when offered for a fee ¢, > 0. Both populations
receive signals from the same distribution f,(y) and similarly share the same function f,(v|s)
according to Equation (5.4). The search costs of the two populations are ¢, = 0.0292 for the
low search cost population and ¢ = 0.17 for the high search cost population. The expert’s
marginal cost for providing the service is d, = 1.9 - 10~ for both populations.

Based on the parameters above there is no query fee ¢, > d, = 1.9 - 10~ that results in
the use of the expert’s services by the low search cost searchers (i.e., t; = t,, for this popula-
tion). Therefore, the expert maximizes its expected-profit based on the second population only,
resulting in the following equilibrium: ¢, = 0.246, ¢, = 0.496, V' = 0.0195 and ¢, = 0.01.
When offering information for free for some of the signals, the expert, who cannot distinguish
between searchers of the two populations, needs to take into consideration the loss due to the
use of its services by searchers of the low search cost population.

Taking « to be the portion of the high search cost searchers in the general population, the

expert’s expected profit is given by

F(ty) — F(t,) F(ty) — F(t,)

(1= ey T g (ay TS, -

where A is the probability the search is terminated (calculated according to Equation (5.5)).
The first term corresponds to the loss due to the free usage of the expert’s services by the low
search cost searchers. The second term corresponds to the expected profit from the high search
cost searchers and includes both the loss due to free service and the gain from the paid service.
Both terms are weighted according to the proportion of the different searchers’ types in the

population.
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Figure 5.8 depicts the expert’s expected profit for the setting described above as a function
of a,, when free information disclosure is allowed and when it is not allowed. The figure demon-
strates that, indeed, even for cases where the population of “free-rider” searchers is substantial

(99% in this case), the expert can still benefit from free information disclosure.
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Figure 5.8: The expert’s expected benefit when free information disclosure is allowed and when
it is not allowed, as a function of the percentage of the high search cost searchers in the general
population, for the example described in the text.

5.6 Conclusions

This chapter’s main contribution is to analyze a subtle strategic complexity (free information
disclosure) in a common multi-agent environment (one-sided search with a self-interested infor-
mation provider or platform). The channel of operation is complex: when the expert sometimes
provides its services for free, it changes the searchers’ optimal strategies, expanding the range
at which users choose to use its non-free services.

One natural fear in using free disclosure strategies would be model robustness — suppose

the expected higher profits were driven by a misestimation of the population? For example, it
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could be that only those with high search costs were using expert services earlier, so the expert
assumes the population in general has high search costs — however, by offering its services for
free, it suddenly draws out the population with low search costs that it was unaware of previ-
ously since they never used its services. I show that the result is robust to even a significant
proportion of such “free riders” in the searching population. As such, the idea of free informa-
tion disclosure could have significant practical value in search-based markets and systems. I
note that the information-provider in this model is working within a somewhat restricted strat-
egy space and could have incorporated different prices (including zero, i.e. free) for each signal.
Yet, one of the major results is that, even with the restricted strategy space, there is a benefit to
the information provider of providing some services for free. I also note that it is important that
the expert will also observe the signal s, as otherwise the searcher could lie about the signal
and always get the service for free. In various domains the signal can be verified (e.g., in the
used car domain, the expert (e.g., mechanic) can verify the signal by checking the Carfax report

herself).
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Chapter 6

Providing Information to People

This chapter ! studies the benefit for information providers in free public information disclosure
in settings where the prospective information buyers are people. The underlying model, which
applies to numerous real-life situations, considers a standard decision making setting where
the decision maker is uncertain about the outcomes of her decision. The information provider
can fully disambiguate this uncertainty and wishes to maximize her profit from selling such
information. I use a series of AMT-based experiments with people to test the benefit for the in-
formation provider from reducing some of the uncertainty associated with the decision maker’s
problem, for free. Free information disclosure of this kind can be proved to be ineffective when
the buyer is a fully rational agent. Yet, when it comes to people I manage to demonstrate that
a substantial improvement in the information provider’s profit can be achieved with such an
approach. The analysis of the results reveals that the primary reason for this phenomena is peo-
ple’s failure to consider the strategic nature of the interaction with the information provider.
People’s inability to properly calculate the value of information is found to be secondary in its

influence.

6.1 Introduction

While the study of the use in strategic information disclosure by self interested information

providers in multi-agent settings exists, the focus of prior work aiming to study strategic be-

!'The work reported in this chapter was published in [3]
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havior of such entities is mostly limited to dealing with rational agents. In this chapter I inves-
tigate the way free information disclosure influences people. The main idea of free information
disclosure is that through the elimination of some of the possible outcomes, knowing the true
outcome becomes highly valuable. For example, consider a passenger that is about to go on a
flight from NY to Paris in order to attend an important business meeting. Now suppose the pos-
sible outcomes of the flight are: (i) arriving on time, with an a priori probability of 94.4%; (ii)
arriving an hour late, with an a priori probability of 4.1%; or (iii) missing the meeting because
the flight gets canceled due to a union strike, with an a priori probability of 1.5%. Knowing
the true outcome (e.g., by purchasing it from an oracle or a corrupted union member) has very
little value, as the chance of not arriving to the meeting on time is very small (1.5%). However,
assume the oracle publicly announces that the flight is not going to arrive on time (i.e., eliminat-
ing the first outcome, hence reducing the set of possible outcomes to the latter two). Now, there
is much value in being able to distinguish between the two remaining outcomes—the naive
posterior probability of ending up with a canceled flight due to a strike is 27%. Therefore, the
passenger will be willing to pay a substantial amount in order to obtain this information. Still,
the above naive probability update process does not take into account the strategic considera-
tions that lead the information provider to publicly disclose some of the information she holds.
The incorporation of the strategic aspect of the interaction results in a somehow different proba-
bilistic update and in fact I can prove that free information disclosure is necessarily detrimental
in this case. However, when dealing with people, the above does not necessarily hold. It is well
known that people are often irrational [94, 65, 10, 23]. Therefore, it is possible that they will
not take into consideration the strategic nature of the interaction or even fail to properly reason
about the value of information to some extent, making free information disclosure beneficial

for the information provider.

This chapter provides a comprehensive experimental evaluation of the above approach
whenever interacting with people, attempting to identify the main sources of people’s inabil-
ity to make the right decision when it comes to information purchasing. It uses a testbed that
captures a core “value of information" problem setting of the kind described above, with an in-

formation provider that can fully disambiguate the uncertainty associated with outcomes. The
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experiments involve 300 subjects experiencing a total of 6000 information purchasing deci-

sions, interacted through Amazon Mechanical Turk using three different treatments.

Contributions. This chapter makes two main contributions. The first is showing that, unlike
with fully rational buyers, when it comes to people free information disclosure can substantially
improve the information provider’s profit from selling information. The second is showing that
the improvement achieved is mostly because of people’s inability to take into consideration the
strategic nature of the interaction rather than their somehow limited ability to properly calculate

the value of information.

6.2 The Model

I consider the basic standard model of a self-interested information provider and a prospective
information buyer (denoted “buyer" onwards). The buyer is facing a simple decision problem
involving an opportunity O available to her, where the possible available alternatives are to
exploit opportunity O or opt-out not to exploit it. The set of possible exploitation outcomes
(corresponding to different possible nature states) is denoted V' = {vy, vo, ..., v, }, Where the
corresponding a priori probability of each value v € V is captured by the function p(v)
(O_p(v;) = 1). If choosing to opt-out, the buyer gains some fallback profit vg. The buyer and
the information provider are symmetric in the sense that they are both familiar with ' and the
function p(v). The information provider is also acquainted with the true state of the world, i.e.,
knows the true exploitation value of O and can sell this information to the buyer for a fee. In an
effort to increase her profit, the information provider can use a strategic behavior and publicly
eliminate some of the possible outcomes of O such that this information becomes available to
the buyer before she makes her decision of whether to purchase the identity of the true outcome
or not. I denote this latter strategy PFID (Preliminary partial Free Information Disclosure) for
short.

The course of the game is therefore as follows: nature first sets the true exploitation outcome

v of the opportunity O; the value v becomes available to the information provider who sets the
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requested fee c for revealing v along with eliminating (publicly) some of the values in V', such
that the remaining possible values are those in the subset D C V'; based on ¢ and D, the buyer
can decide either to purchase the true exploitation value of O, in which case the value v is
disclosed to her, or not; finally, the buyer decides whether to exploit opportunity O.

The model assumes that both the exploitation values and the cost of purchasing the informa-
tion from the information provider are additive. The goal of the buyer is therefore to maximize
her expected profit, defined as the exploitation value of O (if exploiting the opportunity) or
the fallback vy (otherwise) minus the payment to the information provider (if purchasing the
information).

The above model can be mapped to various real-life problems. For example, the buyer
can represent a company that considers taking over its competitor. The true value of the other
company is uncertain however can be purchased from an internal source that may increase the
value of the information she holds through PFID. The information provider’s problem is thus,
given an opportunity O and the true exploitation value v, which exploitation values to eliminate

for free and what price to set as the fee for revealing v in order to maximize her expected profit.

6.3 Rational Buyers

I first analyze the best response strategies and the resulting equilibrium in case the buyer is

fully rational and risk neutral.

Buyer

In the absence of any preliminary information from the information provider, the buyer will
choose to exploit opportunity O only if the expected exploitation value is greater than the
fallback value vy. The buyer’s Expected Monetary Value (EMYV) is thus given by:
EMV(0) = max(z v-p(v),vp) (6.1)
veV
If purchasing the information from the information provider, the buyer’s decision is made

under certainty. Here, the buyer exploits O only in cases where the exploitation value is greater
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than the fallback utility. The Expected Value Under Certainty (EVUC) is thus given by:

EVUC(0) = Zmax(v,v@) - p(v) (6.2)

veV

The Value of the Information held by the information provider to the buyer (denoted Vol
onwards) is thus Vol (O) = EVUC(O) — EMV(O) and this is the maximum amount the
buyer will be willing to pay for receiving the true outcome.

Finally, when the information provider uses PFID, leaving only a subset D of remaining

applicable outcomes, the above calculations still hold with some minor modifications:

VoI(D) = EVUC(D) — EMV(D) = (6.3)
Zmax(v, v) - Pr(v|D) — max(Zv - Pr(v|D), vp)

where Pr(v|D) is the posterior probability of the exploitation value being v given the evidence
D. Naively, the value of Pr(v|D) should be calculated through a simple update of the a priori

probability p(v) as follows:

<2 ifye D
PT(U|D) — ZyeD p(y) (64)

0 otherwise

The above calculation is considered naive as it does not take into consideration the strategic be-
havior of the information provider. Recall that the information provider’s strategy is a function
S 1V — D (and the corresponded prices to be charged for revealing the true value, calculated
as the Vol), specifying for each outcome v € V' the subset D C V of remaining possible ex-
ploitation values. The strategy thus induces a partition of the set V' such that any two outcomes
v; and v; are in the same partition element if and only if S(v;) = S(v;). Since in equilibrium
the buyer is using her best response strategy to the information provider’s strategy, the posterior
probabilities calculation taking place by the buyer should be based on .S and is given by:

2 if S(v) = D
Pr(v|D) = 2 y|8(x)=p PY) ©s)

0 otherwise
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Information Provider

As explained above, the information provider sets the cost of her information providing service
to Vol. The information provider may attempt to maximize the Vol through PFID. In this case

I distinguish between having a naive buyer and a strategic one.

Naive Buyer When the buyer does not take into consideration the fact that the information
provider is acting strategically she uses the naive probability update according to (6.4). For
example, assume that V' = {—100, 0, 100} where all values are possible with equal probability,
and assume the fallback if not exploiting the opportunity is vy = 0. Here Vol=33.3. However, if
the information provider uses S(—100) = S(100) = {—100, 100} and S(0) = {—100, 0,100},
she can still charge 33.3 whenever v = 0 however charge 50 in case v € {—100,100}. Gen-
erally, when facing a naive buyer, the information provider should choose for every value
v € V to eliminate all exploitation values except those in D C V such that the difference

EVUC(D) — EMV (D) is maximized and charge exactly the difference.

Strategic Buyer When the buyer is acting strategically, however, the information provider

cannot benefit from free information disclosure, as stated in Proposition 3.

Proposition 3. The information provider’s expected profit when using PFID is bounded (from

above) by the expected profit when not using it.

Proof. Since the information provider sets the price of her service according the worth of
the information, I need to show that the expected Vol under certainty without PFID is greater

than with PFID. Meaning that the following holds:
EVUC(O)-EMV(0)> Z(EVUC(D) —EMV(D)) - Pr(D) (6.6)
D

where Pr(D) is the probability the buyer will receive the information D, calculated according
to: Pr(D) =), .pp(v). Notice that:
EVUC(0) = Z mazx(v,vy) - p(v) = Z Pr(D) Z max(v,vy) - Pr(v|D)
veV D veD

=> EVUC(D)- Pr(D)
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therefore, in order for (6.6) to hold I only need to prove that ), EMV (D) - Pr(D) >
EMV(0):

EMV(O) = max( Zv -p(v),vg) = (6.7)
veV
maz ( ZPT(D) : Zv - Pr(v|D),vp) <

Z Pr(D) - max(Zv - Pr(v|D), vg) =

veD

> EMV(D)-Pr(D) O

Therefore, if both the information provider and the buyer are fully rational and strategic,
there is no point for the information provider to use PFID. In the following section, however, I

show experimentally that there is much value in such strategy when the buyer is a person.

6.4 Irrational Buyers

In most real-world settings one expects to find people in the role of the buyer. This section

describes an experiment carried out for testing the effectiveness of PFID in such a case.

6.4.1 Possible Failures in Decision Making

Prior work provides much evidence for people’s bounded rationality in decision making situa-
tions in the sense that they do not adhere to rigid models of rationality and are easily influenced
by various external factors and biased towards certain conclusions [109, 78, 65, 53, 73]. Specif-
ically, for the strategic interaction settings considered in this chapter I identify two possible
causes for irrational behavior that may affect the decision whether to purchase the information
offered. The first is people’s somehow limited reasoning and computational capabilities that
may prevent the proper calculation of the value encapsulated in the information according to
the guidelines given in the former section. The second is people’s failure to take into consid-
eration the strategic nature of the interaction with the information provider. The implication

of the latter is failure to update the probabilities assigned to the different exploitation values
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according to (6.5) and using the following naive calculation instead:

<2 if S(v) =D
Pr(v|D) = > yep PW) 6.8)

0 otherwise
Meaning that the buyer does not take into consideration the reason the information provider
decided to disclose D rather than any other subset.

I note that prior literature contains evidence for both above phenomena, i.e., people’s failure
to take into consideration the strategic aspect of an interaction [35] and failure to accurately
calculate the value of information [66, 18]. The extent of the effect, if any, depends on the
domain, the nature of the interaction and the complexity of the underlying problem. Still, none
of these works consider a model similar to this one and the results reported there cannot be
trivially carried over to this case.

Among the two effects, the second clearly favors the use of PFID in a way that increases
the value of the information held by the information provider whenever the buyer follows (6.4).
The effect of the inability to properly calculate the value of information (i.e., even if taking
into consideration the strategic aspect of the interaction) when using PFID is somehow vague,
as it is not clear whether it will actually result in an increase or a decrease in the value buyers
see based on the information provided, even in cases where Vol(D) increases. The experiments

were designed such that both effects can be isolated to a great extent.

Experimental Framework

For the experiments I used a multi-round game called “What’s In The Box?"', which captures
the essence of the basic underlying decision making problem in the model without adding any
externalities that may confuse participants. On each round in the game the player is introduced
with a box which contains a prize expressed in game points (corresponding to an opportunity
in the model). The available alternatives are to open the box (corresponding to exploiting it) or
leave it unopened (opt-out). Along with the box the player is also introduced with the possible
values of the prize in it (corresponding to the possible exploitation values). Prize values can be

either positive or negative, each having an a priori equal chance. Prior to her decision whether to
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open the box, the player can request to obtain the identity of the prize in the box, i.e., completely
disambiguate the uncertainty associated with the value. This latter information is, however,
costly, and the cost of obtaining it (expressed in terms of game points) is provided to the player
prior to making her decision to request it. The player thus needs to decide whether to purchase
the information about the true value of the prize in the box and then whether to open the
box. If choosing not to open the box the player obtains zero game points (the fallback value).
Finally, the player moves on to the next game round, and the appropriate adjustments to her total
accumulated game points are made (adding the prize (or actually reducing it in case its value is
negative) in case the box was opened and reducing the cost of information if purchased). The
goal of the player is to accumulate as many game points as possible throughout the game.

I note that the primary reason for choosing a repeated game where on each round the player
is facing a different decision problem instance (though of similar nature) was to have peo-
ple follow an EMV-based decision rule. Prior work provides much evidence for the fact that
in repeated-play settings people’s strategies asymptotically approach the EMV strategy as the
number of repeated plays increases [72, 69, 17]. The proper solution to the game, when tak-
ing an EMV-maximizing approach is quite straightforward and follows exactly the calculation
given in the section dealing with rational buyers: the player should purchase the information
if EVUC(O) — EMV(O) (or EVUC(D) — EMV (D) when using PFID) is greater than its
cost, and open the box only if the value of the prize (or the expected value of the prize in case

the information is not purchased) is greater than zero.

Experimental Design

I implemented the “What’s In The Box?" game using C'#.net for the server side and Html5,
css and Javascript for the client side such that participants could interact with the system using
a relatively simple graphic interface. Figure 6.1 present a screen shot of the game where the
player is introduced to the possible values of the prize in the box (all with the same probability)
and the cost of purchasing the true value. In this stage, the buttons provided to the player to
make her decision are disabled for the first ten seconds so she is forced to spend some time

thinking before making her decision.
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These are the possible values of the prize in the box Round: 1 / 20

You can reveal the true value in exchange for:

ESENEREDERER

Reveal the true value?
Buttons will be enabled in 8
[

Figure 6.1: Screen shot of the game. See text for details.

In order to support free information disclosure, I enabled crossing out some of the possible
values of the prize in the box few seconds after they appear, so that the player could still see the
set of original values and those that have been removed. At the end of each round the player
received a short summary detailing the change in her accumulated game points, listing the prize
obtained (if opening the box) and the payment for the information (if purchased).

I used three different experimental treatments:

No Free Information Disclosure - where no free information disclosure takes place, i.e.,

none of the values is crossed out prior to the information purchase decision.

Free Information Disclosure by an Explicitly Strategic Information Provider - where
information is sold by a strategic information provider that uses PFID. With this treatment I did
everything possible, from the UI point of view, to make sure the player understands that values
are being eliminated by a self-interested agent that aims to maximize her own gain. Therefore
the player was told that there is additional player in the game, who gains from selling the
information to her. In each round, in addition to presenting the player’s own accumulated score

on the screen, I also presented the information provider’s accumulated profit.

Free Information Disclosure by a Non Explicitly Strategic Information Provider - where
information is sold by a strategic information provider, except that with no mentioning of the
strategic considerations accounting for the disclosure of information. Participants were told

that values are removed by the “system" as a way of helping the player and obviously there
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was no mentioning or reflection of the information provider (or her score) in the GUI. The
idea in including this treatment in the experiment was to see how close will be the decisions
of players under this treatment to those exhibited in the second treatment. A great similarity
would indicate that people tend to ignore the strategic nature of the information provider in the
second treatment. The use of PFID in the last two treatments followed the guidelines provided
at the end of the Naive buyer part in the Rational-buyers section above (i.e., maximizing the
expected profit assuming facing a naive buyer).

In order to have better control over the experiment I pre-generated a set of core problem
settings. The values for the different outcomes in each problem were integers randomly picked
within the range [—50, 50]. In order to reason about the effect of the number of values on the
results obtained I generated a total of 250 such problems, differing in their number of outcomes
n, in a way that I had 50 problems for each number of outcomes n € [3, 7]. In order to reason
about the effect of the magnitude of the difference between the value of information and its
cost on people’s ability to make the right decision, I took the cost to be exogenously set (rather
than setting it as VoI(0)).? For this purpose I created four problem instances based on each core
setting O (of the 250 mentioned) differing in the cost of purchasing the information, setting the
price of information to: (1) 0.8-VoI(O); (2) 1.2-VoI(O); (3) 0.2-VoI(O); and (4) 1.8-VoI(O). In
those few cases where VoI(O)=0 (e.g., when all outcomes are positive) I randomly picked the
cost of information for each of the four resulting problem instances (within the range [0,50]).
The full set of problem instances is available upon request. Overall, in 48% of the problems
a rational buyer should purchase the information and in the remaining 52% she should not,
where the difference corresponds to those cases where Vol(O)=0 (hence information should
not be purchased regardless of its price).

Participants were recruited and interacted through Amazon Mechanical Turk (AMT). Al-
though AMT consider to be biases in some cases (for example since the service, so far, is only
available in English and to make job requests you have to have a U.S. address), it is already

been proven to be a well established method for data collection in tasks which require human

2 As otherwise, if the information provider sets the price to be exactly VoI(O) even the slightest deviation in the
calculation of the value of information may lead to wrong results, precluding a genuine analysis of the extent to
which people are affected by their failure to take the information provider as a strategic agent.
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intelligence [90]. To prevent any carryover effect a “between subjects" design was used, assign-
ing each participant to one treatment only. The compensation for taking part in the experiment
was composed of a show-up fee (the basic “HIT") and also included a bonus, which was a
direct outcome of the participant’s performances in the experiment (measured as the amount
of accumulated game points), in order to encourage thoughtful participation—one cent bonus
for each 10 game points accumulated. Each participant received thorough instructions of the
game rules, the compensation terms and her goal in the game. Then, participants were asked
to engage in practice games until stating that they understood the game rules (with a strict re-
quirement for playing at least two practice games). Prior to moving on to the actual games,
participants had to correctly answer a short quiz, making sure they fully understand the game
and the compensation method. Finally, participants were requested to play a sequence of 20
rounds, where the problem instance used for each round was randomly picked from the pool of
1000 problem instances described above (with no repetition).

During the game, I logged all player actions along the different phases (instructions, train-
ing, quiz and actual game). I had four classifications for each player’s information purchasing
decision: whenever purchasing the information, the decision was classified as “good" if the Vol
is greater than or equal to its cost (and “bad" otherwise). Similarly, whenever not purchasing,
the decision was classified as “good" if the Vol is lower than or equal to its cost (and “bad" oth-
erwise). The above was calculated in all three treatments according to the naive Vol calculation
as described in (6.8). For the two treatments that use PFID, I repeated the calculation by taking
the Vol to be calculated according to (6.5) assuming the information provider applies the PFID

as described above.

Results

Overall, I had 300 participants taking part in the experiments, 100 for each experiment, each
playing 20 rounds according to the above design. Participants ranged in age (18-81, average
34.5) and gender (57% men and 43% women), with a fairly balanced division between treat-
ments.

The analysis of the results shows that the virtual information provider managed to substan-
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tially improve the overall profit from selling information when using PFID, compared to when
not using it. The following table details the average per-game (20 rounds) profit obtained with
each of the three treatments and the number of instances in which the player purchased the

information.

Treatment 1 | Treatment 2 | Treatment 3

Avg.Total Profit 57.2 73.6 77.4
# of sales 1030 1206 1189
Free Information Disclosure Free Information Disclosure
Good Decision No Free Information Disclosure by an Explicitly Strategic Provider by a Non Explicitly Strategic Provider

to Purchase

Bad Decision
to Purchase

Good Decision
notto Purchase

notto Purchase

Figure 6.2: Classification (using naive Vol calculation) of decisions made in all treatments.

The above table reflects an increase of 29% and 35% (both statistically significant using ¢ —
test, p < 0.005) in the information provider’s profit through PFID (compared to when not using
it), when presenting the information provider as a fully strategic player (treatment 2) and when
avoiding any mentioning of her strategic nature (treatment 3), respectively. The improvement
in the information provider’s expected profit due to not presenting her as a strategic player
(i.e., in the transition from treatments 2 to 3) is 5% (non statistically significant using ¢ — test,
p > 0.5). Similarly, the number of instances in which the information provider managed to sell
the information she was holding when using PFID (i.e., (treatments 2 and 3), increased by 17%
and 15% (both statistically significant using ¢ — test, p < 0.005) with the two information-
disclosure treatments (and a minor reduction of 1% in the transition in-between the last two
(non statistically significant using ¢ — test, p > 0.5)). The insignificant differences between
the profits obtained with treatments 2 and 3, as well as further similarities observed in the in-
depth analysis of the results, as reported in the following paragraphs, suggest that people do

not take into consideration the strategic aspect of the problem they are facing in this domain.
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One additional evidence that strengthens this latter hypothesis can be found in the performance
achieved in the third treatment. If the players were fully rational as far as the computation
of the Vol is concerned, yet still naive in the sense of not taking the information provider
to be strategic, then the theoretical expected profit of the information provider based on the
1000 problem instances is 85.76. The information provider in the third treatment, the one that

emulates this exact scenario, managed to reach a very close profit (77.4).

Figure 6.2 provides a more detailed investigation concerning the sources of the improve-
ment achieved with PFID. It depicts the break-down of the total 2000 information purchase
decisions made in each treatment into the four different classifications described in the experi-
mental design section (based on naive Vol calculation). Considering the chart that summarizes
the results obtained when not using PFID (most left), I observe that the general success of
people with the tested settings is 69%, with relatively similar chance of choosing the wrong
action according to the two classifications (either purchase when better not to purchase and
vice versa). These latter findings suggest that people are indeed unable to properly calculate
the value of information to some extent. With the information providers using PFID I observe
that the percentage of instances in which information is purchased increases from 51% to 60%
(regardless of how the information provider was presented to the players). Interestingly, in the
second and third treatments the percentage of cases where information was purchased out of
those where it should not had been (23/54 = 30% and 25/76 = 33%, respectively) or when
not purchased out of those where it should had been (26%,37%) did not change much between
treatments. This, as well as the relatively similar division into the four classifications observed
within the charts corresponding to the second and third treatments, indicate, once again, that it
is people’s failure to consider the information provider to be strategic that accounts for most
of the improvement achieved in the information provider’s profit. The inability to accurately
calculate the value of information is definitely reflected in the results, as explained above, yet

its impact is only secondary to the primary effect.

Figure 6.3 depicts the average success rate of players in their decision of whether to pur-
chase the information from the information provider, as a function of the benefit in purchasing

it (Vol-cost) in the different treatments. The success rate is measured as the percentage of de-
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Figure 6.3: Players’ success rate in the different treatments.

cisions classified as “good" out of all those made. For each of the two treatments using PFID
I included two curves. The first refers to classifications according to the naive calculation of
the Vol and the second according to the calculation that takes all strategic considerations into
account. From the graph one can observe that people are quite good in realizing that purchasing
the information is beneficial (or not beneficial) whenever the difference between the true value
of the information and its cost is substantial. The greater the difference, the better the quality

of the decision people make.

The fact that the two curves corresponding to the naive information value calculation un-
der PFID almost entirely coincide with the curve corresponding to not using PFID suggests
that people completely fail to consider the strategic behavior of the information provider. The
improvement achieved in the information provider’s profit is thus primarily through the in-
crease in the number of instances where the value of information becomes greater than its cost.
Indeed, even with PFID people still reflect the same computational difficulties in reasoning
about the benefit in purchasing the information, however since the overall number of “benefi-
cial" instances increases so does the number of times information is purchased. The two curves

representing the quality of people’s decisions when the Vol calculation takes strategic consider-
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ations into account are very close. Their general behavior also reflects better success whenever
the benefit in purchasing the information is relatively high or low, though their center point is
shifted compared to the others. These two insights complement all the findings reported so far

related to the role of the two hypothesized reasons in generating the benefit PFID achieves.

6.5 Conclusions

The encouraging results reported in the results section suggest that information providers can
greatly benefit from free information disclosure when facing human buyers. The importance
of this finding is primarily due to the fact that real-world information buyers are human (as
opposed to fully rational agents), the extensive penetration of strategic information providers
to almost any field in our lives and the wide applicability of the underlying decision making
model used. These results will be valuable both for practitioners developing information pro-
viding platforms and applications and for researchers who hopefully will see the potential in
continuing this line of work and design and test more advanced methods for improving infor-
mation providers’ revenues when interacting with people, based on the insights provided in this
chapter.

The results’ analysis unfolds the main reason for the success of the proposed approach: it
is primarily people’s failure to consider the strategic nature of the interaction that precludes a
proper judgment. Therefore, an increase in the naive value of certainty translates to an almost

identical increase in its value in the eyes of the buyer.
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Chapter 7

Final Remarks

In this thesis, the role of information’s effective providing has been investigated in a number
of multi-agent systems. The different characteristics of each system presented here allow the
examination of various uses of information as part of exploring the most efficient way to provide
information. In a way, this is the first step toward a theory of effective information providing

for platforms, information providers and market designers.

Many of the results given in the thesis are somehow counter-intuitive and offer new paradigms
for information providing. For example, in auctions I was able to show that by augmenting the
information provider’s expected profit and allowing her to disclose part of the information she
holds for free (in addition to setting the price for which she is willing to sell the information),
the information provider’s expected profit can be increased. Moreover, I was also able to show
that due to the use of free information disclosure, the whole system’s expected profit (i.e., the
social welfare) can be increased. I was able to show that in some cases the auctioneer’s expected
profit will increase when receiving less accurate information from the information provider. As
a result, she will sometimes even take some actions in order to prevent the information provider
from fully identifying the exact state of the world. Finally, even when preventing the auction-
eer and the bidders from knowing the identity of the player who discloses the information, the
information provider can still benefit from the information disclosure, taking advantage of the

fact that the bidders and the auctioneer do not take her to be a strategic player.

For one-sided economic search settings, I was able to show that when agreeing to pro-
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vide some of the information for free (i.e., for a specific range of signals) the information
provider/platform can actually increase her profit from the search, pushing the searcher to use
her costly services for a wider range of signals. I was also able to show that disclosing part
of the information for free may also benefit the expected profit of the searcher from the search
(e.g., when dealing with a "lemon" opportunity). Second, I was able to characterize the structure
of the equilibrium for a model where the information provider discloses part of the information
for free, which can be very useful for an information provider/platform when deciding on her
information providing strategy. Finally, I was able to show that the results achieved are robust
to even a significant proportion of “free rider” agents (i.e., agents who only use the free services
provide by the information provider/platform) in the searching population. Therefore, the idea
of free information disclosure could have significant practical value in search-based markets

and systems.

There are several interesting extensions of the proposed work presented in Chapters 3 and 4.
One natural extension is relaxing the assumption that the decision regarding purchasing the in-
formation is exclusively the auctioneer’s, allowing bidders to purchase the information directly
from the information provider. Indeed, the original assumption holds in some real-world situa-
tions, e.g., when the information provider’s services might require direct access to the auctioned
item or some information that the auctioneer holds. However, in many others there is a good
reason to believe that the information can be purchased also by the bidders. Note that such
models, where bidders also have direct access to the information, need to be carefully dealt
with and analyzed, since there are many important modeling choices that need to be made (for
example: Can the information be sold to more than a single bidder? Will the auctioneer be able
to purchase the information? Will those purchasing the information be able to disclose it to
any of the other players? Will the other players know who purchased the information? Will the
information be offered for sale sequentially or to all players in parallel? Can the information
provider set a different price for different players (e.g., to the auctioneer and to the bidders)?).
All of these choices will certainly affect the analysis and the nature of the dynamics formed.
An additional natural extension is the study of multi-information-provider competition which

can benefit greatly from the analysis provided in these chapters.

98



Similarly, various fascinating extensions to the work presented in Chapter 5 are available.
One interesting extension is studying the non-verifiable signals domain (in contrast to the model
studied in Chapter 5 for which it is important that the expert verify the signal given by the
searcher). Other important avenues for future work include analysis of information provision
and the incentives for free reporting in two-sided search markets (for example, matchmakers in
a dating service) and analysis of searchers’ incentives for truthfulness. In Chapter 5, I assume
that searchers truthfully disclose their signals, which makes sense in verifiable settings like
presenting a Carfax report to a mechanic; however, in more subjective settings like dating or
travel preferences, how can the expert guarantee that the user is revealing her signal truthfully?

Finally, by performing a series of AMT experiments I was able to show that in contrast to the
theoretical results, when providing information to people, the information provider can benefit
from using partial free information disclosure. Furthermore, I showed that the main reason for
the improvement in the information provider’s expected profit is the fact that people do not
consider her to be a strategic player. The fact that people are struggling with the calculation
of the correct value of the information has a smaller influence on the information provider’s
expected profit. An important extension of this work is the one where the information provider
also has the price-setting capability (i.e., is able to set the price of the information in addition
to deciding which information to disclose for free). Having control over both the price asked
and the information disclosed prior to the buyer’s decision whether to purchase the information
can certainly increase the information provider’s profit. Still, this requires learning the mutual
effects of these two parameters, as irrational buyers may be affected by different combinations

of price and disclosed information in various ways.
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