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This thesis consists of three essays that study how the public revelation of 
information affects strategic interaction across three different environ-
ments. Using laboratory experiments to test theoretical conjectures, the 
essays analyze how humans process information, reason about how others 
process information, and what their choices reveal about the information 
they privately hold. 

The first chapter compares auction formats that differ in the degree of 
information revealed to bidders during the auction. Bidders in the laboratory 
are not able to learn about the value of the item for sale from revealed infor-
mation, and popular open auction formats trigger behavioral biases, which 
increases the auctioneer’s revenues. 

The second chapter studies how interacting in markets affects the partici-
pants’ concern about causing externalities. Markets overall decrease our 
concern for damages to third parties. However, markets that allow each par-
ticipant to trade repeatedly while not being pivotal for aggregate outcomes 
most strongly erode such concerns.

The third chapter studies how to best persuade a strategically interacting 
audience by using public or private communication. Empirically, public com-
munication is particularly effective. In line with theoretical predictions, sen-
ders also benefit from adjusting their persuasion to the presence of coordi-
nation motives in the strategic interaction of the audience.
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Chapter 1: Introduction

We often possess only imprecise information about the world around us. Our
ability to learn from the private information we acquire is crucial to navigating this
uncertainty. While the processing of private information in individual decision-
making has been extensively explored in behavioral economics (see Benjamin,
2019, for a review), less is known about how people reason about others’ reasoning
and the use of private information in strategic settings, as well as the impact of in-
dividual biases in such interactions. In this thesis, I employ laboratory experiments
to investigate this aspect in three contexts: auctions, markets, and persuasion.

The common theme is the experimental analysis of mechanisms that publicly
disclose private information to multiple agents. This information will be the value
of items for sale in an auction, others’ valuation of externalities in markets, or the
strategic revelation of information to an audience. By using control treatments
that keep information private, I can examine how the availability of public infor-
mation influences behavior. Chapters 2 and 4 will also compare empirical behavior
and outcomes to benchmarks from economic theory. In these benchmarks, agents
are expected to make rational inference about others’ private information, or to
account for the fact that others will process their private and public information.
The papers in this thesis use the laboratory to study the empirical counterparts of
these settings.

As a first strategic environment, we focus on auctions in Chapter 2. We investi-
gate explanations for the prevalence of open auction formats in practice. In open
ascending auctions, also called English auctions, public information is disclosed
through the visibility of others’ bids to all bidders. Therefore, in the English auc-
tion, information is made public endogenously. In a control treatment, we investi-
gate how bidders bid in sealed-bid auctions, in which they place their bids without
observing others’ choices. We focus on auctions where the item for sale has a value
that is common to all bidders, with each bidder possessing uncertain information
about that value. In this common-value setting, others’ private information about
the item’s value is useful, as it enables bidders to estimate the common valuemore
precisely. This private information can be revealed and inferred from the earlier,
publicly observable bids in open auctions. The disclosure of information is the
primary theoretical explanation for the prevalence of open ascending auctions in
practice. According to the linkage principle (Milgrom and Weber, 1982), providing
more information to bidders increases revenue, as greater precision reduces the
winners’ curse and permits the winning bidders to bid more assertively.

A competing explanation for the popularity of open auctions is their capacity to
trigger behavioral biases. For instance, theymay induce a quasi-endowment effect.
Bidders who were the highest bidder for a period may attribute a higher value to
the item for sale, akin to an endowment effect that arises for owned items (Thaler,
1980). As a result, these bidders might bid more than the item’s underlying value
warrants, thus raising revenue. Moreover, open auctions in practice permit bid-
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ders to submit jump bids, where a bidder significantly outbids the current highest
bid. While jump bidding might deter other bidders from competing, it could also
stimulate naïve overbidding due to an auction fever.

In our laboratory auctions, the highest auction revenue is observed in an open
auction format resembling real-world auction designs. Our laboratory experiment
enables us to rule out the theoretical literature’s proposed mechanism for the in-
crease in revenue, and the aggregation of information in open auctions. Contrarily,
we find that less information is aggregated in open auctions compared to sealed-
bid auctions, where bidders rely solely on their private information and cannot
incorporate public information. This information aggregation failure occurs de-
spite others’ bids revealing valuable information, albeit less than what the theory
predicts. Instead, the open auction’s success is driven by behavioral factors: early
bids are elevated by spiteful bidders, bidders with robust endowment effects lose
the most money, and naïve jump bids placed by impatient bidders inflate prices.

In Chapter 3, we focus on markets that publicly disclose information through
the endogenous formation of prices of goods. We are particularly interested in
markets where trading generates negative externalities, causing harm to third par-
ties. Examples of such markets include those for airplane tickets or meat, where
the activities contribute to increased CO2 emissions and global warming, or illegal
weapons trading. Activity in these markets provides insights into the morality of
their participants: are they willing to harm third parties in exchange for their own
financial gains?

Importantly, the strategic interaction among market participants may influence
the value we assign to the damages to these third parties. Themere act of engaging
in market contexts could erode our morality (Falk and Szech, 2013). Furthermore,
the strategic interaction in markets might introduce additional excuses for self-
ish behavior. For instance, the replacement logic suggests that selfish behavior
in markets can be justified with the belief that others would step in and trade if
one abstained from trading. As a result, one’s actions would not impact aggregate
outcomes or total negative externalities. The replacement logic becomes relevant
in the unrestricted multi-unit markets we study, where each trader is permitted to
trade additional units, regardless of their previous trading, up to the total trad-
able quantity in the market. In contrast, the previous literature only examined the
erosion of morals in single-unit markets, where each trader is limited to trading a
maximum of one unit. This feature prevents traders who have already traded from
trading again, which means that these traders’ activity cannot provide an excuse
in the sense of the replacement logic. Therefore, multi-unit markets may both
be particularly erosive to their participants’ morality as well as realistic in many
markets in practice, such as the markets for flights or illicit weapons trading. In
a control treatment, we examine how people value the same negative externality
in an individual decision-making task, without strategic interaction and without a
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Chapter 1: Introduction

market frame.
In a laboratory experiment, we compare behavior inmulti-unitmarkets to single-

unit markets and an individual control task. We observe a slight erosion of morals
in single-unit markets compared to the control task, an erosive effect of markets
that has recently been contested (Sutter, Huber, Kirchler, Stefan, and Walzl, 2020;
Bartling, Fehr, and Özdemir, 2023). However, we find substantially stronger ero-
sion in multi-unit than in single-unit markets. In fact, trading behavior in unre-
stricted multi-unit markets is consistent with a complete erosion of morals. Trad-
ing is indistinguishable from the selfish competitive equilibriumpredictions, where
traders are assumed to disregard the negative externalities they cause entirely.
This profound erosion suggests that the current literature may have underesti-
mated the extent to which markets can erode morals, by neglecting the fact that
in most markets traders can trade multiple units.

We find that the replacement logic can account for this complete erosion of
morals. A vast majority of participants continue to trade units even when the
moral costs associated with causing negative externalities, measured in individ-
ual decision-making, would far outweigh the minimal gains from trade that can be
made. This widespread trading is consistent with the idea that everyone’s selfish
trading is acceptable since everyone else is trading. Each trader’s actions do not
affect aggregate outcomes or total negative externalities. Crucially, this behav-
ior occurs only in unrestricted multi-unit markets, which fully enable the use of
replacement logic, but not in single-unit markets, which limit the power of this ex-
cuse. Moreover, the market composition does not impact trading behavior. Partic-
ipants interacting with homogeneous groups are as selfish as those interacting in
heterogeneous groups. This behavior is consistent with the erosion driven by the
replacement logic but contradicts competing explanations, where the most self-
ish traders may disproportionately affect trading behavior only in heterogeneous
groups. Additionally, we demonstrate that the market participants’ beliefs align
with replacement logic reasoning. First, traders in unrestricted multi-unit markets
accurately anticipate more active others. Second, those traders who believe that
more others are active are also more likely to trade themselves.

In Chapter 4, I explore how to best persuade audiences comprised of multi-
ple receivers. Think, for example, about a government that may want to convince
citizens to adopt measures against the spread of a disease, such as vaccinations,
or managers who may want to motivate employees to increase their effort. When
multiple receivers can be persuaded simultaneously, the sender can opt to use
public signals, which convey the same information to all receivers, or private sig-
nals. These private signals can provide different information to individual receivers
while keeping them uninformed about the signals sent to others. Therefore, in this
chapter, a sender can strategically choose between public and private informa-
tion to effectively encourage receivers to implement the actions the sender rec-
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ommends.
The theoretical literature on information design (Bergemann and Morris, 2019)

suggests that the success of public or private signals may hinge on the receivers’
strategic environment. When there are coordination motives between receivers
with strategic complementarities, public signals facilitate that all receivers take the
same action, which in turn increases each receiver’s incentive to adopt that same
action, as desired by the sender. In contrast, miscoordination motives between
receivers, with strategic substitutes, are best targeted with private signals. These
signals promote that different receivers take different actions, which maximizes
the receivers’ incentives to follow the sender’s recommended action.

In a first laboratory experiment, I exogenously vary the receivers’ strategic envi-
ronment andwhether computerized senders use public or private signals. I demon-
strate that the relative success of public and private signals indeed relies on the
receivers’ strategic environments, as predicted by theory. Importantly, however,
public signals are especially persuasive, and more so than anticipated, in com-
parison to private signals. Empirically, senders never perform worse when using
public signals as opposed to private signals, a finding that current theory does
not fully capture. In addition, and in agreement with theory, senders are more
persuasive with public signals than with private signals when the receivers’ strate-
gic environment involves coordination motives. The empirical advantage of public
signals can be attributed to their simplicity and to their equal treatment of the
receivers. In a second experiment, senders in the laboratory can select the type of
signals they want to employ. Senders exhibit considerable sophistication, as they
both adapt their persuasion strategy to the receivers’ strategic environment and
predominantly use public signals, aligning with their empirical success.

In conclusion, this thesis contributes to the understanding of how information
is utilized in strategic settings through a series of laboratory experiments. By fo-
cusing on the empirical effects of public and private information disclosure across
different strategic settings, this thesis offers insights into the role of both indi-
vidual biases and strategic reasoning in shaping economic outcomes. It highlights
the importance of considering public and private information when designing auc-
tions, markets, and persuasion strategies.
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CHAPTER2
Why are open ascending auctions popular?
The role of information aggregation and behavioral
biases

This chapter is based on Offerman, Romagnoli, and Ziegler (2022).



Chapter 2: Why are open ascending auctions popular?

2.1 Introduction

Open ascending auctions are routinely preferred to sealed-bid formats by both pri-
vate platforms (e.g., Amazon, eBay, Catawiki) and policy makers, for example in the
allocation of spectrum rights (Milgrom, 1989; McMillan, 1994; Milgrom, 2004). One
compelling theoretical reason for their popularity is that open ascending auctions
allow bidders to endogenously aggregate dispersed information due to the ob-
servability of the bids. Standard theory predicts information aggregation to have
two advantages: it allows for a more precise estimate of the value and it leads
to higher revenues in expectations. In single-unit auctions with affiliated values,
buyers who are better informed bid more aggressively (Milgrom and Weber, 1982).
This is implied by the linkage principle, according to which average revenues are
increased by providing bidders with more information about the value of the item
for sale. To this date, the linkage principle remains highly influential and is often
cited as the reason why open auctions are and should be preferred over sealed-bid
formats.1

Empirically, however, it remains an open question whether open ascending auc-
tions are indeed capable of aggregating information. One challenge is that the
single-unit setup with affiliated values hosts multiple equilibria (Bikhchandani,
Haile, and Riley, 2002). This multiplicity may impede information aggregation (Mil-
grom, 2004, p. 197). Another challenge is that some open ascending auctions al-
low for jump bidding, which may obfuscate information (Avery, 1998; Ettinger and
Michelucci, 2016). Also, in every-day auctions, particularly those involving non-
professional bidders, the reasoning required to infer information from the bidding
of others may be too demanding.

Aside from their potential for information aggregation, open ascending auc-
tions may also differ from closed formats in the extent to which they activate or
mitigate behavioral biases. Some of these biases provide alternative mechanisms
for raising revenues. For instance, it is common for open ascending auctions to
provisionally award the item during the auction to the bidder who submits the
highest standing bid. As a result, auction fever may be activated, which encour-
ages overbidding and leads to a quasi-endowment effect (Heyman, Orhun, and

1In a policy report on the question whether the spectrum auctions ran in the UK in 2018 should
use an open or sealed-bid design, PowerAuctions (2015, p. 6) writes: “…, an auction should be
structured in an open fashion that maximizes the information made available to each participant
at the time she places her bids (Paul R. Milgrom and Robert J. Weber, 1982a). When there is a com-
mon value component to valuation and when bidders’ signals are affiliated, an open ascending‐bid
format may induce participants to bid more aggressively (on average) than in a sealed‐bid format,
since participants can infer greater information about their opponents’ signals at the time they
place their final bids.” In a footnote they explain that the text is quoted from Ausubel (2004), and
add that “Its assessment is typical of the consensus of the auction literature today.” The NERA
(2017) report also favors an open ascending auction and echoes the same view on page 11: “Auction
theory tells us that price discovery can ease common-value uncertainty, and encourage bidders to
bid a higher proportion of value …”.
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Section 2.1: Introduction

Ariely, 2004; Ehrhart, Ott, and Abele, 2015). Another possibility is that open as-
cending auctions encourage naïve jump bidding, for instance when bidders are
impatient and want to terminate the auction quickly. In contrast to when jump
bidding is motivated by strategic reasons, naïve jump bidding may easily enhance
revenues.2 Open ascending auctions may also encourage spiteful bidding because
bidders can condition their overbidding on the presence of other remaining active
bidders (Andreoni, Che, and Kim, 2007; Bartling, Gesche, and Netzer, 2016). There
is, however, also a possibility that open ascending auctions mitigate behavioral
biases. For example, the higher transparency of open formats may lead to buyers
becoming aware of the winner’s curse and tame the overbidding (Levin, Kagel, and
Richard, 1996). When the winner’s curse is mitigated, lower revenue may be the
result in an open ascending auction.

In this paper we explore whether open auctions do raise higher revenues than
sealed-bids formats. Moreover, we disentangle whether this is due to information
being successfully aggregated or other behavioral mechanisms.

eBay provides a natural setting to explore information aggregation and rev-
enues in open auctions. eBay uses an open ascending format which allows for
jump bidding and provisionally awards the good to the highest standing bidder.
Thus, both information aggregation and revenue-enhancing biases are possible
in this format. We collected eBay data for one of the most frequently auctioned
cellphones at the time of the study. The field-data analysis that we report in the
Appendix, Section 2.A.1, offers suggestive evidence that information endogenously
generated during the auction (proxied by the price reached halfway through the
auction) and jump bidding (proxied by the average increment per bidder) corre-
late positively with final prices. On the basis of a median split, we find that above
median bidding in the first half of the auction corresponds to an increase of 67%
in the final price. Likewise, with a median split on the average increment per bid-
der, we find above median increments between consecutive bids correspond to
an increase of 14% of the final price. The findings are consistent with information
aggregation and also with the presence of revenue-enhancing naïve jump bidding.
However, such data has severe limitations. First, the direction of causality is un-
clear. Second, such data is lacking crucial insights about bidders’ information and
the value of the item for sale, which makes it impossible to separate behavioral
mechanisms from information aggregation. Third, we miss data from an appro-
priate control condition, i.e., a counterfactual auction which does not allow for
information aggregation.

2Probably themost preposterous auction ever was decided by a naïve jump bid. Aftermurdering
the Roman emperor Pertinax (A.D. 193), the praetorian guard offered the Roman empire for sale in
an ascending auction. Julianus topped Sulpicianus’ highest bid of 20,000 sesterces per soldier by
a winning bid of 25,000 sesterces. The winning bid corresponded to 5 years of wage of each of the
10,000 praetorians. After Julianus defaulted on his bid, he was murdered after a reign of only 66
days (Klemperer and Temin, 2001).
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Chapter 2: Why are open ascending auctions popular?

To overcome these limitations, we employ a laboratory experiment where we
randomly assign subjects to three different auction formats. These differ in the
information revealed during the bidding process, and, possibly, also in the extent
to which different behavioral biases can be triggered. To ensure comparability, all
formats use a second-price rule.

The first auction format is the Japanese-English auction, an open ascending
auction with irrevocable exits. In this format, a clock tracks the ascending price
and bidders withdraw from the auction until a single bidder remains, who wins the
auction and pays the last exit price. The exit prices of other buyers are publicly
observed. These bids then allow to infer other bidders’ private signals, which are
informative about the common value.

The second auction format is the ascending Vickrey auction, a sealed-bid as-
cending auction. It is implemented identically to the Japanese-English auction
with an ascending clock and irrevocable exits. However, exits are not observable
by others, thereby eliminating the possibility of information aggregation.

The third format we run is the Oral Outcry auction, modeled to fit popular auc-
tion designs. It falls between the other two in terms of its potential for informa-
tion aggregation. In this auction, bidders can control how much information is re-
vealed. They can engage in the informative, incremental bidding that characterizes
the Japanese-English auction. They can also engage in jump bidding, i.e. out-bid
the standing bid by a non-negligible amount. Jump bidding can be used rationally,
for instance to obfuscate information (Ettinger and Michelucci, 2016) or to signal to
other bidders that it is better to back off (Avery, 1998). Jump bidding could also be
used naïvely by impatient bidders. The Oral Outcry auction, while still allowing for
information aggregation, may also be the most conducive to revenue-enhancing
biases. This is the only format that allows bidders to submit naïve jump bids, and
it is also the only format that can activate auction fever by provisionally awarding
the good during the auction.

The comparison between the ascending Vickrey auction and the Japanese-English
auction provides a clean comparison of the role of information aggregation, since
these formats differ only in the public revelation of exits. Theoretically, rational
bidders use the information revealed in the auction to form a more precise esti-
mate of the common value, which makes them less fearful of the winner’s curse
(Milgrom andWeber, 1982). As a result, the Japanese-English auction is expected to
raise higher revenue than the ascending Vickrey auction. Remarkably, this predic-
tion is reversed if bidders are naïve and tend to fall prey to the winner’s curse. By
gradually revealing the exit prices of bidders with low signals, the Japanese-English
auction could make the risk of suffering from the winner’s curse more transparent,
thus taming the overbidding and reducing revenues compared to the ascending
Vickrey auction. This intuition is captured by signal averaging models, which we
describe more precisely in Section 2.3.
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Section 2.1: Introduction

When information is successfully aggregated, remaining bidders’ uncertainty
about the common value is reduced and prices approximate the underlying com-
mon value more closely (Wilson, 1977; Kremer, 2002). We evaluate information ag-
gregation by comparing the squared distance between the price and the common
value across formats.

We further decompose information aggregation into two components: (i) the
extent to which bids are objectively informative of the common value (informa-
tion revelation); and (ii) the extent to which bidders actually use this information
effectively in their own bidding (information processing).

We find that in the Japanese-English auction, less information than expected
is generated. One factor that contributes to this finding is that some bidders with
a low signal display spiteful behavior and stay in the auction longer than they
would in the ascending Vickrey auction. Such heterogeneity is not observable by
the remaining bidders and degrades the quality of the revealed information. In
addition, bidders are processing the available information sub-optimally. Even
though bidders are responding appropriately to the fact that early bids are re-
vealing little information by largely disregarding them, the potential to aggregate
the information actually available is mostly not realized. Instead, the processing
of information is qualitatively in agreement with signal averaging heuristics. This
combination of noisy early bids and sub-optimal information processing leads to a
failure of information aggregation. Although subjects have only access to their pri-
vate information in the ascending Vickrey auction, more information is aggregated:
the squared distance between prices and common value is lower in the ascending
Vickrey than in the Japanese-English auction, in which additional information is
available.

Surprisingly, bids in the Oral Outcry and Japanese-English auction reveal a sim-
ilar amount of information about the common value. That is, bidders do not make
extensive use of the potential to strategically hide their information via jump bid-
ding. However, in the Oral Outcry auction, the available information is processed
to an even smaller extent than in the Japanese-English auction. Here, final bids
are substantially distorted by the quasi-endowment effect and rash jump bidding.
Subjects who are prone to endowment effects on a questionnaire measure tend to
stay too long in the auction and earn substantially lower payoffs. Additionally, this
auction encourages many bidders to submit unfounded jump bids. These forces
result in systematic overbidding and a price which is the poorest predictor of the
common value across our auction formats.

The interplay of all aforementioned factors leads to similar revenues in the
Japanese-English auction and the ascending Vickrey auction. Highest revenues are
observed in the Oral Outcry auction. The rationale for why the Oral Outcry auction
is most often observed in the field may be quite different from the understanding
in the theoretical and policy-oriented literature. Instead of leading to information
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aggregation, it triggers behavioral biases such as the quasi-endowment effect and
reckless jump bidding.

In many ways, the laboratory provides the ideal environment to study how in-
formation is generated and processed. An important question is whether experi-
mental results generalize to the field. Our experiments use non-professional bid-
ders (students) that bid for objects with moderate values (of approximately € 25).
We think that this situation is representative for most online auctions in the field.
Beyond everyday auctions involving consumers, some of our results may also ex-
trapolate to some situations involving professional bidders. For instance, Dyer,
Kagel, and Levin (1989) find that professional bidders in the construction industry
fall prey to the winner’s curse in the same way as students do. We do not claim
that our results generalize to spectrum auctions where bidders seek the advice of
game theorists.3

The remainder of the paper is organized in the following way. Section 2.2 re-
views the literature, Section 2.3 presents the game and some theoretical bench-
marks, Section 2.4 describes how information aggregation is evaluated. Section
2.5 presents the experimental design and procedures. Section 2.6 discusses the
experimental results and Section 2.7 concludes.

2.2 Related literature

Previous laboratory studies have documented how people succumb to the win-
ner’s curse in common value auctions. For an overview, see Kagel and Levin (2014).
Eyster and Rabin (2005) and Crawford and Iriberri (2007) present behavioral mod-
els to explain the winner’s curse. Recent studies have studied pathways behind
the winner’s curse, highlighting that problems with contingent reasoning (Char-
ness and Levin, 2009) and disentangling the importance of belief formation and
non-optimal best responses (Charness and Levin, 2009; Ivanov, Levin, and Niederle,
2010; Camerer, Nunnari, and Palfrey, 2016; Koch and Penczynski, 2018). We compare
whether open auctions mitigate or worsen the importance of behavioral biases
such as the winner’s curse. Levin, Peck, and Ivanov (2016) find that a Dutch auction
lessens a winner’s curse compared to sealed bid formats.

An important strand of literature investigates whether markets are capable of
aggregating dispersed information. A series of experiments have investigated in-
formation aggregation in asset markets. Results have been mixed. Plott and Sun-
der (1988) find that information aggregation only occurs when preferences are ho-

3Nevertheless, it is interesting to note that also in those auctions bidders sometimes engage
in bidding that is merely motivated to drive up the price for a competitor. Such bidding may be
driven by a spiteful motivation, or by a predatory desire to weaken the competitor in a future
market (Levin and Skrzypacz, 2016). When bidding behavior may be driven by such considerations,
it becomes very hard to infer valuable information from competitors’ bids.
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mogeneous or when a complete set of contingent claims can be traded. Forsythe
and Lundholm (1990) find that information aggregation only succeeds with trading
experience and common knowledge of dividends. Hence, information aggregation
seems to fail when the inference task is complicated by the presence of several
dimensions of uncertainty, or when the information conveyed by prices in equilib-
rium is less naturally interpretable.

How information is processed is also studied in the context of auctions, a par-
ticularly important form of a market. Several papers study the effect of an auc-
tioneer exogenously revealing information in auctions. Kagel and Levin (1986) and
Kagel, Levin, and Harstad (1995) show that there are ambiguous effects of revealing
information in first-price and second-price sealed-bid auctions. In a setting with
both private and common value elements, Goeree and Offerman (2002) find that
high-quality reports of the auctioneer can positively affect efficiency and revenue,
but to a lower extent than predicted by theory.4 In contrast to this work, our pa-
per explores endogenous information aggregation. Aside from shedding light on
revenue effects, we uncover the process of how bidding generates information in
auctions, and how bidders process the available information.

Close to our work, Levin et al. (1996) compare the performance of the Japanese-
English auction and the first-price auction in a common value setting. They find
that the revenue comparison of the Japanese-English auction and the first-price
auction depends on the experience of the bidders: with inexperienced bidders the
first-price auction raisesmore revenue. However, with experience this effect disap-
pears and is sometimes reversed. Changing the price-rule and the auction format
across treatments simultaneously complicates identifying the effect that informa-
tion aggregation has on the outcomes. As a result, their paper remains silent about
the extent to which the endogenous information revealed in the Japanese-English
auction allows bidders to actually aggregate information. On an individual bid-
der level, they cannot use the sealed-bid auction as a benchmark to measure the
degree of information processing in the Japanese-English auction. Their focus is
more on a revenue comparison of their two auction formats, instead of evaluat-
ing the extent to which information is aggregated empirically. Shedding light on
this phenomenon is a key contribution of our paper. We also contribute by show-
ing that bidders process revealed information, as our design allows to compare
Japanese-English and second-price sealed-bid auctions that only differ in the ob-
servability of information. Levin et al. (1996) only provide evidence that bids corre-
late with previous dropouts in their Japanese-English auction, whichmay be driven
by mechanical correlation introduced by arranging bids into order statistics (as we
explain in Section 2.6.2). They do not, and due to the differences in pricing rules

4Dufwenberg and Gneezy (2002) study another form of exogenous information disclosure. They
find that the disclosure of losing bids after first-price sealed-bid common value auctions reduces
revenue.
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cannot, provide evidence that bids do respond to revealed dropouts. Another im-
portant difference is that their analysis does not include the Oral Outcry auction,
which triggers the revenue enhancing biases that may explain their actual popular-
ity. A less important difference is that Levin et al. (1996) adopt uniformly distributed
values and signals, a knife-edge case where in equilibrium rational bidders will
only process the lowest dropout price and disregard all other exit decisions in the
Japanese-English auction.

A related literature compares different auction formats when bidders have in-
terdependent valuations. In such environments, the linkage principle does not
hold; with symmetric bidders, expected revenue and efficiency are predicted to be
the same across auction formats (Goeree and Offerman, 2003a). Some experimen-
tal papers introduce specific asymmetries that break the revenue and efficiency
equivalence results. For instance, Kirchkamp and Moldovanu (2004) compare ef-
ficiency between the Japanese-English and second-price sealed-bid auctions in a
particular setup with interdependent values, where a bidder’s value is the sum of
the own private signal and one specific signal of the other bidders. In that setup,
they find that the Japanese-English auction generates higher efficiency.
Boone, Chen, Goeree, and Polydoro (2009) and Choi, Guerra, and Kim (2019) com-
pare open and sealed-bid auctions with interdependent values in the presence
of insiders, to whom the value of the item for sale is revealed. In line with their
theoretical predictions, revenue and efficiency increases in the Japanese-English
auctions.5

In contrast to this work, our paper sheds light on how bidders process infor-
mation in the more common case where signals are affiliated. We investigate the
case in which the linkage principle applies and information revelation occurs with
symmetric bidders. As Perry and Reny (1999) note, “The linkage principle has come
to be considered one of the fundamental lessons provided by auction theory.” An-
other distinction between our approach and this literature is that we study how
information is aggregated directly, instead of by relying on comparative statics
effects which are predicted by information aggregation. We do so by employing
measures of information aggregation frequently used to theoretically evaluate in-
formation aggregation in auctions, see, for example, Wilson (1977), Pesendorfer
and Swinkels (2000) and Kremer (2002). Our results show that although revenue
is increased in some of our formats, this occurs while information aggregation de-

5A different kind of interdependence is studied in the multi-unit auction experiments of Betz,
Greiner, Schweitzer, and Seifert (2017). They consider the sale of multi-unit private values emission
certificates of this year (good A) and of next year (good B). Interdependence is created because
units of type A can be used as type B unit, but not vice-versa. Their treatment variables are the
type of auction and whether goods are auctioned sequentially or simultaneously. When items are
auctioned simultaneously, they find that open ascending auctions are more efficient than sealed-
bid auctions. Auctioning the items sequentially enhances the performance of sealed-bid auctions
but leaves the efficiency of ascending auctions unaffected. In each auction format, total revenues
are higher when items are sold sequentially.
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creases, opposite to the theoretical prediction.
We also contribute to the literature on the Oral Outcry auction. Roth and Ock-

enfels (2002) study the impact of different rules for ending internet auctions at
eBay and Amazon on bidders’ propensity for late bidding. Amazon’s rule to ex-
tend bidding deadlines if new bids are submitted resembles our procedure. In the
lab, Ariely, Ockenfels, and Roth (2005) find that Amazon’s rule to extend bidding
deadlines generates higher revenue than eBay’s in a private value setting. Cho,
Paarsch, and Rust (2014) provide field evidence and show that in the comparison
of two open auction formats, an open outcry English auction format raises more
revenue, which they attribute to endogenous information revelation. It can how-
ever not be excluded that the higher revenue in the open outcry auction is actually
due to behavioral factors. Close to our experiment, Gonçalves and Hey (2011) com-
pare a Japanese-English and an Oral Outcry auction and find that they result in
approximately equal revenue. However, they focus on auctions with only two bid-
ders, which means that the potential of the Japanese-English auction to generate
endogenous information is excluded by design.

It is also instructive to contrast what can be learned from our work compared
to a structural approach that uses field data. For instance, Haile and Tamer (2003)
use data from Oral Outcry auctions of timber-harvesting contracts held by the U.S.
Forest Service to infer information about bidders’ valuations. In a private values
model, they show what can be learned from two simple assumptions (i) bidders do
not bid above value, and (ii) bidders do not drop out unless the price is higher than
their value. Their approach allows the researchers to find bounds on the valuations
of bidders. Such information is useful, for instance to investigate whether reserve
prices are set optimally. In contrast, in our laboratory experiment, we observe
the common value and the signals. This allows us to investigate how information
is revealed, processed and aggregated in strategically more complicated common
value auctions, and how this depends on the auction format. More importantly,
where the structural approach takes rationality as a given, our approach makes it
possible to identify potential behavioral biases. In fact, we find that behavioral
biases are key to explain the popularity of Oral Outcry auctions vis-a-vis other
second-price formats.

Finally, we relate to the literature on endogenous information processing in
stylized games. Anderson and Holt (1997) initiated a literature on informational
cascades. Eyster, Rabin, and Weizsacker (2018) find that subjects’ social learning
depends on the complexity of the underlying problem. Magnani and Oprea (2017)
investigate why subjects violate no-trade theorems and find that over-weighting
of one’s private information contributes to such violations. Hossain and Okui
(2018) study how subject’s correlation neglect (Enke and Zimmermann, 2019) ex-
plains information processing. Other studies show that biased inference can arise
in in-transparent problems where subjects display a lack of contingent reason-
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ing (Esponda and Vespa, 2014; Ngangoué and Weizsäcker, 2021; Martínez-Marquina,
Niederle, and Vespa, 2019). Our take-away from this literature is that subjects do
pay attention to the behavior of others, but that their sophistication depends on
specifics of the problem, such as the transparency of its presentation and its com-
plexity. There is no single result that generalizes across all contexts. In our view,
this implies that social learning should be studied in the particular setup of inter-
est. How information is processed and aggregated in the canonical affiliated values
setup of Milgrom and Weber (1982) is therefore still an open question. While this
setup not only inspired a vast body of theoretical work, it also was and continues
to be very influential in advice on actual auction design (McMillan (1994, p. 151-152),
Cramton (1998)).

2.3 Auction formats and theoretical benchmarks

In the following, we describe the auctions implemented in the laboratory, present
Nash equilibria as well as behavioral heuristics and explain revenue predictions.

2.3.1 General setup: Bidders and payoffs

All our formats are common value auctions with five bidders and a second-price
rule. The common value of the object for sale is unknown to bidders, who only
receive a private signal about the value. More precisely, the good has value 𝑉,
where 𝑉 ∼ 𝑁(𝜇, 𝜎𝑉) = 𝑁(100, 25). Each bidder 𝑖 ∈ {1, 2, … , 5} receives a signal 𝑋𝑖
of the common value 𝑉. This signal is the sum of the underlying value and an
individual error 𝜖𝑖:

𝑋𝑖 = 𝑉 + 𝜖𝑖

This error is i.i.d. across bidders and normally distributed with mean 0 and stan-
dard deviation 𝜎𝜖: 𝜖𝑖 ∼ 𝑁(0, 𝜎𝜖) = 𝑁(0, 35).

In all formats, the winner of the auction is the bidder who submits the highest
bid. This bidder receives a payoff equal to 𝑉 minus the second highest bid. All
the other bidders receive a payoff of 0. For notational purposes, define a signal
realization 𝑥𝑖 for bidder 𝑖. Let 𝑌𝑖,(𝑘) represent the 𝑘-th highest of the signals received
by any other bidder 𝑗 ≠ 𝑖, so e.g. 𝑌𝑖,(1) is the highest signal received by any bidder
other than bidder 𝑖.

2.3.2 Auction formats

We now provide details for each of the three auction formats we study.
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The ascending Vickrey auction (AV)

We implement the ascending Vickrey auction (AV) with a clock procedure. After bid-
ders have been privately informed of their signals, the price rises simultaneously
from 0 for all participants. At any integer price 0, 1, 2, 3, … , bidders can decide
to leave the auction by pressing the “EXIT”-button. In the AV, no bidder observes
whether any other bidder has left. The auction stops as soon as four bidders have
exited the auction. The last remaining bidder wins the auction and pays the price
at which the fourth bidder leaves. In case multiple bidders leave last at the same
price, one of them is randomly selected to be the winner and pays the price at
which she left. In this format, a bid is the price at which the bidder decided to
leave the auction.

The Japanese-English auction (JEA)

The Japanese-English auctions (JEA) makes use of the same clock procedure. Dif-
ferently from the AV, all remaining bidders are notified in real time of other bidders’
exit prices. Like in the AV, the winning bidder is the last remaining bidder after four
bidders exit. This bidder pays the price at which the fourth bidder left the auction.

The Oral Outcry auction (OO)

In the Oral Outcry auction (OO) bidders can outbid each other repeatedly and by
arbitrary amounts until no more out-bidding takes place and the good is awarded
to the highest standing bidder. In our implementation, bidding proceeds in bidding
rounds. In each bidding round, all bidders have 15 seconds to submit a maximum
bid. As soon as one bid is submitted, the bidding round is interrupted. At this
point, the bidder who submitted the highest bid becomes the standing bidder, the
provisional winner in case the auction would stop afterwards. The current price
is set to the second highest bid at this moment. A new bidding round starts, the
clock is reset to 15 seconds and the standing bidder is excluded from submitting a
new bid.6 During the auction, bidders are notified of the highest maximum bid of
each of the other bidders, with the exception of the current standing bidder, about
whom it is only revealed that her highest bid is at least as high as the current price.
The auction ends as soon as the countdown elapses without further bidding. At
this point, the last standing bidder wins the auction. She pays the last current
price, which is the second highest bid at the end of the auction.

6This leads to an auction ending time being determined endogenously. Such a rule is a feature
of online auctions at amazon.com, yahoo.com and catawiki.com.
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2.3.3 Nash equilibrium predictions and behavioral forces

In this Section, we use game theoretic results, behavioral theories and recent ex-
perimental findings to contextualize our research questions. We start with present-
ing the Nash equilibrium predictions, according to which the JEA should aggregate
information and consequently lead to higher revenues than the AV.

AV and JEA: Nash Equilibria and the Linkage Principle

Symmetric Nash equilibria in single-unit auctions with affiliated values have been
derived in Milgrom and Weber (1982). In the AV, a bidder’s strategy can be de-
scribed by a reservation price, which makes this format strategically equivalent to
the standard second-price sealed-bid auction (see Milgrom, 2004, p. 187-188). A
symmetric equilibrium of the AV is given by bids 𝑏(𝑥𝑖):

𝑏(𝑥𝑖) = 𝔼 [𝑉|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖]

That is, each bidder exits the auction as soon as the clock reaches the expected
value of the good for sale conditional on her signal and assuming that the highest
signal obtained by other bidders is also 𝑥𝑖.

7

In the symmetric Nash equilibrium of JEA, bidders include endogenously re-
vealed information into their bidding strategies. The first bid is given by (see Mil-
grom and Weber, 1982):

𝑏1(𝑥𝑖) = 𝔼 [𝑉|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖, … , 𝑌𝑖,(4) = 𝑥𝑖]

Just like in the AV, the first exit bid is obtained via a conditional expectation, as-
suming that all other bidders hold an equally high signal. However, as soon as
the first bidder drops out at 𝑝1, the remaining bidders perfectly infer the signal of
the exiting bidder, from 𝑝1 = 𝑏1 (𝑌𝑖,(4)). All bidders dropping out subsequently base
their 𝑗-th bid (for 𝑗 > 1) on their private information and the signals inferred from
the 𝑗 − 1 observed dropouts. The remaining bidders bid 𝑏𝑗(𝑥𝑖):

𝑏𝑗(𝑥𝑖) = 𝔼[𝑉|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖, … , 𝑌𝑖,(5−𝑗) = 𝑥𝑖, 𝑝1 = 𝑏1 (𝑌𝑖,(4)) , …

… , 𝑝𝑗−1 = 𝑏𝑗−1 (𝑌𝑖,(5−𝑗+1)) ]

This equilibrium allows to iteratively back out all information except the one con-

7In our experimental setup with 5 bidders and normally distributed values and signals, Go-
eree and Offerman (2003b) show that the above conditional expectation is equal to: 𝑏(𝑥𝑖) =

𝔼 [𝑉|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖] = 𝑥𝑖 −
∫∞−∞ 𝜖𝜙𝑉(𝑥𝑖−𝜖)𝜙

2
𝜖 (𝜖)Φ

3
𝜖 (𝜖)𝑑𝜖

∫∞−∞ 𝜙𝑉(𝑥𝑖−𝜖)𝜙
2
𝜖 (𝜖)Φ3

𝜖 (𝜖)𝑑𝜖
, where 𝜙𝑉(⋅) denotes the pdf of the common value

distribution, 𝜙𝜖(⋅) the pdf of the error distribution, with its cdf Φ𝜖(⋅).
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tained in the highest signal.8 According to the linkage principle, the information
revealed in the JEA leads to more aggressive bidding, the fourth bid in the JEA is on
average higher than the fourth bid in the AV (Milgrom and Weber, 1982). Bikhchan-
dani et al. (2002) have identified other symmetric Nash equilibria that implement
the same outcome. In such equilibria, the first three bidders drop out at a fraction
𝛼 ∈ (0, 1) of the bids at which they dropped out in the just described equilibrium,
and the last two bidders bid as before.9

AV and JEA: A behavioral perspective

Overbidding is often observed in experimental common value auctions, suggesting
that in practice bids may not align well with Nash equilibrium predictions. Even in
the AV, bidding in agreement with a symmetric equilibrium is quite sophisticated
and requires bidders to (i) use their prior about the distribution of the value; (ii)
account for the fact that the bidder with the highest signal is predicted to win the
auction. Thus, to avoid the winner’s curse, bids need to be shaded.

Simpler behavioral rules have been proposed in alternative to Nash equilibrium
bidding. For example, bidders in the AV who ignore both (i) and (ii), and only rely
on their private signal, may adopt the “bid signal”-heuristic (Goeree and Offerman,
2003b): 𝑏(𝑥𝑖) = 𝑥𝑖, which leads to expected overbidding.

The JEA, on the other hand, allows bidders to observe early exits of other bid-
ders with low signals. This couldmake (ii), i.e., the fact that winning bidders receive
higher signals than their peers, transparent to bidders in a natural way. The “bid
signal”-heuristic remains available in the JEA. However, by raising awareness about
the winner’s curse, the JEA can lead to less overbidding. The “signal averaging rule”
proposed by Levin et al. (1996) captures this intuition. According to this rule, bid-
ders bid an equally weighted average of their own signal and the signals of their
fellow bidders, revealed from the previous dropouts. After 𝑗 − 1 bidders dropped
out, with the vector of revealed signals being Y𝑖 = {𝑌𝑖,(4), … , 𝑌𝑖,(5−𝑗+1)}, this implies

the following bid: 𝑏𝑗(𝑥𝑖,Y𝑖) =
1
𝑗 𝑥𝑖 +

1
𝑗 ∑

𝑗−1
𝑘=1 𝑌𝑖,(5−𝑘).

10 In expectation, the “signal aver-

8We determine Nash equilibrium bids in our setup, using a result by DeGroot (2005, p. 167). For
inferred or assumed signal realizations by bidder 𝑖, define 𝑥𝑖 =

1
5 (∑

4
𝑗=1 𝑌𝑖,(𝑗) + 𝑥𝑖). Then in equilibrium

each bidder 𝑖 bids: 𝔼[𝑉|𝑥𝑖, 𝑌𝑖,(1)… , 𝑌𝑖,(4)] =
𝜇

𝜎2𝑉
+ 5𝑥𝑖
𝜎2𝜖

1
𝜎2𝑉
+ 5
𝜎2𝜖

= 5𝑥𝑖𝜎
2
𝑉+𝜇𝜎

2
𝜖

5𝜎2𝑉+𝜎2𝜖
. On request, we provide derivations

showing that equilibrium bids can be inverted such that they depend linearly on the signal and
observed bids. This also applies to all other models considered in this paper. We therefore restrict
ourselves to linear information use in all estimations.

9Bikhchandani and Riley (1991) study asymmetric Nash equilibria and show that they can lead
to different revenue rankings than those established by Milgrom and Weber (1982). In our experi-
ment, all bidders are treated symmetrically and there is nothing that facilitates coordination on an
asymmetric equilibrium. In this sense, a symmetric equilibrium is more plausible.

10Note that this rule can be plugged in iteratively, such that bidding depends only on the most
recent dropout, which is an average of all previously revealed signals. This yields 𝑏𝑗(𝑥𝑖, 𝑏𝑗−1) =
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aging rule” corrects for the overbidding observed in the “bid signal”-heuristic. If
bidders follow these two behavioral rules in the JEA and the AV respectively, then
the former format is predicted to raise lower revenues.

Somewhat more sophisticated bidders could process information about the
prior distribution of the value, and thereby accommodate (i), incorporating infor-
mation on the prior. This would lead to a slightly modified versions of the two
rules above, the “Bayesian bid signal”-heuristic, and the “Bayesian signal averag-
ing rule”. By anchoring bidding to the prior, these rules lead to less extreme under-
and overbidding. However they continue to predict that the JEA raises lower rev-
enues than the AV.

In the “Bayesian bid signal”-heuristic bidders bid the expected value of the
good for sale, conditional on one’s signal: 𝑏(𝑥𝑖) = 𝔼[𝑉|𝑥𝑖] = 𝑥𝑖 − 𝔼[𝜖𝑖|𝑥𝑖]. Goeree

and Offerman (2003b) show that 𝑏(𝑥𝑖) =
𝜎2𝑉𝑥𝑖+𝜎

2
𝜖𝜇

𝜎2𝑉+𝜎
2
𝜖
. According to the “Bayesian signal

averaging rule”, bidders combine Bayes rule with the symmetric signal averaging
rule.11 After 𝑗−1 > 0 observed dropouts, bidder 𝑖 calculates the average of available

signals �̄�𝑖 =
1
𝑗 𝑥𝑖 +

1
𝑗 ∑

𝑗−1
𝑘=1 𝑌𝑖,(5−𝑘) and bids 𝑏(�̄�𝑖) =

𝜎2𝑉 �̄�𝑖+𝜎
2
𝜖𝜇

𝜎2𝑉+𝜎
2
𝜖
.

Nash equilibrium predictions and predictions based on behavioral rules now
lead to conflicting effects of information revelation on revenues. While private
signals can be inferred in both types of benchmarks, revenue ranking predictions
with the behavioral rules are driven by the degree to which bidders’ are made
aware of the winners’ curse in the JEA relative to the AV.

Using our parameterization and draws, Table 2.1 summarizes the revenue pre-
dictions for the Nash Equilibrium and the behavioral models that we discussed.12

Table 2.1: Revenue predictions

AV JEA

Nash equilibrium 95.8 97.4
Bid signal 117.4 117.4
Signal averaging rule 117.4 91.1
Bayesian bid signal 105.9 105.9
Bayesian signal averaging 105.9 94.0

Nash equilibrium revenues are only slightly higher in the JEA than in the AV. This
is not an artifact of our parameter choices. As we show in Appendix Section 2.A.2,

1
𝑗 𝑥𝑖 +

𝑗−1
𝑗 𝑏𝑗−1.

11A peculiar feature of the setup of Levin et al. (1996) with uniformly distributed values and
signals is that a Bayesian will form the same belief as a naïve bidder who ignores the prior. This is
not the case in our setup with normally distributed values and errors.

12Note that the revenue prediction of a model only depend on the revenue-determining bidder
using the particular model. Theoretically, in the JEA, bidders are able to infer all other bidders’
signals irrespective of the model these other bidders are using, as long as all bidders hold correct
beliefs on which model others are using.
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similar minor revenue differences result for various combinations of variances of
the values and errors. In both formats, the winners capture some information rents
and make positive profits, as the price-determining bidder in equilibrium slightly
underestimates the value by design of the equilibrium bidding strategies.

The differences in predictions for the behavioral models are much larger. More-
over, the behavioral rules yield losses for the winners in the AV. In the JEA, bidders
make substantial profits if they use (Bayesian) signal averaging rules.13

The Oral Outcry: information aggregation and behavioral biases

The Oral Outcry auction format is very rich and there are no clear Nash equilibria
for this format. Still, we can make some observations about the potential of the
Oral Outcry for information aggregation and revenues. In this format, bidding may
proceed incrementally as in the Japanese-English auction. That is, bidders may
constantly be active until their reservation price is reached, which would allow for
similar inference as in the JEA.

This format can also encourage jump bidding. From a strategic point of view,
jump bidding can be used to signal a high estimated value of the item and deter
other bidders from continuing to bid. Avery (1998) shows how strategic jump bid-
ding can be supported in an equilibrium of a game that is much simpler than ours.
Similarly, jump bidding may obfuscate information, as shown in a stylized auction
game in Ettinger and Michelucci (2016). In either case, severe jump bidding sup-
presses information aggregation and its revenue-enhancing effects.

On the other hand, recent experimental findings suggest that some features
in Oral Outcry may be particularly prone to revenue-enhancing behavioral biases,
such as auction fever (Heyman et al., 2004; Ehrhart et al., 2015). Similarly, jump
bidding might not be used in the sophisticated way studied theoretically, e.g. it
might rather be driven by bidders’ impatience.

2.4 Information aggregation: Measure and benchmarks

When information is successfully aggregated, bidding and prices move closer to
the underlying common value (Wilson, 1977; Kremer, 2002). Wemeasure the degree
of information aggregation with the squared distance between the price and the
common value and compare it across formats (Hanson, Oprea, and Porter, 2006).
A distance of 0 would imply perfect information aggregation in the sense that bid-
ders inferred the exact true value.

13Note that our experimental setup leads to low expected revenue with signal averaging-rules.
This allows us to test the rules beyond what was possible in Levin et al. (1996). In their setup, signal
averaging-rules lead to predictions more similar to Nash equilibrium revenues.
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The possibility of perfect inference is curtailed by the noisiness of the signals.
We account for the maximal information potentially available, the one contained
in the five signals, by computing the Full Information benchmark. In it, all five sig-
nals are revealed and bidders bid the conditional expected value of the item given
these signals. Additionally, we model the lowest degree of aggregation with the
No Information benchmark, where bidders bid the prior average common value,
thus ignoring also their own private signal.

We illustrate the Full and No Information benchmark as the lower and upper
bounds of a segment measuring information aggregation. On this segment, lower
values indicate a better approximation of the common value by the price, hence
improved information aggregation.

In the segment, we also show howmuch information aggregation is predicted in
Nash equilibrium and by some exemplary behavioral models. In the Nash equilib-
rium of the JEA, we see that the Full Information benchmark is almost attained.14

In the Nash equilibrium of the AV, the squared distance to the common value is
higher, as less information aggregation is possible. By comparing the Nash equilib-
rium predictions of the two formats, we see the theoretical impact of information
aggregation: If dropouts are observable, bidders obtain a more precise estimate
of the value and the price follows the common value more accurately.

The prediction that the JEA leads to higher information aggregation compared
to the AV generalizes to the behavioral models of bidding behavior. The Bayesian
bid signal heuristic (BBS) in the AV auctions predicts a larger dispersion around the
common value compared to Bayesian signal averaging (BSA) in the JEA.15 Therefore,
even when processing information in a sub-optimal manner, bidders are predicted
to improve their estimate of the value when they observe others’ bids.

Figure 2.1: Squared distance to common value - JEA and AV
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14It is not fully attained for two reasons: (i) the bid determining the price is based on 4, rather
than 5, signals; (ii) bidders maximize expected profit, with information rents for the winner.

15This also holds for the comparison of signal averaging- and bid signal-heuristics, which are
omitted for brevity.
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2.5 Experimental design and procedures

The computerized laboratory experiment was conducted in July and October 2018
at the CREED laboratory of the University of Amsterdam. In total, we ran 30 sessions
with 10 subjects each. We preregistered this experiment (Offerman, Romagnoli,
and Ziegler, 2019a). Most subjects were students of business, economics or other
social sciences, with 50.7% being male and an average age of 23. Each subject
participated in only one session.

The experiment was conducted in a laboratory with soundproof cubicles. As
a consequence, information revelation was entirely controlled as intended in the
experimental design. In Appendix B, we present the instructions together with
screenshots of the auction interface for all formats. Subjects read the computer-
ized instructions at their own pace, and they had to correctly complete a set of
test questions before they could proceed to the experiment. Before the experi-
ment started, subjects received a handout with a summary of the instructions. At
the end of the experiment, subjects filled out a brief questionnaire.

In the experiment, 30 auction rounds were played. Payment was based on five
rounds randomly selected at the end of the experiment. Subjects earned points
that were exchanged according to a rate of € 0.25 for each point. Subjects earned
on average € 24.28 (standard deviation: 6.02, minimum earnings were set to € 7) in
approximately two hours.16

We run three between-subject treatments, each corresponding to one auction
format. In each ten-subject session, subjects were randomly rematched into groups
of five every round, therefore a matching group of 10 subjects coincides with the
session size. Common values and corresponding signals were drawn before ses-
sions started. Draws are i.i.d. across rounds for common values, and error draws
are also i.i.d. across subjects. For the experiment, we use identical draws in the
identical order across treatments. Thus, treatment differences are not driven by
differences in random draws. In the experiment, we truncate common value and
signal draws between 0 and 200 and also only allow for bids between 0 and 200.17

We communicated the distributions of values and signals with the help of den-
sity plots and we allowed subjects to generate example draws for the common
value and corresponding signals. At the start of each round in each auction, sub-
jects were privately informed about their signals and the auction started as soon
as all bidders in a session indicated that they were ready.

The rules of the auction formats were described in Section 2.3. The auction

16In the experiment, only one subject had a negative payment balance if calculating total earn-
ings across all rounds. In the pre-registration, we announced that we also analyze our data without
bankrupted subjects. However, excluding this one subject does not affect results.

17We discarded a set of draws whenever a common value or signal exceeded our bounds. This
occurred for 0 out 600 common value draws, and 121 out of 6000 drawn signals. Due to the small
scale of this phenomenon, we ignore truncation in our analysis.
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procedure was visualized with a thermometer. In the AV and the JEA, the price in-
creased from 0 by one point every 650milliseconds. Approximately three times per
second, the program checked whether any bidder dropped out. In the JEA, bidders
were shown the prices at which the first, second and third dropout occurred. After
a dropout in this auction, there was a pause of four seconds where the price did
not rise to allow the remaining bidders to process the information.

In all three treatments, at the end of each round all subjects were shown the
price which the winner paid and the common value that was drawn. In each round,
each bidder was endowed with 20 points, and the winning bidder was additionally
paid the difference between the common value and the second highest bid. When
negative, the difference was deducted.

In the 13 sessions ran in October 2018, we included two additional incentivized
tasks at the end to investigate some conjectures developed after the first sessions.
First, we used a measure adapted from Goeree and Yariv (2015) to elicit a subject’s
tendency to conform to others’ choices in an environment where these choices
contain no information. Subjects had an incentive to guess an unknown binary
state. Their choice was to either receive a noisy but informative signal of the state,
or to sample the uninformative decisions from three previous subjects. Crucially,
these previous subjects had no access to any information about the true state,
and subjects were made aware of this fact. Second, we obtained a measure of
subjects’ social preferences by using the circle test to measure their value orien-
tation (Sonnemans, van Dijk, and van Winden, 2006). We included these measures
to test some conjectures about the exit decisions of subjects with low signals in
the Japanese-English auction. In addition, in the oral outcry auction we included
two unincentivized questionnaire measures of subjects’ tendency to succumb to
endowment effects to further investigate the role of the quasi-endowment effect
in this auction.18

Many features of our experimental design are motivated by the theoretical
model with affiliated signals (Milgrom and Weber, 1982). The situation that we
study is stylized, and our setup may offer more opportunities for learning than
bidders would have outside of the laboratory when they bid on real commodities.
In auctions outside of the laboratory, it may be much less clear to the winner that
he suffered a loss, which may impede learning. In addition, our conjecture is that
bidders may suffer more from endowment effects when they are bidding on a real
commodity than when they are bidding on a fictitious good with induced value.
From this perspective, we expect that biases may be larger outside of the labora-

18Question 1 was: “Suppose you paid € 30 for 5 cello lessons. After the first lesson you realize
that you really don’t like it. How many of the remaining lessons do you attend? You cannot get
the money back.” Question 2 was: “Suppose that tickets are on sale for the National Lottery to
be played out in one week, with a prize of € 100.000 and you just bought one ticket for € 2.50. A
colleague offers you money to buy the ticket from you. What is the minimum price at which you are
willing to sell the ticket to him?”
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tory.

2.6 Experimental results

In this Section we present the experimental results. We first present an overview
of the revenues generated in the three auctions. Next, we discuss information use
in the Japanese-English auction (JEA). Then, we compare the level of information
aggregation in all three formats. Finally, we present evidence on jump bidding and
the quasi-endowment effect in the Oral Outcry auction (OO).

In our analysis, we use data from all 30 rounds. We present results on expe-
rienced bidders in the Appendix Section 2.A.7. Results are mostly in line with the
main analysis, otherwise we address this within the main text.

2.6.1 Revenue

Figure 2.2 and Table 2.2 present mean revenues by treatment.19 Average revenues
are quite similar in the AV and the JEA, but are substantially larger in the OO. Dif-
ferences are most pronounced in the first 15 rounds, but differences continue to
be significant also for experienced bidders in the last 15 rounds. Table 2.2 also re-
ports test results of comparisons of revenue across treatments together with test
results of the comparisons of revenues with the Nash benchmark.20

We find strongly significant revenue differences between the OO and both other
auction formats. While the theory predicts higher revenue in the JEA than in the
AV, we cannot reject equality of revenues between the two formats. In both the AV
and the JEA, actual revenues deviate systematically from the Nash benchmark.

One explanation for the failure of rejecting equality of revenues between the
AV and the JEA is that bidders simply ignore the information that is revealed in the
JEA. Another possibility is that the more transparent JEA activates different behav-
ioral forces that offset each other. In the next Section we explore these possible
explanations.21

19In one auction in the AV, the auction unintentionally ended after only three, not four, bidders
dropped out. We remove the data from this particular auction.

20Treatment results are robust to using parametric tests and the non-significance of a treatment
difference is not arising from comparing matching group averages. When regressing revenues on
treatment dummies, clustering standard errors on a matching group-level (600 observations per
treatment), we find that compared to a baseline of the AV, the dummy on the JEA is not significant
with a 𝑝-value=.778, whereas the dummy on the OO is significant at a 𝑝-value=.005.

21In the preregistration plan, we announced that we would compare how well rational and be-
havioral models organize actual bidding. It turns out that none of the models comes even close to
explaining the early dropouts in the auction. As a result, we have chosen to relegate this analysis
to the Appendix Section 2.A.5.
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Figure 2.2: Mean revenue, Nash equilibrium predictions and common values

Table 2.2: Revenue statistics by treatment

Revenue

Mean (Standard deviation)

Round 1-30 1-15 16-30

AV 103.4 (17.9) 106.1 (19.5) 100.6 (15.7)
JEA 103.9 (21.2) 106.5 (20.9) 101.3 (21.3)
OO 112.2 (27.5) 118.0 (31.2) 106.5 (21.7)

Treatment effects: p-values

Round 1-30 1-15 16-30

AV vs. JEA .597 .940 .734
OO .003 .011 .049

JEA vs. OO .009 .003 .059

Revenue difference to Nash eq’m: p-values

Round 1-30 1-15 16-30

AV vs. Nash eq’m .001 .002 .010

JEA vs. Nash eq’m .001 .000 .049

Notes: Mean and standard deviation of revenues by treatment, over time. Test results
(𝑝-values) of revenue comparisons across treatments and to the Nash equilibrium pre-
diction. For each test, we use the averages per matching group as independent obser-
vations for the Mann-Whitney U-tests (MWU). This gives 10 observations per treatment.

2.6.2 Information processing in JEA

We find that bidders overbid both in the JEA and in the AV compared to the rational
benchmark. Our data also do not agree with the revenue prediction of (Bayesian)
signal averaging, according to which revenue in the JEA must be lower compared
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to the AV. These findings raise the question whether subjects make use in any way
of the information released in the auction. One possibility is that bidders in the
JEA disregard the bidding of others and only use their private information. In this
Section we show that this is not the case. We start by comparing how bids corre-
late in the JEA with previous dropouts, and contrast this to information use in the
theoretical benchmarks. Then we proceed by showing that bidders’ dropouts cor-
relate more with previous dropouts in the JEA than in the AV, in which endogenous
information of others’ bids is not available.

Table 2.3 presents the results of a fixed-effects regression analysis that models
how bids correlate with available information. Define as 𝑏𝑗;𝑖,𝑡 the dropout price
of bidder 𝑖 in round 𝑡, where, for ease of exposition, 𝑗 denotes the dropout order
corresponding to that observation. Further denote with b𝑗−1,𝑡 the vector collecting
the 𝑗 − 1 dropout prices preceding the 𝑗 − 𝑡ℎ bid in round 𝑡. For each 𝑗 ∈ {1, … , 4} we
pool data for each dropout order 𝑗 and separately estimate the models:

𝑏𝑗;𝑖,𝑡 = 𝛼 + 𝛽𝑥𝑖,𝑡 + 𝛾b𝑗−1;𝑡 + 𝛿𝑡 + 𝜂𝑖 + 𝜖𝑖,𝑡

where 𝑥𝑖,𝑡 is the private signal of bidder 𝑖 and 𝑡 is the auction round. 𝜂𝑖 is a
bidder-specific fixed effect and 𝜖𝑖,𝑡 is a bidder-round error. We use the within-
estimator, where we are demeaning the variables with their time-averaged coun-
terparts. This allows us to interpret the constant as the average intercept across
bidders, and each bidder’s fixed effect as the deviation in this bidder’s bidding
level from the average.

Models (1) to (4) provide fixed effects estimates of dropout prices regressed
on available information, similar to the analysis by Levin et al. (1996). There is a
recurring pattern in how subjects’ bids correlate with available information: Bid-
ders’ dropouts depend significantly only on their own signal and the just preced-
ing dropout.22 The most recent dropout receives much more relative weight than
bidders’ signals. Thus, bids appear to react quite strongly to the auction proceed-
ings.23

All theoretical models considered in this paper process information linearly

22Conditional on using information summarized in the previous dropouts, earlier bids do not add
additional explanatory power. There is indeed a correlation to earlier bids, which is fully captured in
the reaction to the current dropout. Repeating (3) and (4) without 𝑏𝑗−1,𝑡 yields significant coefficients
on 𝑏𝑗−2,𝑡.

23This analysis does not shed light on the possibility that the strong weight on the most recent
dropout is due to correlation neglect (Enke and Zimmermann, 2019). With correlation neglect, in-
formation in early dropouts is double-counted in later dropouts. In the Appendix Section 2.A.9, we
present regressions similar to the above, while excluding bidders’ private information. We then
predict residuals in this estimations, which capture bidders’ private information (their signals and
noise). We then regress later bids on all residuals. We find little evidence for strong correlation
neglect, as especially residuals from late dropout orders most strongly explain variation in bids.
This suggests that subjects understand that the most recent dropout contains information of the
signals conveyed in the earlier dropouts.
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Table 2.3: Bidders’ use of information in the JEA

(1) (2) (3) (4) (5) (6) (7) (8) (9)
𝑏1 𝑏2 𝑏3 𝑏4 𝑉 ̂𝐵𝑅

Observed Observed Observed Observed Nash SA BSA

𝑥 0.294 0.267 0.172 0.118 0.287 0.250 0.168 0.250 0.288
(0.057) (0.034) (0.027) (0.016) (.) (.) (.) (0.020) (0.001)

𝑏1 0.372 0.023 0.025 0.100 0 0 -0.009 0.032
(0.035) (0.018) (0.015) (.) (.) (.) (0.025) (0.003)

𝑏2 0.552 -0.038 0.167 0 0 -0.003 0.060
(0.044) (0.037) (.) (.) (.) (0.052) (0.003)

𝑏3 0.709 0.333 0.750 0.832 0.291 0.151
(0.072) (.) (.) (.) (0.070) (0.003)

𝑡 -0.316 -0.122 -0.083 -0.075 0.295 0.087
(0.281) (0.114) (0.074) (0.031) (0.073) (0.002)

Constant 35.185 41.823 32.049 26.290 11.265 0 0 41.882 44.804
(8.628) (2.723) (2.933) (3.619) (.) (.) (.) (3.799) (0.361)

Observations 600 600 600 600 600 600
Adj. 𝑅2 0.119 0.491 0.756 0.817 0.362 0.996
Adj. 𝑅2 absorb. 𝑖 0.425 0.592 0.768 0.821
Rounds 1-30 1-30 1-30 1-30 1-30 1-30
Estimation FE FE FE FE OLS OLS

Notes: 𝑏𝑗: dropout price at order 𝑗; 𝑉: common value; 𝑥: own signal. (1) to (4) are fixed effects estimates (within estimation) of information use.
Dependent variables (in columns) are dropout prices at each order, e.g. (1) are all bidders dropping out first in an auction. Regressors (in rows) are
the available information at each dropout order, i.e., the signal 𝑥 and the preceding dropout prices b𝑗−1. (5) to (7) show how information is used in
three canonical models, only for the fourth dropout. SA refers to the signal averaging-rule, BSA to the Bayesian signal averaging-rule. Note that
these show how theoretical bids respond to earlier bids, where these bids are also calculated to follow the theoretical models. (8) shows how the
price-setting bidder would have to use information to predict the common value after observing three dropouts. (9) shows how the bidder dropping
out fourth would weigh information in an empirical best response. We provide adjusted 𝑅2 of the original within-estimated model, as well as from
estimating standard OLS where we include subject-specific absorbing indicators. The latter also includes fit obtained from subject fixed effects.
Standard errors in parentheses, clustered at the matching group level.
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(derivations available on request).24 In models (5) to (7), we provide theoretical
benchmarks for the fourth dropouts, representing informational weights implied
by these models. These models show how bids would react to (theoretical) earlier
dropouts, and are purely theoretical, not estimated.25 By comparing estimated in-
formation use to the use implied by thesemodels we can evaluate whether bidding
strategies are consistent with any of the models, which can be helpful to predict
outcomes in other auction environments.

In model (5), Nash equilibrium, bidders do not ignore information from the first
and second dropouts when they choose the fourth dropout conditional on the third
dropout, contrary to information use in our data. Instead, the observed pattern is
more in agreement with the signal averaging rules (models (6) due to Levin et al.
(1996) and (7)). Both signal averaging rules correctly predict that the last dropout is
a sufficient statistic for all previously revealed information, as this bid summarizes
all previously revealed information. Qualitatively, the Bayesian signal averaging
rule (model (7)) performs particularly well, as it approximates the relative weight
on last dropout compared to the own signal more closely than in (6). A further
pattern in favor of Bayesian signal averaging is that bidders do not ignore the prior.
In the AV, which offers the cleanest view on whether subjects use the prior, bids are
anchored towards the mean common value. Bidders who receive a signal above
100 bid on average 72.4% of their signal, while bidders with a signal of at most 100
bid on average 117.4% of their signal.

Still, the bids predicted by the Bayesian signal averaging rule do differ signifi-
cantly from observed behavior. The intercepts across all dropout orders are quite
large and lead to the observed overbidding.26 As later bids are incorporating re-
vealed information, constant overbidding early on carries over to later bids, which
then determine revenue.

One remaining question is whether observed early dropouts are informative for
subsequent bidders, and in how far bidders could use these bids to improve their
estimates of the common value. In Nash equilibrium, all available information
should be used when best responding, see model (5). However, early bids differ
systematically from Nash equilibrium bids, and are potentially less informative of
the common value than they are in Nash equilibrium. The informativeness of early
bids should determine how later bids should respond to early bids. We proceed
by using two types of analyses: studying (i) how informative bids are of the value
and (ii) how information is used in an empirical best reply.

In estimation (8) we provide an analysis of the informational content of ob-
served bids. We regress the common value on the information available to the

24We verified that our findings are not driven by the linear impact of information, by repeating
(4) and (8) with the additional regressors 𝑥2 and (𝑏3)

2. Both are not significant in either model.
25Applying OLS to simulated bids also recovers the coefficients presented in Table 2.3.
26In fact, we can reject the coefficient restrictions implied by (5) to (7) in F-tests based on the

estimated equation (4), with 𝑝-values=.000.
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bidder dropping out fourth. This analysis studies how the information available to
the bidder determining the price is predictive of the common value, which at the
end of each round is revealed to the subjects. Thus, model (8) provides a bench-
mark of what information is useful to bidders when attempting to predict the value
using a linear rule.27 In model (8), we observe that it is sufficient for bidders to
attach positive weights only to the third dropout and own signal to predict the
common value. This implies that early bids are not useful to predict the common
value, which in fact our subjects appear to incorporate by disregarding this infor-
mation. However, the relative weights attached to the third dropout relative to the
own signal differ strongly from the rule predicting the value, as bidders appear to
react too much to the third dropout given the informational content of these bids.

In (9), we study how information would be weighted in an empirical best re-
sponse. In this, we assume that the two bidders that remain in the auction longest
bid the expected value of the item for sale, conditional on the other remaining
bidder holding an equally high signal as the own signal, and incorporating infor-
mation revealed in the previous dropouts. To infer signals from early dropouts,
we use linear regressions in which we regress signals on observed bids, round,
session fixed effects and signals predicted from earlier bids if available.28 The em-
pirical best response then equals the conditional expected value calculated on
the basis of the inferred signals, under the assumptions that the other remain-
ing bidder has a signal that equals the own signal, using the result by DeGroot
(2005).29 By assuming that the other remaining bidder has a signal that equals the
own signal, the bidder beats types that are below the own type, and by doing so
wins in cases where the expected profit is positive, and loses against types that
are above the own type, and thereby avoids winning in cases where the expected
profit is negative. Notice that the procedure is quite similar to how bidders bid
in the symmetric Nash equilibrium. The difference lies in how signal are inferred
from earlier bids. In the Nash equilibrium, bidders infer the signals of bidders that
previously dropped out from their actual (Nash equilibrium) bidding strategies. In
our empirical best response, signals are estimated from previous dropouts. We
then regress the obtained empirical best response on the same set of observables

27Note that the positive coefficient on 𝑡 is a mechanical effect of all bids decreasing in 𝑡 (see (1)
to (4)), as 𝑉 is in expectation constant over time. From experience, bidders learn that the amount
of overbidding by others decreases over time (at the end of each round the common value of a
round is communicated). To accommodate for this downward trend in the bidding, given the same
previous dropouts, a bidder who estimates the common value will form a higher prediction of the
common value in later rounds compared to early rounds. Such a compensating factor would have
been absent if there had not been a trend in subjects’ bidding. Allowing for a more flexible time
trend in (8) with squared round or round fixed effects does not affect estimates on information use
(𝑏1, 𝑏2, 𝑏3, 𝑥).

28We reproduce these estimations in the Appendix, Table 15.
29In calculating the conditional expected value, we invoke the assumption that signals inferred

from previous dropouts are distributed as the true signals are (that is, conditional on the value
they are 𝑖.𝑖.𝑑., 𝑁(0, 35)).
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for the second-highest bidder.
Consistent with the findings of model (8), (9) shows that early bids optimally

receive little weight in an empirical best response. Due to early bidding being less
informative than in Nash equilibrium, the optimal weights are below the weights
on observed bids in model (5). However, even if the estimated coefficients are
small, they are significant and positive. Again similar to (8), (9) shows that bidders
do not rely sufficiently strongly on their own signal when bidding, and disregard
valuable information in bidding.30

Importantly, this analysis in itself does not provide evidence that bidders ac-
tively incorporate information. This is the case as the regressions in Table 2.3 or-
ganize bids into order statistics and this mechanically produces some degree of
correlation, even if bidders were to ignore entirely the bidding behavior of oth-
ers. Given that a bidder’s bid is noisy and not completely determined by the own
signal, information will be conveyed in the previous dropout(s). As an illustration,
consider the case in which the previous dropout is very high, in fact higher than
the expected current dropout conditional on own signal. Then, by definition, the
expected current dropout conditional on previous dropout and own signal will be
higher than the expected dropout level conditional on own signal only, thus lead-
ing to positive residual correlation between dropout orders.

This produces amechanical correlation between dropouts and previous dropouts
even if bidders do not pay any attention to the previous dropouts.

In order to use correlations among dropout prices as evidence for information
processing, we need tomove from an absolute to a comparative approach. In Table
2.4, we show excerpts from regressions where we pool data from the AV and the JEA
and regress bids on the previous dropouts, signals, and interactions for the JEA. We
refer to Table 16 in the Appendix for the full results. In the AV, where by design no
information can be extracted from the unobservable bidding of others, we observe
themechanical correlation in dropout order statistics, as all coefficients on the just
preceding dropouts 𝑏𝑗−1,𝑡 are significant at conventional levels. Using the bidding
in the AV as a benchmark, we measure the amount of information processing in
the JEA by computing the additional correlation observed in the JEA compared to
the AV. Table 2.4 shows that the slope parameters on every just-preceding bid are
statistically larger in the JEA compared to the AV at each dropout order. As bids in
the JEA are more strongly correlated than in the AV, we can conclude that bidders
do react to the information contained in the bids of others.

To sum up, we conclude that subjects’ bidding is consistent with them paying
attention and responding to the bids of others in the JEA. Compared to the empiri-
cal best response, subjects pay toomuch attention to the most recent dropout and
underweigh their own signal. How subjects’ bidding weighs information in the own

30Note that 𝑅2 is mechanically high in this regression because the best response is calculated
as a linear function of the bids.
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Table 2.4: Comparing information use in the AV and the JEA

𝑏2 𝑏3 𝑏4

𝑏𝑗−1 0.285 0.357 0.465
(0.0309) (0.0319) (0.0440)

JEA × 𝑏𝑗−1 0.0871 0.195 0.244
(0.0463) (0.0533) (0.0827)

Observations 1199 1199 1199
Adjusted 𝑅2 .502 0.732 0.777

Notes: 𝑏𝑗−1 denotes the just preceding dropout, e.g. it
is 𝑏1 for 𝑏2. JEA is a dummy equal one for JEA auctions.
Additional variables omitted from the table: all regres-
sions include signal 𝑥, round 𝑡, all preceding dropouts
(𝑏𝑗−𝑘 for all 𝑘 ∈ {1,… , 𝑗 − 1}) as well as all these vari-
ables interacted with the JEA-dummy and a constant.
For the full regression results, see Table 16 in the Ap-
pendix. Standard errors in parentheses and clustered
at the matching group level.

signal relative to the observed dropout is qualitatively in line with Bayesian sig-
nal averaging. Still, our data does not accord with the prediction of the Bayesian
signal averaging model that lower revenue will result in the JEA than in the AV.
In the next Section we address how heterogeneity in early bidding contributes to
understanding this puzzle.

2.6.3 Exploring heterogeneity in bidding

In this Section, we investigate whether individual-specific characteristics correlate
with bidders’ behavior in early dropouts. Bidding behavior in the JEA is quite het-
erogeneous, and especially so at early dropouts - in Table 2.3, we see that the
𝑅2 increases in dropout orders. Additionally, especially at early dropout orders,
subject-level fixed effects bring in significant additional explanatory power. Our
finding that individual-specific characteristics matter more at early stages of bid-
ding in the JEA agrees with the observation that deviations from the theoretical
benchmark are less costly at these early stages in this auction format. For in-
stance, a bidder who considers dropping out first may choose to overbid almost
without costs: even when overbidding, the bidder can avoid winning by immedi-
ately dropping out when others do so. Likewise, if this bidder decides to drop
somewhat earlier than the theoretical benchmark, this also happens almost with-
out costs because the chances that all the others would drop before the theoretical
benchmark is negligible if no other bidder has dropped out yet.

To shed light on whether there are systematic patterns in this heterogeneity
in bidding behavior, we elicited subjects’ social value orientation and their ten-
dency for imitation at the end of the experiment for the last 13 sessions.31 For the

31Another candidate to explain deviations from risk neutral Nash bidding is risk aversion. Be-
cause all auctions use the second-price rule and there is uncertainty about the value, risk aversion
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imitation measurement, subject could choose to sample non-informative social
information of prior participants instead of obtaining an informative signal. This
behavior is consistent with a desire to imitate others. Participants that chose to
reveal uninformative choices are classified as imitators, which applies to 26.9% of
our participants.32 Social value orientation is measured as an angle, where 0° cor-
respond to a dictator keeping all to herself, 45° giving an equal amount to recipient
and herself and 90° giving everything to the recipient. We find an average SVO of
21.13°, with a standard deviation of 19.93°.

To investigate whether these measures correlate with heterogeneity in bidding
behavior we exploit that the estimations in Table 2.3 provide us with estimates of
bidder fixed effects. In this context, the bidder fixed effect captures bidder-specific
level shifts of bids, holding the use of information constant across bidders. Cru-
cially, identical bidders may behave differently between different auction formats,
especially as behavioral motives may be differentially triggered. Note that our
within-estimations impose that the average bidder fixed effects have a mean of
zero. This means that any bidder’s fixed effect can be interpreted as a deviation
from the average bidding behavior within our sample for each treatment.

Per participant, we average the fixed effects of the first and second dropouts
as well as the fixed effects from the third and fourth dropout. For the AV and the
JEA separately, we then regress the averaged fixed effects on subjects’ social value
orientation and imitation proneness. Table 2.5 presents OLS estimates.33

In both treatments, estimates imply that imitators are willing to bid higher than
non-imitators. The effects ares similar in size but only significant in the AV, which
may be due to a lack of power. In any case, the fact that the bids of imitators
are not higher in the JEA than in the AV hints at the possibility that this measure
may not only capture a tendency to imitate but also general overbidding caused
by confusion.34 From this perspective, imitation is not a good candidate to explain

will have a downward pressure on Nash equilibrium bids (see also Levin et al. (1996)). Given that
observed bids tend to be higher than risk neutral Nash equilibrium bids, we think that risk aversion
is a less important force in our experiment. Similarly, the heterogeneous behavior of early dropouts
is not only incompatible with the symmetric equilibrium in Milgrom and Weber (1982), but also with
the asymmetric equilibria in open auctions identified by Bikhchandani and Riley (1991). In addition,
the asymmetric equilibria predict lower revenues in the JEA, while we observe revenue in excess of
the symmetric Nash equilibrium.

32In a similar setting, Goeree and Yariv (2015) find that 34% of subjects chose such information.
33Note that the fixed effects are estimated, and thus may contain noise from the first stage in

this estimation procedure. In the Appendix, Section 2.A.10, we show that point estimates are similar
using WLS, which addresses concerns that some fixed effects might be estimated more noisily than
others. These observations receive less weight in variance-weighted WLS. The estimates on SVO
and Imitator in (2) are significant in this specification, which suggests that the noise in estimating
fixed effects may be important. Point estimates with experienced bidders are mostly similar, see
Table 13 in the Appendix. The coefficient on Imitator is insignificant across specifications (1) to (3),
and the coefficient on SVO is significant and positive in (3) and (4).

34There are also situational factors that affect the extent of overbidding. For instance, Levin et al.
(1996) and Goeree and Offerman (2002) find that subjects’ overbidding enhances with the variance
of the noise term in the signals.
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Table 2.5: Bidder fixed effects and their characteristics

(1) (2) (3) (4)
Average bidder fixed effect

𝑏1 & 𝑏2 𝑏3 & 𝑏4
AV JEA AV JEA

SVO 0.125 -0.202 0.005 0.027
(0.045) (0.146) (0.120) (0.078)

Imitator 5.699 5.213 6.528 1.575
(1.479) (3.823) (3.121) (0.471)

Constant -1.876 6.225 -4.674 -1.080
(1.919) (2.363) (1.678) (2.681)

Observations 50 40 50 40
Adjusted 𝑅2 0.031 0.014 0.048 -0.031

Notes: Average fixed effects from regressing bids on available informa-
tion for first and second vs. third and fourth dropout. SVO is a subject’s
social value orientation, in degrees. Imitator is a dummy variable equal
one if a subject chose to retrieve social information when this contains
no valuable information on the true state. Standard errors in parenthe-
ses, clustered at the matching group level.

differential bidding in the early dropouts between the two auction formats.
Our conjecture was that SVO would explain differences in the early bidding be-

tween the two auctions. The coefficient for SVO in column (2) of Table 2.5 is in line
with the conjecture that spiteful bidders bid higher early in the JEA to drive up the
price for others: only in JEA the coefficient is negative. However, the standard error
is large, and we cannot conclude whether there is a negative effect or no effect of
SVO on early bidding in JEA.35

Given that the evidence in Table 2.5 is not conclusive about the effect of SVO
on early bidding in JEA, we looked further into how SVO affects bidding in the two
auction formats. As we expected when we decided to measure SVO, competitors,
those with below-median SVO, bid on average 71.3 in the first two dropouts in JEA,
significantly more than in the AV where they bid on average 56.4 in the first two
dropouts (Mann-Whitney U-test, 9 observations, 𝑝-value=0.086). This finding re-
flects that driving up the price for others is relatively cheap in the JEA, because
this format allows bidders to enhance the price for others without much risk of
actually winning the good. To put things into perspective, it is not clear that co-
operators bid significantly more in the early dropouts of the JEA than in the AV
(average bid of 59.6 in the AV versus 70.8 in the JEA; Mann-Whitney U-test, 9 obser-
vations, 𝑝-value=0.327).

35Somewhat surprisingly, more pro-social bidders bid slightly higher on average in the early
bidding in the AV. Note that for the SVO, inequality averse participants are classified as pro-social.
Therefore, bidding higher initially in the AV can be consistent with bidders trying to minimize payoff
inequality, which might arise if an opponent wins at a low price. Pro-social bidders’ behavior is not
significantly different in the early bidding across auctions.
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Figure 2.3 displays for each of the two auction formats the SVO per dropout
order. Whereas there is a slight increase of SVO over dropout orders in the AV,
there is a surprising but intuitive pattern in the JEA: Bidders who drop out first or
last have on average a higher SVO than bidders who drop out in the middle. This
suggests that cooperators decide at the start to either be nice and drop out first
or to go all-in in a serious attempt to win the auction. By doing so they would
refrain from driving up the price for others when they do not win. In the cases
where they decide to win the auction, cooperators have to outbid spiteful bidders,
who are bidding more aggressively than they would have in the AV. We find that
cooperators (with an SVO above the median) end up significantly more often in
an extreme position (either first or last) than competitive bidders (those with an
SVO below the median): Mann-Whitney U-test, 8 observations, 𝑝-value=0.043. This
pattern only materializes in the JEA: the same test for the AV is insignificant (𝑝-
value=0.917, 10 observations).36

Figure 2.3: SVO by dropout order

Overall, our suggestive evidence is consistent with the following picture of how
SVOmay affect bidding in the two auction formats. In the JEA, spiteful bidders tend
to bid higher at the start than they would have in the AV, because the information
about how many other bidders are still active makes it cheap for them to overbid.
Without too much risk they can stay longer in the auction and drive up the price
without actually winning the object. Cooperators on the other hand decide at the
start of the auction whether or not they want to compete and win the object for
sale. If their signal makes them decide it is better not to win, they drop out early

36To verify that the difference between treatments is significant, we run a logistic regression. We
regress the binary dependent variable (0 if dropping out first or last, 1 otherwise) on SVO, Imitator
and signal, a treatment dummy as well as interactions of all independent variables and treatment.
While the coefficient on SVO is not significant (𝑝-value=0.817), the coefficient on the interaction of
JEA and SVO is negative and (weakly) significant (𝑝-value=0.071).
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and by doing so refrain from enhancing the price for others. If they decide to
compete, they relatively often end up winning the auction. In this case, they have
to outbid spiteful bidders who tend to bid higher than they would have in the AV.

2.6.4 Information aggregation

Previously we showed that bidders engage in overbidding (Figure 2.2). Even bidders
who depart from rationality can convey information in their bids, or infer informa-
tion from others’ bids. For instance, if bidders follow a behavioral model, then
their bids will still convey information about their signals. If this is anticipated by
other bidders, bidders can still process this information in their own bids. In this
Section, we investigate the extent to which bidders aggregate information in the
different auction formats. The measure of information aggregation is the squared
distance between the price and the common value, as discussed in Section 2.4.

We first present a comparison between the JEA and the AV, the two auctions
that differ only in the information on previous dropouts. Both rational and behav-
ioral benchmarks predict that additional information improves bidders’ precision
in estimating the value. This prediction, however, is not borne out in our data. Fig-
ure 2.4 plots the distance between price and value that is actually observed in the
data. For a comparison, it also includes Nash equilibrium predictions.

As it turns out, the theoretically predicted ranking is reversed in our data. The
observed squared distance in the AV is 411.9, and increases to 479.1 when more
information is available in the JEA. This difference is statistically significant (𝑝-
value=0.028, MWU, 10 observations per treatment). Actually, the JEA aggregates
almost no information. The observed squared distance of the JEA is not statistically
different from the No Information benchmark, where the price is set equal to the
prior mean of the common value, ignoring all information contained in signals.37

Figure 2.4: Squared distance to common value
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There can be two reasons why information aggregation fails in open ascending
auctions: i) there is not sufficient informational content in observable bids (infor-

37We verified that the same ordering in our results on information aggregation is observed when
using the squared distance to the Full information benchmark as a measure, instead of the squared
distance to the common value. The latter does not directly control for variance in signals condi-
tional on the common value. In our analysis, this is captured by the distance to the common value
measured in the Full information benchmark.
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mation revelation) (ii) bidders do not process the available information as a ratio-
nal bidder would (information processing). To isolate the two forces, we use an
empirical best response ̂𝐵𝑅 as described in Section 2.6.2, given observed bidding
behavior of early dropouts.

Note that ̂𝐵𝑅 is a statistic that separates between information processing and
revelation. It represents the level at which the two remaining bidders best respond
to each other, when they incorporate information available in the experiment. The
gap between the observed level of information aggregation (JEA obs.) and themax-
imal level of aggregation achievable given the available information ( ̂𝐵𝑅) serves as
our measure of the failure of information processing. Failure in information reve-
lation is measured by the distance between ̂𝐵𝑅 and JEA NE, as in Nash equilibrium
signals from earlier dropouts can be inferred perfectly. From inspecting the seg-
ment, it is apparent that both forces play a role: Information in the JEA is dissipated
by noisy early dropouts and further processed in a sub-optimal way.

Using the empirical best response, we can also provide a lower bound for the
importance of heterogeneity in early dropouts on the failure of information ag-
gregation. Using bidder fixed effects, instead of only session fixed effects, when
estimating signals from observed bids, the squared distance of the empirical best
response to the common value reduces to 303.0. The difference of this new bench-
mark to the empirical best response is significant (Wilcoxon signed-rank test, 10
observations, p-value=0.047). Note that this is a lower bound due to the role
played by individual heterogeneity, as it ignores the additional gains brought about
by bidders iteratively making the intermediate dropouts more precise, something
they cannot do as the identity of other bidders is not observed.

Lastly, when it comes to our third auction format, the OO, the higher revenue
that we observe is not caused by a higher degree of information aggregation in this
format. To the contrary, in the OO overbidding is so severe that the price is a highly
inaccurate predictor of the common value, resulting in a very imprecise measure
of information aggregation, with a squared distance of 917.0. If bidders had sim-
ply ignored their private signal and the bidding of others, and bid the prior mean
value according to the no-information benchmark, this distance would shrink to
483.0. Figure 2.5 presents the information aggregation benchmarks of the OO in
comparison to the other auction formats.

Figure 2.5: Squared distance to common value, including the OO
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This lack of information aggregation cannot be attributed to information in bids
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being obfuscated. The same decomposition as performed for the JEA shows that
the second-highest bidder in the OO would be able to predict the common value
relatively well if they attempted to bid the conditional expected value as in the JEA,
by incorporating the own signal and the maximal bids of the three non-winners.
This is a conservative measure of how much information is potentially available
in the OO, because it ignores other, possibly informative, observables such as the
time elapsed between bids, the size of the jump bids, or the number of returning
bidders.

2.6.5 Bidding in Oral Outcry auctions

We have previously seen that revenue is higher in the OO than in the other two
formats. Also, information aggregation in this format fails.

The OO differs from the two clock-formats in how bids can be submitted. In
both the AV and the JEA, the price rises at an exogenously set pace and bidders
can only decide whether to leave or remain at every price. In the OO, bidders can
submit their own bids. In the following, we discuss two ways in which this change
matters: it may trigger a quasi-endowment effect in bidders, as well as allow for
non-incremental jump bidding.

During an Oral Outcry auction, a standing bidder is identified, who is the highest
bidder at thatmoment. The previous literature has established that this can induce
a so-called auction fever (Heyman et al., 2004; Ehrhart et al., 2015). A standing
bidder may get used to the feeling of winning the good and become prepared to
bid higher than she originally intended. If that happens, auction fever triggers a
quasi-endowment effect.

Auction fever is in agreement with the fact that, beyond the average revenue
already being significantly higher, we also observe relatively many extreme auction
revenues in the OO compared to the other two formats. For example, only 1.3% of
all common values are in the right hand tail of the common value distribution, at
values above 150. In both the AV and the JEA, less than 1% of auctions end up at
revenues above 150. In the OO in turn, 7.3% of auctions conclude at prices above
150, suggesting that especially this format triggers strong mispricing.

To evaluate the impact of auction fever, we use bidder’s exogenously measured
inclination to succumb to the endowment effect, and perform amedian split based
on this measure.38 There are twomain effects: (i) bidders do not systematically dif-
fer in how often they win auctions (MWU-test, 𝑝-value=.773), thus bidding behavior
appears similar at first; (ii) whenever they win an auction, bidders with stronger
endowment effects generate higher losses than their peers, as their total profits

38We normalize both measures to mean 0, variance 1, then take the average response as a mea-
sure of the endowment effect. We compare matching group averages of those bidders with above
and belowmedian endowment effects, yielding 8 observations (4matching groups, one observation
above and below the median each).
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are significantly different (MWU-test, 𝑝-value=.083)39, thus when becoming active
and winning an auction, bidders with strong endowment effects lose more money.
This evidence provides support for the conjecture that the OO activates auction
fever among people who suffer from the endowment effect.

A second important feature of theOO is that bidders can submit non-incremental
jump bids. Theoretical analyses of jump bidding suggest that this may be a prof-
itable strategy for a jump-bidder. Avery (1998) derives equilibria in which jump
bidding is used for signaling high value estimates, which predicts increased profits
for the winner. Ettinger and Michelucci (2016) show that jump bidding can be used
to obfuscate information. Naturally, behavioral factors may also affect jump bid-
ding. For example, impatient bidders who are determined to win an auction quickly
might frequently submit jump bids which lead them to win auctions in cases in
which they have initially overestimated the value, an error which could have been
corrected in the price discovery of an incremental bidding process. These behav-
ioral factors suggest that jump bidding may also be costly and reduce winners’
profits. In the following, we evaluate the effect of jump bidding in the OO auc-
tions, focusing on whether jump bidding increases profits.

Note that within our auctions and due to the second-price rule in setting the
current price, jump bids are only revealed if at least one other bidder continues to
bid. While submitting additional bids, other bidders learn that the jump bidder has
entered an aggressive jump bid, as the jump bidder continues to be the standing
bidder. The level of the jump bid is revealed at themoment that some other bidder
enters a bid higher than the jump bid. This feature captures how jump bidding in
popular auction formats occurs. As such, we expect weaker effects of jump bidding
than in first-price formats, where the level of a jump bid is revealed immediately.
In our analysis, we will show that even this subtle effect of jump bidding matters
for outcomes.

As a measure of jump bidding we construct the total jump bid of each bidder
in each round. To do so, we first calculate the increment of a new bid above the
current price, the second highest bid submitted in previous bidding rounds, at the
moment the new bid was submitted. By the rules of the auction, this increment
varies between 1 point, which is the minimum increment, and 200 points, if the
maximum possible bid was submitted straight at the start of the auction. Often,
the same bidder submits multiple bids. We denote the sum of all increments for
one bidder across one auction as the total jump bid of this bidder.

We observe extensive jump bidding: 21.6% of bids exceed the current price by
at least 20 points, and 11.2% by at least 50 points. Jump bidding is most prevalent
at the start of an auction, where 81.7% of entered bids are at least 20 points, and

39This analysis is robust to performing a median split based on the first principal component ob-
tained from the two measures of the endowment effect, with 𝑝-values of .564 and .083, respectively
(MWU-tests, 8 observations).
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60.4% are at least 50 points high. Jump bidding also gains in popularity over time:
in the first 15 rounds, the average jump bid at the start of an auction is 53.8, this
increases to an average of 61.6 in the last 15 rounds.40

In Table 2.6, we show regression results on the use and effect of jump bids.
The main regressor of interest is the total jump bid, the sum of all bid increments
by each bidder in an auction. However, in regressions studying the effect of jump
bids, these bids are likely endogenous as strategies adjust to observed jump bids
submitted earlier. To account for this, we rely on instruments generated from
other rounds, which capture an individual bidder’s proneness for jump bidding.
As instruments, we use the average total jump bid of each bidder across all other
rounds, as well as the maximum bid increment in any of the other rounds. Using
2SLS, we then predict in a first stage the total jump bid in the current round us-
ing the two instruments and other variables, such as the signal 𝑥. In the second
stage, we regress our dependent variables of interest on the predicted total jump
bid and some other variables. This provides a clean identification of the effect of
jump bids. For relevance, we here assume that a bidder’s proneness to jump bid
in other rounds correlates with this bidder’s jump bidding in the particular round.
For the exclusion restriction, we assume that other rounds’ jump bids only affect
outcomes through the bidding in that particular round. We think that this is plau-
sible for two reasons. First, the only way of affecting a particular round’s outcomes
is only through bidding in that round, while other rounds’ bids (our instruments)
cannot directly affect outcomes by the auction rules. Second, as for potential indi-
rect effects, this exclusion is reinforced by our experimental design, as every round
bidders draw new random signals and are allocated to new random groups within
the matching group, which limits the effects other rounds’ behavior may have on
this round’s competitors. In the Appendix Section 2.A.11, we present first-stage re-
gression results in combination with a robustness check based on the use of only
the average total jump bids across all other rounds as instrument. We show that
the instruments are relevant, as all first stage regressions are significant at con-
ventional levels, with Kleibergen-Paap 𝐹-statistics of 96.4 or greater. In addition,
we show that we cannot reject the null hypothesis that the instruments are valid,
with 𝑝-values of the Hansen J-statistic of .582 or higher.

Column (1) presents results of regressing these jump bids on bidders’ informa-
tion. As predicted by theoretical models, bidders with higher signals submit higher
jump bids. The size of the jump bid is not significantly increasing over time. Inter-

40In the first six sessions, the bidding rounds at which a bid was submitted was not saved cor-
rectly due to a programming mistake. We reconstructed this data by the time stamp at which bids
were submitted. In 10.7% of the bids in these sessions, this classification is potentially ambiguous,
we assumed that bids were submitted in a later bidding round in these cases, which leads to po-
tentially fewer bids being considered for our type of analysis. The results we present are robust
to instead assuming that these bids were submitted simultaneously, or randomizing this classifica-
tion. Also, only using data from the last four sessions, where this error was corrected, yields similar
results.
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Table 2.6: Effect of jump bids in the OO

(1) (2) (3) (4)
Winners’

Jump bid Pr(win) Profits profits

Total jump bid (IV) 0.350 -0.261 -0.316
(0.083) (0.115) (0.133)

𝑥 0.276 0.144 -0.067 -0.029
(0.031) (0.038) (0.037) (0.042)

𝑡 -0.138 0.877 0.784
(0.124) (0.169) (0.154)

𝑉 0.624 0.633
(0.046) (0.064)

Constant 30.433 -12.306 -66.653 -58.996
(5.897) (2.656) (7.000) (9.917)

Observations 2687 2687 2687 600
Adjusted 𝑅2 0.070 0.102 0.291 0.287
Estimation OLS 2SLS 2SLS 2SLS

Notes: Jump bid is the increment of a bid beyond the current price at the moment the bid
was submitted. In (1), we regress total jump bid on bidders’ signals and round 𝑡. In (2) to
(4), we use 2SLS, where we instrument using the average total jump bid and the maximum
bid increment in other rounds. (2) is the ex-post probability of winning, which is a dummy
equal to 100 if a bidder wins the auction, 0 otherwise. Mean earnings are a participants’
average earning across all auctions, winners’ profits are the earnings for the auctions which
a participant won. 𝑥 is the submitting bidder’s signal in round 𝑡. 𝑉 represents the common
value. Standard errors in parentheses, clustered at the matching group level.

estingly, this suggests that bidders with more experience shift their jump bids to
the start of the auction, as we do observe a significant increase in jump bidding at
the start over time while overall jump bidding remains constant.41

Table 2.6 also presents an analysis of the effects of jump bids. In (2), the de-
pendent variable is a dummy equal to one when a bidder wins the auction, 0 oth-
erwise. Here we show that, controlling for own signal, a larger jump bid increases
the likelihood to win the auction. This is consistent with the signaling motive in
the theoretical literature.

Models (3) and (4) then study how profits are affected by the size of the jump
bid. Contrary to theoretical predictions, profits are significantly decreasing in the
size of the jump.

Winners on average lose money in the OO and, by submitting a jump bid, par-
ticipants select into this group of winners making a loss. Model (4) studies whether
this selection effect is the full reason beyond the negative relation between jump
bidding and profits. We do so by restricting the analysis to bidders who end up
winning the auction. We find that even within this group of bidders, the size of the

41In the last 4 sessions, we elicited how much participants agreed with several motives for jump
bidding in the questionnaire, see Appendix Section 2.A.12 for details. If we include those in (1) as
controls, the only statement that correlates significantly with the size of the jump bid is “I tried to
deter other bidders from bidding by entering a bid much higher than the current price.”
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jump bid decreases profits further.
Results for experienced bidders are similar, see Table 14 in the Appendix. In

later rounds, jump bidding has a slightly less pronounced effect on earnings and
profits. Still, jump bidding continues to be a disadvantageous strategy also with
more experience, while jump bidding is in fact used more extensively later on.

2.7 Conclusion

In this paper, we study some salient factors that can contribute to the popularity
of open ascending auctions. In particular, we assess the roles that endogenous in-
formation aggregation and behavioral biases play in explaining their prevalence.
In a common value setting, we compare two clock auctions, the ascending Vickrey
auction (AV) and the Japanese-English auction (JEA), which differ in irrevocable ex-
its of bidders being observable only in the latter. We also study the Oral Outcry
auction (OO), an auction formatmodeled to approximate popular designs, in which
bidders choose how much information they want to reveal through bids.

In agreement with their popularity, we find that the OO is most successful in
raising revenue. The JEA and the AV both raise higher revenue than expected in
the symmetric Nash equilibrium. In contradiction to some behavioral models that
predict higher revenue for the AV, we do not reject equality of revenue between
the JEA and the AV. We find that information aggregation fails in the JEA. Bidding in
the JEA reflects a worse estimate of the common value than in the AV.

It is not the case that bidders do not pay attention to early exits in the JEA.
To the contrary, bids correlate more strongly with the most recent dropout than
in the AV benchmark.42 The bidding pattern, however, deviates from what would
be observed when bidders bid according to the Nash equilibrium benchmark, and
also from what would be observed when they choose empirical best responses.
The relative weight of how bidders incorporate information is best captured by a
Bayesian signal averaging heuristic. However, all models incorporating public in-
formation underestimate bid levels and bidders in the JEA do not use public infor-
mation sufficiently to tamper the winner’s curse, as predicted by signal averaging
models.

At the same time, bidding behavior conveys less information than the theoret-
ical benchmark. The information reflected in early dropouts of the JEA is partly
obfuscated by heterogeneity in the bidding of early leavers. In agreement with the
fact that it is relatively cheap to drive up the price in the JEA, spiteful bidders may
stay longer in the JEA than in the AV, forcing cooperators to stay longer in the cases
where they want to win. Such spiteful bidding by early leavers may neutralize the

42Note that Hoelzl and Rustichini (2005) find that people are underconfident in complicated
tasks. Their result agrees with our finding that bidders place more weight to what others do in the
strategically complicated common value setup.
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revenue diminishing force of the Bayesian signal averaging heuristic. Our support
for a spiteful motive resonates with some empirical findings in other auction en-
vironments (Andreoni et al. (2007), Bartling and Netzer (2016)).

In the OO, bidders choose how much information to reveal through their bids.
Overall, bids in the OO convey as much information as those in the JEA. However,
in the OO-format the available information is least well processed, and the price
paid by the winner is the worst approximation of the common value among all
three formats.

Instead, the OO activates some behavioral biases that enhance revenue. Bid-
ders who suffer from endowment effects lose moremoney in these auctions. When
they become the provisional winner, auction fever strikes and they become willing
to submit higher bids than otherwise expected. In addition, the OO encourages
bidders to submit jump bids. In contrast to the theoretical literature, jump bids
do not enhance winners’ expected profits. Jump bidders are more likely to win the
auction, but they tend to lose money doing so.

Oral Outcry auctions may be popular not because they allow bidders to ag-
gregate information. Instead, a more important rationale for using Oral Outcry
auctions may be that they activate revenue enhancing behavioral biases.
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Appendix

2.A eBaydata, revenuepredictions, andadditional anal-
yses

We start with an analysis of information effects on eBay. Then, we discuss revenue
predictions for different parameterizations, and we present behavioral models. We
present cursed equilibrium for the JEA and show the results for a horse race be-
tween different models in the AV and the JEA. We also present some robustness
checks of the analyses in the main paper.

2.A.1 Information usage on eBay

eBay gives bidders access to a detailed bidding history during an auction. To inves-
tigate the effects of information use on eBay, we collected data from eBay-auctions
between August 8 and September 27, 2019. We chose one of the most frequently
auctioned cellphones in that moment, the Apple iPhone X, 64GB, with a total of
1194 phones. These phones vary considerably in the condition they are sold, with
buyers potentially making inference on the phone’s value for example based on
pictures, descriptions, or the sellers’ reviews. Crucially, the interested bidders can
study others’ bids, which may allow them to learn about a specific phone’s value.

To explore this endogenous learning, we perform median splits of the data on
a number of dimensions which might convey information during the auction, such
as the interim price, the number of bids per bidder and the average increments
between consecutive bids. We then study if median splits along these variables
explain variation in the final price. Before performing themedian splits, we regress
the final price on a number of observable characteristics, such as the (exogenously
set) length of the auction, the reserve price, the number of bids and the number
of bidders, as well as the review count of the seller. By extracting the residuals
obtained from these regressions, we factor out all variation that can be explained
by these observable exogenous characteristics.43

43The described pattern is also found when directly comparing prices across the same median
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In Figure 2.A.1, we plot the average residual for cellphones above and below the
median for each of the three different splits of the data. First, we split the auctions
based on the price of the cellphone when half of the total length of the auction
elapsed. Second, we perform a split based on the average increment per bidder
(given by the price at the end less the reserve price, divided by the number of bids
submitted). This captures the degree of jump bidding observed. Third, we split on
the number of bids per bidder.44

We observe that the average residuals of the iPhones are different depending
on which half of the data they are categorized in. The effects are also quite sizable,
as the average price of the phones is $425.8, standard deviation of $175.8. This im-
plies that there is systematic variation in the prices of these phones which cannot
be explained by the observable exogenous characteristics. Instead, this residual
variation can be explained by the categories we perform the median split by, and
these variables may capture information generated endogenously in the auction.
This indicates that information revelation might matter.

Crucially, this type of observational data cannot be used to establish unam-
biguously that information revelation is taking place and what effect revealing
information has. First of all, the direction of causality is not clear (e.g., are ex-
pensive phones attracting many bids, or do many bids increase the price?). More
importantly, we cannot evaluate what information is processed without observing
bidders’ information sets and the underlying value of the good to be sold. Also,
we are unable to determine the impact of information without providing a control
condition where no information is being revealed. However, this is possible in our
laboratory experiment.

2.A.2 Revenue predictions for different parameterizations

In the choice of parameterizing the mean and variances of the values and signals
for this experiment, we simulated revenues of the AV and the JEA to generate pre-
dictions of the symmetric Nash equilibrium. In Table 2.A.1, we report results of
these simulations. For each parameterization, we draw 50,000 sets of signals ac-
cording to the procedures of the draws for the experiment, then calculate average
revenues based on all simulated bids. In Table 2.A.1, 𝑅𝐴𝑉 are revenues in the AV, 𝑅𝐽𝐸𝐴
are revenues in the JEA. We simulate different parameterizations, for the full set of
parameters (𝜇, 𝜎𝑉, 𝜎𝜖), which is the mean 𝜇 and standard deviation 𝜎𝑉 of the value
distribution as well as the standard deviation 𝜎𝜖 of the error distribution. Within
each parameterization, we give mean revenues in the first row, and the standard
deviation of the revenue in the second row. From the Table, it is clear that revenue

splits.
44As we perform the median split on these characteristics, we do not residualize the reserve

price when performing the split on the price in the first half, and we do not residualize the number
of bids and the number of bidders when performing the split on the number of bids per bidder.
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Figure 2.A.1: Residuals obtained from regressions of final price

differences of the Nash equilibrium are quite small across specifications. Theoret-
ical revenue differences for uniformly distributed values and errors are similarly
low, the case studied by the previous literature.

Additionally, we calculated revenue differences for varying numbers of bid-
ders. In Table 2.A.2, for the paramaterization used in this experiment, (𝜇, 𝜎𝑉, 𝜎𝜖) =
(100, 25, 35), we state Nash equilibrium revenue differences for different numbers
of bidders. Evidently, theoretical revenue differences between treatments are not
driven by the size of our auctions.
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Table 2.A.1: Revenue Nash predictions with varying parameters

(𝜇, 𝜎𝑉, 𝜎𝜖) 𝑅𝐴𝑉 𝑅𝐽𝐸𝐴

(50, 10, 12) Mean 48.3555 48.7510
Standard deviation (8.3056) (8.6844)

(100, 10, 12) Mean 98.3877 98.7540
Standard deviation (8.4207) (8.8667)

(100, 10, 30) Mean 98.3874 98.5852
Standard deviation (5.3808) (6.0436)

(100, 20, 20) Mean 96.9314 97.6790
Standard deviation (17.6035) (18.2750)

(100, 20, 30) Mean 96.5708 97.4156
Standard deviation (15.1637) (6.0436)

(100, 20, 40) Mean 96.1720 97.2063
Standard deviation (12.7600) (12.4809)

(100, 30, 20) Mean 96.6016 97.5939
Standard deviation (26.8225) (27.2350)

(100, 30, 30) Mean 95.4797 96.9314
Standard deviation (23.5650) (24.1363)

(100, 40, 40) Mean 92.9095 95.5161
Standard deviation (26.4453) (26.4859)

(200, 40, 40) Mean 194.1535 195.6345
Standard deviation (35.1111) (36.3651)

Table 2.A.2: Revenue predictions varying number of bidders, (𝜇, 𝜎𝑉, 𝜎𝜖) =
(100, 25, 35)

Number of bidders 𝑅𝐴𝑉 𝑅𝐽𝐸𝐴

3 Mean 93.4861 94.2020
SD (18.0011) (18.2828)

5 Mean 95.6073 96.9290
SD (18.2036) (18.9653)

7 Mean 96.1953 97.7570
SD (18.1058) (19.0956)

9 Mean 96.6706 98.4264
SD (17.7684) (18.8915)

11 Mean 96.6956 98.5875
SD (17.6533) (18.7593)
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2.A.3 Naïve models

In this Section we discuss some behavioral models that have been discussed in
the literature, to explain observed behavior in the AV and the JEA. In the AV, there
are two principal behavioral models which might capture bidding behavior. First is
the “bid signal”-heuristic, according to which bidders might just enter a bid equal
to their own signal:

𝑏(𝑥𝑖) = 𝑥𝑖

In expectation, this will result in overbidding of the winning bidder, as the bidder
neither includes information on the distribution of signals and values nor consid-
ers the informativeness of winning.

Second, somewhat more sophisticated bidders will incorporate information
about the prior distribution of the value. In the “Bayesian bid signal”-heuristic,
bidders still suffer from the Winner’s curse, but bid the expected value of the good
for sale, conditional on one’s signal, as in Goeree and Offerman (2003b):45

𝑏(𝑥𝑖) = 𝔼[𝑉|𝑥𝑖] = 𝑥𝑖 − 𝔼[𝜖𝑖|𝑥𝑖]

To explain behavior in the JEA, Levin et al. (1996) propose a “signal averaging
rule”, according to which bidders bid an equally weighted average of their own
signal and the signals of their fellow bidders, revealed from the previous dropouts.
This rule incorporates revealed information in a natural way.

Close to the bid-signal heuristic is the “symmetric signal averaging rule”, intro-
duced by Levin et al. (1996). Here, all bidders assume that all other bidders follow
this rule as well. After 𝑘 bidders dropped out, with the vector of revealed signals
being Y𝑖, this implies the following bid:

𝑏𝑗(𝑥𝑖,Y𝑖) =
1
𝑗
𝑥𝑖 +

1
𝑗

𝑗−1

∑
𝑘=1

𝑌𝑖, (𝑘)

This formulation can be rewritten to only depend on the last dropout price, for the
vector of previous dropout prices p𝑗−1, 𝑝𝑗−1 being the 𝑗 − 1-th observed dropout:

𝑏𝑗(𝑥𝑖,p𝑗−1) = 𝑥𝑖 +
𝑗 − 1
𝑗
𝑝𝑗−1

A variant of this rule is the “asymmetric signal averaging rule”, according to which
bidders assume that other dropouts are based on the heuristic of bidding equal

45Within the setup of our experiment, we can use that 𝜖𝑖|𝑥𝑖 ∼ 𝑁 (
𝜎2𝜖 (𝑥𝑖−𝜇)

𝜎2𝜖+𝜎
2
𝑉
, 𝜎

2
𝜖𝜎

2
𝑉

𝜎2𝜖+𝜎
2
𝑉
). As derived in

Goeree and Offerman (2003b): 𝑏(𝑥𝑖) =
𝜎2𝑉𝑥𝑖+𝜎

2
𝜖𝜇

𝜎2𝑉+𝜎2𝜖
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to signal. This would enable bidders to more easily include others’ information.
Additionally, it appears to be an intuitive rule given the information salient in the
auction process. If bidders follow the asymmetric signal averaging rule, with 𝑝𝑗−1
being the 𝑗 − 1-th dropout, bids are given by:

𝑏𝑗(𝑥𝑖,p𝑗−1) =
1
𝑗
𝑥𝑖 +

1
𝑗

𝑗−1

∑
𝑘=1

𝑝𝑘

Similar to the “Bayesian bid signal” heuristic, signal averaging rules can also in-
corporate information about the prior. According to the “Bayesian signal averaging
rule”, bidders apply Bayes rule in combination with the symmetric signal averaging
rule. In this case, after 𝑗 − 1 observed dropouts, bidder 𝑖 calculates the average of
available signals �̄�𝑖 =

1
𝑗 𝑥𝑖 +

1
𝑗 ∑

𝑘−1
𝑘=1 𝑌𝑖,(5−𝑘):

𝑏(�̄�𝑖) =
𝜎2𝑉 �̄�𝑖 + 𝜎

2
𝜖𝜇

𝜎2𝑉 + 𝜎2𝜖

While it is unlikely that a bidder that is sophisticated enough to apply Bayes rule
correctly would rely on a signal averaging rule, Bayesian signal averaging is most of
all useful in anchoring bidding to the prior, compared to standard signal averaging.
Even if Bayes rule in itself is too sophisticated, it is also unlikely that bidders rely
purely on averaging available signals and fully ignoring all information on the prior
distribution of values.

2.A.4 Cursed equilibrium in the JEA

As shown by Eyster and Rabin (2005), the expected payoffs from winning in the
𝜒-virtual common value auction is given by:

𝜋(𝑉, 𝑝) = (1 − 𝜒)𝑉 + 𝜒𝔼[𝑉|𝑋𝑖 = 𝑥𝑖] − 𝑝

for price 𝑝, compared to winners’ payoff in Nash equilibrium of 𝜋(𝑉, 𝑝) = 𝑉 − 𝑝. We
continue to analyze a game where 𝜒 is homogeneous across participants, as well as
during the auction. This implies bidder’s cursedness is not affected by observing
other’s bids. From Milgrom and Weber (1982), we know that a symmetric Bayes
Nash equilibrium in the JEA is given by

𝑏𝑗(𝑥𝑖) = 𝔼[𝑉|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖, … , 𝑌𝑖,(5−𝑗) = 𝑥𝑖, 𝑝1 = 𝑏1 (𝑌𝑖,(4)) , …

… , 𝑝𝑗−1 = 𝑏𝑗−1 (𝑌𝑖,(5−𝑗+1)) ]
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This conditional expected value in a 𝜒-virtual game is equal to

𝔼[(1 − 𝜒)𝑉 + 𝜒𝔼[𝑉|𝑋𝑖 = 𝑥𝑖]|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖, … , 𝑌𝑖,(5−𝑗−1) = 𝑥𝑖, 𝑝1 = 𝑏1 (𝑌𝑖,(4)) , …

… , 𝑝𝑗−1 = 𝑏𝑗−1 (𝑌𝑖,(5−𝑗+1)) ]

= (1 − 𝜒)𝔼[𝑉|𝑋𝑖 = 𝑥𝑖, 𝑌𝑖,(1) = 𝑥𝑖, … , 𝑌𝑖,(5−𝑗−1) = 𝑥𝑖, 𝑝1 = 𝑏1 (𝑌𝑖,(4)) , … , 𝑝𝑗−1 = 𝑏𝑗−1 (𝑌𝑖,(5−𝑗+1))]

+ 𝜒𝔼[𝑉|𝑋𝑖 = 𝑥𝑖]

As Milgrom and Weber (1982) have shown that 𝑏𝑗(𝑥𝑖) is a Nash equilibrium in the
original game, the expression above is a symmetric cursed equilibrium in a 𝜒-virtual
game, for 𝜒 ∈ [0, 1].

To employ cursed equilibrium, we need to estimate the additional parameter 𝜒.
This also provides a measure of the cursedness of our subjects.

We estimate for the AV:

𝑏(𝑥𝑖) = (𝑥𝑖 −
∫∞−∞ 𝜖𝜙𝑉(𝑥𝑖 − 𝜖)𝜙

2
𝜖 (𝜖)Φ3

𝜖 (𝜖)𝑑𝜖

∫∞−∞ 𝜙𝑉(𝑥𝑖 − 𝜖)𝜙
2
𝜖 (𝜖)Φ3

𝜖 (𝜖)𝑑𝜖
)

⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
=𝑤𝑖

+

+ 𝜒 (
𝜎2𝜖𝑥𝑖 + 𝜎2𝜖𝜇

𝜎2𝑉 + 𝜎2𝜖
+
∫∞−∞ 𝜖𝜙𝑉(𝑥𝑖 − 𝜖)𝜙

2
𝜖 (𝜖)Φ3

𝜖 (𝜖)𝑑𝜖

∫∞−∞ 𝜙𝑉(𝑥𝑖 − 𝜖)𝜙
2
𝜖 (𝜖)Φ3

𝜖 (𝜖)𝑑𝜖
)

⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
=𝑧𝑖

We simulate all terms using bidders’ signals and then regress bids using OLS:

𝑏(𝑥𝑖) = 𝛽1𝑤𝑖 + 𝛽2𝑧𝑖

In a constrained regression, we impose no constant and 𝛽1 = 1. Then, 𝛽2 = 𝜒. For
the JEA, we proceed similarly. We first simulate Nash equilibrium bids, based on the
inference of observed dropouts.46 We also use OLS to estimate 𝜒 in the following
equation:

𝑏𝑘(𝑥𝑖, 𝑥𝑖) =
5𝑥𝑖𝜎

2
𝑉 + 𝜇𝜎2𝜖

5𝜎2𝑉 + 𝜎2𝜖⏟
=𝑤𝑖

+𝜒 (
𝜎2𝑉𝑥𝑖 + 𝜎2𝜖𝜇

𝜎2𝑉 + 𝜎2𝜖
−
5𝑥𝑖𝜎

2
𝑉 + 𝜇𝜎2𝜖

5𝜎2𝑉 + 𝜎2𝜖
)

⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
=𝑧𝑖

46Note that we do not use the theoretical, unobserved signals other bidders hold for simula-
tions. These predictions differ from the Nash equilibrium predictions by not incorporating realized
dropout prices, but these do require inferences bidders are not able to make given the observed
dropouts in the laboratory.

51



Chapter 2: Why are open ascending auctions popular?

We regress dropout prices on 𝑥1, 𝑥2:

𝑏𝑘(𝑥𝑖, �̄�𝑖) = 𝛽1𝑤𝑖 + 𝛽2𝑧𝑖

Again using constrained regression with no constant and 𝛽1 = 1, we obtain 𝛽2 = 𝜒.
In Table 2.A.3, we summarize the regression results. We estimate 𝜒 once for all
pooled data and once for the fourth dropouts in (2) and (4), respectively.

The coefficient on 𝑧𝑖 is �̂�, which turns out to be low in our sample. Recall that
𝜒 = 0 corresponds to Nash equilibrium bidding, thus our bidding behavior appears
to be close to this benchmark judged by the cursedness of the participant pool.

Table 2.A.3: Estimating 𝜒

(1) (2) (3) (4)
AV AV, 𝑑4 JEA JEA, 𝑑4

𝑤𝑖 1.000 1.000 1.000 1.000
(.) (.) (.) (.)

𝑧𝑖 (for �̂�) 0.058 0.985 -0.137 0.186
(0.058) (0.072) (0.059) (0.041)

Observations 2417 598 2453 599
Estimation OLS OLS OLS OLS
Notes: Standard errors in parentheses and clustered at the matching
group level.

2.A.5 Horse race between models

To understand how bidding behavior can be characterized, we analyze how well
individual bids can be predicted by the available models. For each bid in each
round and based on the available information, such as the signals and observed
dropouts, we simulate all models described previously. Then, we calculate the dis-
tance between each of the bids and all theoretical predictions, using the squared
difference. Denote 𝛿𝑖,𝑡,𝑚 the distance of the bid by bidder 𝑖 in round 𝑡, compared to
model𝑚. 𝑏𝑗;𝑖,𝑡 is the observed dropout price of bidder 𝑖 in round 𝑡, dropping out at
order 𝑗.47 𝑏𝑚𝑗;𝑖,𝑡 is the theoretically predicted dropout price by model 𝑚 for this bid.
The distance 𝛿𝑖,𝑡,𝑚 is given by:

𝛿𝑖,𝑡,𝑚 = (𝑏𝑗;𝑖,𝑡 − 𝑏
𝑚
𝑗;𝑖,𝑡)

2

After calculating each of the distances for all bids and models, we can determine
which model fits individual bids best. Then, we calculate the average distance of
all models across all bids. In other words, as a measure of fit, we state the mean
squared error in predicting bids for each model.

47Here, we only consider bidders who actively choose to drop out.
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To allow for a comparison of the size of the error, we also provide a benchmark
linear rule.48 For this, we run regressions which use the identical available infor-
mation as the models, which is the bidder’s signal and dropouts in case they are
observable. We then state the mean squared error of this prediction. By design,
this minimizes this error within the class of linear models, which nests all models
which are competing in this analysis.

In our analysis, we distinguish bids by dropout order. The first dropout order
are all bidders who drop out first in an auction, and so forth. Note that the fourth
dropout order is the most interesting, as these determine revenue.

Horse race for the AV

We start by comparing bidding behavior in the AV to the benchmarks. At this stage,
we consider four models. We compare the Nash equilibrium benchmark and three
naïve models: i) bidders exactly bid their signal, ii) Bayesian bid signal, where
bidders suffer from the winner’s curse, but do take the base rate into account, as
in Goeree and Offerman (2003b), and iii) bidders in cursed equilibrium as proposed
by Eyster and Rabin (2005), with an estimated 𝜒 = .0578. Next to it, we provide the
mean squared error of the linear benchmark at each dropout order, where only the
private information signal is observable by bidders.

Figure 2.A.2: Mean squared error of model predictions in the AV

The first key insight is the fact that bidding behavior at early dropout orders is
substantially less well predicted, as the mean squared error of the benchmark is

48Note that all models are in fact linear models. Derivations are available on request.
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much larger for early dropout orders than for late dropout orders. This decrease in
the error in dropout orders also holds for most other models considered. Second,
especially for the later dropouts, Bayesian bid signal shows the lowest error, and
comes very close to the benchmark prediction error.

Horse race for the JEA

We now continue this analysis for the JEA, using the identical classification proce-
dure. We incorporate all models tested above.49 Additionally, information reve-
lation allows us to evaluate naïve models where bidders incorporate others’ bids.
For this, we test three signal averaging rules. In these rules, bidders are bidding
the average of all signals available, both the private information signal as well as
signals inferred from opponents’ bidding behavior. The symmetric signal averaging
rule, originally introduced by Levin et al. (1996), uses that bidders assume that also
their opponents apply such a signal averaging rule. The Bayesian signal averag-
ing rule is additionally applying information on the prior, similar to the difference
between bid signal and Bayesian bid signal-rules for second-price auctions. The
asymmetric signal averaging rule assumes that other bidders bid their signal, thus
allows for straightforward computations. For the JEA, the best linear approxima-
tion incorporates all bids at earlier dropout orders, as these are observable when
deciding on a bid.

Figure 2.A.3: Mean squared error of model predictions in the JEA

The main pattern observed in the AV carries over to the JEA: later bids can and
in fact are predicted more precisely. Compared to the AV, the prediction error is

49For this auction format, we estimate �̂� = −0.137.
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much lower in the JEA at late dropout orders, suggesting that bidding behavior is
more predictable at this point (e.g., the best linear approximation for the fourth
dropout shows a mean squared error of 189.5 in the AV and 96.1 in the JEA). At early
dropout orders, there is however more noise in the JEA than in the AV. This might
complicate matters for remaining bidders trying to estimate the value based on
this revealed information in the JEA.

Interestingly, Nash equilibrium fits bidding behavior quite well, when compar-
ing the mean squared error to the benchmark error of the regression.50 Within
the signal averaging rules, the Bayesian signal averaging rule performs best. Note
that all signal averaging rules imply low intercepts in the linear bidding model,
and we have presented evidence for substantial intercepts in the main text. This
contributes to the high errors found for all signal-averaging rules.

2.A.5.1 Bid classification tables

Table 2.A.4 reports distances to predictions based on observed bidding.

Table 2.A.4: Classifying bids into models

AV JEA

First dropout

Nash 2321.8 1675.4
Bid signal 3718.3 3339.3
Bayesian bid signal 3763.3 3114.3
𝜒 cursed 2372.2 1590.5
Sym. signal average 3316.7
Asym. signal average 3316.7
Bay. signal average 3106.6

Best linear approx. 1004.0 1489.3

Second dropout

Nash 602.3 474.7
Bid signal 1261.3 1202.6
Bayesian bid signal 978.8 850.3
𝜒 cursed 597.6 488.2
Sym. signal average 722.3
Asym. signal average 722.9
Bay. signal average 505.6

Best linear approx. 465.9 473.5

AV JEA

Third dropout

Nash 356.3 225.8
Bid signal 807.5 952.6
Bayesian bid signal 298.1 398.6
𝜒 cursed 333.3 248.1
Sym. signal average 307.8
Asym. signal average 575.2
Bay. signal average 200.3

Best linear approx. 212.2 163.9

Fourth dropout

Nash 431.5 159.3
Bid signal 717.7 869.7
Bayesian bid signal 190.3 313.5
𝜒 cursed 404.0 176.4
Sym. signal average 331.6
Asym. signal average 567.4
Bay. signal average 335.6

Best linear approx. 189.5 96.1

Note: Average distance of observed bids to all consideredmodels, by auction format and dropout order. Distances
are squared distance from observed bid to bid predicted by each model. The best fitting model’s distance is in
bold, models within 10% of the best model’s fit are italicized.

50Note that the simulated Nash equilibrium bids, as well as all other models incorporating ob-
served dropouts, are based on inverting observed bids to retrieve the underlying signal. To do so,
these rules make assumptions about how other bidders form their bids. This often leads to infer-
ences about other bidders’ signals which are incorrect, as other bidders did not, in fact, bid exactly
as predicted by these models.
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2.A.6 Learning effects

Information revelation in auctions potentially affects how bidders learn over time.
In open auctions, this learning might also take place during the auction itself, and
before information is revealed in sealed bid auctions, at the end of an auction.

In Figure 2.A.4, we plot the evolution of the winning bidders’ profits over rounds,
by auction format.

Figure 2.A.4: Evolution of profits over rounds by auction format

There is learning in the sense that profits increase over rounds. However, there
are no meaningful differences in the evolution of profits between the JEA and the
AV, learning in the OO is strongest in the sense of increases in profits over time. As
we discuss in the main text, our results on revenue continue to hold in our auction
data separately both in the first and last 15 rounds.

2.A.7 Estimations with experienced bidders

In the following, we present results of repeating estimations we report in the main
text when only using the second half of our data, rounds 16 to 30.

In Table 2.3 in themain text, we study how available information correlates with
bids. Table 2.A.5 repeats this anaylsis for rounds 16-30.

Across dropout orders, bidders appear to rely relatively less on public dropouts,
and relatively more on their own private signal in late rounds. (8) shows that ob-
served bids are more informative in late rounds than in the full data set. However,
bidders still rely too strongly on the observed dropouts than what the empirical
best response in (9) suggests.

In Table 2.4, we show that bids are more strongly correlated in the JEA than in
the AV. Table 2.A.6 repeats this analysis for rounds 16-30. Results are in line with
results in the full data set, apart from the coefficient on the interaction term of 𝑏1
and JEA in the regression of 𝑏2.
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Table 2.A.5: Bidders’ use of information in JEA

(1) (2) (3) (4) (5) (6) (7) (8) (9)
𝑏1 𝑏2 𝑏3 𝑏4 𝑉 ̂𝐵𝑅

Observed Observed Observed Observed Nash SA BSA

𝑥 0.329 0.274 0.179 0.149 0.287 0.250 0.168 0.232 0.290
(0.078) (0.057) (0.047) (0.035) (0.000) (0.000) (0.000) (0.040) (0.001)

𝑏1 0.341 0.038 0.029 0.100 0 0 -0.010 0.017
(0.063) (0.026) (0.015) (.) (.) (.) (0.035) (0.005)

𝑏2 0.537 -0.010 0.167 0 0 -0.011 0.047
(0.089) (0.019) (.) (.) (.) (0.057) (0.008)

𝑏3 0.641 0.333 0.750 0.832 0.302 0.143
(0.088) (.) (.) (.) (0.085) (0.009)

𝑡 -0.592 0.201 0.288 -0.063 0.379 -0.041
(0.522) (0.423) (0.163) (0.140) (0.187) (0.007)

Constant 35.745 34.694 23.235 26.580 11.265 0 0 41.700 50.207
(17.143) (10.104) (5.317) (4.495) (.) (.) (.) (6.651) (0.597)

Observations 300 300 300 300 300 300
Adj. 𝑅2 0.167 0.394 0.751 0.833 0.370 0.988
Rounds 16-30 16-30 16-30 16-30 16-30 16-30
Estimation FE FE FE FE OLS OLS

Notes: 𝑏𝑗: dropout price at order 𝑗; 𝑉: common value; 𝑥: own signal. (1) to (4) are fixed effects estimates (within estimation) of information use.
Dependent variables (in columns) are dropout prices at each order, e.g. (1) are all bidders dropping out first in an auction. Regressors (in rows) are
the available information at each dropout order, i.e., the signal 𝑥 and the preceding dropout prices b𝑗−1. (5) to (7) show how information is used in
three canonical models, only for the fourth dropout. SA refers to the signal averaging-rule, BSA to the Bayesian signal averaging-rule. Note that
these show how bids respond to earlier bids, where these bids are also calculated to follow the theoretical models. (8) shows how the price-setting
bidder would have to use information to predict the common value after observing three dropouts. (9) shows how the bidder dropping out fourth
would weigh information in an empirical best response. We provide adjusted 𝑅2 of the original within-estimated model, as well as from estimating
standard OLS where we include subject-specific absorbing indicators. The latter also includes fit obtained from subject fixed effects. Standard errors
in parentheses, clustered at the matching group level.
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Table 2.A.6: Comparing information use in the AV and the JEA, round 16-30

𝑏2 𝑏3 𝑏4

𝑏𝑗−1 0.316 0.268 0.325
(0.050) (0.026) (0.039)

JEA × 𝑏𝑗−1 0.026 0.269 0.316
(0.079) (0.091) (0.094)

Observations 599 599 599
Adjusted 𝑅2 0.432 0.733 0.784

Notes: 𝑏𝑗−1 denotes the just preceding dropout, e.g.
is 𝑏1 for 𝑏2. JEA is a dummy equal one for JEA auc-
tions. Other variables in regression omitted from ta-
ble: all regressions include signal 𝑥, round 𝑡, all pre-
ceding dropouts (𝑏𝑗−𝑘 for all 𝑘 ∈ {1,… , 𝑗 − 1}), as well as
all these variables interacted with the JEA-dummy and a
constant. Standard errors in parentheses and clustered
at the matching group level.

In Table 2.5, we study whether separately elicited characteristics of subjects
correlate with the fixed effect we estimate from bidders’ information use. Table
2.A.7 repeats this with experienced bidders.

Point estimates are mostly comparable to the analysis with the full data set in
the main text. There are some estimates with larger standard errors, e.g. Imitator
is no longer significant in (1). Point estimates for Imitator in the JEA in (2) turn
negative, but remain not significant. The coefficient on SVO in the AV in (3) and
the JEA in (4) turns positive and significant, comparable to the coefficient for early
bids in (1). Note however that by restricting the dataset to the last 15 rounds, we
will estimate the fixed effects much less precisely, as we on average only have 3
observations per individual to estimate those. In addition, for one bidder for 𝑏1
& 𝑏2, as well as for five bidders for 𝑏3 & 𝑏4, we cannot obtain a fixed effect any
longer, as we don’t have observations at these dropout orders for these bidders.

In Figure 2.5 in the main text we plot squared distances from the value to the
prices in the auction and to some benchmarks, respectively. In Figure 2.A.5, we
show this based on auction rounds 16 to 30. We observe some learning, as dis-
tances decrease compared to the analysis in the main text. This is strongest for
the OO, where distances move closer to the no information benchmark, and bids
in the empirical best response reveal more information than they do in the JEA.

Figure 2.A.5: Squared distance to common value, rounds 16 to 30
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Table 2.A.7: Bidder fixed effects and their characteristics, rounds 16 to 30

(1) (2) (3) (4)
Average bidder fixed effect

𝑏1 & 𝑏2 𝑏3 & 𝑏4
AV JEA AV JEA

SVO 0.110 -0.222 0.100 0.117
(0.043) (0.213) (0.034) (0.030)

Imitator 4.469 -1.086 3.014 3.179
(3.668) (7.912) (2.023) (2.032)

Constant 0.894 7.993 -4.797 -3.264
(1.847) (3.317) (1.295) (1.949)

Observations 50 39 47 38
Adjusted 𝑅2 -0.006 -0.013 0.035 0.141

Notes: Average fixed effects from regressing bids on available informa-
tion for first and second vs. third and fourth dropout. SVO is a subject’s
social value orientation, in degrees. Imitator is a dummy variable equal
one if a subject chose to retrieve social information when this contains
no valuable information on the true state. Standard errors in parenthe-
ses, clustered at the matching group level.

In Table 2.6 in the main text, we investigate the effect of jump bids. In Table
2.A.8, we repeat this analysis for rounds 16 to 30, also constructing instruments
only from experienced bids. Effects of jump bidding appear to be somewhat less
pronounced in the second half of the data, but broadly similar.
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Table 2.A.8: Effect of jump bids in the OO, rounds 16-30

(1) (2) (3) (4)
Winners’

Jump bid Pr(win) Profits profits

Total jump bid (IV) 0.341 -0.106 -0.232
(0.097) (0.054) (0.067)

𝑥 0.283 0.178 -0.118 -0.095
(0.029) (0.043) (0.014) (0.025)

𝑡 -0.043 0.471 0.434
(0.185) (0.130) (0.175)

𝑉 0.587 0.630
(0.059) (0.071)

Constant 27.738 -14.532 -57.356 -49.753
(7.274) (2.465) (4.318) (8.201)

Observations 1309 1309 1309 300
Adjusted 𝑅2 0.072 0.097 0.304 0.283
Estimation OLS 2SLS 2SLS 2SLS
First-stage F-statistic 490.25 500.05 188.05
Hansen J-statistic, p-value .800 .249 .620

Notes: Jump bid is the increment of a bid beyond the current price at the moment the bid was
submitted. In 2SLS, we instrument the total jump bids and the maximum bid increment in other
rounds. 𝑥 is the submitting bidder’s signal in round 𝑡. 𝑉 represents the common value. Standard
errors in parentheses, clustered at the matching group level.

2.A.8 Information usage in the AV and the JEA

In Section 2.6.2, we describe an empirical best response ̂𝐵𝑅 in the JEA. It relies on
estimated signals. Table 2.A.9 shows results of regressing signals on bids, which we
in turn use to predict signals based on observable bids, where 𝑥𝑗 refers to the signal
of the bidder dropping out in 𝑗-th order in round 𝑡, and ̂𝑥𝑗 refers to the predicted
signal of the bidder dropping out in 𝑗-th order.

In Table 2.4, we show that bids are more strongly correlated in the JEA than in
the AV, suggesting that information is actively used in the open format. Doing so
controls for the correlation of unobservable dropouts in the AV, which arise as in
these regressions bids are ordered. Table 2.A.10 shows the full regression results.
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Table 2.A.9: Predicting signals with observed bids

(1) (2) (3)
𝑥1 𝑥2 𝑥3

𝑑𝑗 0.205 0.567 1.009
(0.064) (0.089) (0.087)

̂𝑥1 0.048 0.081
(0.191) (0.226)

̂𝑥2 -0.147
(0.140)

𝑡 0.270 0.177 0.166
(0.202) (0.175) (0.140)

Constant 68.089 33.977 5.797
(4.111) (11.964) (13.079)

Observations 600 600 600
Adjusted 𝑅2 0.031 0.213 0.342
Rounds 1-30 1-30 1-30
Estimation OLS OLS OLS
Session FE Yes Yes Yes
Notes: Standard errors in parentheses and clustered at the matching
group level.

Table 2.A.10: Comparing information use in the AV and the JEA

𝑏1 𝑏2 𝑏3 𝑏4
𝑥 0.247 0.297 0.242 0.227

(0.0457) (0.0216) (0.0224) (0.0298)

𝑏1 0.285 -0.00113 -0.0141
(0.0309) (0.0172) (0.0209)

𝑏2 0.357 -0.0114
(0.0319) (0.0317)

𝑏3 0.465
(0.0440)

𝑡 -0.498 -0.0381 -0.126 -0.174
(0.155) (0.0872) (0.0596) (0.0341)

JEA × 𝑥 0.0464 -0.0296 -0.0704 -0.109
(0.0718) (0.0398) (0.0342) (0.0336)

JEA × 𝑏1 0.0871 0.0244 0.0392
(0.0463) (0.0243) (0.0253)

JEA × 𝑏2 0.195 -0.0271
(0.0533) (0.0479)

JEA × 𝑏3 0.244
(0.0827)

JEA × 𝑡 0.181 -0.0844 0.0433 0.0991
(0.315) (0.141) (0.0937) (0.0455)

Constant 32.09 38.94 37.14 33.30
(4.573) (1.653) (1.969) (2.440)

Observations 1199 1199 1199 1199
Adjusted 𝑅2 0.135 0.502 0.732 0.777
Estimation FE FE FE FE
Notes: Standard errors in parentheses and clustered at the matching
group level.
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2.A.9 Informational impact of dropouts

In this Section, we investigate the informational impact of earlier bids on subse-
quent bids. To do so, we first regress bids, by dropout order, on public information,
and then predict residuals. As this estimation by design excludes all private infor-
mation, for example a bidder’s signal or bidders’ idiosyncratic characteristics, this
variation will be captured in the residual. Below, we reproduce the estimation used
to predict residuals, we do use matching group fixed effects in this estimation.

Table 2.A.11: Residual estimations

𝑏1 𝑏2 𝑏3
𝑏1 0.477 0.0221

(0.0385) (0.00955)

𝑏2 0.665
(0.0435)

𝑡 -0.555 -0.148 -0.0479
(0.318) (0.108) (0.0949)

Constant 77.19 60.20 36.93
(4.930) (2.747) (4.435)

Observations 600 600 600
Adjusted 𝑅2 0.113 0.419 0.698
Fixed effects matching group matching group matching group
Estimation OLS OLS OLS

Notes: Standard errors in parentheses and clustered at the matching group level.

We then regress dropouts at later dropout orders on these residuals, results
are reported in Table 2.A.12. Doing so, we can estimate the impact of information
revealed in earlier bids on later bids, where we isolate the information contribution
of each observed bid. For comparison, we repeat this exercise for Nash equilibrium
and the Bayesian signal-averaging rule.51

In (1) to (3), we observe that the effect of a bidder’s private information, cap-
tured by 𝑥 is less than the public information, revealed through the dropouts. As in
the analysis in the main text, we see that the just preceding dropout carries most
weight in explaining bidding behavior. This does not lend support to bidders suf-
fering from a strong correlation neglect, as we would expect higher coefficients on
the impact of earlier residuals in that case (e.g., on 𝑒1). Similarly, bidders’ private
information, 𝑥, is weighted less than in the benchmarks.

51In predicting corresponding residuals, we do not use matching group fixed effects nor do we
control for round. For this estimation, note that the residuals are obtained from regressing simu-
lated bids on simulated bids.
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2.A.10 Explaining heterogeneity in bidding

In Section 2.6.3, we study correlations of bidders’ fixed effect with their separately
elicited characteristics. A potential concern of this analysis is that these fixed ef-
fects are themselves estimated, and some might be more noisily estimated than
others. To account for this, we study whether the results presented in the main
text are robust to using Weighted Least Squares instead of OLS, where the weights
are given by the inverse of the average variance of the estimate of each bidders’
(averaged) fixed effect. This procedure ensures that particularly noisy fixed effects
receive less weight in the regression. We present results in Table 2.A.13.

Table 2.A.13: Bidder fixed effects and their characteristics

(1) (2) (3) (4)
Average bidder fixed effect

𝑏1 & 𝑏2 𝑏3 & 𝑏4
AV JEA AV JEA

SVO 0.118 -0.231 0.037 0.045
(0.024) (0.037) (0.024) (0.037)

Imitator 5.364 4.840 5.606 1.080
(1.030) (1.695) (1.030) (1.695)

Constant 0.492 7.681 -3.719 -0.615
(0.716) (1.092) (0.716) (1.092)

Observations 50 40 50 40
Estimation WLS WLS WLS WLS

Notes: Average fixed effects from regressing bids on available information
for first and second vs. third and fourth dropout; pooling data from the AV
and the JEA. SVO is a subject’s social value orientation, in degrees. Imitator
is a dummy variable equal one if a subject chose to retrieve social infor-
mation when this contains no valuable information on the true state. We
use weighted least squares, with the weight given by the inverse average
variance of the estimate of the bidder fixed effect, averaged at 𝑑1 and 𝑑2,
and at 𝑑3 and 𝑑4. Standard errors in parentheses.

We observe that the point estimates presented in the main text carry over. In
addition, some coefficients which are not significant in the main text are highly
significant in this specification, e.g. the coefficient on SVO in JEA in (2).

2.A.11 Further results on jump bidding

In the main text, we report 2SLS estimations, where we instrument for the total
jump bid with the maximum bid increment and average total jump bid of each
bidder obtained in all other rounds.

In Table 2.A.14, we report results of the first stage. In addition, we report the
Kleibergen-Paap F-statistic, which suggests that the instruments are relevant, and
𝑝-values for the Hansen J-statistic, which do not reject that the chosen instru-
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ments are valid. Columns (2), (3) and (4) show first-stage results for each of the
corresponding second-stages in Table 2.6 in the main text.

Table 2.A.14: First stage for 2SLS estimation

(2) (3) (4)
Dependent variable: total jump bid

Maximum increment in other rounds 0.163 0.163 0.151
(0.032) (0.032) (0.060)

Mean total jump bid in other rounds 0.582 0.584 0.699
(0.069) (0.071) (0.079)

𝑥 0.279 0.302 0.175
(0.028) (0.029) (0.046)

𝑉 -0.076 0.106
(0.018) (0.046)

𝑡 -0.163 -0.528
(0.122) (0.201)

Constant -26.761 -19.123 -9.381
(5.742) (7.061) (8.876)

Observations 2687 2687 600
F-statistic 96.4 98.7 143.3
Hansen J-test .584 .582 .948

Notes: The dependent variable across all first-stage regressions is the total jump bid, given by the sum of bid
increments beyond the current price within a round. As instruments, we use the maximum bid increment and
the mean total jump bid for each bidder in all but the current round. 𝑥 is the submitting bidder’s signal in
round 𝑡. 𝑉 represents the common value. Standard errors in parentheses, clustered at the matching group
level.

For robustness, we repeat the analysis in Table 2.6 using only the mean total
jump bid in other rounds, and show results in Table 2.A.15.
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Table 2.A.15: Effect of jump bids in the OO, one instrument

(1) (2) (3) (4)
Winners’

Jump bid Pr(win) Profits profits

Total jump bid (IV) 0.343 -0.274 -0.315
(0.087) (0.134) (0.151)

𝑥 0.274 0.146 -0.064 -0.031
(0.032) (0.039) (0.043) (0.044)

𝑡 -0.137 0.875 0.779
(0.125) (0.166) (0.151)

𝑉 0.624 0.634
(0.046) (0.066)

Constant 30.525 -12.128 -66.217 -58.989
(5.937) (2.756) (6.987) (10.231)

Observations 2687 2687 2687 600
Adjusted 𝑅2 0.069 0.103 0.284 0.286
Estimation OLS 2SLS 2SLS 2SLS
F-statistic 86.9 85.7 325.2

Notes: Jumpbid is the increment of a bid beyond the current price at themoment the bidwas submitted. In (1),
we regress total jump bid on bidders’ signals and round 𝑡. In (2) to (4), we use 2SLS, where we instrument using
the average total jump bid in other rounds. (2) is the ex-post probability of winning, which is a dummy equal
to one if a bidder wins the auction, 0 otherwise. Mean earnings are a participants’ average earning across
all auctions, winners’ profits are the earnings for the auctions which a participant won. 𝑥 is the submitting
bidder’s signal in round 𝑡. 𝑉 represents the common value. Standard errors in parentheses, clustered at the
matching group level.

2.A.12 Questionnaire results

In the questionnaire, we offered several reasons why bidders behaved as they did,
asking participants how much they agree to a statement on a 7-point Likert scale.

Below is the mean and standard deviation of how much people agree with a
given statement. The scale is from 1 to 7, where 7 is fully agreeing, 4 is undecided.
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Treatment Statement Mean SD

AV In auctions where I did not expect to win, I stayed in the
auction longer to increase the price paid by the winner.

2.72 1.96

JEA In auctions where I did not expect to win, I stayed in the
auction longer to increase the price paid by the winner.

3.64 2.03

AV In auction where I did not expect to win, I quit the auc-
tion sooner to decrease the price paid by the winner

2.98 2.00

JEA In auction where I did not expect to win, I quit the auc-
tion sooner to decrease the price paid by the winner

3.08 1.83

JEA When I observed other bidders leaving, I formed amore
precise guess of the value of the item.

4.82 1.76

JEA When I observed other bidders leaving, I also immedi-
ately left the auction, as I relied on the other bidders’
guess of the value.

3.79 1.85

OO All else being equal, I was more likely to enter a new bid
if I have been the standing bidder for longer.

3.21 1.76

OO All else being equal, I was willing to pay more for the
item if I have been the standing bidder for longer.

3.26 1.82

OO I tried to deter other bidders from bidding by entering
a bid much higher than the current price.

4 2.12

OO I tried to prevent other bidders from entering their de-
sired bid by entering a bid much higher than the current
price.

4.36 1.94

OO I entered bids much higher than the current price be-
cause I thought this would allowme to pay a lower price
for the item.

3.21 2.04

OO I entered bids much higher than the current price be-
cause I was feeling impatient and wanted the auction
to finish sooner.

3.15 1.95

OO I entered bids much higher than the current price be-
cause I was becoming annoyed by being overbid by
other participants.

3.26 2.11

OO I entered bids much higher than the current price be-
cause it felt costly to decide on and enter new bids.

2.92 1.75

2.A.13 Circle test

We also elicited subjects’ social value orientation. It is given as an angle. 0° is
purely selfish (6 self, 0 other), whereas 45° is splitting equally between self and
other (minimising inequality and maximising efficiency). Figure 2.A.6 gives a his-
togram of observed choices.
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Figure 2.A.6: Angle in circle test

2.A.14 Histograms of auction revenues

In Figure 2.A.7, we plot histograms of the revenues in all three auction formats as
well as a histogram of the common values drawn.

Figure 2.A.7: Histograms of the drawn common values and revenues.
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2.B Instructions and screenshots of the experimental
interface

In the following, we reproduce the instructions for participants as well as examples
of the auction screens.

2.B.1 Experimental instructions

Page 1 Welcome!
Welcome to this experiment. Please read the following instructions carefully.

You will also receive a handout with a summary. There is a pen and paper on your
table, you can use these during the experiment. We ask that you do not com-
municate with other people during the experiment. Please refrain from verbally
reacting to events that occur during the experiment. The use of mobile phones is
not allowed. If you have any questions, or need assistance of any kind, at any time,
please notify the experimenter with the CALL button on the wall to your left, the
experimenter will then assist you privately.

Your earnings will depend on your decisions and may depend on other partic-
ipants’ decisions. Your earnings will be paid to you privately in cash at the end
of today’s session. All your earnings will be denoted in points. At the end of the
experiment, each point that you earned will be exchanged for 25 eurocents.

Page 2 Decision and Payoffs
This experiment consists of 30 periods. In each period, you will be allocated

randomly to a new group of five participants. Therefore, in each period you will be
in a group with (most likely) different participants. You will never learn with whom
you are in a group. At the end of the experiment, five periods will be randomly
selected for payment. Your earnings will be the sum of the earnings in these five
periods.

Description of the situation and possible earnings
In each period, an auction will take place. In each auction, a product of un-

known value will be sold. In each period, you will be given a capital of 20 points.
Any profits or losses you make in this period will be added to or subtracted from
this capital.

Procedures
In each auction, each of the five participants (including you) can obtain the

product. First, every participant indicates that he or she is ready, and, as soon as
all participants indicate so, there will be a countdown of three seconds, after which
the auction starts.
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{JEA/AV: In the auction itself, the price will rise in increments of one point, start-
ing at a price of 0. This will be indicated with a thermometer, where the level of
the thermometer indicates the current price.

At any point while the price rises, you can decide to leave the auction. You
do so by clicking on the “EXIT” button, indicating that you are not willing to buy
the item and leave the auction for this period. For all remaining participants, the
auction continues.

The auction stops after four of the five participants have pushed the “EXIT”
button. The winner of the auction is the last participant remaining in the auction.
The price the winner has to pay to buy the product is determined by the level of the
thermometer when the fourth bidder has pushed the “EXIT” button. The price level
at this point is called SELLING PRICE. The winner obtains the product and pays the
SELLING PRICE. The earnings for the winner in the period are given by the value
of the product minus the SELLING PRICE. These earnings are added to the capital
of 20 points in this period. More details about how the value of the product is
determined will follow. All participants who exited the auction will not obtain the
product and will earn an amount equal to the capital of 20 points in this period.

{AV ONLY: During the auction, you will not observe how many participants re-
main in the auction. The price continues to rise as long as there are at least two
participants in the auction including yourself.}{JEA ONLY: During the auction, you
will be notified as soon as any other participant exits the auction. You will be
shown at which price this other bidder left the auction, and there will be a pause
of 4 seconds, in which the price will not be increasing. Afterwards, as long as there
are at least two participants remaining in the auction, the price rises again.}

In the unlikely case in which multiple participants quit at the same moment
and there is no bidder remaining in the auction afterwards, the program will ran-
domly choose the person buying the item from all participants who were the last
to exit and did so at the same time. The SELLING PRICE is then the level of the
thermometer where these participants simultaneously pressed the button.

At the end of each period, the SELLING PRICE paid by the buyer will be shown
to all participants within a group. The buyer will not literally receive a product.
In addition to the capital for the period, he or she will receive an amount equal
to the value of the product minus the selling price of the product (in points). The
previously unknown value of the good will then be revealed to all bidders, as well
as their earnings in points in this period. Afterwards, you will be matched with a
new group of bidders and a new auction starts, with the same procedure.

Example: Suppose that the first 4 bidders who exit the auction do so at prices
40, 50, 70, 80. Further assume that the product’s value is 90 points. Then the last
remaining bidder in the auction will receive the product and pay 80 points. His
or her earnings from the auction will be 90-80=10, and the total earnings for the
period will be 10 + 20, where 20 is the capital of the period. All other bidders will
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each earn the capital of 20 in that period.}
{OO: In the auction itself, participants will have the opportunity to enter max-

imum bids. A maximum bid tells the computer how much you maximally want to
pay for the good. The computer will try to obtain the good as cheap as possible
on your behalf, and at a price that is no higher than your maximum bid. If your
maximum bid is the highest at some moment, then you are the current standing
bidder. The standing bidder at the end of the auction obtains the product. This
auction proceeds in bidding rounds in the following manner:

As soon as the auction starts, a 15 seconds countdown is initiated. Within these
15 seconds, each bidder can submit a maximum bid that is zero or higher. When-
ever a maximum bid is submitted, the auction will be momentarily paused. The
bidder who submitted the highest maximum bid so far will be recognized as the
standing bidder. At the same time, the second highest maximum bid submitted up
to this point will be the CURRENT PRICE for the good. The CURRENT PRICE will be
displayed to all participants and a new bidding round immediately starts. Again,
a countdown of 15 seconds is initiated, and bidders can submit new maximum
bids. Any new maximum bid has to be higher than the CURRENT PRICE. The current
standing bidder is notified that he is the standing bidder. He/she will only be able
to submit a new maximum bid when he/she is no longer the standing bidder.

This procedure will then be repeated. As soon as new maximum bids above
the CURRENT PRICE are submitted, there will be a brief pause, and afterwards a
new CURRENT PRICE and standing bidder will be declared. During the bidding pro-
cedure, you will be able to see the last submitted maximum bid of each bidder
(if a bidder submitted at least one maximum bid). Only the maximum bid of the
current standing bidder is not revealed. Note that the bidder numbers do not en-
able you to identify bidders, as groups change over periods and these numbers
are randomly reallocated.

Bidding will continue until no bidder in your group is willing to submit a maxi-
mum bid higher than the CURRENT PRICE, and the countdown elapses.

At the end of each period, so when a countdown elapses before any new bid is
submitted, the earnings of the bidders are calculated as follows: The winner of the
auction is the bidder who submitted the highest maximum bid, and he or she will
pay a price equal to the CURRENT PRICE when bidding stopped. The buyer will not
literally receive a product. He or she will receive an amount equal to the value of
the product minus the CURRENT PRICE of the product (in points). This amount is
added to the capital of 20 points in this period. All other bidders earn an amount
equal to the capital of 20 points. The previously unknown value of the good will
then be revealed to all bidders, as well as their earnings in points in this period.
Afterwards, you will be matched with a new group of bidders and a new auction
starts, with the same procedure. Notice that the winner of an auction can make a
gain or a loss. A loss occurs if the price paid is higher than the value. Even though
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the final standing bidder pays a price equal to the second highest maximum bid,
such bid may be high and result in a high price.}

In total, there will be 30 periods, and five randomly determined periods will be
chosen to be paid out. Your earnings for the experiment will be equal to the sum
of your earnings in these 5 periods.

Page 3 Value of the product and signals
The value of the product is a randomnumber which changes in each period. You

cannot learn anything about subsequent value draws from previously observed
values. Within the period the value is identical for all participants in the group.
At the time of bidding, this value is unknown to all participants. Instead, each
participant receives a signal which provides an imprecise indication of what the
value may be. In the following, we will describe how the values and signals are
determined in each period.

In each period, the value of the product will be randomly determined. The
value can be any round number between 0 and 200. The figure below clarifies how
frequently different values occur. You can see that values close to 100 occur most
often (the frequency is highest when the value on the horizontals axis equals 100).
Values below 100 occur as frequently as values above 100. Also, values below 50
occur as often as values above 150. You do not need to be familiar with such a
distribution to participate in this experiment, and you will see some typical value
draws on the next page.

The signals
Each participant will receive a (different) signal of the value. This signal gives

a first indication of the value of the product in that period, although this is only
imprecise information. In particular, the signal is the sum of the value and an

72



Section 2.B: Instructions and screenshots of the experimental interface

error. The figure below shows how frequently different errors occur. You can see
that errors close to 0 occur most often, and that errors below 0 occur as frequently
as errors above 0.

The error (most likely) differs for every participant. Therefore, each participant
in your group will (most likely) obtain a different signal of the value, even though
the value of the product is the same for everyone. Signals higher than the value
occur as frequently as signals lower than the value. Signals closer to the value are
more likely than signals further away from the value. In this experiment, you will
encounter only values and signals between 0 and 200.

Notice that each signal in a group is informative about the value of the product.
If other bidders let their bidding depend on their signal, then their bidding will be
informative about the value of the product.

Note that the signals will be newly determined in each period, therefore only
the signals of this period are helpful for you to determine the value of the product
for sale.

Payment
Asmentioned before, out of the 30 periods, 5 will be randomly selected. Youwill

receive the sum of the points that you earned in each of the 5 selected periods. In
each period, every bidder receives a capital of 20 points. Then, any gains or losses
a participant made in this period’s auction are added to or subtracted from the
capital. Notice that the buyer in a period can make a gain but also a loss. If the
buyer pays a price higher than the value of the product, he or she makes a loss.
Just like a profit is automatically added to the capital, a loss will automatically be
subtracted.
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Page 4 We will now illustrate in one particular example how the auction process
works. We emphasize that this is only an example, and that these numbers are not
relevant for the real auctions in which you will participate afterwards.

Example
First, a value of the product is randomly determined, but not revealed to the

participants. In our example, this value will be 121. Then, based on the value of
121, the signal for each participant will be drawn. The following signals are drawn:
one bidder receives a signal of 60, one bidder a signal of 87, one bidder a signal of
126, one bidder a signal of 144 and the last bidder a signal of 175. Now the auction
starts. {JEA/AV: The thermometer starts at 0, and rises continuously as soon as
every participant indicated that he or she is ready and the countdown is initiated.

As the thermometer rises, bidders may decide to press the “EXIT” button and
leave the auction. Imagine that the first participant exits at a price of 52, the sec-
ond participant at a price of 77 and the third participant quits at a price of 109.
Now, there still remain two bidders in the auction. {IN JEA: Each time a participant
quits, all remaining participants will be notified about this, and will receive infor-
mation about the price at which this participant chose to exit.} The thermometer
will keep rising up to the point where the fourth bidder presses the “EXIT” button,
for example at a price of 115. Then, the last remaining bidder buys the product at
the selling price of 115. In this example, the product’s value was 121 points. There-
fore, the winner will earn 121-115=6 points in addition to his or her capital in this
period, hence 6 + 20 = 26 points in total, if the period is selected for payment.} {OO:
The countdown starts at 15 seconds, and is initiated as soon as every participant
indicated that he or she is ready. Then, imagine that the first participant to enter
a bid submits a maximum bid of 52. This bidder becomes the new standing bidder.
As so far only one maximum bid has been submitted, the CURRENT PRICE will be 0,
and this is shown to all bidders as soon as the next bidding round commences. The
countdown is reset and starts immediately. Then, imagine a new maximum bid of
77 is submitted. As this is the current highest maximum bid, this bidder becomes
the new standing bidder. The second highest maximum bid at this point is 52, and
therefore 52 is the new CURRENT PRICE. Bidding continues in this fashion until the
countdown elapses. For example, imagine that in the next rounds maximum bids
of 109, 115 and 120 are, and in the next bidding round the countdown elapses. Then,
the bidder who submitted the highest maximum bid (i.e. the bidder who bid 120)
will win the auction. This bidder will pay the last CURRENT PRICE, which equals the
second highest maximum bid (115 in this example). In this example, the product’s
value was 121 points. Therefore, the winner will earn 121-115=6 points in addition
of his or her capital in this period, if the period will be selected for payment.}

Page 6 Practice draws
Now, you have the opportunity to see how typically values and corresponding

74



Section 2.B: Instructions and screenshots of the experimental interface

signals are drawn. You can click on a button to draw new values and signals. Then,
youwill be shown a value and set of signals drawn according to the same procedure
as those in the experiment. In the experiment, you will not be able to observe
the value draw, but instead you receive one of the imprecise signals of the value.
Five signals corresponding to this value are shown to you next to the value draw.
When you click on the button again, a new value and corresponding set of signals
will be drawn, you can repeat this as often as you like. Note that these example
values and signals are not informative about the draws you will actually face in the
experiment.

Figure 2.B.1: Screenshot of the practice draws from the instructions.

When you have tried a number of times, please continue to the practice ques-
tions on the next page.

2.B.2 Additional elicitations

For the last 14 sessions, we added two additional measures, elicited after the auc-
tions concluded. Below are instructions for both tasks.

2.B.2.1 Imitation, adapted from Goeree and Yariv (2015)

Part 2

In this part of the experiment, you make an individual decision. The amount
you earn depends only on your choices and your choices do not affect the earnings
of other participants.

Guessing the urn
In this task, you have to guess which one of two possible urns has been selected.
It is equally likely that you face a red or a blue urn. These urns contain red and
blue balls as follows:

• Red urn: 7 red balls and 3 blue balls

• Blue urn: 7 blue balls and 3 red balls

Information

For your decision, you have to choose to receive one of two types of informa-
tion:
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• Draw: The color of one randomly selected ball drawn from your urn will be
shown to you.

• History: The choices of three participants from previous sessions of this ex-
periment will be revealed to you. These three participants faced the same
urn as you do, but did not receive any of the two types of information you
can choose between (neither Draw nor History).

Task

After you receive this information, you have to guess which of the two urns has
been selected.

Payoff

You will earn 4 points if you guess correctly which urn has been chosen.
When you continue, it will be randomly determined whether you face the red

or the blue urn. In the next screen, you first choose the type of information you
would like to receive, then you have to enter your guess which urn you are facing.

2.B.2.2 Circle test, adapted from Linde and Sonnemans (2012)

Part 3

For this part of the experiment, you have been matched with one other ran-
domly selected participant, called OTHER. Your subsequent decision will be anony-
mous, no participant will know with whom they have been matched. In the end,
either your or OTHER’s decision will be implemented.

Choice

In this part you have to choose between combinations of earnings for yourself
and the OTHER. All possible combinations are represented on a circle. You can click
on any point on the circle. Which point you choose determines how much money
you and the OTHER earn. You can enter this choice on the next page.

Earnings

The axes in the circle represent howmuchmoney you and the OTHER earn when
you choose a certain point on the circle. The horizontal axis shows how much you
earn: the more to the right, the more you will earn. The vertical axis shows how
much the OTHER will earn: the more to the top, the more the OTHER earns. The
distribution can also imply negative earnings for you and/or the OTHER. Points
on the circle left of the middle imply negative earnings for you, points below the
middle imply negative earnings for the OTHER. When you click on a point on the
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circle the corresponding combination of earnings, in cents, will be displayed in the
table to the right of the circle. You can try different points by clicking on the circle
using your mouse. Your choice will only become final when you click on the “send”
button.

Payoff

The OTHER is presented with the same choice situation. At the end of the ex-
periment, either your decision or the decision of the OTHER will be paid. This will
be determined by a random draw, your decision is as likely to be chosen as the de-
cision of the OTHER. This draw is not affected by the choices you or others make.

2.B.3 Screenshots of the interface

In the following, some screenshots of the screens of auction participants for all
three treatments:

Figure 2.B.2: Screenshot from a ascending Vickrey auction.

Figure 2.B.3: Screenshot from a Japanese English auction.
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Figure 2.B.4: Screenshot from an oral outcry auction.
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Chapter 3: Morals in multi-unit markets

3.1 Introduction

People’s morals may easily take a back seat in markets. Consider the market for
air travel. Passengers may think that if they refrain from buying a cheap ticket,
someone else could take their place, leaving total emissions unchanged. This rea-
soning, the so-called replacement logic, may explain why frequent flying also oc-
curs among environmentally conscious consumers (Barr, Shaw, and Coles, 2011).
Airlines themselves may justify their offering of flights by arguing that a competi-
tor will offer an additional flight if they decide to withdraw a connection. At the
same time, the choices of a minority of consumers can have a disproportionate
impact on aggregate outcomes. Gössling and Humpe (2020) find that in the US,
12% of adults account for 68% of all trips. As a result, aggregate behavior may
not reflect the average person’s concern for environmental damages. Anecdotal
evidence suggests that resorting to the replacement logic to excuse morally ques-
tionable behavior as well as the disproportional activity of few irresponsible actors
are features common to several morally questionable or highly polluting markets,
such as the opioids market, the shipping industry and weapons trade.1

Recent laboratory experiments have investigated the extent to which morals
are eroded in single-unit markets, which are markets where each participant is re-
stricted to trade atmost one unit. In a seminal paper, Falk and Szech (2013) find that
while 45.9% of subjects are willing to kill a mouse for € 10 in individual decision-
making, 75.9% do so in single-unit markets. In the multi-lateral bargaining setting,
they also find a decline in prices as a result of competition, which the authors inter-
pret as further evidence for moral erosion. However, key results of Falk and Szech
(2013) are contested. Market prices can decline also without moral erosion (Sut-
ter et al., 2020). Moreover, while Falk and Szech (2013) compare a single decision
in individual decision-making with repeated decisions in a market, Bartling et al.
(2023) show that the partial erosion inmarkets disappears under repetition of both
environments. So far, the evidence that people’s morals are eroded in markets is
inconclusive.2

1In the opioids market, a spokes-woman for McKesson, which was the largest distributor in the
US from 2006 to 2012, stated: “Any suggestion that McKesson influenced the volume of opioids
prescribed or consumed in this country would reflect a misunderstanding of our role as a distribu-
tor” (https://apnews.com/98963bb70e0f462295ccc02fe9c68e71). In contrast, also in this market
single firms can be responsible for a significant share of overall harm: Purdue Pharma’s marketing
campaign for OxyContin increased sales and the associated overdose deaths (Alpert, Evans, Lieber,
and Powell, 2022). In 2017, the number of Americans dying from an overdose of opioids (47,600)
surpassed the number dying from car accidents (Scholl, Seth, Kariisa, Wilson, and Baldwin, 2019).
Empirically, Vuillemey (2020) documents an erosion of standards in the shipping industry, where
jurisdictions compete to register additional ships by relaxing regulatory requirements. In the mar-
ket for weapon trading, both UK prime minister Tony Blair (in 2002) and British Secretary of State
Boris Johnson (in 2016) made the argument that they could stop the defense industry operating
in their country, but that then someone else would step in to supply the arms that they supplied
(Bartling and Özdemir, 2023; Falk, Neuber, and Szech, 2020).

2In Section 3.2, we position our paper more precisely in the literature.
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In our view, many real world markets are poorly approximated by the single-
unit markets studied so far. In addition, these markets inhibit forces which may
contribute to a strong erosion of morals, which may have lead to an underestima-
tion of the effect of markets on morals so far. We focus on more realistic multi-unit
markets3 and distinguish between two forces that may drive erosion: (i)market se-
lection and (ii) replacement logic.

For market selection, we assumemarket participants trade whenever themate-
rial profits exceed their moral costs associated with causing negative externalities.
Multi-unit markets remove individuals’ constraint to trade at most once. This al-
lows the less-moral participants to capture a larger share of the market, as they
can also trade units associated with low profits. Trade stops when even the par-
ticipants least concerned about the externalities are no longer willing to trade.
Market selection then implies that outcomes in multi-unit markets are predomi-
nantly determined by the least moral traders, as the abstention of the more-moral
traders no longer restricts the exchange of additional units. This effect is further
enhanced when preferences are characterized by diminishingmarginal moral costs
for the negative externality, as trading repeatedly generates an additional compet-
itive advantage for the least moral traders.

Further, in single-unit markets, traders possess substantial market power. For
each pair of active traders, at least one of them is pivotal: The total quantity traded
would be reduced if this trader refrains from trading. This reduces the scope for
the replacement logic. According to this principle, participantsmay decide to trade
as they realize that their individual actions do not affect aggregate outcomes. They
then feel justified in trading and reaping the profits for themselves (Sobel, 2007).
In the multi-unit markets we study, no trader is pivotal. Thus, traders on both
sides of the markets can excuse their trading with the argument that if they had
not traded, someone else would have taken advantage of the opportunity.

The existing literature inferred people’s moral deterioration by comparing their
choices in individual tasks to their trading behavior in markets. As a consequence,
this literature could not distinguish between norm erosion and an erosion of norm
compliance. For policy applications, it is important to understand the reason be-
hind a possible shift to more selfish behavior in markets. If people’s norms are not
affected while norm compliance deteriorates – i.e., if even the traders themselves
regard their behavior in the market as inappropriate – this could lead to a stronger
case for government interventions that reduce the extent of moral erosion in mar-
kets.

In this paper, we employ a laboratory experiment to investigate how the erosion
of morals depends on the ability of traders to affect aggregate market outcomes.
Wemeasure morality as participants’ valuations of donations for measles vaccines

3Also within experimental economics, markets were extensively studied in multi-unit rather
than single-unit settings (e.g. Smith, 1962; Ketcham, Smith, and Williams, 1984; Plott, 1983).
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to UNICEF. Consistent with our participants’ perception, we call the decision to can-
cel a donation to UNICEF, in exchange for money to one-self, immoral.4 We then
measure how participants’ evaluations for the same donation change in markets,
where the choice to trade increases money to self while producing a negative ex-
ternality in the form of a cancelled donation. We explore how these evaluations
change across a set of multi-unit markets which vary traders’ pivotality for aggre-
gate outcomes. Our main contribution is threefold. First, we investigate whether
market outcomes reflect participants’ concerns towards causing negative external-
ities and the extent to which this is affected by individuals’ market power. Second,
we identify whether the moral erosion is due to a shift of norms or a deteriora-
tion of norm compliance. Third, we disentangle how much moral erosion is due to
either market selection and the replacement logic.

Our experiment is based on fourmain between-subject treatments: Threemulti-
lateral market treatments and, as in the previous literature, an individual decision-
making control treatment, MPL. In this treatment, we employ multiple price lists to
elicit participants’ reservation value for avoiding canceling a donation for measles
vaccines. We repeat individual decision-making in MPL as often as we repeat all
markets. This allows us to control for a potential erosive effect of repetition. In ad-
dition to the separate MPL treatment, we also use the individual decision-making
task to elicit individual preferences at the start of all market treatments. In all
treatments, we also directly measure people’s perceptions of the norm about can-
celing these donations in exchange for money.

Across our market treatments, we vary howmany units each market participant
can trade. Our first market, treatment SINGLE, is a single-unit market. This treat-
ment is comparable to the markets studied in the current literature and connects
the main market treatments of interest, MULTI and FULL, to the previous literature.
MULTI is a scaled-up version of SINGLE, where instead of one unit, three units per
participant can be traded in each market period. In MULTI, each trader is similarly
pivotal as in SINGLE. In FULL, we remove pivotality, as each trader is now able to
serve the entire market by herself. This activates both the replacement logic as
well as the market selection effect. In all market treatments, we use a common
supply and demand schedule. With this schedule, costs and values are equalized
across all traders, i.e., they only change in the aggregate quantity exchanged by
all traders. Two of the benefits of the common schedule are the following. First,
it models features that are typical of markets with negative externalities we want
to represent in the laboratory, such as the ones for weapons and flights. In these
markets, these common cost and value components are very salient. Second, it
allows us to study behavior of the traders holding constant monetary gains from

4Using the elicitation method by Krupka and Weber (2013), we find that 666 out of 781 partici-
pants rate taking € 1 as a payment to one-self instead of donating € 1.50 to UNICEF in an individual
decision-making task as “(somewhat) socially inappropriate”.
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all trades. By doing so, only differences in morality affect the willingness to engage
in trading.

We provide conclusive evidence for a partial erosion of morals in single-unit
markets when comparing SINGLE and MPL. Our main interest is in the comparison
of different market treatments. Erosion in SINGLE and MULTI is comparable. Strik-
ingly, we detect a full erosion of morals in FULL. Trading in this unrestricted multi-
unit market is statistically indistinguishable from selfish competitive equilibrium,
consistent with participants completely disregarding that their trading causes neg-
ative externalities.

Next to documenting that multi-unit unrestricted (FULL) markets fully erode
morals, we find that this deterioration is due to an erosion in norm compliance.
While we find some evidence for generalized norm erosion in markets compared
to individual decision-making tasks, remarkably, norms are eroded to a similar
extent across all market designs: On average, trading is considered approximately
equally socially inappropriate in all market treatments. However, in contrast to the
unchanged norms, morals are eroded to amuch larger extent in unrestrictedmulti-
unit markets because of a deterioration in norm compliance. Norm compliance
starts to deteriorate in MULTI compared to SINGLE and entirely breaks down in
FULL. In this treatment, norms are fully ineffective, as fully selfish trade emerges.

We further show that the deterioration ofmorals and norm compliance is largely
driven by the widespread use of the replacement logic. In FULL, 83% of market par-
ticipants attempt to trade units yielding minuscule gains and comparatively large
negative externalities whereas only 16% of participants in SINGLE and 32% in MULTI
attempt to trade at these same monetary terms.

Additional treatments allow us to provide direct evidence for the two mech-
anisms. To shed light on the selection argument, we include a treatment similar
to FULL in which we divide participants on the basis of their individual decision-
making preferences in either a homogeneous group or a heterogeneous group. In
the homogeneous group, subjects know that they are matched with traders who,
just like them, are close to the median moral preference, which should substan-
tially reduce the scope for market selection. Even under these circumstances, the
market exhibits the same degree of erosion documented in the FULL treatment.
We infer that, when the replacement logic is available, market selection does not
contribute to an erosion of morals. To shed direct light on the replacement excuse,
we include treatments similar to FULL and MULTI in which we elicit subjects’ be-
liefs about whether they are pivotal. In agreement with the replacement excuse,
we observe that subjects believe to be more likely to be replaced in FULL than in
MULTI and are more active when they think that they are more replaceable.

A further noteworthy result is that we find evidence for biased social learning
in markets. After the markets, we elicit participants’ beliefs about the median sub-
jects’ morals exhibited in individual decision-making at the start of the experiment.
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We find that multi-unit markets lead to strongly biased social learning. Subjects
in these markets are overly pessimistic about their fellow traders’ morals. This
points to subjects’ beliefs not accounting well for how much market selection and,
especially, the replacement logic may impact the observable outcomes in such
markets.

In the following, we start by positioning our paper in the related literature.
We then describe the experimental design and present the novel features of the
experimental markets in detail. We continue by presenting our hypotheses and by
describing our results. We conclude by discussing the implications of our findings.

3.2 Related literature

In this section, we discuss how our paper contributes to the literature on erosion
of norms in markets and the literature on erosion in other interactions. Following
Samuelson andNordhaus (2005, p. 26), we define amarket as amechanism through
which buyers and sellers interact to determine prices and exchange goods and
services. In a market, traders affect each others’ outcomes when they compete
to buy and sell valuable products or services. According to this definition, the
decisions that people individually make when they trade off money and a negative
external effect in an individual price list are not considered market decisions. In
an individual price list, there is no competition for a scarce good, and people’s
decisions do not affect other traders’ outcomes.5

We start with the related literature on moral erosion in markets. The paper by
Falk and Szech (2013) inspired a follow-up literature that investigates how differ-
ent market forces affect traders’ morals. Bartling, Weber, and Yao (2015) show that
fair and unfair products can co-exist in a market and that it is not necessarily the
case that unfair products crowd out fair products. They find only a modest role
of erosion. In their Swiss sample, consumers make the fair choice on average 14
percentage points more often in the individual decision-making task than in the
market, and the difference is not consistently significant across all specifications
(in their Chinese sample they find slightly more erosion).6 Other papers have in-
vestigated the role played by other factors on moral erosion, such as anonymity,
market framing, joint decision-making or relative share of buyers versus sellers
affect traders’ morals in markets (Kirchler, Huber, Stefan, and Sutter, 2016; Irlen-
busch and Saxler, 2019; Sutter et al., 2020). Engelmann, Friedrichsen, and Kübler
(2018) show that the morality of behavior in laboratory markets correlates with the

5Our finding that subjects find trading less socially inappropriate in markets than in individual
decision-making reveals that markets and individual decision-making do not only differ technically,
but also in the minds of our subjects.

6Bartling et al. (2015)’s findings are robust to different specifications of the externalities
(Bartling, Valero, and Weber, 2019).
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type of choice they are intended to capture outside of the laboratory. All these pa-
pers exclusively focus on single-unit markets that de-activate the selection effect
and the replacement excuse. Instead, the forces they focus on are active across all
our market treatments, so are held constant in the comparison between market
treatments we are focusing on. All these studies also do not independently elicit
subjects’ perceptions of norms, so they cannot distinguish between norm erosion
and the erosion of norm compliance.

Besides Bartling et al. (2015), there are also some other papers that study spe-
cific market structures that allow markets to partially sustain pro-social behavior.
Schneider, Brun, and Weber (2020) document an endogenously arising wage pre-
mium, and associated sorting, for morally questionable tasks. Other examples in
which competition and pro-social behavior can be mutually reinforcing are pro-
vided by Byambadalai, Ma, and Wiesen (2019) and van Leeuwen, Offerman, and
Schram (2020). In a large non-student sample, Riehm, Fugger, Gillen, Gretschko,
and Werner (2022) highlight the importance of norms in these types of markets:
Traders prefer to condition their decisions on others’ entry and punishment oppor-
tunities for immoral trading are frequently used. Ockenfels, Werner, and Edenhofer
(2020) and Herweg and Schmidt (2022) compare (experimentally the former, the-
oretically the latter) taxes and cap-and-trade schemes to regulate moral markets
with negative externalities.

Our conjecture that market selection can be an important force is based on a
literature that shows that there is substantial heterogeneity in people’s social pref-
erences (Offerman, Sonnemans, and Schram, 1996; Fischbacher, Gächter, and Fehr,
2001; Burlando and Guala, 2005). Falk, Becker, Dohmen, Enke, Huffman, and Sunde
(2018) document heterogeneity in social preferences within and across many coun-
tries. Given that the most immoral traders are the ones who may determine how
much is traded in a market, heterogeneity can furnish selfish aggregate outcomes.

Our paper also contributes to a literature that investigates how the replace-
ment logic and diffusion of pivotality affect behavior in non-market games. Dana,
Weber, and Kuang (2007) show that a diffused responsibility for moral outcomes
erodes moral behavior in dictator games. Grossman (2014) demonstrates that this
effect survives when subjects have to actively seek to remain ignorant. In an in-
dividual decision-making context, Falk and Szech (2014) find that almost a third of
their subjects pay for a diffused notion of being pivotal for a questionable moral
outcome. Serra-Garcia and Szech (2022) study how the demand for moral igno-
rance depends on monetary incentives. They find that the demand for ignorance
does not respond to social norm messages. Exley (2016) demonstrates that uncer-
tainty about the impact of a charity may serve as an excuse not to give. Falk et al.
(2020) find support for the replacement logic in committee decisions. A string of
papers study diffusion of pivotality in ultimatum games with proposer or respon-
der competition. Roth, Prasnikar, Okuno-Fujiwara, and Zamir (1991); Prasnikar and
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Roth (1992); Fischbacher, Fong, and Fehr (2009) find that the side with competition
receives almost nothing of the endowment.7

There are also studies that find only limited support for the replacement logic.
Bartling and Özdemir (2023) find that subjects do not employ the replacement ex-
cuse if a social norm exists that classifies the selfish action as immoral. In a voting
context, Brütt, Schram, and Sonnemans (2020) find mixed evidence for the effect
of decreased pivotality.

An important contribution of Behavioral Economics is to study how findings
from stylized, simple settings generalize to market settings (e.g. List, 2003; Enke
and Zimmermann, 2019; Enke, Graeber, and Oprea, 2022). In this light, our paper
studies the generalizability of the replacement logic to markets. Compared to the
previous stylized settings, we can study the importance of the replacement logic in
a market environment where competing forces are active. These can be previously
studied forces that erodemorals already in single-unit markets, as well as themar-
ket selection effect we introduce in multi-unit markets. Our findings show that the
replacement logic substantially increases the erosion of morals in markets, be-
yond the erosion in single-unit markets. Lastly, insofar as normative judgments
are context-specific, our paper sheds novel light on how norms and norm com-
pliance are shaped in market contexts by the availability of the replacement logic
argument. In particular, we find a full erosion of morals driven by the replacement
logic, against the prevailing norm.

3.3 Experimental design

The experiment consisted of three main parts.
Parts 1 and 3 were identical to each other and the same in all treatments. In

these parts, subjects faced an individual decision-making task which elicited their
willingness to accept (WTA) to cancel donations towards UNICEF for varying stakes.
In Section 3.3.3, we give more details on the donation opportunity. We employed
multiple price lists where subjects chose between varying amounts of money and
donations to UNICEF. Monetary amounts ranged between €0 and twice the mone-
tary amount of the donation under consideration, with a total of 21 steps in each
list. Each subject faced separate price lists for 1, 2, 3, 5, 7, 10 and 15 units of dona-
tion, in increasing order. We restricted participants to switch at most once in each
price list. In our analysis, we set a subject’s moral costs equal to the payment at
which the subject switched.8 We set the moral costs of subjects who never choose

7There is also theoretical work on the replacement logic. Besides Sobel (2007), the papers of
Huck and Konrad (2005), Grossman and Van Der Weele (2017), and Rothenhäusler, Schweizer, and
Szech (2018) have theoretically studied diffused notions of pivotality.

8We do this to match behavior in the markets, where we can only infer that a subject’s moral
costs is at most equal to the profit margin of a submitted or accepted offer.
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to cancel a donation equal to the upper bound of the multiple price list.
Part 2 varied in the four between-subject treatments. In our control treatment

(individual decision-making, or MPL), part 2 presented a repetition of the task of
part 1 for four times. In the three market treatments, four market periods were
implemented. Part 3 repeated the individual decision-making task of part 1 in each
treatment.

3.3.1 Markets

We implemented two-sided posted offer markets characterized by common supply
and demand schedules. We here explain these features and the rationale behind
them.

3.3.1.1 Two-sided posted offer markets

We implemented the market as a two-sided posted offer market with induced val-
ues and costs. Each market consisted of five buyers and five sellers interacting re-
peatedly and anonymously. Buyers posted bids, sellers asks, and all traders could
accept an offer of the other market side. If accepted, a trade was implemented at
the price of the accepted offer. The buyer received a payment corresponding to
the induced value minus the price and the seller received a payment equal to the
price minus the induced costs. For every unit traded, a donation to UNICEF which
costs approximately € 1.50 was cancelled.

Buyers and sellers moved in turns, trading unit by unit. In each market period,
one side of the market – i.e., the buyers or the sellers – was randomly determined
to move first. The starting side had the opportunity to submit offers to the sec-
ond movers within a time constraint of 14 seconds. We restricted all offer submis-
sions to yield non-negative profits for both market sides. Afterwards, the second
movers could either accept the most favorable standing offer, or decide to submit
a counter offer. A counter offer had to improve upon all preexisting offers. If no
trader accepted an offer, the most favorable counter offer was presented to the
original starting side, and traders could again decide whether to accept the most
favorable offer or improve upon the best offer they had submitted so far.

If both market sides did not accept or submit an improved offer at least twice,
the market period ended and no further units could be traded. Participants were
shown a reminder of this feature after neither side had been active once. When-
ever an offer was accepted and the 14 seconds time limit had elapsed for all traders
currently moving, the trade was implemented for the two agreeing traders. If more
than one trader accepted an offer, or if multiple offers were equally favorable, one
randomly determined buyer and one randomly determined seller traded, irrespec-
tive of the exact time at which an offer was made or accepted.
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After a unit had been traded, all pre-existing offers were removed and the pre-
vious second-movers were first to propose new offers for the subsequent unit.
These design features have three key advantages: (i) the responding market side
has most bargaining power, as they only observe the most favorable offer of the
proposers, therefore we obtain relatively tight bounds on the profits proposers
deem acceptable; (ii) subjects have 14 seconds to decide, which gives participants
sufficient time to think and simultaneously generates observations on the willing-
ness to trade for all active traders (and not only the fastest to react). This goes
beyond what is normally observed in a traditional double auction where trade is
implemented immediately after agreement. Notice further that the posted offer
element fits the product markets that we target, whereas standard double auction
rules are more representative of financial markets.

To ensure that the negative externalities were salient, each time when partic-
ipants traded a unit and at the conclusion of a market period, traders were re-
minded about the consequences of their trading for the charity.

3.3.1.2 The common schedule

In our markets, we use a common schedule. In a common schedule, a seller’s cost
for supplying a unit and a buyer’s value for buying a unit depend on the total quan-
tity already traded in the market, while they are held constant between traders. As
a consequence, costs and values depend on the timing of when the trade happens,
compared to the other trades in the market. In the common schedule of our paper,
for any trader, profit margins of early trades are larger than profit margins of later
trades. In contrast, in a private schedule, each trader’s costs and values depend
only on the quantity traded by themselves, and they differ across traders.

Our motivation for choosing a common schedule is threefold. First, a common
schedule captures essential features of the markets that we target. While real-
world market schedules have both private and common elements, we think that
in markets with negative external effects common elements are often particularly
salient. Consider for instance the market for weapons. In a war, the buyers of
weapons benefit much more from guns that they are able to secure early in the
conflict than guns that they obtain later, while at every moment the strategic ad-
vantage the weapons afford are first-order similar across potential buyers. Like-
wise, in the short run, there is only a limited number of factories in the world that
produce for instance AK-47 guns, and a trader who acquires these guns early may
do so at lower costs than a trader who does it later when the factories are closer
to their capacity constraints. Thus, in the market for weapons, the willingness to
pay for the products and the costs of the products depend to a large extent on the
timing of the trade. Similar common schedule features characterize other impor-
tant markets with negative external effects. In the aviation market, airlines lease a
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substantial part of the aircrafts. This feature represents a strong common cost el-
ement for airlines in this market. Consumers may prefer to fly to interesting places
before they become less attractive for everyone due to overtourism. In the market
for illegal construction permits, constructors will prefer to acquire early permits
which allow them to choose the best spots to build their resorts. Corrupt officials
will find it easier to hand out early permits before public opposition becomes or-
ganized.9

Second, such a schedule has the advantage of providing a clean interpretation
of trading data: For each unit traded, all buyers (sellers) face the same values
(costs). Because they compete on even ground from a monetary perspective, a
differential propensity to trade can be ascribed to a difference in their moral costs.

Third, equalizing the monetary terms across participants after each trade en-
sures that traders remain fully replaceable with each other. This means that both
the replacement logic argument and market selection have the same opportunity
to arise, irrespective of traders’ earlier behavior. In contrast, with a private sched-
ule, participants who had refrained from trading gain a competitive advantage,
which inhibits both forces.

Opportunities to replace other traders can also occur in markets with private
schedules. Here, the shape and slope of the private schedules affect the size of the
maximal potential impact for moral erosion that can be produced by the replace-
ment logic argument and market selection. In Appendix Section 3.A.11, we provide
a few examples of private schedules that can trigger replacement thinking.

3.3.1.3 Main market treatments

We ran three main market treatments: SINGLE, MULTI and FULL. In the single-unit
market treatment, SINGLE, each trader is restricted to trade at most one unit, so up
to five units could be traded in the entire market. This treatment allows for most
market forces of erosion considered in the current literature.

The multi-unit market, MULTI, was implemented identically to SINGLE, with the
exception that each trader could trade up to three units. This implies that in each
market, 15 units could be traded. We also scaled up induced values and costs
exactly proportionally. Doing so, MULTI only differs from SINGLE in the scale of an
otherwise identical market.

We allowed each trader to cater to the entire market in the unrestricted mar-
ket, FULL. Treatment FULL was identical to MULTI apart from one key aspect: We
removed the capacity constraints of each trader. This means that each participant

9For some background on these markets, see https://www.theguardian.com/world/
2001/jul/09/armstrade.iantraynor; “Mid-life aircraft trading patterns and the impact of
lessors”. Flightglobal, 7 March 2017; https://www.theguardian.com/world/2020/jan/25/
overtourism-in-europe-historic-cities-sparks-backlash; https://www.phnompenhpost.
com/national/apsara-raises-concerns-over-illegal-construction-angkor.
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was able to trade up to 15 units and thus serve the entire market.
In all treatments, costs and values each trader faces were identical (as a con-

sequence of the common schedule) and known to all traders. In Figure 3.1, we plot
the costs and values we induced using the common schedule in treatment SINGLE
on the left and treatments MULTI and FULL on the right. The first units were de-
signed such that trade is efficient: The surplus available to traders is larger than
the associated costs to UNICEF by trading these units (surpluses of € 3.80 and € 2.40
compared to a cost of donating of € 1.50). Profitability decreased progressively in
subsequent units where market participants could split € 0.60, € 0.40 and €0.20.

Figure 3.1: Induced common costs and values

In each market treatment, traders first participated in a practice market where
no externality was present, to make them familiar with the market environment.
Afterwards, we implemented four market periods in which every trade caused an
externality through the cancelled donations.

Subjects’ trading in the practice market without externalities allows us to see
if our design features lead to different market outcomes than previously estab-
lished in the literature. Across all groups, all units were traded in the practice
market period. Therefore, our trading institution produces standard results for
experimental markets in the absence of externalities. Lower trading volumes can
be cleanly attributed to the introduction of negative externalities. Moreover, as a
control market, we ran a double auction with a private schedule. We report on this
treatment in Appendix Section 3.A.11.

3.3.1.4 Other treatments

We included some follow-up treatments that allow us to further investigate the
mechanisms behind our main results. To provide direct evidence on the selec-
tion effect, we ran two additional FULL markets differentially activating market
selection. On the basis of participants’ moral costs elicited in individual decision-
making in part 1, we formed groups either consisting of the middle two quartiles
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(so, participants close to the median preference) or of the first and fourth quar-
tiles. The latter, HET, fully activates market selection as participants are very het-
erogeneous in their preference for the external effect. The former, HOM, generates
homogeneous market groups, where market selection has less scope to affect out-
comes. To ensure that participants hold correct beliefs about their fellow traders’
morals, we informed participants both at the start of part 1 and part 2 of the group
formation procedure, in part 2 they also learned which type of group they belonged
to.10

To shed direct light on the replacement logic, we included three treatments in
which we directly elicited beliefs about other traders’ activity in markets. Treat-
ments B-MULTI and B-FULL replicate MULTI and FULL with additional belief elicita-
tions about the trading of unit 10, 12, 13 and 15. Just before trading of these units
started, traders reported their non-incentivized beliefs about the probability that
the next unit will be traded, either with or without their participation. In addition,
we elicited the (cognitively less demanding) prediction of how many of the other
traders will attempt to trade the next unit. This last prediction was incentivized: If
and only if participants predicted this number correctly, they would earn a bonus
of € 1.50. Next to the treatments with direct belief elicitation in the markets, we
ran a treatment with spectators, SPEC. The spectators were not directly involved in
any market transaction. Instead, they followed the series of screens and received
the identical information of a randomlymatched participant from B-FULL and were
asked to report their own beliefs in the same fashion. Comparing B-FULL and SPEC
allows us to test for self-serving belief reports in B-FULL.

3.3.2 Additional elicitations

In all treatments, we included additional measurements of subjects’ views and at-
titudes after part 3. We elicited: (i) beliefs about the median trader’s WTA to cancel
donations; (ii) norms about behavior in individual decision-making and markets;
(iii) risk preferences. For the beliefs, subjects were asked to fill in a multiple price
list reporting what they “think the average participant did” in the first list of part
1. If their belief matched the choice of the median participant, they received € 1.
To elicit subjects’ perception of the norms for canceling donations in either indi-
vidual decision-making or the market, we followed the procedure by Krupka and
Weber (2013) and asked subjects to state whether scenarios described to them
were considered “socially appropriate” and “consistent with moral or proper so-
cial behavior” on a 4-point scale from “very socially inappropriate”, to “somewhat
socially (in)appropriate” and “very socially appropriate”. For one randomly picked

10This information was processed well, as beliefs about the median participants’ morals are
more precise in HOM (average absolute error of 38.8) than in HET (average absolute error of 69.8),
the difference is statistically significant (MWU, 8 observations per treatment, 𝑝-value=.003).
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scenario, subjects received € 2 if their choice matched the modal choice in their
session. Among the scenarios described were “[Individual] 1 chooses to receive 1
Euro instead of making a donation of 4 doses of measles vaccine to UNICEF” and
“[Individual] 2 decides to accept an offer which allows him to earn 1 EURO”. For the
full list of scenarios, see the Appendix Section 3.A.5. We also elicited risk attitudes
using the method introduced by Eckel and Grossman (2002).

3.3.3 Experimental procedures

For the treatments MPL, SINGLE, MULTI and FULL, the computerized laboratory ex-
periment was run in 28 sessions in September and October 2019, at the CREED
laboratory of the University of Amsterdam. We preregistered the experiment (Of-
ferman, Romagnoli, and Ziegler, 2019b). In total, 381 subjects participated. 47%
were women, with an average age of 21. We had 100 participants per market treat-
ment and 81 participants in MPL. Sessions lasted on average 1.5 hours, with average
payments of € 19 per subject, besides payments to UNICEF.

We conducted the follow-up treatments from October 2021 to January 2022.
These were pre-registered separately (Offerman, Romagnoli, and Ziegler, 2021). In
total, 441 participated in the new sessions. Out of those, 208 participants were re-
cruited from the pool at the CREED laboratory at the University of Amsterdam. The
remaining 233 participants were recruited from the pool at the CentERlab at Tilburg
University. Treatments were balanced in the composition of participants from Am-
sterdam and Tilburg (between 63% and 69% of participants were from Tilburg),
apart from treatment PRIV, which was fully ran in Amsterdam. We did so as only
data from PRIV was directly compared to the original treatments, which were also
only ran in Amsterdam. All treatments consisted of 80 participants, apart from
SPEC with 41 participants. 55% of participants were women, with an average age of
21. Sessions lasted on average 1.7 hours, with average payments of € 20.4. In Ap-
pendix Section 3.A.2, we show that participant characteristics are balanced across
all treatments.

Subjects knew that they were paid for only one randomly selected part from
the first three parts. All subjects within a session were paid for the same part. If
individual decision-making was selected, one decision from one of the multiple
price lists was randomly chosen and paid for each subject. If one of the markets
was selected, the sum of earnings in two out of the four market periods and the
practice market was paid. Additionally, subjects received a show-up fee of € 7, all
earnings from the three additional elicitations at the end of the experiment as
well as an unannounced lump-sum payment of € 9 if the markets were selected
for payment, to guarantee sufficient minimum earnings.

Subjects read the computerized instructions at their own pace and separately
for each part of the experiment (see Appendix Section 3.C). They also received
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handouts with summaries of the instructions. Subjects were required to complete
a set of test questions before they could proceed. Subjects were paid in cash and
in private at the end of the experiment.

In the experiment, several choices affected donations to UNICEF. As in Kirchler
et al. (2016) and Sutter et al. (2020), donations were intended for measles vaccine.
We used a text of UNICEF to inform subjects about the consequences of measles.11

One dose of measles vaccine through UNICEF costs approximately € 0.375, and two
doses are required to vaccinate one person. In the experiment, one unit was cho-
sen to consist of four doses, corresponding to a donation of € 1.50. This amount
was communicated to subjects in the instructions and the handout.12 In the in-
structions, subjects were presented with sample receipts of such a donation to
UNICEF.13 At the end of each experimental session, the donation was immediately
implemented by the experimenter. Subjects were presented with the UNICEF re-
ceipt for their session (i) immediately in the experimental interface, jointly with
their experimental earnings; (ii) when receiving their earnings in cash; (iii) via email
if subjects so desired. These emails were collected on separate handouts and thus
could not be linked to specific subjects or choices in the experiment. Subjects
were made aware of this procedure at the start of the experiment. In total, ap-
proximately € 2111 (€ 889 in 2019 and € 1222 in 2021/22) was donated to UNICEF as
a result of subjects’ choices.

3.4 Hypotheses

In this section, we elaborate on the hypotheses behind the main contributions of
this paper, namely (i) the role played bymarket power in erodingmorals inmarkets;
(ii) the distinction between norm erosion and the erosion of norm compliance; and
(iii) the separation of the role played by the replacement logic vis-à-vis market se-
lection. These hypotheses, preregistered in (Offerman et al., 2019b) and (Offerman
et al., 2021), are summarized and motivated below.

11“Measles are highly infectious and very often deadly. Each day hundreds of children become
victims of this disease. The survivors often suffer consequences for their whole life, like blindness
or brain damages. This, even though protecting the children would be so easy. Measles kills more
than 160,000 children worldwide each year.”

12This particular donation was only available in packs of 40 doses, excess donations were made
over to UNICEF as a generic donation, which subjects were aware of and could verify as well.

13At the time of the sessions in 2019, this donation is available at https://market.unicef.
org.uk/inspired-gifts/measles-vaccines-to-protect-20-children/S359163X/, which we also
communicated to subjects. In 2021/22, we instead donated to UNICEF in Austria, https://unicef.
at/shop/produkte/. Costs per dose were approximately constant and all procedures were kept
identical otherwise.
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The erosion of morals in single-unit markets

We start by exploring the erosion ofmorals in single-unitmarkets by comparing our
treatment SINGLE to individual decision-making elicitations in MPL. In doing so, we
study the treatment effects from prior literature in our experimental setting. Falk
and Szech (2013) report limited erosion of morals in single-unit markets. Bartling
et al. (2015) find limited erosion in most specifications. Bartling et al. (2023) fails
to reject this hypothesis. Our first hypothesis is thus:

H1. There is no erosion of morals in single-unit markets.

The erosion of morals in multi-unit markets with market power (MULTI)

The following hypothesis bridges our multi-unit markets to the current literature,
which studied single-unit markets. Treatment MULTI is a scaled-up version of SIN-
GLE. In both treatments, a single trader can trade up to 1/5th of the maximal mar-
ket size and retains full pivotality, in that she can unilaterally decide to reduce the
maximum aggregate quantity by not trading her units.

H2A. Compared to single-unit markets (SINGLE), there is no additional erosion in
restricted multi-unit markets (MULTI).

The erosion of morals in multi-unit markets without market power (FULL)

While MULTI serves as a benchmark treatment for the introduction of multi-unit
trading, the next hypothesis is the key hypothesis in our paper. Here, we focus
on unrestricted multi-unit markets with treatment FULL. Between MULTI and FULL,
the market structure remains identical, apart from removing individual traders’
capacity constraints, so each trader can serve the entire market.

H2B. Unrestricted multi-unit markets (FULL) do not lead to more moral erosion
than restricted multi-unit markets (MULTI).

Norm erosion and erosion of norm compliance

Our next hypothesis is concerned with the question of whether differences in the
degree of moral erosion across treatments are due to changes in norms or in the
degree of norm compliance.

H3. Norms are (A) not eroded in markets in comparison to individual decision-
making and (B) not differentially affected by the specific market institution.

H3 is also a key hypothesis of our paper. Our independent measures for sub-
jects’ norms allow us to distinguish between norm erosion and the erosion of norm
compliance. Previous literature highlighted the importance of norms for the avail-
ability of the replacement logic (Bartling and Özdemir, 2023).
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The mechanisms behind moral erosion in unrestricted markets: Market selection
versus replacement logic

Our remaining hypotheses are concernedwith investigating the relative role played
by the two mechanisms of market selection and replacement logic in the erosion
of morals that we expect to detect in treatment FULL. We here provide a definition
of both forces.

Market selection. According to this mechanism, traders compare the material
profit from trading to the moral costs that they incur from imposing the associ-
ated externality. Each trader continues to trade until their own moral costs no
longer justify the monetary returns. As trade progresses, the profit margins get
smaller, justifying trade for an ever smaller number of traders, i.e., those for whom
moral costs are lowest. The final units will be traded by the traders with the low-
est moral costs within their market. Additionally, a potential decrease in the least
moral traders’ marginal moral costs further increases the quantity traded.

The replacement logic. The replacement logic is a mechanism based on the fol-
lowing strategic thinking: Traders ask themselves whether their trading will affect
the aggregate quantity traded in the market, assuming that other traders behave
as if they are selfish (thus willing to trade all units available to them). If under this
assumption their own behavior would not impact the aggregate volume traded,
then this motive convinces them to trade irrespective of their own moral costs.

Notice that the belief of other traders behaving selfishly will be correct not only
when other traders are actually selfish (i.e., genuinely unconcerned with the neg-
ative externality), but also when other moral traders act selfishly because they
themselves apply replacement logic thinking, in a self-fulfilling cycle. Because
traders can always replace each other in the unrestricted FULL market, the ap-
plication of the replacement logic could lead to full trade and thus a full erosion
of morals in this treatment. In the case of SINGLE or MULTI, traders’ unilateral with-
drawal from trade diminishes the aggregate quantity. This remains to hold even
when all other traders act selfishly. Therefore, traders conclude that their behav-
ior will matter for the aggregate outcome and not trade units where moral costs
exceed their profits. Notice that this view of the replacement logic is similar in
spirit to Falk et al. (2020).

Our hypotheses regarding the mechanisms of moral erosion are thus:

H4. Any erosion of morals in FULL compared to MULTI is not driven by market
selection.

H5. Any erosion of morals in FULL compared to MULTI is not driven by the re-
placement logic.
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3.5 Results

In this section, we present the results of the experiment. For all market outcomes,
we perform tests on the basis of averages of matching-group data, which yields 10
observations for each market treatment SINGLE, MULTI and FULL (10 groups with 10
participants each per treatment), as well as 8 observations for HOM, HET, B-MULTI,
and B-FULL. MPL and SPEC feature no interaction, with 81 and 41 observations,
respectively. For all tests on the individual level, for which participants do not
interact, we study individual level data. To construct the confidence intervals in
the graphs, we used a bootstrap procedure. We do this to correct for floor and
ceiling effects of proportions close to 0% or 100%.14

3.5.1 Morals in individual decision making

In the individual decision-making task, the moral costs connected to causing the
negative externality are quite substantial, with an average evaluation of € 1.42 for
a € 1.50 donation to UNICEF.

Two factors contribute to a potential effect of market selection in multi-unit
markets: (i) initial heterogeneity in how traders value donations, and (ii) decreas-
ing marginal moral costs in traders’ preferences for causing the negative external-
ity.

On the basis of individual decision-making data, we verify that these two factors
can play a role. From the choice data for units 1, 2, 3, 5, 7, 10 and 15 we calculate
the average per-unit valuation of a € 1.50 donation to UNICEF.

In Figure 3.1, we provide a histogram of the per-unit moral costs of all subjects
in part 1 of the experiment, averaged at the subject level. We show the minimum
payment that a subject requires to be willing to cancel a donation to UNICEF. Ev-
idently, there is substantial heterogeneity in how subjects value the opportunity
to donate to UNICEF. A minority of subjects hardly cares about donating to UNICEF.
There is also a remarkable share of subjects whose moral costs are estimated to
be above € 1.50, implying that they value donating more than the corresponding
monetary value.15

14In the bias-corrected confidence intervals that we plot, we introduce clustering at thematching
group level (the market group for market treatments and the participant for MPL or SPEC) and use
10,000 replications.

15Bénabou, Falk, Henkel, and Tirole (2020) show that elicited moral costs can be affected by the
method of elicitation, when using either direct elicitation or multiple price lists, since image mo-
tives are affected differently by these methods. In our experiment, we keep the elicitation method
constant across treatments. In our data, we find only few “observationally deontological” subjects,
those who never cancel a donation across all price lists, as only 28 out of 781 subjects do so across
part 1, compared to 26% of subjects who do not cancel the donation for any monetary amount in
Bénabou et al. (2020).
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Figure 3.1: Heterogeneity in valuations of donations

Notes: Histogram of subjects’ average moral costs for cancelling a donation with a value of € 1.5.
For each subject, we use the switching points from all multiple price lists for cancelling
donations in part 1. Kernel density is displayed in green, the mean in red.

We also detect decreasing marginal moral costs and provide an analysis in Ap-
pendix Section 3.A.3. Given these data, there is a clear possibility for market se-
lection to play an important role.

3.5.2 Moral erosion in markets

In this section, we investigate whether market behavior and outcomes display
moral erosion. Whether moral erosion is due to norm erosion or an erosion of
norm compliance is the topic of the next section. We start with measuring erosion
in single-unit markets, as in Falk and Szech (2013). We compare individual-level
decisions to cancel donations across individual decision-making and single unit-
markets. In Figure 3.2, we plot the share of subjects who cancel a donation in
exchange for € 1.50 (i.e., its value) or less in different environments and at differ-
ent stages of the experiment. In the first two bars, we plot the share of subjects
who cancel the first unit of donation for a payment of at most € 1.50 in individ-
ual decision-making in part 1. These treatments are balanced in this dimension.
The following two groups of bars compare behavior of these participants either in
repeated individual decision-making in MPL or in markets in SINGLE. For the mar-
kets, we study whether a trader concluded a trade for which she was paid at most
€ 1.50. This is the comparison that speaks to the literature on erosion in single-
unit markets. In the middle panel, we compare behavior in the first period in part
2. We observe that there appears to be an erosion of morals in markets. In the
right panel, we use the entire four periods of the experiment and plot the share of
participants who at least once cancelled a donation for at most € 1.50 in part 2.

Table 3.1 reproduces estimation result of the corresponding effect. The depen-
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Figure 3.2: Cancellation of donations between environments and treatments

Notes: Share of participants who cancelled a donation for at most its value (€ 1.50) in individual
decision-making and in trades in the market. The left panel shows cancellation rates in part
1 of the experiment and the middle panel plots cancellation rates in the first period of part
2. The right panel displays the share of participants who, in the four periods of part 2, at
least once cancelled a donation.

dent variable is a dummy variable equal to one if a participant cancelled a donation
for at most its value either (i) in period 1 of part 2 or (ii) at least once in periods
1-4 of part 2. Models (1) and (2) suggest that there is erosion through repetition,
as in Bartling et al. (2023): more participants cancel a donation in the entire part
2 than only in its first period. In our setup, we do find evidence for an erosion in
markets: models (3) and (4) suggest that more participants cancel a donation in
SINGLE than in the corresponding time interval in MPL. Model (5) confirms that this
is particularly strong when testing for erosion in the pooled data of part 2, com-
pared to only the first period.16 Summarizing, we find evidence for both a partial
erosion of morals in markets as well as erosion when measured by a subject can-
celling a donation at least once in a repeated task, compared to a non-repeated
measurement.

16A more conservative approach would be to halve the moral costs in the market as a result of
shared responsibility. The effect of erosion in SINGLE in models (4) and (5) is robust to defining
erosion within markets as the decision to cancel a donation for a payment of € 0.75 or less. For
example, the estimate on SINGLE corresponding to (4) is .247 (𝑝-value < .001). In Section 3.5.3, we
also present direct evidence on norm erosion between individual decision-making and markets.
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Table 3.1: Erosion in single-unit markets and through repetition

(1) (2) (3) (4) (5)
MPL SINGLE MPL & SINGLE

Period 1 Period 1-4 Pooled data

Period 1-4 0.099∗∗∗ 0.270∗∗∗ 0.099∗∗∗
(0.033) (0.052) (0.033)

SINGLE 0.126∗ 0.297∗∗∗ 0.126∗
(0.074) (0.059) (0.075)

SINGLE × Period 1-4 0.171∗∗∗
(0.060)

Constant 0.494∗∗∗ 0.620∗∗∗ 0.494∗∗∗ 0.593∗∗∗ 0.494∗∗∗
(0.056) (0.051) (0.056) (0.055) (0.056)

Observations 162 200 181 181 362

Note: Dependent variable is a dummy equal to one if a subject cancelled a donation for a payment of
at most its value (€ 1.50) either in SINGLE or in MPL. Period 1-4 is a dummy variable equal to one if the
choice is measured as occurring at least once in period 1 to 4 in part 2 of the experiment, the omitted
category is cancellation in period 1. SINGLE is a dummy equal to one if the choice occurred in treatment
SINGLE, with the omitted category MPL. Standard errors, clustered on subject level for MPL and matching
group level for SINGLE, are presented in parentheses, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01

Result 1. We reject hypothesis H1, and find partial erosion of morals in single-unit
markets.

Our key hypotheses are on behavior in multi-unit markets. We want to estab-
lish whether there is an erosion in these markets, in excess of the erosion we find
in single-unit markets. To measure erosion, we will focus on aggregate quantities
traded. Higher quantities imply larger negative externalities, so they are a natural
measure of the overall effect of the market structure on the morality of trading
outcomes. In addition, we can exploit that our markets featured decreasing gains
from trade, while damages to UNICEF are kept constant at € 1.50 per unit traded.
Thus, the trading of larger volumes also implies that traders are willing to accept
lower trading margins, which directly ties to the measure of moral erosion com-
monly used in the literature.

In Figure 3.3, we plot the observed market quantities. All quantities are rela-
tive to the selfish competitive equilibrium outcome, according to which 5 units are
traded in SINGLE, and 15 units in MULTI and FULL.

The bars show traded quantities relative to the competitive equilibrium across
the three treatments. SINGLE and MULTI show similar traded quantities, consistent
with a comparable amount of erosion in these markets. In contrast, we observe
that market outcomes in FULL are fully selfish. Traded quantities exceed quantities
in other market treatments, indicating substantially stronger erosion in FULL.

Erosion appears to be particularly strong in FULL if the shrinking gain of sur-
plus of the additional units is taken into account. Induced gains from trade are
decreasing at higher quantities, while damages stay constant. Below 40%, trading
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Figure 3.3: Market outcomes

Notes: Average quantities relative to selfish competitive equilibrium. Trading units below 40% is
efficient (gains from trade exceeds the externality). Compared to the negative externality of
€ 1.50 per unit, each unit between 40% and 60% yields gains from trade of € 0.60, each unit
between 60% and 80% yields € 0.40 and each unit between 80% and 100% yields € 0.20.

is efficient, as the damage to UNICEF is less than the associated payments to mar-
ket participants. An increase of trade from 40% to 60% leads to additional negative
externalities of € 4.50, while traders receive € 1.80. A further increase from 80% to
100% again yields damages of € 4.50, however traders only receive themeagre total
payments of € 0.60.17

In Table 3.2, we summarize market quantities relative to the selfish competitive
equilibrium quantities together with 𝑝-values of Mann-Whitney U-tests (10 obser-
vations per treatment) of quantity comparisons between treatments.18

Result 2. We detect full erosion of morals in unrestricted multi-unit markets (FULL).
Erosion in MULTI is similar to erosion in SINGLE.

We also included an additional control treatment in which we implemented a
standard double auction with a private schedule, with a multi-unit design and a
scope for replacement similar to MULTI. In this treatment, we assigned values and
costs in such a way that the aggregate supply and demand coincides with MULTI.

17This result is also supported by using part 1 data to predict market outcomes under the as-
sumption that moral costs are not changing in a market environment. When we compute the moral
competitive equilibrium, we find ample scope for market selection and erosion of morals in FULL.
We provide details in Appendix Section 3.A.1.

18These treatment differences also arise when regressing quantities on treatment indicators,
with and without controlling for period indicators, moral costs (average, median and minimum
within matching group), as well as risk measures; see the Appendix Section 3.A.4 for results.
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Table 3.2: Treatment effects

SINGLE MULTI FULL

Quantity in % 75.5 78.3 99

𝑝-values vs. SINGLE - .378 .0005
vs. MULTI - - .0001

Notes: Average quantities relative to selfish competitive equilibrium. Mann-Whitney U-tests, on
matching group averages, 10 observations per treatment.

We report on these results in Appendix Section 3.A.11. The main takeaway from this
treatment is that morals are eroded to an approximately similar extent as in MULTI.

3.5.3 Norms and norm compliance

The preceding section presented evidence for a complete erosion of morals only
in FULL markets. An important question is whether this change can be attributed
to a change in norms or whether it is the result of an erosion of norm compliance.
Did traders feel that cancelling donations in exchange for minuscule profits in FULL
was “consistent with moral or proper social behavior”?

To this end, we elicited subjects’ norms in individual decision-making tasks and
experimental markets after the markets took place, using the method proposed by
Krupka and Weber (2013). Subjects were incentivized to report what they believed
was their session’s modal answer on a 4-point scale from “very socially inappropri-
ate” (indexed 1), to “very socially appropriate” (indexed 4) in response to scenarios
in which a participant in an experiment chose to cancel donations of € 1.50 when
paid € 1 either in individual decision-making or in an experimental market.

In Figure 3.4, we display the mean answers to two (otherwise identical) ques-
tions regarding the social appropriateness of canceling a € 1.5 donation in ex-
change for € 1 in individual decision-making (left panel), and in a market (right
panel). We observe that across all market treatments and both environments, can-
celling such donation is rated on average at best as “somewhat socially inappro-
priate”. Thus, there does exist a clear norm that cancelling donations and trading
is not appropriate. This norm particularly contradicts the rather frenzied trading
behavior observed in FULL.
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Figure 3.4: Norms in individual decision-making and in markets

Notes: Average norm in response to cancelling one donation of € 1.50 when paid € 1 in individual
decision-making (left panel) and in the market (right panel). A rating of 2 corresponds to
“somewhat socially inappropriate”.

In accordance with even single-unit markets eroding morals, causing an exter-
nality in a market is perceived as less inappropriate as the same choice in individ-
ual decision-making (Wilcoxon signed-rank, 300 observations, 𝑝-value< .001).

Somewhat surprisingly, differences in elicited norms do not map one to one to
differences in behavior between market treatments. In particular, the more selfish
behavior in FULL is not supported by a further erosion of the norm compared to
the othermarket treatments.19 We cannot reject equality of norms inmarkets com-
paring SINGLE and MULTI (MWU, 100 observations per treatment, 𝑝-value=.238) and
between MULTI and FULL (MWU, 100 observations per treatment, 𝑝-value=.705).20

We report additional descriptive statistics for other scenarios in the Appendix Sec-
tion 3.A.5, which yield similar conclusions.

Even though norms do not further erode in FULL compared to the other treat-
ments, we see a complete break-down of norm compliance. When traders can
take advantage of trading opportunities foregone by other traders, norms take a
back seat in participants’ decision making. In the next section we shed light on

19We find no evidence of excuse-driven norm reports, see Appendix Section 3.A.10.
20Results are similar when regressing subjects’ norms (2 elicitations for 781 subjects, so 1562

observations) on treatment fixed effects, a dummy for the market scenario and interactions of
this dummy with the treatment fixed effects, clustering standard errors on the matching group.
Significant is the dummy for the market scenario (𝑝-value = 0.02), but none of the interactions is
significant (all 𝑝-values > .1). This confirms that there is not a specific treatment effect on norms
in markets.
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the question whether the complete breakdown of norm compliance is caused by
market selection or the replacement logic.

Result 3. We reject hypothesis 3A. Traders find cancelling a donation less inappro-
priate in markets than in individual decision-making. We do not reject hypothesis
3B. Norms are not differentially affected by market treatments. The finding that
market outcomes are most selfish in FULL is caused by a breakdown of norm com-
pliance.

3.5.4 Mechanisms: Market selection versus replacement logic

A crucial question is the mechanism behind the full erosion of morals in FULL. In
this section we aim at providing direct evidence for each of these forces separately.

In a first step in distinguishing the two mechanisms, we study which traders
are active in the market. Under market selection, only the least moral partici-
pants trade the last units, while all other participants abstain. In contrast, the
replacement logic can be used by any trader and is most powerful if many traders
become active. We thus study which traders are active in submitting or accepting
offers for the final units, the least profitable units which yield gains from trade of
€ 0.20. To evaluate which type of trader is active we split the sample into those with
below- and above-median moral costs in part 1. If market selection drives erosion
in FULL, we would expect that few very immoral traders are active. If in turn the
replacement logic is active, we expect many active traders, and there need not be
a correlation between individual activity and the valuations in individual decision-
making.

In Figure 3.5, we plot the share of traders who are active at least once at these
least profitable units. We see that in both SINGLE andMULTI, both groups ofmarket
participants are similarly active. However, the share of active participants is much
higher in FULL, where 94% of traders with below-median moral costs are active,
but even 72% of traders with above-median moral costs are active. The difference
between the above- and below-median group is significant only in FULL (MWU, 10
observations per above- or below-median group per treatment, 𝑝-value=.023).21

This is however not robust to using a regression, see Appendix Section 3.A.6.
This points to only a minor role for market selection. Traders with above-

median moral costs are hardly less active than traders with below-median moral
costs. This evidence hints at a major role for replacement thinking. A large share
of participants across are actively trading when the replacement logic is available,
providing justification for the trading of others.22

21Differences in other treatments move in the expected direction for earlier units with larger
associated gains from trade, e.g. in MULTI 78% of above-median participants are active for units 10
to 12, while 92% of below-median participants are active.

22In the Appendix Section 3.A.6, we provide further evidence in line with this analysis. While
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Figure 3.5: Share of traders active at the least profitable units

Notes: Share of traders who submit or accept an offer at the final units, which yield gains from
trade of € 0.20 in exchange for an externality of € 1.50. Median splits are based on moral
costs within the matching group.

A set of follow-up treatments distinguish between these two forces more di-
rectly. To study the role of market selection in FULL, we compared homogeneous
groups that consist of traders close to the median preference for canceling dona-
tions (HOM) to heterogeneous groups that include the traders on both extremes
(HET). The main interest is in comparing outcomes in the HOM groups to the orig-
inal FULL treatments as well as to HET. If market selection drives the erosion of
morals in FULL, limiting its scope in HOM would lead to less erosion compared to
the erosion in HET and FULL.

In Appendix Section 3.A.2, we show that the participants in these two groups
are balanced across other characteristics we observe. Yet, crucially, participants
in HOM are more homogeneous than those in HET. Therefore, this treatment suc-
cessfully manipulates the potential for market selection to drive outcomes, while
other characteristics are not affected.

In Figure 3.6, we present average quantities traded, relative to the selfish com-
petitive equilibrium. Strikingly, market outcomes are similarly selfish in HOM, HET
and FULL. Average quantities in HOM are not statistically distinguishable between
HOM and FULL (MWU, 8 observations in HOM and 10 in FULL, 𝑝-value=.632) as well
as between HOM and HET (MWU, 8 observations per treatment, 𝑝-value=.317). This
indicates that even when limiting the scope of market selection, the replacement
logic is sufficient to produce fully selfish market outcomes.

Result 4. We do not reject Hypothesis 4. Both more and less moral traders are

traders in SINGLE andMULTI submit or accept less than 1.4 offers on average, traders in FULL engage
in 8.2 actions per trader. In addition, we show that a similar picture emerges for the traders who
revealed to not use consequentialist reasoning in individual decision-making, since they declined
to cancel donations even when paid more than the monetary value of these donations.
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Figure 3.6: Market outcomes: HOM and HET

Notes: Average quantities relative to selfish competitive equilibrium. The trading of units below
40% is efficient (gains from trade exceeds the externality). Compared to the negative exter-
nality of € 1.50 per unit, each unit between 40% and 60% yields gains from trade of € 0.60,
each unit between 60% and 80% yields € 0.40 and each unit between 80% and 100% yields
€ 0.20.

active. Market selection does not contribute to the complete erosion of morals in
FULL.

B-MULTI, B-FULL and SPEC allow us to shed direct light on the replacement
logic. In these treatments, we directly elicited beliefs about others’ activity in the
trading of unit 10, 12, 13 and 15 just before trading of these units started. In the
pre-registration, we announced that we will focus on the non-incentivized mea-
sure if the two measures correlate. Unfortunately, the two measures do not cor-
relate. Within B-MULTI, the Spearman correlation between non-incentivized re-
ports for the statement “What is the probability that whether or not the next unit
is traded depends on your behavior?” and the incentivized report for the state-
ment “How many participants other than you will attempt to trade this unit?” is
-0.016 (𝑝-value=.718, 500 observations). The same correlation in B-FULL is -0.003
(𝑝-value=.910, 1280 observations).23 In the main text, we therefore focus on the
simpler incentivized measure.24 Results for the non-incentivized measures are
presented in the Appendix Section 3.A.7 and are in line with these results unless
otherwise noted. To avoid selection issues in treatment comparisons, and as pre-

23This analysis assumes independence of observations, even though e.g. the same participant
reports multiple beliefs. The conclusions are robust to using participant-level averages or regres-
sions with standard errors clustered on a matching group level.

24Other reasons to focus on the incentivized measure are that: (i) it correlates more strongly
with the underlying true values; and (ii) while we do not find a correlation between incentivized and
unincentivized measures for traders in B-MULTI and in B-FULL, we do find the expected correlation
for spectators. The latter suggests that we may have been asking too much of our traders, and
that they may have decided to focus on the incentivized questions. See Appendix Section 3.A.7 for
details.
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registered, we use only beliefs for which 13 out of 16 groups are observed – i.e.,
have continued to trade to the corresponding unit. This only allows us to compare
data for unit 10. For subsequent units, beliefs in B-MULTI are only available for a
self-selected sample, as already at unit 12 only 40.6% of groups had continued to
trade.25

We use belief data for two purposes. First, we test whether our treatments
induced differences in beliefs on others’ activity. If the replacement logic drives
the enhanced trading in FULL, we would expect that participants believe that more
traders are active in FULL than in MULTI. Second, we check whether within-subject
correlations between actions and beliefs are in line with replacement logic think-
ing, which implies that participants who believe to be more replaceable are those
who are more active.

In Figure 3.7, we report the average number of other traders believed to be
active in the trading of unit 10, including the corresponding target in the data.
Traders in B-FULL believe that more other traders will be active than traders in
B-MULTI do, consistent with replacement logic thinking. The difference between
these two treatments is significant, with a 𝑝-value of .002 (MWU, 8 observations
per treatment).

Figure 3.7: Beliefs about other traders’ activity

Notes: Number of other traders believed to be active (grey bar), actual number of others active (the
target; green diamond) and belief of spectators (orange circle).

Figure 3.7 also presents the target for these reports, based on the actual trading
behavior of the other traders. Consistent with the beliefs, we observemore activity
in B-FULL than in B-MULTI already at unit 10. Lastly, we show the corresponding re-

25Treatments B-FULL and B-MULTI also allow us to investigate the robustness of the original
results. In Appendix Section 3.A.8 we reproduce the other analysis presented in the main text
including the new treatments. Results are qualitatively in line with the original treatments.
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ports for the spectators, in SPEC. Directionally, this data is in line with self-serving
reports, but differences between spectators’ beliefs and traders’ beliefs are minor
and not significant (MWU, 8 observations in B-FULL and 41 in SPEC, 𝑝-value=.393).

This data can also be used to test whether traders who believe to be more
replaceable are those traders who trade most frequently. In Table 3.3, we regress
the decision to be active at the last units in themarket, those with gains from trade
of € 0.20, on participants’ beliefs about others’ activity. As we do not compare data
across treatments, we now use the full data set. We observe that both in B-MULTI
and B-FULL, participants who expect others to be more active are more inclined to
trade themselves, again consistent with the replacement logic.26

Table 3.3: Beliefs and activity

(1) (2)
B-MULTI B-FULL

# active traders 0.053∗∗∗ 0.069∗∗∗
(0.011) (0.013)

Average moral cost -0.019 -0.111∗∗∗
(0.023) (0.025)

Period 0.001 -0.028∗
(0.039) (0.013)

Constant 0.076 0.391∗∗
(0.119) (0.121)

Unit FE Yes Yes
Observations 500 1280

Note: Dependent variable is a dummy equal to one if a subject
submitted or accepted an offer for units with gains from trade
of € 0.20. Average moral costs are the average moral costs for
a participant, based on averaging per-unit moral costs based
on part 1 individual decision-making. Standard errors clus-
tered on matching group level in parentheses, ∗ 𝑝 < 0.10, ∗∗
𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

Result 5. We reject Hypothesis 5. Fully selfish market outcomes in unrestricted
multi-unit markets are driven by the replacement logic.

3.5.5 Effects of market exposure

Our experimental design also allows us to test whethermorals are erodedwithin an
identical decision environment, as participants faced identical individual decision-
making tasks in parts 1 and 3. Treatment MPL allows us to study whether repetition
by itself is eroding morals. Comparing this erosion to erosion after experiencing
markets in treatments SINGLE, MULTI and FULL allows us to determine whether the

26This is the only beliefs analysis that does not generalize when we use the unincentivized belief
report (see Table 3.A.8 in Appendix Section 3.A.7).
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erosion inmarkets has an effect outside the immediatemarket environment. In ad-
dition, we can evaluate whether specific market features lead to stronger erosion
outside the market.

In Figure 3.8, we plot the average elicitedmoral costs per treatment, by parts. In
treatment MPL, we elicit moral costs in parts 1, 2 and 3. In the market treatments,
we use individual decision-making only in parts 1 and 3.

Figure 3.8: Persistence of erosion

Notes: Average per-unit valuations in individual decision-making, for € 1.50 donations, by part. In
part 2, only MPL employs individual decision-making.

We observe that moral costs are decreasing over time. In MPL, average per-
unit moral costs in part 3 decrease by 6.5 cents (relative to a donation of € 1.50),
compared to the moral costs in part 1. This change slightly increases in the mar-
kets, in SINGLE it amounts to 9.5 cents. In the multi-unit markets MULTI and FULL,
erosion is most drastic, with decreases of moral costs of 19.8 cents and 20.5 cents,
respectively, after market exposure. This decrease is significant across all market
treatments (Wilcoxon signed-rank tests, 100 observations per market treatment, 81
in MPL, 𝑝-values of MPL=.108, SINGLE=.002, MULTI=.000, FULL=.000). Comparing the
decrease between treatments, we do not find significant differences between MPL
and SINGLE (Mann-Whitney U-test, 81/100 observations, 𝑝-value=.289). We find
that multi-unit markets in turn show somewhat stronger erosion, as the decrease
in MULTI compared to SINGLE is significant (MWU, 100 observations per treatment,
𝑝-value=.008), while the decrease between MULTI and FULL is similar (MWU, 100
observations per treatment, 𝑝-value=.799). This indicates that, surprisingly, ero-
sion of morals does seem to persist outside of markets, especially so in multi-unit
markets. Repetition seems to contribute to erosion as well, but its role appears to
be less pronounced than that of multi-unit market exposure.

We further investigate how trading experience in our experimental markets af-
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fects traders’ perceptions about the morality of other traders. For this, we elicited
subjects beliefs about the median moral costs of canceling a donation in individ-
ual decision-making. Subjects were paid a bonus of € 1 if they correctly estimated
the median participant’s choices in the first multiple price list, for the first unit in
the first part of the experiment, within their session.

In Figure 3.9, we report for each main treatment the mean difference between
predicted and actual moral cost of the median trader in the left panel, together
with the absolute prediction error in the right panel. Observing their fellow peers
does not help participants to improve their estimate: the absolute error is not
decreasing in the markets compared to MPL. Also, there do not appear to be strong
differences between the market treatments.

Interestingly, the direction of the error changes systematically between treat-
ments.27 If anything, participants in MPL slightly overestimate how much the me-
dian participant values a donation to UNICEF. While there is a slight decrease in
SINGLE, the multi-unit markets MULTI and FULL lead to systematic errors: partic-
ipants strongly underestimate how much their participants care about donations
for the measles vaccine.28

Summarizing, there is biased social learning in the sense that participants be-
lieve that their peers are more selfish than they truly are. Participants do not suf-
ficiently take into account that other traders’ behavior in the market is to a large
extent shaped by market forces. This is also consistent with multi-unit markets
complicating inference about the moral costs of traders who are less active. Mar-
ket participants observe frequent trading, but do not comprehend that this may
not reflect the preferences of an average participant outside of the market.

3.6 Discussion

In this paper, we study market forces that can lead to a widespread erosion of
morals and selfish market outcomes. As market power is reduced by allowing
traders to take advantage of trading opportunities foregone by other traders, we
show that aggregate outcomes as well as the behavior of a large share of market
participants change dramatically.

Our paper provides conclusive evidence that markets can erode morals. We
start by documenting that markets which retain pivotality of individual traders
lead to a partial erosion of morals, as we observe more participants cancelling

27Regressing subjects’ absolute errors on treatment fixed effect shows insignificant dummies
(781 observations, clustering standard errors on matching group level; all 𝑝-values > .1 for SINGLE,
MULTI and FULL). Regressing the error on treatment fixed effects shows differences in fixed effects,
compared to the MPL baseline, for SINGLE (estimate of -19.0, 𝑝-value=.117), MULTI (estimate of -33.7,
𝑝-value=.009) and FULL (estimate of -48.5, 𝑝-value < .001).

28We find no evidence of excuse-driven belief reports, see Appendix Section 3.A.9.
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Figure 3.9: Errors in beliefs about median subject’s moral cost

Notes: Average error in estimating the session’s median subject’s moral cost for canceling one unit
of donation of € 1.50 in part 1 of the experiment. The left panel displays the average differ-
ence between prediction and target, the right panel the absolute distance between predic-
tion and target.

donations in markets than in individual decision-making. These results support
Falk and Szech (2013)’s conclusion that single-unit markets partially erode morals.

We then expand the analysis of markets by introducing multi-unit trading and
removing pivotality. These changes lead to a full erosion of morals. Participants
appear to entirely disregard their moral concerns towards preventing negative
externalities in these markets. Meanwhile, they are willing to forgo substantial
amounts of money before and after markets in an individual decision-making task.

We further investigate the relative role played by market selection and the re-
placement logic in deteriorating market outcomes. We show that there is substan-
tial heterogeneity in our traders’ preferences for canceling donations, which leaves
substantial scope for the selection effect to play a role. However, in our markets
we find that less moral traders are hardly more active than more moral traders.
Moreover, when we create homogeneous groups of traders who know that their
preferences for the negative external effect are close to the median preference,
we continue to see that all units in the market are traded. We conclude that the
selection effect plays at most a minor role in our data. In contrast, and in agree-
ment with the replacement logic, we find that (i) subjects become more active in
trading when they are more convinced that their behavior does not have an impact
on the aggregate outcome and (ii) subjects expect that their own behavior has less
consequences for outcomes in FULL than in MULTI. Furthermore, our subjects’ be-
liefs are hardly biased in a self-serving direction, instead they correctly predict
that many participants are trading.

It is particularly interesting and worrisome to see the extent to which replace-
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ment thinking can deteriorate market outcomes. Absent pivotality, large shares of
subjects engage in frenzied trade of units which cause large damages compared to
the available gains from trade: 83% of subjects are willing to trade when they can
share gains from trade of € 0.2, whereas only 9% of these same subjects are willing
to cancel the first donation when each is paid € 0.2 in individual decision-making,
averaged on part 1 and 3-data.

Strikingly, this frenzied trading contrasts with the prevailing norm. Even though
we observe some deterioration in subjects’ norms in markets compared to indi-
vidual decision-making, we do not see that norms are further eroded when piv-
otality of trading in markets disappears. Still, norm compliance is completely
eroded when subjects can be replaced when others refrain from trading. This led
to widespread frustration among subjects, some of whom spontaneously wrote
down their thoughts after the experiment. One subject commented: “The level of
selfishness displayed on market 2 has almost made me cry during the experiment.
Today, my faith in humanity has taken a giant blow”.

Our findings suggest implications for policy. Because selection effects hardly
play a role, efforts to restrain the more immoral players in a market may not affect
market outcomes as long as these immoral players can be replaced by others. For
instance, we think that it is doubtful that the recent dissolution of Purdue Pharma
will solve the crisis in the opioids market. Instead, it may be more promising to
pursuemeasures that restore or create pivotality in themarket. One way to accom-
plish this would be to individually constrain traders in the quantities that they can
trade. The treatment that implements this showsmuch lessmoral erosion. Further,
because even the traders themselves normatively disapprove of the outcomes in
the unrestrained markets, we expect that there may be support for measures that
restore pivotality. As an alternative to individual capacity constraints, externali-
ties can be mitigated by introducing taxes on the relevant behavior (Plott, 1983).
On the other hand, aggregate quotas (i.e., cap-and-trade systems) can crowd-out
moral behavior as they remove pivotality and make traders replaceable in the ac-
quisition of the permits (Herweg and Schmidt, 2022).

The large erosion of morals we detect has also implications for our understand-
ing of markets as aggregators of preferences. Using market outcomes to infer indi-
viduals’ preferences regarding damages to third parties is complicated by key mar-
ket design features. Simultaneously, obtaining a precise measurement of moral
preferences in one environment may not be particularly useful to understand be-
havior in other environments. Participants can behave very selfishly and quite
generously depending on specific features of the market structure. A poor under-
standing of the forces that apply in a given environment might fundamentally lead
to a misrepresentation of individuals’ preferences. In this sense, markets may not
aggregate preferences in a straightforward way. Aside from concerning economists
attempting to estimate preferences, this inference problem affects market partici-
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pants themselves: Our subjects strongly underestimate howmuch their peers care
about the donation to UNICEF after having participated in multi-unit markets. This
brings up another potential danger of inference from market outcomes: We might
be systematically underestimating by how much fellow members of our society
would actually want to prevent the externalities they cause.
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Appendix

3.A Additional analyses

In this appendix, we provide additional analyses of the data.

3.A.1 Predicting moral costs and moral competitive equilibria

In addition to the analysis presented in themain text, we can use individual decision-
making data to predict outcomes in markets. For this, we proceed in two steps.
First, we explain how we fit a moral cost curve to individual decision-making data.
Second, we can use predicted moral costs to simulate market outcomes under the
assumption that moral costs are not affected by moving to markets, to predict a
moral competitive equilibrium.

3.A.1.1 Moral cost curves

We begin by fitting a moral cost curve to individual decision-making data. Denote
Θ𝑖(𝑞) the total moral costs subject 𝑖 incurs for cancelling 𝑞 units of donation. We
use the moral costs we had elicited for 𝑞 ∈ {1, 2, 3, 5, 7, 10, 15} to estimate 𝛼𝑖, 𝛽𝑖 in
𝑖’s moral cost curve using OLS, where 𝜖𝑗,𝑞 is an individual-unit error:

Θ𝑖(𝑞) = 𝛼𝑖𝑞 + 𝛽𝑖𝑞
2 + 𝜖𝑗,𝑞

After estimating the above equation, we can use 𝛼𝑖, 𝛽𝑖 to predict moral costs for
any quantity 𝑞 ∈ {1, 2, … , 15} and each individual 𝑖. This predicts total moral costs
Θ̂𝑖(𝑞), so the total moral costs for cancelling 𝑞 units of donation. However, we often
are interested in per-unit marginal moral costs 𝜃𝑖(𝑞), for unit 𝑞. These are themoral
costs for cancelling an additional 𝑞-th unit of donation, after having cancelled 𝑞−1
units earlier. So, we want to decompose predicted total moral costs Θ̂𝑖(𝑞) into a
sum of 𝑞 per-unit, marginal moral costs 𝜃𝑖(𝑗): Θ̂𝑖(𝑞) = ∑

𝑞
𝑗=1 𝜃𝑖(𝑗). To obtain per-unit

moral costs 𝜃𝑖(𝑞) for unit 𝑞, we use the predicted total moral costs for unit 𝑞, Θ̂𝑖(𝑞),
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and unit 𝑞 − 1, Θ̂𝑖(𝑞 − 1), and take their difference. By repeating this exercise for all
𝑞 ∈ {1, 2, … , 15}, we obtain all per-unit moral costs for all units for all individuals.

3.A.1.2 Moral competitive equilibria

In themarket treatments, we use themoral cost curves to predict market outcomes
under the assumption that markets do not erode morals. That is, we use traders’
estimated moral costs ̂𝜃𝑖(𝑞) and predict how many units we would expect to be
traded if ̂𝜃𝑖(𝑞) is not affected by moving to our market setup, given the market
rules of the treatment subjects are participating in. Since the literature finds rep-
etition to be a force behind erosion (Bartling et al., 2023), we correct moral costs in
each period by the average erosion we find in the corresponding repetition of the
treatment MPL. We estimate moral costs each period, and rescale estimated moral
costs for each market period with the average erosion found in MPL.

For this, starting from the first unit, we randomly draw a buyer 𝑏, with marginal
moral costs to trade an additional unit of ̂𝜃𝑏(𝑞), and a seller 𝑠, with marginal moral
costs of ̂𝜃𝑠(𝑞′). If the sum of the two moral costs do not exceed the available gains
from trade, given by the difference in induced values and costs, this pair of traders
is designated to trade. Afterwards, we proceed to the next unit, and repeat the
procedure. If the marginal moral costs of the pair (𝑏, 𝑠) exceed the gains from
trade, we attempt to find 200 times a pair for whom trading is feasible. In drawing
random pairs, we keep track of the number of units previously traded, which may
affect marginal moral costs or individual capacity constraints. At the point where
no further pair can be found, the predicted quantity is the last unit which can be
traded. Our predictions are the average outcome of 10,000 simulations, to account
for differences in drawing random buyer-seller pairs.29

To be precise, we take 𝑝 as the price agreed between one buyer and one seller.
For unit 𝑄 to be traded, 𝑣(𝑄) are induced values, 𝑐(𝑄) induced costs, which are
common across all traders at this unit. ̂𝜃𝑖(𝑞) are estimated marginal moral costs
for trader 𝑖 to cancel a 𝑞-th unit of donation.

For heterogeneous moral competitive equilibria, we take the following steps,
in each market period, where the simulation proceeds sequentially unit by unit:

1. We record individually traded quantities at every step, keeping track of which
traders are constrained by capacity constraints (in SINGLE and MULTI) and
what the predicted marginal moral costs to trade one more unit are for each
trader 𝑖: ̂𝜃𝑖(𝑞).

2. First, we verify whether any trade made in the experiment is consistent for
both this buyer-seller pair we observe. That is, profits are larger than the

29In order to focus on the most relevant equilibria, we keep those trades observed in the exper-
iment which are consistent with traders’ moral costs in our simulations.
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moral costs if ̂𝜃𝑠(𝑞) ≤ 𝑝 − 𝑐(𝑄) for seller 𝑠 and ̂𝜃𝑠(𝑞) ≤ 𝑣(𝑄) − 𝑝 for buyer 𝑏. We
keep all trades which are consistent for this buyer and seller. By doing so,
we keep those equilibria which are closest to observed trading behavior.

3. Second, we verify whether additional units can be traded, beyond the number
of units kept in step 2. For each additional unit, we draw at most 200 times a
random pair of buyer 𝑏 and seller 𝑠. In drawing random traders, we incorpo-
rate that our market picked one buyer and one seller randomly among those
who submitted an equally favorable offer and among those who accepted
the offer in question. We check whether for a candidate pair of traders, their
moral costs allow them to trade one more unit, compared to the available
gains from trade. That is, we verify that the sum of marginal moral cost is at
most the difference in induced values and costs: ̂𝜃𝑠(𝑞) + ̂𝜃𝑏(𝑞) ≤ 𝑣(𝑄) − 𝑐(𝑄).
If moral costs satisfy this equation, the two traders can agree on a price 𝑝
at which they are both willing to trade. For the first randomly drawn pair of
traders for whom the equation is satisfied, we designate these two to trade
the 𝑄-th unit, and continue to the 𝑄 + 1-th unit. We continue to simulate
additional units, up to the point where for all 200 randomly drawn pairs of
traders, marginal moral costs are prohibitively high: ̂𝜃𝑠(𝑞)+ ̂𝜃𝑏(𝑞) > 𝑣(𝑄)−𝑐(𝑄).
At this point, trading stops, and the predicted quantity is the last unit which
could be traded.

4. For eachmarket and period, we repeat this procedure 10,000 times, as the or-
der in which trader pairs are drawn potentially affects outcomes. Predictions
shown are averages across all simulations and periods.

For homogeneous moral competitive equilibria, we adapt the above procedure
only in the predicted marginal moral costs ̂𝜃𝑖(𝑞): for each market group, we use
the median trader’s moral costs for the first unit as the moral costs for all traders
and all units. We thus remove both initial heterogeneity within a market and the
decreasing marginal moral costs from estimated moral costs. We then perform the
above procedure, which again yields a predicted quantity to be traded.

We call the outcome of this exercise the “competitive equilibrium with moral
costs” or “moral competitive equilibrium”. Note that this exercise is only possible
in a design such as ours, wherewe observe participants both in individual decision-
making and in a market environment. This exercise is meaningful, as we observe
full trade in the first practice market period, which is incentivized but features no
externalities, across all treatments featuring our market institution. This is consis-
tent with the standard competitive equilibrium arising in the absence of negative
externalities. Any decrease in trading volume can thus cleanly be interpreted as
traders’ concern for preventing the negative externality.

The benchmark of the moral competitive equilibrium allows us to: (i) disen-
tangle whether observed market outcomes can be reconciled with the preferences
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of market participants or whether markets do erode morals; (ii) carry out coun-
terfactual simulations to highlight the role of market selection. Regarding (i), we
compare the degree of moral erosion by ranking the extent to which observed
quantities exceed predicted quantities in the moral competitive equilibrium be-
tween treatments. This is of particular interest in treatment FULL: due to market
selection, the least moral traders can determine quantities by themselves. If pref-
erences are heterogeneous, or additionally if marginal moral costs are strongly
decreasing for some of the traders, predicted quantities in the moral competitive
equilibrium are higher in FULL than in MULTI or SINGLE. Under market selection,
aggregate market outcomes in FULL appear to be more selfish than we would ex-
pect on the basis of homogeneous traders having the same median preferences.
However, this does not imply that moral costs have eroded in markets, it just rep-
resents the fact that the traders least concerned with causing an externality are
setting quantities. These traders might not be representative of the median trader.
In the analysis, we will use each trader’s estimated moral costs to verify whether
her trading behavior is consistent with her stance outside of markets.

The possibility to run counterfactual simulations, in (ii), provides another im-
portant advantage of the moral competitive equilibrium. In predicting quantities,
we use the estimated moral cost curve. By comparing outcomes in the hetero-
geneous to the homogeneous moral competitive equilibrium, we measure of how
severe market selection is in this benchmark, or, how well markets are predicted
to reflect the preferences of an average market participant.

If market quantities exceed the predictions of the moral competitive equilib-
rium, markets do erode morals in the sense that traders care less about the exter-
nality they cause in a market than outside of a market.

In Figure 3.A.1, we present the results for this exercise. The first bar for each
treatment, in grey, shows the predicted quantity in the competitive equilibrium
with homogeneous and constant moral cost. For each market, we use the median
trader’s moral costs for the first unit to simulate how many units will be traded
on average. Average quantities are between 28.5% and 36%. These differences
between treatments are purely driven by initial heterogeneity of subjects, and are
not related to underlying market features.30 As it turns out, our subjects valued
donations to UNICEF somewhat higher in FULL and MULTI than in SINGLE.

The second bar, in red, shows predicted quantities given the heterogeneous
moral costs of market participants. These are higher quantities in all treatments
than in the homogeneous moral competitive equilibrium. As expected, the dif-
ferences are largest in FULL. The difference between the two equilibria can be at-
tributed to market selection: the least moral traders in FULL are no longer con-

30Note that average moral costs between treatments are quite similar. However, for this exer-
cise, we rely on distributions of the median, where we continue to see some variability between
treatments.
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Figure 3.A.1: Market outcomes and competitive equilibria

Notes: Average quantities relative to selfish competitive equilibrium for two moral competitive
equilibrium (“MCE”) benchmarks and observed quantities. MCE use participants’ moral costs
elicited in individual decision-making to predict market quantities. Heterogeneous MCE are
based on actual moral costs, homogeneous MCE are based on the median trader’s moral
cost for the first unit within the matching group.

strained, thus they can expand the size of the market. This market force increases
quantities by 29.4 percentage points. In MULTI and SINGLE participants’ hetero-
geneity has a smaller impact on traded quantities. Whereas in SINGLE the increase
is only 7.4 percentage points, this increases to 14.7 percentage points in MULTI.

The third bar, in green, shows observed quantities across the three treatments.
We see that there is erosion of moral costs in all treatments. We observe partial
erosion of morals in SINGLE and MULTI. In FULL, market outcomes are fully selfish.
Compared to the competitive equilibrium with heterogeneous moral costs, quan-
tities increase in SINGLE. They increase stronger in MULTI, and by even more in
FULL.

Moral erosion in FULL is particularly strong, even though differences between
observed and heterogeneous moral competitive equilibria might appear not too
different between MULTI and FULL at first sight in Figure 3.A.1. Erosion is much
stronger in FULL as additional units traded are causing larger negative externali-
ties the more units have already been traded, relative to the potential gains from
trade. This is the case as the induced gains from trade are decreasing at higher
quantities, while damages stay constant. Below 40%, trading is efficient, as the
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damage to UNICEF is less than the associated payments to market participants.
An increase from 40% to 60% leads to additional negative externalities of € 4.50,
whereas traders receive € 1.80. The gains relative to damages to UNICEF decrease
further, and an increase from 80% to 100% also yields damages of € 4.50, however
traders only receive total payments of € 0.60. To quantify the size of the erosion,
we summarize howmany additional units compared to themoral competitive equi-
librium benchmark are traded in each treatment in Table 3.A.1. We also show what
damages to the donation traders are willing to accept for an additional payment
of € 1 per additional unit that is traded. Damages, and the associated erosion of
moral costs, are highest in FULL.

Table 3.A.1: The size of erosion in markets

SINGLE MULTI FULL B-MULTI B-FULL HOM HET

Normalized units 4.8 5.3 5.8 3.7 9.0 9.1 3.5
Damage per € 1 gain per unit 3.2 3.2 4.9 2.9 4.6 4.5 6.0

Notes: Number of units traded beyond heterogeneous moral competitive equilibrium as well as damages to UNICEF on
average per additional unit, normalized across treatments. Damage per unit is fixed at € 1.50, gains from trade vary
between €0.20 and € 3.80.

The results of the moral competitive equilibrium exercise hinge on assump-
tions on the moral cost curve we use to fit individual decision-making data. In
the following, we provide results on two exercises to test the robustness of the
above conclusion. First, we use a linear moral cost curve to fit data from individual
decision-making. This assumes marginal moral costs to be constant. Figure 3.A.2
presents the results of this exercise. The results are in line with the findings when
allowing for non-linear moral cost curves.

Second, we repeat the procedure assuming that moral costs are halved when
moving from individual decision-making to markets. This can account for the fact
that decisions in markets always involve two participants and these trades gen-
erate payoff for two participants. Figure 3.A.3 presents the results. We continue
to observe erosion compared to this benchmark. In particular, predicted average
quantities in themoral competitive equilibria with halvedmoral costs are 11.1 units,
an increase from the 9.1 units in the baseline simulation. This quantity still falls
substantially short of the observed traded quantities of 14.9 units.31

31We pre-registered a second method of evaluating moral erosion, that was based on the in-
formation conveyed in traders’ offers. The results of this analysis are qualitatively similar to the
results reported in this section. Details will be sent on request.
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Figure 3.A.2: Market outcomes and competitive equilibria: Linear moral costs

Notes: Average quantities relative to selfish competitive equilibrium for two moral competitive
equilibrium (“MCE”) benchmarks and observed quantities. MCE use participants’ moral costs
elicited in individual decision-making to predict market quantities, using linear cost curves
to estimatemoral costs. Heterogeneous MCE are based on actual moral costs, homogeneous
MCE are based on the median trader’s moral cost for the first unit within the matching group.
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Figure 3.A.3: Market outcomes and competitive equilibria: Halved moral costs

Notes: Average quantities relative to selfish competitive equilibrium for two moral competitive
equilibrium (“MCE”) benchmarks and observed quantities. MCE use participants’ moral costs
elicited in individual decision-making to predict market quantities, which are divided by two.
Heterogeneous MCE are based on actual moral costs, homogeneous MCE are based on the
median trader’s moral cost for the first unit within the matching group.
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3.A.2 Balancing

In Table 3.A.2, we show covariate balance across treatments. Of particular interest
is the comparison between HOM and HET. Apart from the intended manipulation
of heterogeneity, these treatments are balanced. Note that the data for the treat-
ments MPL, SINGLE, MULTI and FULL was collected first at the CREED laboratory
in Amsterdam, in September and October 2019. The data for the remaining treat-
ments was collected October 2021 to January 2022. Sessions were ran both at the
CREED laboratory in Amsterdam as well as at the CentERlab of Tilburg University.

Table 3.A.2: Balancing table

Age % women % international Switching point part 1 Risk

MPL 21.6 42 86 9.9 3.5
SINGLE 20.6 46 80 9.5 3.6
MULTI 20.7 52 81 10.3 3.5
FULL 21.7 45 76 9.8 3.6
B-MULTI 21.1 48 74 10.4 3.6
B-FULL 21.3 51 78 11.1 3.4
HOM 21.5 56 75 10.9 3.6
HET 21.5 63 76 11.5 3.4
SPEC 21.6 59 80 - -
HOM vs. HET (𝑝-values) .973 .424 .856 .520 .455
Kruskal-Wallis (𝑝-values) .248 .453 .964 .219 .961

Notes: Average characteristic by treatment. Switching point part 1 and Risk were not elicited for the
SPEC treatment. In the second-last row we report 𝑝-values of a 𝑡-test comparing HOM with
HET, 80 observations per treatment. In the last row we report 𝑝-values of a Kruskal-Wallis
test, comparing equality across all treatments.

In Figure 3.A.4, we show histograms of the averagemarginalmoral costs for HOM
and HET, using part 1 data. We do observe that generating homogeneous groups
in HOM and heterogeneous groups in HET was successful.

3.A.3 Are marginal moral costs decreasing?

In Figure 3.A.5, we provide evidence of decreasingmarginalmoral costs. We plot the
average valuation implied by choice data in individual decision-making, averaged
on the unit level. At larger stakes, subjects need to be paid less, averaged per
unit, such that they are willing to cancel a donation. The effect is quite strong: For
the first unit, subjects on average reported moral costs of € 1.68, this decreases to
€ 1.27 for the fifteenth unit.

The decreasing pattern of marginal moral costs is statistically significant. In an
OLS regression with subjects fixed effects, we allow for changes in marginal moral
costs as a function of the size of the donation (Unit). The results, presented in
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Figure 3.A.4: Histograms of average marginal moral costs

Notes: Histograms and kernel densitites of average moral costs based on the elicited valuations,
with a value of € 1.5 each.

Figure 3.A.5: Decreasing marginal moral costs

Notes: Average moral costs based on the elicited valuations, with a value of € 1.5 each.

Table 3.A.3, show that this variable is empirically important. The estimate on Unit
is negative and significant.
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Table 3.A.3: Evidence for decreasing marginal moral costs

Marginal moral costs

Unit -.0248∗∗∗
(.00166)

Constant 1.575∗∗∗
(.0101)

Observations 5,467
# of subjects 781
Subject FE Yes
Adjusted 𝑅2 0.814

Note: Dependent variable is average per-unit valuation
elicited in individual decision-making, in Euros. Unit
captures the unit number, from 1, 2, 3, 5, 7, 10, 15. Subject
fixed effects control for level differences in valuations
across subjects. Standard errors clustered on matching
group level in parentheses, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗
𝑝 < 0.01.

3.A.4 Robustness of treatment effects

In Table 3.A.4, we regress the quantities on treatment indicators to verify robust-
ness of our main results. Each market outcome provides one observation. Quan-
tities in FULL differ significantly both in (1) and when including controls in (2).
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Table 3.A.4: Treatment effects

(1) (2)
Relative quantity traded

(1 if MULTI) 2.833 4.040
(3.980) (3.256)

(1 if FULL) 23.500∗∗∗ 23.315∗∗∗
(3.604) (3.506)

(1 if Period=2) -4.667∗∗
(1.795)

(1 if Period=3) -7.111∗∗∗
(2.020)

(1 if Period=4) -4.889∗∗
(2.153)

Mean moral cost 0.040
(0.080)

Median moral cost -0.098
(0.065)

Minimum moral cost 0.108
(0.100)

Mean risk measure 3.834
(3.842)

Constant 75.500∗∗∗ 69.044∗∗∗
(3.512) (12.992)

Observations 120 120
Adjusted 𝑅2 0.508 0.555

Note: Dependent variable is observed quantity relative to selfish com-
petitive equilibrium. Mean, median and minimum moral cost are the
mean, median and minimum of marginal moral costs, averaged on a
subject level, in part 1 within a matching group. Mean risk is the av-
erage chosen lottery in the risk task per matching group. Standard
errors clustered on matching group level in parentheses, ∗ 𝑝 < 0.10, ∗∗
𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01
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3.A.5 Norms

We elicited norms using the method introduced by Krupka and Weber (2013). We
described seven different scenarios in the experiment, where subjects evaluated
whether they deemed the behavior as “socially appropriate” and “consistent with
moral or proper social behavior” on a 4-point scale from “very socially inappropri-
ate”, to “somewhat socially (in)appropriate” and “very socially appropriate”. In par-
ticular, we described four scenarios involving individual decision-making as well
as three scenarios in an experimental market. In Appendix B, we reproduce the full
instructions and interface.

Scenarios 1 to 4 mirror the individual decision-making task in the experiment,
where Individual 1 makes the following choices (as a reminder, 4 doses cost ap-
proximately € 1.5.):

1. “1 chooses to receive 1 Euro instead of making a donation of 4 doses of
measles vaccine to UNICEF.”

2. “1 chooses to receive 2 Euro instead of making a donation of 4 doses of
measles vaccine to UNICEF.”

3. “1 chooses to receive 3 Euro instead of making a donation of 12 doses of
measles vaccine to UNICEF.”

4. “1 chooses to receive 6 Euro instead of making a donation of 12 doses of
measles vaccine to UNICEF.”

Three scenarios with Individual 2 mirror the experimental markets, where trad-
ing canceled a donation of four doses of measles vaccine.

5. “2 decides to accept an offer which allows him to earn 1 Euro.”

6. “2 decides to accept an offer which allows him to earn 2 Euro.”

7. “2 makes an offer in the market. If a trade is concluded based on this offer, 2
would earn 1 Euro.”

In addition to the data presented in the main text, below are histograms of the
responses of subjects for all scenarios across the four treatments.
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Figure 3.A.6: Norms in individual decision-making

Figure 3.A.7: Norms in markets
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3.A.6 The replacement logic: Intensive margins and deontological
subjects

In the main text, we show that a large share of subjects engage in trading when
these units only yield € 0.20 for two market participants, in exchange for causing a
damage of € 1.50 to UNICEF.

In Figure 3.A.8, we also show the intensive margin of this phenomenon: how
many offers and acceptances do we observe from traders? To normalize the num-
ber of actions per trader across treatments, so to account for the smaller total
market size in SINGLE, we multiply the observed number of actions in SINGLE by 3.
We again observe that erosion due to replacement logic appears to matter most.
Frequent trading of both types of traders is observed in FULL, with 8.2 actions per
trader observed on average, whereas in SINGLE and MULTI only 1.2 and 1.4 actions
per traders are observed on average.

Figure 3.A.8: Number of acceptances and offers at the least profitable units

Notes: Average number of offer submissions or acceptances per trader at the final units, which yield
gains from trade of € 0.20 in exchange for an externality of € 1.50. Median splits based on
predicted moral costs within matching group.

The difference between the above and below median group is only significant
for FULL (MWU, 10 observations per group, 𝑝-value=.003). Table 3.A.5 repeats the
analysis using a regression. Model (1) repeats the analysis from the main text, re-
gressing a dummy equal one if a subject was active for the last units in the markets
on treatment dummies, a dummy equal one if a subject had above median moral
costs and their interactions. We confirm that participants are more active in FULL.
However, the interaction for above median participants in FULL is not significant.
Model (2) uses the dependent variable from the appendix analysis, counting the
number of acceptances and offers per participant. This analysis is robust to this
specification, where above median participants are significantly less frequently
trading.
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Table 3.A.5: Replacement logic or market selection?

(1) (2)
Active Nr. actions

MULTI 0.140 -0.160
(0.090) (0.660)

FULL 0.740∗∗∗ 9.160∗∗∗
(0.069) (0.789)

Above median -0.040 -0.300
(0.049) (0.572)

MULTI × Above median 0.040 0.680
(0.076) (0.897)

FULL × Above median -0.140 -4.340∗∗∗
(0.097) (1.411)

Constant 0.180∗∗∗ 1.380∗∗
(0.061) (0.530)

Observations 300 300

Note: Dependent variable is a dummy equal to one if a subject made or
accepted an offer at least once for the units with gains from trade of € 0.20
in (1), or how many offers or acceptances a subject made for these units
in (2). Above median is a dummy equal one if a subject has above median
moral costs. MULTI (FULL) is a dummy equal to one if the choice occurred
in treatment MULTI (FULL), with the omitted category SINGLE. Standard er-
rors, clustered on matching group level, are presented in parentheses, ∗
𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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In this analysis, part of the traders with above median moral costs are poten-
tially consequentialistic subjects, who can use the replacement logic: given that
the donation will in any case not go through, it may be legitimate to trade.

Interestingly, this activity also carries over to subjects who likely do not use
consequentialistic reasoning. In the first part of the experiment, we have a subset
of participants who report moral costs above the corresponding value of the do-
nation. This set of participants decided to forgo a higher payment in order not to
cancel the donation, which they could have instead donated to UNICEF themselves.
Approximately 34% of subjects report such preferences.32

In Figure 3.A.9, we show what share of traders are active at the least profitable
units in themarkets, splitting them into subjects withmoral costs below and above
€ 1.50. While in SINGLE and MULTI, these subjects rarely are active, they are very
active in FULL. For these subjects, it appears to be the case that their morals were
eroded. This is the case as for these subjects, the replacement logic is hardly a
justification to trade.

Figure 3.A.9: Replacement logic in non-consequentialistic subjects

Notes: Average number of offer submissions or acceptances per trader at the final units, which yield
gains from trade of € 0.20 in exchange for an externality of € 1.50. Splits based on average
predicted moral costs above and below € 1.50, the cost of the donation.

In Table 3.A.6, we show correlates of an indicator capturing whether a subject
was active at the least profitable units, those with available gains from trade of
€ 0.20. All statements in quotation marks are statements from the questionnaire,
rated from 1 to 7 whether subjects agreed with a given statement. What appears
to matter are (1) initial moral costs of subjects, (2) leaning politically to the right,

32Note that this is unlikely to be driven by misunderstanding: regressing subjects’ moral costs,
or equivalently a dummy equal one if they report moral costs above € 1.50, on the number of at-
tempts this subject required to complete the practice questions for part 1 shows an insignificant
correlation. Results are also similar when splitting subjects at even higher moral costs, such as at
€ 1.70 or € 2, which implies transaction costs are also unlikely to explain these results.
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(3) using a statement modeled to fit the replacement logic: “I decided to trade in
market 2 because I realized the units I traded would have been traded by others
in any case.”. In (2), we report average marginal effects of the logistic regression in
(1), as well as OLS estimates in (3).
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Table 3.A.6: Who uses the replacement logic?

(1) (2) (3)
Dep. variable: (1 if active at last units)

Change in moral cost from part 1 to 3 0.267 0.036 0.033
(0.531) (0.071) (0.069)

Moral cost in part 1 -0.829∗∗∗ -0.111∗∗∗ -0.094∗∗
(0.279) (0.037) (0.035)

(1 if male) -0.914∗∗∗ -0.123∗∗∗ -0.111∗∗
(0.311) (0.040) (0.042)

(1 if international student) 0.168 0.023 0.016
(0.378) (0.050) (0.053)

Risk measure -0.013 -0.002 -0.003
(0.098) (0.013) (0.015)

Belief about median subject’s moral cost 0.068∗ 0.009∗ 0.009
(0.040) (0.005) (0.006)

Norm in ind. dec.-making 0.219 0.029 0.024
(0.306) (0.041) (0.044)

Norm in market -0.175 -0.023 -0.022
(0.218) (0.030) (0.033)

“I believe the donations for measles vaccines to UNICEF are helpful.” 0.221 0.030 0.030
(0.186) (0.025) (0.019)

“I believe measles vaccines save lifes.” -0.021 -0.003 -0.001
(0.157) (0.021) (0.021)

“When making a moral decision, I try to always follow a rule, instead of
evaluating the consequences of each particular option every time.”

-0.177 -0.024 -0.024
(0.111) (0.015) (0.016)

“When deciding on whether I should trade in market 2, I studied at what
profits other traders were willing to trade.”

0.065 0.009 -0.000
(0.136) (0.018) (0.018)

“I decided to trade in market 2 because I realized the units I traded
would have been traded by others in any case.”

0.338∗∗∗ 0.045∗∗∗ 0.047∗∗∗
(0.099) (0.012) (0.012)

“How competitive are you?” (1 not competitive, 7 very; Buser, Niederle,
and Oosterbeek (2020))

-0.052 -0.007 -0.008
(0.148) (0.020) (0.021)

“Where do you see yourself in the left-right political spectrum?” (1 left,
7 right)

0.325∗∗ 0.044∗∗∗ 0.039∗∗
(0.128) (0.016) (0.015)

(1 if MULTI) 0.987∗∗ 0.142∗∗ 0.146∗∗
(0.435) (0.061) (0.070)

(1 if FULL) 4.434∗∗∗ 0.694∗∗∗ 0.686∗∗∗
(0.511) (0.047) (0.053)

Constant -5.227∗∗∗ -0.195
(1.792) (0.219)

Study fixed effect yes yes yes
Observations 273 273 278
Estimation Logit Avg. ME OLS

Note: Dependent variable is a dummy equal one if a subject submitted or accepted an offer at least once for units with
gains from trade of € 0.20. Change in moral cost is defined as moral costs in part 3 less moral costs in part 1 in Euro.
Standard errors clustered on matching group level in parentheses, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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3.A.7 Non-incentivized belief measures

In the main text, we analyze the incentivized belief measure. In this subsection, we
provide some additional analysis and replicate the main analysis with our second
belief measure, which is non-incentivized.

The non-incentivized belief measure consisted of three questions, each elicit-
ing the three potential scenarios for the trade of the upcoming unit. The questions
were:

1. What is the probability that whatever you do, the next unit will be traded?

2. What is the probability that whether or not the next unit is traded depends
on your behavior?

3. What is the probability that whatever you do, the next unit will not be traded?

Participants received a payment of 300 cents irrespective of the correctness of
their reports. Traders are pivotal only in the second scenario, thus the probability
of being pivotal is measured by the likelihood ascribed to scenario 2. Sometimes
the analysis requires the probability of being replaced. This is the probability of
not being pivotal conditional on trade happening (i.e., the chance to have at least
one other trader active on the own side of the market, conditional on the other
side being active), and formally calculated by the probability of scenario 1 divided
by the sum of the probabilities of scenarios 1 and 2.

For the incentivized question, we asked participants to report the following:
“How many participants other than you will attempt to trade this unit?”. When
correctly reporting the number of active traders, they received a payment of 150
cents.

In the main text, we focus on the incentivized measure as this correlates more
strongly with the underlying true values. The Spearman correlation coefficients
between the predicted and actual number of active traders averaged on a subject-
level is 0.422. The same correlation between traders belief to be pivotal and the
realized event to have actually been pivotal is 0.181. When bootstrapping the dif-
ference in test statistics this difference is significant with a 𝑝-value of .021 (160
observations, 1000 repetitions). The same pattern arises when calculating corre-
lations treating each report as an independent observation. The correlation coef-
ficient for the incentivized measure is 0.239, for the non-incentivized measure it is
0.120. The difference is significant with a 𝑝-value of .001 (1780 observations, 1000
repetitions).

First, Table 3.A.7 presents Spearman correlation coefficients of the two mea-
surements of the beliefs. All data are based on the four market periods with exter-
nalities. The first row uses individual report-level data, the second row presents
correlations between averages on a participant level. Both in B-MULTI and B-FULL
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there are no detectable correlations. We do find the expected correlation for SPEC,
which suggests that eliciting beliefs while simultaneously trading inmarkets inhib-
ited this correlation. We think that we asked too much of our subjects in B-MULTI
and B-FULL, which made them focus on the incentivized questions and pay less
attention to the unincentivized ones.

Table 3.A.7: Correlation between belief measures

SPEC B-MULTI B-FULL

All data -.278 (.000) -.016 (.718) -.003 (.910)
Participant averages -.447 (.003) -.131 (.247) .011 (.923)

Notes: Spearman correlation coefficients between the incentivized and non-incentivized belief
measure, 𝑝-values in parentheses.

In Figure 3.A.10, we report the non-incentivized belief of the probability to be
replaced across different treatments. These are calculated as the belief to have
at least one other trader active on the own side of the market, conditional on
the other side being active. Conclusions are in line with the analysis in the main
text. The beliefs are significantly different between B-MULTI and B-FULL (MWU, 8
observations per treatment, 𝑝-value=.0209), while they do not differ between B-
FULL and SPEC (MWU, 8 observations for B-FULL and 41 for SPEC, 𝑝-value=.704).

Figure 3.A.10: Unincentivized beliefs about own probability to be replaced

Notes: Probability to be replaced (grey bar), actual probability to be replaced (green diamond) and
belief of spectators (orange circle).

Table 3.A.8 presents the results of an analysis in which we regress a dummy
indicator of being active in the market on the unincentivized belief to be replaced.
Surprisingly, participants who believe to be more replaceable are less likely to
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trade. Possibly, some of our participants may have become confused about the
questions that we were asking and may have thought that if they planned not to
trade the subsequent unit, it will not be traded even if they were allowed to trade.

Table 3.A.8: Beliefs and activity

(1) (2)
B-MULTI B-FULL

Prob. to be replaced -0.141∗ -0.687∗∗∗
(0.066) (0.092)

Average moral cost -0.001 -0.001∗∗∗
(0.000) (0.000)

Period -0.031 -0.022
(0.030) (0.015)

Constant 0.589∗∗∗ 1.485∗∗∗
(0.073) (0.097)

Unit FE yes yes
Observations 466 1279
Adjusted 𝑅2 0.025 0.124

Note: Dependent variable is a dummy equal to one if a sub-
ject submitted or accepted an offer at least once for units with
gains from trade of € 0.20. Averagemoral costs are the average
moral costs for a participant, based on average estimated per-
unit moral costs based on part 1 individual decision-making.
Standard errors clustered on matching group level are pre-
sented in parentheses, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

3.A.8 Main analysis in HOM, HET, B-MULTI and B-FULL

In Figure 3.A.11 and Table 3.A.9, we report market outcomes across all treatments.
Quantities across all treatments using FULL market rules (FULL, B-FULL, HOM and
HET) are all fully selfish and statistically indistinguishable. Quantities in B-MULTI
are slightly below those in MULTI, suggesting that additionally eliciting beliefs in
this treatment leads to slightly more moral behavior.
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Figure 3.A.11: Market outcomes

Notes: Average quantities relative to selfish competitive equilibrium. Trading units below 40% is
efficient (gains from trade exceeds the externality). Compared to the negative externality of
€ 1.50 per unit, each unit between 40% and 60% yields gains from trade of € 0.60, each unit
between 60% and 80% yields € 0.40 and each unit between 80% and 100% yields € 0.20.

Table 3.A.9: Treatment effects

SINGLE MULTI FULL B-MULTI B-FULL HOM HET

Quantity in % 75.5 78.3 99 67.7 100 99.8 100

𝑝-values vs. SINGLE - .378 .0005 .0899 .0006 .0009 .0006
vs. MULTI - - .0001 .0308 .0002 .0002 .0002
vs. FULL - - - .0002 .1931 .6318 .1931
vs. B-MULTI - - - - .0003 .0004 .0003
vs. B-FULL - - - - . - .3173 1.000
vs. HOM - - - - . - - .3173

Notes: Average quantities relative to selfish competitive equilibrium. Mann-Whitney U-tests, on
matching group averages, 10 observations per treatment.

Figure 3.A.12 reports data on erosion across parts across all treatments, com-
plementing Figure 3.8.
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Figure 3.A.12: Persistence of erosion

Notes: Average per-unit valuations in individual decision-making, for € 1.50 donations, by part. In
part 2, only MPL employs individual decision-making.

Figure 3.A.13 reports data on norms across all treatments, complementing Figure
3.4.

Figure 3.A.13: Norms in individual decision-making and in markets

Notes: Average norm in response to cancelling one donation of € 1.50 when paid € 1 in individual
decision-making (left panel) and in the experimental market (right panel). A rating of 2 cor-
responds to “somewhat socially inappropriate”.

Figure 3.A.14 reports data on beliefs across all treatments, complementing Fig-
ure 3.9.
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Figure 3.A.14: Errors in beliefs about median subject’s moral cost

Notes: Average error in estimating the session’s median subject’s moral cost for cancelling one unit
of donation of € 1.50 in part 1 of the experiment. In grey the absolute distance between
prediction and target, in red the difference between prediction and target.

Figure 3.A.15 reports data on norms across all treatments, complementing Figure
3.5.

Figure 3.A.15: Share of traders active at the least profitable units

Notes: Share of traders who submit or accept an offer at the final units, which yield gains from
trade of € 0.20 in exchange for an externality of € 1.50. Median splits based on predicted
moral costs within matching group.

3.A.9 Beliefs as excuses

In the main text, we document that participants hold biased beliefs about others’
morals outside markets. One potential concernmay be that subjects report beliefs
in order to provide an excuse for their own selfish behavior in the markets. These
excuses may be needed most in treatments MULTI and FULL, where we also find
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that subjects are most pessimistic about their peers’ morals.
To verify whether this might be driving our results, we report average beliefs,

by treatment, for those traders who likely need the excuse the most: those traders
who we observe to be active at the least profitable units, those yielding profits of
€ 0.20. In Table 3.A.10, we see that there are no meaningful patterns that would
support such excuse-driven reporting of beliefs. Similarly, regressing beliefs (or
errors in beliefs) on a dummy variable equal to one if a trader was active at the
least profitable units, with treatment fixed effects, yields insignificant, and for that
matter positive, coefficients on the dummy variable capturing the need for an ex-
cuse. Therefore, it is unlikely that our findings on beliefs can be explained by par-
ticipants’ need to provide justification for their own selfish behavior.

Table 3.A.10: Average beliefs for (in)active traders at last units

SINGLE MULTI FULL

Inactive 10.20 10.07 8.24
Active 10.25 10.56 8.84

Notes: Average belief of median participant’s switching point in the multiple price list for the first
unit (11 corresponds to indifference between payments to self and UNICEF). Split by whether
the subject was active at the final units, those with gains from trade of € 0.20.

3.A.10 Norms as excuses

As for the beliefs, it may be the case that subjects report perceived norms to excuse
their behavior in part 2 of the experiment. We report the same analysis for the
elicited norms in Table 3.A.11.

Table 3.A.11: Average norm report for (in)active traders at last units

SINGLE MULTI FULL
Norm in IDM Market IDM Market IDM Market

Inactive 1.76 1.99 1.68 2.01 1.65 2.12
Active 1.75 1.94 1.88 2.31 1.83 2.05

Notes: Average norm report for cancelling donations of € 1.50 in return for a payment of € 1 in indi-
vidual decision-making (MPL) or with in an experimental market (Market). 2 corresponds to
“somewhat socially inappropriate”. Split by whether the subject was active at the final units,
those with gains from trade of € 0.20.

There are no systematic patterns which suggest that norms are reported self-
servingly. This is confirmed by regression evidence, similar to the analysis for be-
liefs. Regressing the reported norm in the experimental market on a dummy vari-
able equal to one if a trader was active at the least profitable units, with treatment
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fixed effects, yields insignificant coefficients on the dummy variable (𝑝-value=.469)
and on the treatment fixed effects (𝑝-value=.222 for MULTI, 𝑝-value=.923 for FULL).

3.A.11 Morals in a double auction with a private schedule

Our experimental markets use a two-sided posted offer institution and a common
schedule. In this section, we compare outcomes of our treatment MULTI to an ad-
ditional control treatment PRIV, in which we implement a standard double auction
with a private schedule.

In the double auction, buyers and sellers submitted offers simultaneously and
units were traded if participants agreed on a price (if a bid exceeded an ask).
Each market period ran for eight minutes. In this market, traders face a private
cost/value schedule. For comparability, we mapped the schedule we use in our
multi-unit markets to a private schedule. For this, every trader received three ran-
domly drawn values or costs from the common cost or value schedule, redrawn
every market period. This way aggregate costs and values were kept identical,
and each participant was restricted to trade at most three units. In agreement
with standard double auction procedures, participants did not know other traders’
costs or values. This is a further difference with our two-sided posted offer market.

All other elements of our experiment were kept identical. In a first market pe-
riod, participants could trade in a market without externalities. In this market,
quantities were slightly below the competitive equilibrium quantity, at 13.89 units
on average. Before the start of the last four periods, participants learned that per
trade donations of € 1.50 to UNICEF were cancelled.

In Figure 3.A.16, we plot the traded amounts in PRIV, compared to MULTI and
FULL. Quantities in PRIV are the first two bars. The first bar normalizes quanti-
ties relative to the selfish competitive equilibrium, the second bar relative to the
quantity traded in the market period without externalities. For MULTI and FULL,
presented in the in the third and fourth bar, these normalizations are identical.

Quantities in PRIV are below quantities in MULTI and FULL. Comparing the nor-
malization relative to selfish competitive equilibrium, quantities in PRIV are sig-
nificantly different from MULTI (MWU, 8 observations in PRIV and 10 in MULTI, 𝑝-
value=.003) and from FULL (MWU, 8 observations in PRIV and 10 inMULTI, 𝑝-value<.001).
However, they are still consistent with a partial erosion of morals, as trade contin-
ued beyond 40%, which implies that units where the damage to UNICEF exceeds
the associated gains from trade have been traded.

139



Chapter 3: Morals in multi-unit markets

Figure 3.A.16: Market outcomes in PRIV

Notes: Average quantities traded relative to selfish competitive equilibrium (first, third and fourth
bar) and relative to quantities traded in markets without externalities (second bar).

An important question is to which extent morals are eroded in the standard
double auction, and how this compares to the two-sided posted offer market. To
investigate this question, we repeat the analysis of how many traders trade a unit
for a payment of less than € 1.50. In Figure 3.A.17, we present the results, including
the treatment MULTI for comparison. In this comparison we observe erosion in
PRIV, at least as large as the erosion in SINGLE, and slightly below the erosion
detected in MULTI.
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Figure 3.A.17: Cancellation of donations between environments and treatments

Notes: Share of participants who cancelled a donation for at most its value (€ 1.50) in individual
decision-making and in implemented trades in the market. The left panel shows shows
cancellation rates in part 1 of the experiment and the middle panel plots cancellation rates
in the first period of part 2. The right panel displays the share of participants who, in the
four periods of part 2, at least once cancelled a donation.

In Table 3.A.12, we repeat the analysis from the main text comparing the three
market treatments SINGLE, MULTI and PRIV. When we pool the data, we see that at
the start there is similar erosion in PRIV as in MULTI, while there is more erosion
in PRIV than in SINGLE. Then over time the difference with SINGLE disappears.
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Table 3.A.12: Erosion in markets and through repetition

(1) (2) (3) (4) (5) (6)
SINGLE MULTI PRIV SINGLE, MULTI & PRIV

Period 1 Period 1-4 Pooled data

Period 1-4 0.270∗∗∗ 0.090∗∗∗ 0.100∗ 0.100∗∗
(0.052) (0.023) (0.046) (0.044)

SINGLE -0.155∗∗ 0.015 -0.155∗∗
(0.071) (0.033) (0.071)

MULTI 0.085 0.075∗∗ 0.085
(0.053) (0.029) (0.053)

SINGLE × Period 1-4 0.170∗∗
(0.067)

MULTI × Period 1-4 -0.010
(0.050)

Constant 0.620∗∗∗ 0.860∗∗∗ 0.775∗∗∗ 0.775∗∗∗ 0.875∗∗∗ 0.775∗∗∗
(0.051) (0.016) (0.053) (0.050) (0.024) (0.050)

Observations 200 200 160 280 280 560

Note: Dependent variable is a dummy equal to one if a subject cancelled a donation for a payment of at most its value
(€ 1.50). Period 1-4 is a dummy variable equal to one if the choice is measured as occurring at least once in period 1
to 4 in part 2 of the experiment, the omitted category is cancellation in period 1. SINGLE (MULTI) is a dummy equal to
one if the choice occurred in treatment SINGLE (MULTI), with the omitted category PRIV. Standard errors, clustered on
matching group level, are presented in parentheses, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

The possibility of replacement thinking is not limited to markets with a com-
mon schedule. Here, we discuss two ways in which replacement excuses can be
introduced in markets with private schedules. The first possibility arises when
aggregate supply and demand are horizontally extended beyond the competitive
equilibrium, as is illustrated in Figure 3.A.18. This schedule results when, compared
to the PRIV schedule, we allow traders on both sides of the market to trade addi-
tional units at a price close to the competitive equilibrium price. If the buyers’
values for these additional units are slightly below the competitive equilibrium
price, while the sellers’ costs are slightly above, then the competitive equilibrium
is not affected. This schedule allows traders to take full advantage of trading op-
portunities foregone by others. Assuming that other traders are selfish, traders
would anticipate that their trading decisions will not matter for the aggregate out-
come, and replacement thinking will excuse their trading. Note that this type of
schedule does not feature elements of markets we want to capture, for example
traders’ costs and values do no longer depend on others’ trading.

The second possibility is to add traders on both sides, with similar cost and
demand schedules. Combined with a restriction for aggregate trade not to exceed
the original competitive quantity, traders will again recognize that the replacement
excuse applies, and feel free to trade as much as they can.
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Figure 3.A.18: Cost and value schedule with replacement for PRIV

3.B Experimental interface

Below is an example screenshot from the experimental markets.

Figure 3.B.1: Experimental market interface

After each unit, traders received the following feedback:
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Figure 3.B.2: Feedback after each trade

Further, after the end of each market period, participants received this feed-
back:

Figure 3.B.3: Feedback after a market period

Therefore, traders were reminded of the negative externality that was caused
by trading continuously within the market, after each unit and at the end of each
market period.

3.C Instructions part 1

3.C.1 Page 1

Welcome!

Welcome to this experiment. Please read the following instructions carefully.
Please do not communicate with other people and refrain from verbally re-

acting to events that occur during the experiment. The use of mobile phones or
laptops is not allowed.

There are pen and paper on your table, you can use these during the experi-
ment. We will also distribute a handout with some key facts about this experiment
later.

If you have any questions, or need assistance at any time, please notify the
experimenter by raising your hand. The experimenter will assist you privately.

3.C.2 Page 2

General information

This experiment consists of multiple parts. {NOT in HOM/HET Your decisions in one
part will not affect any of your choices or potential earnings in other parts. You
will receive instructions for each part separately.}
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For your participation in this experiment, you will be paid 7 Euro. Additionally,
you can earn money by your decisions in this experiment. These earnings will de-
pend on your decisions and may depend on other participants’ decisions. One out
of the first three parts will be randomly selected to be paid to you. Additionally,
you will be paid for three short tasks at the end of the experiment. Your earnings
will be paid to you privately in cash at the end of today’s session. All your earnings
will be denoted in cents (100 Cents = 1 Euro).

{HOM/HET Your decisions in part 1 will affect with whom you will interact in a
later part of this experiment. Like the other participants, you will either be as-
signed to a group of participants that made quite similar choices as the average
participant did in part 1, or to a group in which participants behaved quite differ-
ently from the average participant.}

3.C.3 Page 3

Part 1

In this first part, you will repeatedly choose between two options, A and B:

• A: This option will pay a certain amount of money to you.

• B: This option will donate a certain amount of money to UNICEF. With this
donation, UNICEF will buy measles vaccines. With two doses of this vaccine,
one child can be vaccinated against measles (details on the donation follow
below).

A list of repeated choices between A and B on one screen is called a choice list.
Below is an example of a choice list. In this example, you choose between vary-

ing amounts of money paid to you on the left (option A) and 12 doses of measles
vaccine on the right (option B). A donation of four doses costs approximately 1.5
Euro. Even though you will be asked to make multiple decisions, at most one of
them will affect your earnings.
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In the second example screenshot below, you see another choice list. Here, you
choose between varying amounts of money paid to you in option A and 28 doses
of measles vaccines in option B. Note that also the available payments in option A
vary across choice lists.
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You will face several choice lists like the one in the screenshots above. On each
list, two things change. First, the number of doses of vaccine donated to UNICEF
change, which are 12 and 28 in the two examples given here. Second, the available
payments in option A change.

Within each choice list, only option A changes between choices. As you scroll
down the list, the amount of measles vaccines donated to UNICEF stays the same.
The money that would be paid to you if you choose not to donate to UNICEF is in-
creasing on each choice list. To simplify the decision, as soon as you click on one
choice, the computer will pre-fill subsequent choices automatically. If for a partic-
ular choice you chose A (money to you), then all choices on the choice list below
this choice of A pay even more money to you than that choice while option B does
not change. Then, the computer will pre-fill A for all these choices below. Similarly,
if for a particular choice you chose B (donation to UNICEF), then all choices above
this choice pay even less money to you than that choice, so then the computer will
pre-fill B for all these choices above. Until you click on OK, you can always change
your decision. The pre-filled choices will adjust automatically while you change
your decision.
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3.C.4 Page 4

Payment

If this part is randomly selected for payment, one of your decisions from this part
will be randomly selected to be paid out at the end of the experiment. For the
decision to be paid out, first, one of the seven choice lists you faced will randomly
be chosen, with each choice list being equally likely. Second, within this chosen
list, one decision will be randomly chosen for payment, with each decision being
equally likely. If you chose option A for this decision, you will be paid the number
of cents indicated for this choice. If you instead chose option B, the specified
number of doses of measles vaccines will be donated to UNICEF at the end of the
experiment.

Details about the donation Two doses of measles vaccine are sufficient to vac-
cinate one child (see the next page for more details) and can be bought with a
donation of approximately 75 cents. Depending on your choice in the selected pe-
riod a certain amount of money is donated to UNICEF by the experimenters. We will
show you a donation receipt by UNICEF at the end of this experiment, right after
we transferred the announced donation. As an example, below we show you how
such a receipt for a previous donation looks like. A confirmation of the donation to
UNICEF can also be sent to you via email, to allow you to verify the correctness of
the statements made here. To do so, you can write your email address on the form
on your table, which will be collected after the experiment. Your email address
will not be linked to any other data in this experiment.

As UNICEF only allows us to donate in bundles of 40 doses, any excess donations
in your session will be paid to UNICEF as a direct transfer, and this transfer will be
included in the receipt we show you.

[DONATION RECEIPT EXAMPLES]

3.C.5 Page 5

Information on the measles vaccines

Measles are highly infectious and very often deadly. Each day hundreds of chil-
dren become victims of this disease. The survivors often suffer consequences for
their whole life, like blindness or brain damages. This, even though protecting the
children would be easy. Measles kills more than 160,000 children worldwide each
year.

Measles are extremely infectious and spread especially fast when many people
live densely together, as in refugee camps. Especially with weakened children the
disease often ends deadly or leads to lasting physical or mental damages. Measles
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are one of the main causes for blindness among children and often become crit-
ical when no medical help is available. This, even though measles vaccination
offers quick, reliable, and cheap protection. UNICEF conducts major vaccination
campaigns, especially after natural disasters and in other emergency situations,
to prevent the spreading of the disease. With a measles vaccination you do not
only protect the children, but you also reduce the risk for all who get in contact
with them.

Source text on measles vaccines by UNICEF: https://unicef.at/shop/index.
php/gesundheit-und-schutz/masern-impfstoff.htm and https://market.unicef.
org.uk/inspired-gifts/measles-vaccines-to-protect-20-children/S359163X/

Source pictures: https://market.unicef.org.uk/inspired-gifts/measles-.
vaccines-to-protect-20-children/S359163X/

3.C.6 Practice questions (page 6)

NOTE: ALL NUMBERS IN THE QUESTIONS ARE ARBITRARILY CHOSEN, AND ARE NOT
RELEVANT FOR THE EXPERIMENT.

Please answer the following questions:

1. {NOT in HOM/HET Your decisions in other parts do not affect your earnings in
this part. Also, your choices in this part do not affect your earnings in other
parts. [TRUE/false]}

2. The following choice has been randomly selected for payment:

In this choice, you have chosen option A, as indicated. Howmuch will be paid
to you? [FREE FORM: 360] cents

Howmany doses of measles vaccines will be donated to UNICEF? [FREE FORM:
0] doses

3. Now, the following choice has been randomly selected:

In this choice, you have chosen option B, as indicated. Howmuch will be paid
to you? [FREE FORM: 0] cents

Howmany doses of measles vaccines will be donated to UNICEF? [FREE FORM:
28] doses

4. At the end of this experiment, the promised donations will immediately be
transferred by the experimenter. You can verify this with the receipt from
UNICEF. [TRUE/false]
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3.C.7 Page 7

End of instructions

You have reached the end of the instructions. When you are ready for the exper-
iment, please push the button READY. When all participants have pushed READY,
the experiment will start.

If you still have questions, please raise your hand, and the experimenter will
assist you!

3.D Instructions part 2

{FOR IDM: Repeated instructions of part 1: These are the identical instructions as
those you saw at the start of the experiment [see above]}

{FORMARKET TREATMENTS [ONLY SELLER INSTRUCTIONS ARE REPRODUCED, BUY-
ERS APPROPRIATELY ADJUSTED]:

3.D.1 Page 1

Market instructions

{NOT in HOM/HET: In this part of the experiment you will repeatedly trade in a
market. In the market, 5 sellers can trade with 5 buyers. You will be a SELLER in
the entire experiment. You will trade in two markets, market 1 and market 2, which
proceed according to similar rules. After market 1 is completed, you will receive
additional instructions for market 2.} {HOM/HET: In this part of the experiment you
will repeatedly trade in a market. In the market, 5 sellers can trade with 5 buyers.
As explained in part 1, you will either be assigned to a group of participants that
made quite similar choices as the average participant did in part 1, or to a group
in which participants behaved quite differently from the average participant. You
will participate in a group in which participants’ choices are similar/different from
the average participant.

You will be a BUYER in the entire experiment. You will trade in two markets,
market 1 and market 2, which proceed according to similar rules. After market 1 is
completed, you will receive additional instructions for market 2.}

Market 1

Trading profits
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In market 1, a total of 5 units can be traded. Each trader can trade at most
{FULL: 5 units; MULTI: 2 units; SINGLE: 1 unit}. Trading will proceed unit by unit. For
each unit, one buyer and one seller can conclude a trade by agreeing on a price
for that unit.

If bought, each unit has a certain cost to the seller. This will be denoted in
cents. Similarly, each unit sold will have a value in cents to the buyer. Earnings for
the buyer and seller for concluding a trade are:

• The seller earns the difference between the price and the cost for this unit:
PRICE-COST

• The buyer earns the difference between the value and the price for this unit:
VALUE-PRICE

These costs and values are presented during the market, as in the screenshot
below. In this example, the first unit is being traded, which is highlighted by the
red first line in the table.

Example in the screenshot: The buyer has a value given by 440, the seller has a
cost given by 60. You, as the seller, and one of the buyers agree on a price of 180.
Then,

• You get: PRICE - COST = 180 - 60 = 120 cents.

• The buyers get: VALUE - PRICE = 440 - 180 = 260 cents.

In the screenshot, notice that the cost of the seller and the value of the buyer
change with the unit transacted (e.g. for the first unit the cost for the seller is 60
cents and the value for the buyer is 440 cents, for the third unit the cost is 215 cents
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and the value is 275 cents and so on). However, for each unit, they are the same for
all buyers or sellers. Costs and values only depend on the number of units traded
up to that point in the entire market by any of the traders. That is, they do not
depend on the number of units you yourself have traded previously.

3.D.2 Page 2

Trading protocol

To agree on a price, the side of the sellers and the side of the buyers submit and
accept offers sequentially. This means that first one side of the market decides
(”the active side”), afterwards this side will wait and the other side of the market
decides. If trading continues, the first side of themarket is allowed to decide again,
and so forth.

While your side (the sellers’ side) is active in the market, you have three avail-
able choices:

1. SUBMIT: Submit an offer to the buyers

2. ACCEPT: Accept an offer of the buyers

3. SKIP

You can see all three options available in the screenshot below:

Each of the options works according to these rules:

1. ACCEPT:

• You will see the highest price offered by any of the buyers.

152



Section 3.D: Instructions part 2

• You can accept this highest offer. If you do so, a trade for one unit is
concluded, the profits are calculated as explained before.

• If multiple sellers accept an offer, or if multiple offers are equally good,
it will be randomly chosen which of the traders who wanted to can con-
clude this trade.

• Afterwards, trading of the next unit can begin, old offers are removed
and new ones can be made.

2. SUBMIT:

• You can submit a new offer, which will be presented to the buyers as
soon as they become active.

• A new offer has to improve upon previous offers. This means that a new
offer needs to be above the lowest offer submitted by any of the other
sellers. A new offer cannot be above the buyers’ values, or below the
highest offer by the buyers.

3. SKIP:

• If you skip, you immediately move to the waiting screen.

• As soon as all sellers are on the waiting screen, the buyers become ac-
tive and can submit new offers or accept the lowest offer of the buyers.
Clicking on skip can speed up the market. However, you will no longer
be able to submit or accept an offer at that moment.

• If you do not submit or accept an offer within the trading time of 14
seconds, you will skip automatically.

End of trading

Trading ends if all available units are sold in the market.
Also, if no trader on both sides of the market chooses SUBMIT or ACCEPT, a

warning sign will be shown. Then, each trader on both market sides can once
again SUBMIT, ACCEPT or SKIP. If again no trader on either of the two sides chooses
SUBMIT or ACCEPT, the market ends for this and all subsequent units. This means
that you will not be allowed to trade additional units after this happens.

3.D.3 Page 3

Additional details

• At the start of the market for the first unit, it is randomly determined whether
the side of the buyers or the side of the sellers first becomes active. For the
next units, the active side for making the first offer is alternated.
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• On the top of the trading screen you always see the remaining trading time.
We will also show how many units you have traded. The specific moment at
which you submit or accept offers does not matter, as long as you submit or
accept within the 14 second trading time.

• No trader knows with whom in the room he or she has traded. That means
that your anonymity is ensured.

Reminders

• At each moment, you can choose only one of the three options (SUBMIT, AC-
CEPT and SKIP). If trading continues and your side of the market becomes
active again, you can again choose between these options.

• A maximum of five units can be traded in market 1; after the 5th unit is sold
the market ends. Each trader can trade at most {FULL: 5 units; MULTI: 2 units;
SINGLE: 1 unit}.

• Each unit is traded by one buyer and one seller, all other traders get a payoff
of zero for that unit.

Payment

If this part and this market is selected for payment, for each trade a participant
concluded, his or her payment is calculated with the rules described above. That
is, for each unit, the seller will be paid the difference between the price and the
cost for this unit. The buyer will be paid the difference between the value for this
unit and the agreed upon price. {FULL/MULTI: The earnings for this market are then
given by the sum of earnings for all units traded by each participant.}

In part 2, there will be a total of 5 markets. 2 out of the 5 markets will be
randomly selected to be paid.

3.D.4 Predictions {ONLY IN B-FULL/B-MULTI}

{ONLY IN B-FULL/B-MULTI: While you are trading, you will occasionally be asked to
predict how future trading will proceed. At these moments, you will be asked what
you think will happen in the trading of the next unit.

Each time, we will ask you to predict four things.
The first three predictions concern probabilities of whether trading will occur

for the next unit. For each next unit, there are three possible events:

1. Whatever you do, the unit will be traded. This means that even if you do not
participate in trading, the unit will be traded by the others.
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2. Your behavior will determine whether the unit is traded or not. This means
that if you do not participate, the unit will not be traded, while if you do
participate, the unit will be traded.

3. Whatever you do, the next unit will not be traded. This means that even if
you do try to trade the next unit, this will not happen because the buyers are
not participating.

We will ask you for the probabilities that each of these events occurs. These
probabilities are your predictions of how likely it is that each possible event will
happen. A higher probability means that an event is more likely to happen. As
a probability, your predictions can be between 0% (will not occur) and 100% (will
certainly occur). As the three events above include all possible scenarios in which
this experiment progresses, the probabilities you report across 1. to 3. need to
add up to 100%.

The last prediction concerns the number of sellers and buyers whowill be active
for the next unit. We will ask you to predict how many buyers and sellers other
than you within your market will attempt to trade the next unit. By this we mean
the total number of participants other than you who will either submit an offer to
and/or accept an offer. Your predictions can be between 0 participants (no other
participant will be active) and 9 participants (all other participants will be active).

At the end of the experiment, if this part is selected for payment, you will be
paid for a set of predictions for one unit in one period of the markets. This will be
another period than the period for which your trading determines your earnings.
For the first three predictions, you will receive 300 cents. For the fourth prediction,
you will receive an additional payment of 150 cents if you correctly predict how
many participants other than you attempt to trade the next unit.}

3.D.5 Practice questions (page 4)

NOTE: ALL NUMBERS IN THE QUESTIONS ARE ARBITRARILY CHOSEN, AND ARE NOT
RELEVANT FOR THE EXPERIMENT.

Please answer the following questions:

1. Each seller pays the same costs as any of the other sellers to supply any
unit, and each buyer values any unit equally as any of the other buyers.
[TRUE/false]

2. If no buyer or seller submits an improved offer twice, the market for this
period will end and no more units can be traded. [TRUE/false]

3. {ONLY IN B-FULL/B-MULTI How much will you earn if you correctly predict
howmany other participants will attempt to trade the next unit? [FREE FORM:
150] cents}
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4. We will ask you several questions about the scenario below. Note that the
behavior in this scenario is randomly determined, only for the purpose of
asking these questions.

(a) The first unit is being traded in this market. This unit costs 60 cents to
any of the sellers, and has a value of 440 cents to any of the buyers. The
buyers were randomly selected to first submit offers.

(b) Buyer B1 decides to submit a price of 140 cents to the buyers and buyer
B2 submits a price offer of 200 cents. The trading time of 14 seconds
expires without any other buyer submitting an offer.

(c) Now the sellers become active. As buyer B2’s offer is the highest offer,
the sellers will only see buyer B2’s offer of 200 cents.

(d) However, none of the sellers decides to accept this offer. Instead, seller
S1 submits a new offer. This offer needs to be higher than 200 cents,
as otherwise accepting buyer B2’s offer is more favorable to seller S1.
Seller S1 submits a new offer of 260 cents. Again, the trading time of
14 seconds expires without any other seller submitting or accepting an
offer.

(e) Now, the buyers become active again. Seeing seller S1’s offer of 260
cents, buyer B3 decides to accept this offer. The trading time of 14 sec-
onds expires without any other buyer accepting this offer. This means
that the first unit has been traded.

(f) Afterwards, bargaining about the second unit begins.

How many cents does buyer B1 earn from the first unit? [FREE FORM: 0] cents

How many cents does buyer B2 earn from the first unit? [FREE FORM: 0] cents

How many cents does buyer B3 earn from the first unit? [FREE FORM: 180]
cents

How many cents does seller S1 earn from the first unit? [FREE FORM: 200]
cents

[MARKET 1 TAKES PLACE, AFTERWARDS INSTRUCTIONS FOR MARKET 2 (with ex-
ternality) FOLLOW]

3.D.6 Page 1

This concludes market 1. Now, trading in market 2 begins.
Generally, the same rules apply in this market. We will therefore highlight here

only the differences between the two markets:
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• Trading behavior in this market determines an amount of money that will be
donated to UNICEF, in addition to your own earnings. The number of units
successfully traded in the market is used to calculate how many doses of
measles vaccines will be donated to UNICEF. The maximum number of doses
donated to UNICEF in one market period is {FULL/MULTI: 60 doses; SINGLE:
20 doses}. The more units are traded in the market, the less will be donated
to UNICEF: for each unit that is traded in market 2 that is selected for pay-
ment, 4 doses of measles vaccines will be subtracted from the donation to
UNICEF, which cost approximately 1.5 Euro. Recall that with two doses of
measles vaccine, one child can be protected. UNICEF will be paid the dona-
tion amount at the end of the experiment. The following table summarizes
how the number of traded units in the market translates into the number of
MEASLE DONATIONS. For example, if at the end of the market, zero units have
been traded, then a total of {FULL/MULTI: 60 doses; SINGLE: 20 doses} are
donated to UNICEF for this market. If at the end of the market 3 units have
been traded then in total {FULL/MULTI: 48 doses; SINGLE: 8 doses} doses are
donated. Donations to UNICEF are only affected by the overall number of
units traded in the market and not by whom these units are traded.

Final number of units traded and number of doses: [TREATMENT-SPECIFIC TABLE
WITH COST/VALUES]

• Each unit traded has a VALUE and a COST according to the table below. These
costs and values (in cents) will be the same in all markets of this experiment.
[TABLE HERE, STATING NUMBER OF TRADED UNITS AND CORRESPONDING DO-
NATIONS]

• While market 1 only lasted for 1 period, you will now be trading in a sequence
of 4 market periods. Each market period is conducted in the same way. Your
choices in one period have no consequences on any other period.

• {FULL/MULTI: While inmarket 1 amaximumof 5 units could be traded, now the
maximum number of units tradeable in each market period is 15.; SINGLE: As
in market 1, a maximum of 5 units can be traded.} Just like in market 1, fewer
than {FULL/MULTI: 15; SINGLE: 5} units will be traded if the traders no longer
SUBMIT or ACCEPT after the warning sign. Moreover, each trader can trade
at most {FULL: 15 units; MULTI: 3 units; SINGLE: 1 unit}. {MULTI/SINGLE: This
means that if you decide not to trade one unit that you are allowed to trade,
you reduce the number of units that can be traded by one, which would also
reduce the corresponding damage to the donation to UNICEF.}
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Payment

If this part is selected for payment, two of themarket results are randomly selected
for payment. It is equally likely that each one of the 4 market periods of market
2 or the one period in market 1 is selected for payment. Payment for participants
are then calculated according to the same rules as in market 1.

If a market period of market 2 is selected, the trades in the selected period
also determine the amount donated to UNICEF. At the end of the experiment, the
experimenter will transfer this amount.

3.D.7 Page 2

[REPEATED INFORMATION ON UNICEF, SEE INSTRUCTIONS FOR PART 1]

3.D.8 Practice questions (Page 3)

NOTE: ALL NUMBERS IN THE QUESTIONS ARE ARBITRARILY CHOSEN, AND ARE NOT
RELEVANT FOR THE EXPERIMENT.

Please answer the following questions:

1. If this part is selected for payment, two market results are randomly selected
for payment. These can be market 1 or one of the market periods of market
2. {FULL/MULTI: Each trader earns the sum of cents generated by all of his or
her trades} [TRUE/false]

2. For each unit that is traded, how many doses of measles vaccines will be
subtracted from the donation to UNICEF? [FREE FORM: 4] doses

3. We will ask you several questions about the scenario below. Note that the
behavior in this scenario is randomly determined, only for the purpose of
asking these questions.

(a) The first unit is being traded in the market. This first unit costs 60 cents
to any of the sellers, and has a value of 440 cents to any of the buyers.
The sellers are first to submit offers.

(b) Seller S1 decides to submit a price of 290 cents to the buyers. Also, seller
S2 submits a price offer, of 310 cents. The trading time of 14 seconds
expires without any other seller submitting an offer.

(c) Now the buyers become active. As seller S1’s offer is the lowest offer,
the buyers will only see seller S1’s offer of 290 cents.

(d) Buyer B1 and buyer B2 decide to accept this offer.

158



Section 3.E: Instructions part 3

(e) It is randomly determined that buyer B2 buys the first unit. This means
that the first unit has been traded and that 4 fewer doses of measles
vaccines will be donated to UNICEF.

(f) Afterwards, bargaining about the second unit begins.

How many cents does seller S1 earn from the first unit? [FREE FORM: 230]
cents

How many cents does seller S2 earn from the first unit? [FREE FORM: 0] cents

How many cents does buyer B1 earn from the first unit? [FREE FORM: 0] cents

How many cents does buyer B2 earn from the first unit? [FREE FORM: 150]
cents

}

3.E Instructions part 3

3.E.1 Page 1

Part 3

You will now face a set of choices identical to the choices at the start of the ex-
periment. As before, you have several choice lists, where each choice asks you to
choose between points for yourself or varying doses of measles vaccine donated
to UNICEF.

This part is conducted identically to the first part, and you will also be paid
according to the same rules. On the next page, we reproduce the instructions from
the start of the experiment in case you want to review them again.

Note that your earnings from your decisions in this part are not depending on
any decision you have made up to now, or on any of your decisions you will make
in the following set of questions.

3.E.2 Page 2

[SEE ABOVE FOR INSTRUCTIONS]

3.F Instructions for the three additional tasks

This is the end of the main parts of this experiment. In the remainder you will be
able to make some additional money for three short tasks.
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3.F.1 Instructions part 4 (belief elicitation)

Now, think of all other subjects who participate in this session today. The first task
everyone completed in this experiment was a choice list where you could choose
between an amount for yourselves and a donation of 4 doses of measles vaccines
donated to UNICEF.

What do you think other participants chose on average in this choice list?
Please fill out this choice list as you think the average participant did in their

first choice list. If your choice matches what the average participant did, you will
earn an additional bonus of 100 cents.

3.F.2 Instructions part 5 (norms)

On the following screens, you will read descriptions of a series of situations. These
descriptions correspond to situations in which one person, Individual 1, must make
a decision.

After you read the description of the decision, you will be asked to evaluate
the different possible choices available to the person and to decide, for each of
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the possible actions, whether taking that action would be “socially appropriate”
and “consistent with moral or proper social behavior” or “socially inappropriate”
and “inconsistent with moral or proper social behavior”. By socially appropriate,
we mean behavior that most people agree is the “correct” or “ethical” thing to do.
Another way to think about what we mean is that if Individual 1 were to select a
socially inappropriate choice, then someone else might be angry at Individual 1 for
doing so.

In each of your responses, we would like you to answer as truthfully as pos-
sible, based on your opinions of what constitutes socially appropriate or socially
inappropriate behavior.

At the end of the experiment today, we will randomly select one of the situa-
tions. For this situation, we will also randomly select one of the possible choices
that Individual 1 could make. Thus, we will select both a situation and one possi-
ble choice at random. For the choice selected, we will determine which response
was selected by most people participating in this experiment right now. If you give
the same response as that most frequently given by other people, then you will
receive an additional 200 cents. This means that you will earn most money if you
select the response given most frequently by other participants.
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3.F.3 Instructions part 6 (risk aversion)

For this part, you choose one gamble you would like to play from among six differ-
ent gambles. The six different gambles are listed below. You must select one and
only one of these gambles.

Each gamble has two possible outcomes (Roll Low or Roll High). For every gam-
ble, each Roll has a 50% chance of occurring. At the end of the study, it will be
randomly determined which event will occur.

For example, if you select Gamble 4 and Roll High occurs, you will be paid 260
cents. If Roll Low occurs, you will be paid 80 cents.

3.G Instructions for SPEC

Participants read instructions as their counterpart in B-FULL did. They did not
see tasks related individual decision-making or any of the tasks at the end of the
experiment (beliefs, risk aversion, norms).

The instructions started with:

3.G.1 Page 1: Your task

In this experiment, you will first read instructions similar to the instructions that
participants received in earlier sessions of this experiment. However, you will not
participate in that experiment, and will not be able to make the choices described
in these instructions.
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It is important that you read and understand these instructions well, as your
earnings depend on decisions in these earlier sessions.

After you have read the instructions, you will make predictions about choices
these earlier participants made. Your earnings in this experiment will depend on
the accuracy of your predictions about choices these earlier participants made.

3.G.2 Instructions andquiz of theirmatchedparticipant (seeB-FULL)

3.G.3 Page 2: Your prediction task

We now describe the choices that you will make in this experiment. You will follow
one particular participant in an earlier session of this experiment. We will call this
person your matched participant. We will show you the market interaction that
your matched participant experienced in the experiment. Within a dark grey box,
you will see a screen identical to the screen your matched participant observed.
There is also some basic explanation on how to interpret this screen in themarkets.

We will ask you to make predictions about the choices of other participants in
the session of your matched participant.

Each time, we will ask you to predict four things.
The first three predictions concern probabilities of whether trading will occur

for the next unit. For each next unit, there are three possible events:

1. Whatever your matched participant does, the unit will be traded. This means
that even if your matched participant does not participate in trading, the unit
will be traded by the others.

2. Yourmatched participant’s behavior will determinewhether the unit is traded
or not. This means that if your matched participant does not participate, the
unit will not be traded, while if your matched participant does participate,
the unit will be traded.

3. Whatever your matched participant does, the next unit will not be traded.
This means that even if your matched participant does try to trade the next
unit, this will not happen because the buyers/sellers are not participating.

We will ask you for the probabilities that each of these events occurs. These
probabilities are your predictions of how likely it is that each possible event will
happen. A higher probability means that an event is more likely to happen. As
a probability, your predictions can be between 0% (will not occur) and 100% (will
certainly occur). As the three events above include all possible scenarios in which
this experiment progresses, the probabilities you report across 1. to 3. need to
add up to 100%.
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The last prediction concerns the number of sellers and buyers whowill be active
for the next unit. Wewill ask you to predict howmany buyers and sellers other than
your matched participant within your matched participant’s market will attempt to
trade the next unit. By this we mean the total number of participants other than
your matched participant who will either submit an offer to and/or accept an offer.
Your predictions can be between 0 participants (no other participant will be active)
and 9 participants (all other participants will be active).

At the end of the experiment, you will be paid for three randomly selected sets
of predictions. Within each set of predictions, for the first three predictions, you
will receive 300 cents. For the fourth prediction, you will receive an additional
payment of 150 cents if you correctly predict how many participants other than
you attempt to trade the next unit.

3.G.4 Page 3: Practice questions

Please answer the following questions:

1. In this experiment, you will only make predictions about the choices of other
participants in an earlier experiment. [TRUE/false]

2. You will observe the market interaction your matched participant observed
in this earlier experiment. [TRUE/false]

3. You will also trade in amarket similar to themarket your matched participant
participated in. [true/FALSE]

4. How much will you earn if you correctly predict how many participants other
than yourmatched participant will attempt to trade the next unit? [FREEFORM:
150] cents

3.H Double auction: PRIV

All participants received instructions on the individual decision-making task as in
the other market treatments. Below we reproduce all instructions for part 2.

3.H.1 Page 1: Market instructions

In this part of the experiment you will repeatedly trade in a market. In the market,
5 sellers can trade with 5 buyers. You will be a SELLER in the entire experiment.
You will trade in two markets, market 1 and market 2, which proceed according to
similar rules. After market 1 is completed, you will receive additional instructions
for market 2.
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3.H.1.1 Market 1

Trading profits
In market 1, up to 15 units can be traded. To trade one unit, one buyer and one

seller can conclude a trade by agreeing on a price for that unit.
If sold, each unit has a certain cost. This will be denoted in cents. Earnings for

concluding a trade are:

• You earn the difference between the price and the cost for this unit: PRICE-
COST

You will only know your costs in the market. You will not know other sellers’
costs. In general, all participants have different costs. It is randomly determined
which participants has what costs.

In the example in the screenshot below, the seller can trade their first unit,
which is highlighted by the red first line in the table.

Example in the screenshot: Imagine you have a cost given by 60. You, as the
seller, and one of the buyers agree on a price of 260. Then,

• You get: PRICE - COST = 260 - 60 = 200 cents.

In the screenshot, notice that the cost of the seller change with the unit trans-
acted (e.g. for the first unit the cost for the seller is 60 cents, for the third unit the
cost is 240 cents).

3.H.2 Page 2: Market instructions

Trading protocol

To agree on a price, all participants submit offers simultaneously. At any time
during the trading, you can submit an offer to the buyers.

You can see how you can submit an offer in the screenshot below:
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If you submit an offer, one of two things will happen:

1. A trade happens immediately:

• If your new offer is at a price below or equal to the best current offer of
the buyers, you will trade.

• You will trade with the buyer who made this offer. The price will be the
price offered by this buyer.

• Your offer is removed and new ones can be made.

2. Your offer enters the order book:

• If your new offer is at a price above the best current offer of the buyers,
you will not trade yet.

• Instead, your offer will enter the order book. In the order book, all cur-
rent offers of all buyers and sellers are collected and shown to all buyers
and sellers.

• If your offer is the lowest current offer among all sellers, and a buyer
makes an offer above your price, you will trade with this buyer at a price
equal to your offer.

• You can always decide to adjust your offer.

After you have traded a unit, you can submit new offers to trade additional units.
Note that your cost for trading the next unit may be different.

End of trading

Trading ends automatically after 8 minutes.
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3.H.3 Page 3: Market instructions

Additional details

• On the top of the trading screen you always see the remaining trading time.

• We will also inform you about how many units you have traded, as well as
the price and profits for these units.

• You will see all offers currently in the order book. The most favorable offers
are ranked highest in the order book, which are the highest offered price by
the buyers and the lowest offered price by the sellers.

• You also see the prices of the last four concluded trades.

• Note that offers are executed at the time they arrive.

• No trader knows with whom in the room he or she has traded. That means
that your anonymity is ensured.

Payment

If this part and this market is selected for payment, for each trade a participant
concluded, his or her payment is calculated with the rules described earlier. That
is, for each unit, you will be paid the difference between the price and the cost for
this unit. In this market, the earnings for each participant are then given by the
sum of earnings for all units traded by the participant.

In part 2, there will be a total of 5 market periods (1 period for market 1 and 4
periods for market 2). 2 out of the 5 market periods will be randomly selected to
be paid.

3.H.4 Page 4: Practice questions

NOTE: ALL NUMBERS IN THE QUESTIONS ARE ARBITRARILY CHOSEN, AND ARE NOT
RELEVANT FOR THE EXPERIMENT.

Please answer the following questions:

1. Each seller pays the same costs as any of the other sellers to supply each
unit. true/FALSE

2. Trading automatically ends after 8 minutes. TRUE/false

3. We will ask you several questions about the scenario below. Note that the
behavior in this scenario is randomly determined, only for the purpose of
asking these questions.
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• The market begins, and the two sellers as well as one buyer submit an
offer.

• First, the two sellers submit an offer. Seller S1 has a cost of 60 cents and
submits an offer with a price of 200 cents. Seller S2 has a cost of 130
cents and submits an offer with a price of 190 cents.

• All market participants see the two offers in the order book. As seller
S2’S offer is more favorable, it will be shown first in the order book.

• Next, one buyer submits an offer: Buyer B1 submits an offer with a price
of 210 cents.

• As B1’s offer is higher than S2’s offer, B1 immediately trades with S2. They
will trade at the price offered by S2.

• Both B1’s and S2’s offers are removed from the order book and trading
can continue.

Please calculate the earnings of S1 and S2 at this point in the market:

How many cents does seller S1 earn? [FREEFORM: 0] cents

How many cents does seller S2 earn? [FREEFORM: 60] cents

[MARKET 1 TAKES PLACE, AFTERWARDS INSTRUCTIONS FOR MAR- KET 2 (with ex-
ternality) FOLLOW]

3.H.5 Page 1: Part 2

This concludes market 1. Now, trading in market 2 begins.
Generally, the same rules apply in this market. We will therefore highlight here

only the differences between the two markets:

• Trading behavior in this market determines an amount of money that will be
donated to UNICEF, in addition to your own earnings. The number of units
successfully traded in the market is used to calculate how many doses of
measles vaccines will be donated to UNICEF. The maximum number of doses
donated to UNICEF in one market period is 60. The more units are traded in
the market, the less will be donated to UNICEF: for each unit that is traded
in market 2 that is selected for payment, 4 doses of measles vaccines will be
subtracted from the donation to UNICEF, which cost approximately 1.5 Euro.
Recall that with two doses of measles vaccine, one child can be protected.
UNICEF will be paid the donation amount at the end of the experiment. The
following table summarizes how the number of traded units in the market
translates into the number of MEASLE DONATIONS. For example, if at the end
of the market, zero units have been traded, then a total of 60 doses are do-
nated to UNICEF for this market. If at the end of the market 3 units have been
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traded then in total 48 doses are donated. Donations to UNICEF are only af-
fected by the overall number of units traded in the market and not by whom
these units are traded.

• Final number of units traded and number of doses: [TABLE WITH NUMBER
OF UNITS AND CORRESPONDING DONATION AMOUNTS, from 15 units traded
(0 donations) to 0 units traded (60 units donation).]

• While market 1 only lasted for 1 period, you will now be trading in a sequence
of 4 market periods. Each market period is conducted in the same way. Your
choices in one period have no consequences on any other period.

Payment

If this part is selected for payment, two of themarket results are randomly selected
for payment. It is equally likely that each one of the 4 market periods of market
2 or the one period in market 1 is selected for payment. Payment for participants
are then calculated according to the same rules as in market 1.

If a market period of market 2 is selected, the trades in the selected period
also determine the amount donated to UNICEF. At the end of the experiment, the
experimenter will transfer this amount.

3.H.6 Page 2

[REPEATED INFORMATION ON UNICEF, SEE INSTRUCTIONS FOR PART 1]

3.H.7 Page 3: Practice questions

NOTE: ALL NUMBERS IN THE QUESTIONS ARE ARBITRARILY CHOSEN, AND ARE NOT
RELEVANT FOR THE EXPERIMENT.

Please answer the following questions:

1. If this part is selected for payment, two market results are randomly selected
for payment. These can be market 1 or one of the market periods of market
2. Each trader earns the sum of cents generated by all of his or her trades.
TRUE/false

2. For each unit that is traded, how many doses of measles vaccines will be
subtracted from the donation to UNICEF? [FREEFORM: 4] doses

3. We will ask you a question about the scenario below. Note that the behavior
in this scenario is randomly determined, only for the purpose of asking the
question.
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• The market begins, and one seller as well as one buyer submit an offer.

• First, one seller submits an offer. Seller S1 has a cost of 130 cents and
submits an offer with a price of 300 cents.

• All market participants see the offer in the order book.

• Next, one buyer submits an offer: Buyer B1 submits an offer of 350 cents.

• As B1’s offer is higher than S1’s offer, B1 immediately trades with S1. They
will trade at the price offered by S1.

• As one unit was traded, four doses of measles vaccine are not donated
to UNICEF.

• Both B1’s and S1’s offers are removed from the order book. Trading can
continue.

Please calculate the earnings of S1 at this point in the market:

How many cents does seller S1 earn? [FREEFORM: 170] cents
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Persuading an audience:
Testing information design in the laboratory
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Chapter 4: Persuading an audience

4.1 Introduction

Senders frequently speak to an audience of multiple receivers. For example, gov-
ernments communicate with their citizens, and the leadership in private organi-
zations addresses their employees or customer base. I focus on the sender’s key
choice of communication channel. The sendermay employ public announcements,
in which information is jointly revealed to all receivers. Alternatively, the sender
may rely on private messages to individual receivers. In practice, senders often
employ public communication strategies to convince their audiences to take a de-
sired action. For instance, governments hold public press conferences, and cen-
tral banks ensure that market participants can access their communication.1 In
other settings, private messages can be advantageous—for example, when route-
planning services such as Google Maps or Waze recommend routes to their cus-
tomers.2 Miscoordinated routes minimize average travel times by reducing con-
gestion; to ensure that drivers stay on their designated paths, recommendations
to others are kept private.

Using a laboratory experiment, I provide the first empirical evidence onwhether
choosing the right communication channel helps a sender persuade her audience
and what role the audience members’ strategic interaction plays in that decision.
As in Bayesian persuasion (Kamenica and Gentzkow, 2011), the sender can access
superior information about the state of the world. In contrast to Bayesian persua-
sion, the sender communicates with an audience of multiple receivers. The pres-
ence of other receivers in the audience may affect how persuasive different com-
munication channels are. Theoretically, the receivers’ strategic interaction deter-
mines whether private signals or public announcements are a more effective tool
of persuasion, a prediction from the literature on information design (for exam-
ple, Bergemann and Morris, 2019). This strategic interaction is essential, because a
receiver’s optimal action frequently depends on other receivers’ actions, as in the
examples above. This interdependence implies that the sender may benefit from
tailoring messages to the audience’s strategic interaction.

In particular, I introduce coordination and miscoordination motives into the
audience members’ strategic interaction. To capture coordination motives, the
receivers’ strategic environment features strategic complementarities. Each re-
ceiver’s incentive to choose an action increases in the number of other receivers
choosing that action. With these complementarities, public messages are pre-
dicted to improve persuasion. A public message encourages all receivers to choose
an identical action. Common actions reinforce incentives to select that action,

1For example, central banks may want to tailor their communication to be commonly under-
stood by the general public in order, for example, to anchor inflation expectations (Haldane and
McMahon, 2018; Binder, 2017; Bholat, Broughton, Parker, Ter Meer, and Walczak, 2018; Haldane,
Macaulay, and McMahon, 2021).

2See Das, Kamenica, and Mirka (2017) for a theoretical analysis.
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and observing everyone’s recommended actions increases incentives to choose
the favored action by minimizing strategic uncertainty. To capture miscoordina-
tion motives, the receivers’ environment features strategic substitutes; that is,
each receiver’s incentive decreases in others’ choice of the same action. In this
environment, private messages are predicted to perform better. Each receiver is
encouraged to take a potentially different action and does not observe other re-
ceivers’ messages.3 Bymiscoordinating actions andwithholding information about
the state from some receivers, persuasion can induce the favored action more fre-
quently.

To create exogenous variation in the communication channel and strategic en-
vironment, I study persuasion in a laboratory experiment. In the field, researchers
only observe the receivers’ response to the communication channels that the sen-
ders select, which are often public. By contrast, the laboratory setting allows me
to vary the communication strategies exogenously, to control each receiver’s in-
formation set, and to hold constant other features that affect a sender’s persua-
siveness, such as her reputation. I can measure the importance of the channel
choice, which allowsme to evaluate whether any practical constraints on the chan-
nel choice, such as a legal requirement to use public communication or an inability
to ensure public dissemination of signals, limit a sender’s persuasiveness. In ad-
dition, in the field, it is difficult to assess whether the success of persuasion is
affected by the strategic environment. Many communication settings feature in-
teracting audience members, but settings and audiences vary not only in strategic
interaction.

The experiment is designed to test the theoretical rationale for using either
channel, which I can disentangle from other forces driving receivers’ responses.
These other forces turn out to be important, as using public signals increases per-
suasion for reasons not yet captured theoretically. Public communication results in
less noisy behavior because it has a simpler, symmetric structure, and it is advan-
tageous given receivers’ aversion to differential treatment through private signals.

I employ two experiments that build on an investment game introduced by
Bergemann andMorris (2019). In that investment game, the receivers choosewheth-
er to invest without knowing whether the state of the world is good or bad. A re-
ceiver wants to match the state. In addition, a receiver’s payoff depends on the
choice of the other receiver, creating room for strategic complements or substi-
tutes. Without information beyond the prior, investment is not profitable for re-
ceivers. Investment is attractive in the good state, yet receivers, on average, make
a loss when investing without additional information about the state. This creates
scope for persuasion. I assume that the sender wants to persuade receivers to in-

3The strategic tension between the sender’s and the receivers’ interests means that private sig-
nals cannot be revealed publicly. If both receivers have access to the private information revealed
to each other, the sender can no longer exploit her superior information about the state. I discuss
this feature in more detail in Section 4.3.
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vest, irrespective of the state. As in Bayesian persuasion (Kamenica and Gentzkow,
2011), the sender communicates by committing to an information structure. The
signals are action recommendations that reveal information about the state and
others’ signals. The receivers need to judge whether they can trust a sender’s rec-
ommendation. This decision depends not only on their own inference but also on
their beliefs about others’ information processing and decisions, which I elicit in
the laboratory.

In the first experiment, I focus on receiver behavior. Computerized senders rec-
ommend actions to two participants in the role of receivers. I vary three treatment
dimensions. First, I vary whether the game features strategic complements or sub-
stitutes. Second, I vary whether the information structure uses public or private
signals. Third, I vary how aggressively the sender persuades the receivers by vary-
ing how often they receive a recommendation to invest in the bad state. Higher
probabilities of this recommendation decrease expected gains from following rec-
ommendations. Formally, this varies whether an information structure satisfies
obedience constraints, which measure whether a receiver can best respond by fol-
lowing recommendations. I test three levels of aggressiveness, where expected
payoffs from following are held constant at each level, and two levels satisfy obe-
dience constraints for risk-neutral receivers. By comparing following rates in the
three levels, I test whether obedience is predictive of behavior. These constraints
are widely used theoretically, but, to the best of my knowledge, this paper is the
first to test them empirically.

Comparing public and private communication, I find that a channel’s persua-
siveness depends on the strategic environment, but I also observe surprising devi-
ations from the predictions. In particular, I find that public structures perform well
in a broader sense than expected. I observe the theoretically predicted advantage
of public structures in settings with strategic complements. The empirical benefit
even exceeds the theoretically predicted wedge. With strategic substitutes—a set-
ting in which private signals are predicted to enhance receivers’ persuasion—both
public and private platforms perform equally well. Empirically, receivers are less
willing to follow private than public recommendations. Interestingly, they antic-
ipate this effect, as they believe other receivers follow public recommendations
more frequently than private ones. Senders thus benefit in ways not captured by
existing theory from using public signals, providing a justification for the frequent
use of public communication in practice.

Two mechanisms drive the empirical superiority of public signals. First, the re-
ceivers’ behavior exhibits more variance than predicted in response to private sig-
nals. Therefore, there is less additional unintended variation with public signals.
The noise specific to private structures adds uncertainty about others’ behavior
beyond what is deliberately introduced by the sender and beyond what is optimal
to persuade receivers. Hence, the receivers’ best response is to follow private rec-
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ommendations less often, which decreases persuasion. The additional noise with
private signals is consistent with their complexity. Only with private signals do the
receivers have to reason through the uncertainty about which recommendations
others have received. As a second mechanism, I show that whether the signals are
public or private affects the receivers’ reaction to experiencing bad advice. Here,
bad advice is defined as the recommendation to invest in the bad state against
the receivers’ interest. With private signals, bad advice is sent to only one receiver,
while the sender recommends that the other receiver not invest, a form of differ-
ential treatment. In contrast, both receivers receive a common (bad) recommen-
dation with public signals. I find that only receivers who receive bad advice with
private signals subsequently reduce their investment. This pattern is consistent
with receivers disliking this differential treatment.

While not capturing the benefits of public persuasion, theory otherwise pre-
dicts behavior well. Depending on the information structure’s aggressiveness, 78%
to 90% of recommendations that theory predicts will be followed are indeed fol-
lowed. In contrast, recommendations that cannot always be followed in equilib-
rium are followed only in 66% of periods. Therefore, the obedience constraints
organize receivers’ behavior well. Using data on beliefs, I show that the decisions
to follow are consistent with the theoretically predicted mechanism: Receivers
update their beliefs reasonably well, and signals are processed close to the theo-
retically predicted way. Beliefs about the state show some conservative updating
but evolve in line with Bayesian predictions. Furthermore, participants have a good
understanding of the average response of other receivers to different signals. Even
more striking is that given receivers’ beliefs, their decisions are close to their best
response, especially so with public persuasion.

In a second experiment, computerized senders are replaced by human senders.
The senders are incentivized to maximize receivers’ investment and choose among
the same information structures that were exogenously assigned in the first exper-
iment. They choose between different levels of aggressiveness in persuasion and
between public or private signals. Between subjects, I vary whether the receivers’
game features strategic substitutes or complements.

This experiment allows me to test whether receiver behavior in response to en-
dogenous choices by participants is different from that under computerized com-
munication strategies. This is an important distinction, as senders deliberately
choose communication strategies in practice and their intentions may affect re-
ceivers’ responses. For example, motives such as reciprocity or an aversion to be-
ing deceived may change receiver behavior, which in turn may affect the sender’s
optimal communication strategy. Empirically, I find little evidence for changes in
receiver behavior across the two experiments. Recommendations are followed
slightly less often, but this change is similar across both games and all informa-
tion structures.
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This experiment also allows me to study how participants in the role of senders
persuade. This is important for two reasons. First, it means I can test whether
senders adapt their choice to the receiver’s strategic environment: do senders use
public signals more frequently with strategic complements and private ones with
substitutes? Second, it means I can assess whether senders foresee and react to
the empirical superiority of persuasion with public signals.

I find that senders employ public signals in 55% of periods. Crucially, they
respond to the receivers’ strategic interaction: they use public signals more fre-
quently in games with strategic complements than in games with strategic substi-
tutes. Senders apparently exploit both the theoretically predicted benefit specific
to each game (as they use public signals more frequently in settings with strategic
complements) and the empirical advantage of public signals (as they use pub-
lic signals more frequently when pooling data across the two settings). Senders’
beliefs indicate that they anticipate that receivers respond to a change in commu-
nication strategies. However, they underestimate how strongly receivers react to
changes in communication strategies, which leads them to not fully capitalize on
the potential gains from public signals.

In the experiment, senders persuade quite forcefully. The senders’ median
choice is the sender-optimal structure, which maximizes their own self-interested
payoffs at the receivers’ expense; it is just obedient for risk-neutral receivers to
trust these signals. If anything, senders err by being even more aggressive than
what theory predicts will maximize their self-interested payoffs. While senders be-
lieve that more aggressive persuasion leads receivers to implement the sender’s
desired action less frequently, they do not fully account for the strength of the
receivers’ response. This aggressiveness in this complex environment, in which
senders communicate by committing to an information structure, contrasts with
findings from settings with more direct communication, such as cheap-talk games.
In cheap-talk games, senders typically communicate more truthfully than if they
were motivated purely by self-interest (Blume, Lai, and Lim, 2020; Abeler, Nosenzo,
and Raymond, 2019).

In sum, I provide the first empirical evidence on the persuasion of audiences
as modeled in the theoretical literature on information design. Along many di-
mensions, the behavior in the laboratory is consistent with the theoretical predic-
tions. For example, in my empirical test of the theoretical concept of obedience
constraints, choices are close to the predictions. Crucially, I find empirically that
public messages help senders to persuade their audience in ways not yet captured
theoretically. The messages’ persuasiveness can be attributed to their simplicity,
leading to less noisy behavior, and their equal treatment of receivers. Senders take
advantage of the superiority of public signals.

In the following, I start by positioning the paper in relation to the literature.
Section 4.3 describes the theoretical background, the theoretically motivated hy-
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potheses, and the experimental design. Section 4.4 presents the results, and Sec-
tion 4.5 concludes.

4.2 Relation to the literature

This study builds on a setup introduced by Bergemann and Morris (2019) within the
literature on information design. Information design generalizes Bayesian persua-
sion (Kamenica and Gentzkow, 2011) to multiple receivers. In the laboratory, I test
whether a sender can leverage strategic uncertainty by choosing an appropriate
communication channel to enhance persuasion. Bergemann and Morris derive this
insight on the channel choice in the investment game used in this experiment. Re-
latedly, a large theoretical literature compares public and private signals as well
as different types of strategic interaction. For example, Angeletos and Pavan (2007)
study welfare, Ely (2017) bank runs, Arieli and Babichenko (2019) information dis-
closure as in advertising, and Inostroza and Pavan (2021) stress tests. Taneva (2019)
studies designer-optimal information design. Mathevet, Perego, and Taneva (2020)
introduce an investment game and study adversarial equilibrium selection, and
Taneva and Wiseman (2022) consider strategically ignorant receivers.

More abstractly, Bergemann and Morris (2016) introduce Bayes correlated equi-
libria.4 These equilibria are widely used theoretically—for example, for informa-
tionally robust auction design (Bergemann, Brooks, and Morris, 2019; Brooks and
Du, 2021). They build on obedience constraints, which require that receivers’ best
response is to follow recommendations. I am the first to study whether these con-
straints capture receiver behavior empirically. I focus on the question whether
receivers’ empirical response depends on specific information structures—for ex-
ample, whether their response depends on the publicness of a signal.

Several strands of experimental literature are related to this study. First, a small
recent literature tests Bayesian persuasion in the laboratory, such as Frechette,
Lizzeri, and Perego (2022), Aristidou, Coricelli, and Vostroknutov (2019), and Au and
Li (2018). These papers test persuasion of a single receiver, whereas I focus on
games with multiple interacting receivers.

More closely related are two other strands of literature. The first studies other
models of strategic information transmission experimentally, usually using cheap-

4Bayes correlated equilibria generalize correlated equilibria (Aumann, 1987) to games of in-
complete information, see Forges (1993) for similar generalizations. Correlated equilibria have
been tested in the laboratory—for example, by Van Huyck, Gillette, and Battalio (1992); Brandts
and Holt (1992); Moreno and Wooders (1998); Cason and Sharma (2007); Duffy and Feltovich (2010);
Bone, Drouvelis, and Ray (2013); Anbarci, Feltovich, and Gürdal (2018); Kurz, Orland, and Posadzy
(2018); Friedman, Rabanal, Rud, and Zhao (2022). A connected line studies information transmis-
sion through mediators in the laboratory (Casella, Friedman, and Archila, 2020; Blume, Lai, and Lim,
2023). Unlike this literature, I study a sender that can not only correlate agents’ play, but crucially
has access to information about the uncertain state of the world, which she can use to persuade.
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talk games (Crawford and Sobel, 1982). This literature focuses on when information
about the state of the world is transmitted to and trusted by receivers. It typically
finds overcommunication (see Blume et al. (2020) for a recent survey). In contrast
to this large literature, I study the understudied setting with multiple interacting
receivers, and I show that this interaction matters for a sender’s optimal commu-
nication.5 Theoretical work on communication with audiences began with Farrell
and Gibbons (1989). Instead of capturing strategic interaction on the receivers’
side, this literature focuses on receivers that differ in their degree of preference
misalignment. The presence of multiple receivers may lead the sender to commu-
nicate less or more truthfully than in cheap-talk games with a single receiver, de-
pending on whether the message is private or public. In experimental tests of this
work, communication is more truthful with public signals (Battaglini and Makarov,
2014; Drugov, Hernán-González, Kujal, and Troya-Martinez, 2021).6 A small literature
on microtargetting study messages that target heterogeneity between receivers,
compared to public messages common to all voters (van Gils, Müller, and Prüfer,
2022; Tappin, Wittenberg, Hewitt, Berinsky, and Rand, 2022).

Within this literature, more closely related are two papers that capture some el-
ements of audience interaction. However, neither one captures how a sender can
enhance persuasion by choosing channels optimally, nor do they systematically
investigate audience members’ strategic interaction. Agranov and Schotter (2013)
study an announcement game in which a player in the role of the government can
choose to reveal information about the state to its citizen-players. The authors
focus both on what information about the state is revealed when the preference
misalignment between the government and its receivers varies and on which nat-
ural language is used.7 Cooper, Hamman, and Weber (2020) consider a cheap-talk
game in which a leader encourages followers to choose an action. Both papers fix
the strategic interaction of the audiencemembers. In contrast, I show that both an-
ticipating the receivers’ interaction and communicating publicly can be beneficial
to a sender. I contribute empirical evidence on why public messages are prevalent
in practice, whereas theoretically the benefits of these public messages are limited
to games of strategic complements.

The second closely related strand experimentally studies strategic uncertainty
within global games (Carlsson and van Damme, 1993; Morris and Shin, 1998, 2002).

5A related literature compares behavior between games of strategic complements and substi-
tutes (Fehr and Tyran, 2008; Potters and Suetens, 2009; Embrey, Mengel, and Peeters, 2019; Mermer,
Müller, and Suetens, 2021).

6The only paper that investigates public signals in the field is Kapoor and Magesan (2014), who
find that when public information generated from traffic light countdowns is observable by all par-
ticipants, it increases accidents.

7Conceptually related is work on language barriers. Introducing uncertainty about others’ abil-
ity to understand messages may impede the efficiency of communication (Blume and Board, 2013;
Blume, 2018; Giovannoni and Xiong, 2019), mirroring the importance of common knowledge about
others’ signals to enhance persuasion with strategic complementarities.
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Players in a game of strategic complements can receive private or common sig-
nals about the state of the world. These signals do not contain direct information
about others’ actions.8 In contrast, I study a sender that attempts to coordinate
agents’ actions, which is a feature of many sender-audience interactions, such as
governments’ rhetorical interactions with their citizens. Furthermore, by compar-
ing games of strategic complements and substitutes, I disentangle forces captured
theoretically from behavioral forces that change behavior between public and pri-
vate signals. Importantly, I focus on communication setups and ask whether a
sender can exploit the audience members’ interaction to persuade them. In exper-
iments, behavior in the two types of information structures is more similar than
theoretically predicted (Heinemann, Nagel, and Ockenfels, 2004, 2009; Cabrales,
Nagel, and Armenter, 2007).9 Trevino (2020) studies financial contagion between
linked financial markets and finds that biases enhance contagion through traders’
social learning, compared to contagion based purely on fundamentals. Avoyan
(2022) allows agents in a global game to communicate, and Szkup and Trevino (2021)
study information acquisition in global games.

4.3 Theoretical setup and experiment

In the laboratory experiment, I use an investment game devised by Bergemann
and Morris (2019).10 Here, I summarize key aspects of the theory underlying the
experiment.

In this game, two firms simultaneously choose an action: to invest or not invest.
Payoffs depend on both firms’ actions. In addition, payoffs depend on the state of
the world: 𝜃 ∈ {good,bad}. Firms share the common prior of 𝑃𝑟(𝜃 = good) = 1

2 .
Table 4.1 summarizes payoffs in the symmetric game, in which firm 1 is the row
player and firm 2 the column player.

Here, 𝑥 captures the payoff from investment in the good state, with 0 < 𝑥 <
1. 𝜖 characterizes the strategic interaction of the firms. When 𝜖 > 0, the firms
face strategic complements: their payoffs from investing compared to not investing
are increasing if the second firm also invests. 𝜖 < 0 implies strategic substitutes:
payoffs from one firm’s investment are decreasing in the second firm’s investment.

In the experiment, I compare firms’ behavior in a game with strategic comple-

8Related to this is the literature on sunspot equilibria, in which a sunspot realization serves as
a correlation device. Coordination rates are higher than in the literature on correlated equilibria
(Duffy and Fisher, 2005). Contrary to what theory predicts, both public and sufficiently correlated
private signals generate sunspot equilibria (Fehr, Heinemann, and Llorente-Saguer, 2019).

9Cornand and Heinemann (2008) study theoretically to what extent signals in global games are
optimally public. Experimentally, participants place a larger weight on a public signal over a private
signal with stronger coordination incentives (Cornand and Heinemann, 2014).

10See Taneva (2019) on how to solve information design problems with common priors, as in this
paper.
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Table 4.1: Investment game

𝜃 = good Firm 2

invest not invest

Firm 1 invest 𝑥+𝜖, 𝑥+𝜖 𝑥, 0
not invest 0, 𝑥 0, 0

𝜃 = bad Firm 2

invest not invest

Firm 1 invest -1+𝜖, -1+𝜖 -1, 0
not invest 0, -1 0, 0

ments to a game with strategic substitutes. Section 4.3.1 describes the parameter-
ization and other details of how the game is implemented in the experiment.

Sender. In addition to the two firms, this setup includes a sender (or informa-
tion designer) who commits to an information structure. Conditional on the state
realization, she sends a signal—in particular, a recommendation to firms to either
invest or not invest. The probability that she makes a particular recommendation
may depend on the state, as in typical persuasion games. Additionally, it can de-
pend on the recommendation the other firm receives. This allows the information
designer to (mis)coordinate the firms’ actions.

To study persuasion setups, I focus on senders that want to maximize receivers’
investment across all states. In doing so, and in assuming that the sender is com-
mitted to an information structure, I connect to the literature on Bayesian per-
suasion (Kamenica and Gentzkow, 2011) and information design (Bergemann and
Morris, 2019; Taneva, 2019). My main interest is in the receivers’ strategic interac-
tion and how this interaction affects the sender’s optimal choice of channel; these
are strategic elements that are also present with other communication protocols.

In the first experiment, the sender is computerized and the choice of infor-
mation structure is a treatment variable. Receivers have no information on the
sender’s intentions. In the second experiment, participants in the role of senders
are explicitly incentivized to maximize investment. They receive a payoff for each
receiver that chooses to invest. The goal and payoff structure are known to the
receivers. The sender can persuade the receivers to invest by committing to an
information structure.

Information structures. Table 4.2 presents the notation for general information
structures in this setup. Each cell gives the probability that, conditional on a given
state, the row-column combination of action recommendations is sent to the firms.
𝑝𝜃 − 𝑟𝜃 is the probability that each firm receives a separate recommendation to
invest in state 𝜃, and 𝑟𝜃 is the probability that both firms receive a simultaneous
recommendation to invest in state 𝜃.

For a sender, it is optimal to always recommend investment to both firms in the
good state and thus to set 𝑟good = 𝑝good = 1. Investment is always profitable in the
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Table 4.2: General information structures

𝜃 = good invest not invest

invest 𝑟good 𝑝good − 𝑟good
not invest 𝑝good − 𝑟good 1 + 𝑟good − 2𝑝good

𝜃 = bad invest not invest

invest 𝑟bad 𝑝bad − 𝑟bad
not invest 𝑝bad − 𝑟bad 1 + 𝑟bad − 2𝑝bad

good state. By maximizing investment in this state, the sender generates positive
expected payoffs for receivers. This enables her to also sometimes recommend
investment in the bad state, counterbalancing the gains in the good state with
some expected losses in the bad state. This increases expected investment, as
with the persuasion trade-off in Kamenica and Gentzkow (2011).

My focus, however, is on how the information structure’s publicness affects
persuasion. The information designer may use a public information structure by
setting 𝑟bad = 𝑝bad and 𝑟good = 𝑝good. In doing so, all firms always receive identi-
cal recommendations; messages are perfectly coordinated. Perfectly coordinating
the signals generates common knowledge in the sense that both receivers know
that they have received identical recommendations and have identical knowledge
about the state. In the experiment, the receivers use the information structure
to infer this perfect correlation. In practice, when persuading receivers to take
an action, revealing information in a public announcement generates exactly the
required common knowledge: all receivers are aware that this action has been
recommended to each receiver.

Alternatively, the designer may use a private information structure. For exam-
ple, she can set 𝑟bad = 0 and 𝑝bad > 0 in the bad state. Based only on the recom-
mendation one firm received, this firm cannot infer with certainty what recommen-
dation the other firm received. With a private information structure, firms’ actions
can bemiscoordinated when the firms follow recommendations, as sometimes one
firm invests while the other firm does not. Private signals feature two components:
firms receive different signals and do not observe the other firm’s signal. The def-
inition of the private signals considered in this experiment, in which 𝑟good = 1 and
𝑝bad − 𝑟bad > 0, clarifies why each receiver’s private signal cannot be revealed to
both receivers. Conditional on the state being bad, each firm receives the recom-
mendation to invest with probability 𝑝bad − 𝑟bad. In that case, the other firm then
receives the recommendation not to invest. If these two recommendations were
revealed to both receivers, they would learn that the state is bad. In the bad state,
the receiver can no longer best respond by investing. Therefore, when private sig-
nals are publicly revealed, the sender can no longer persuade receivers to invest
in the bad state. The misaligned interests in the bad state between sender and
receiver require that private signals remain private.11

11It might also not be in the receivers’ own interest to reveal signals truthfully. Conditional
on considering investing, a receiver wants the second receiver not to invest in games of strategic
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Besides coordinating or miscoordinating firms’ actions, a signal also transmits
information about the state of theworld, which a receiver can use to formaBayesian
posterior. Assume that a sender always recommends investment in the good state
(𝑟good = 1 = 𝑝good) and uses public signals that recommend investment with a
probability of 50% in the bad state (𝑟bad = 𝑝bad = 0.5). Conditional on receiv-
ing the recommendation to invest, the sender believes that the state is good with
𝑃𝑟 (𝜃 = good|invest) = 𝑃𝑟(invest|𝜃=good)𝑃𝑟(𝜃=good)

𝑃𝑟(invest|𝜃=good)𝑃𝑟(𝜃=good)+𝑃𝑟(invest|𝜃=bad)𝑃𝑟(𝜃=bad) =
.5

.5+.25 =
2
3 . There-

fore, the firm learns that the state is more likely good than it believed before re-
ceiving the recommendation to invest. Given the new posterior, investment may
now be profitable.

Obedience. Obedience constraints capture the degree towhich a firm can trust an
information designer and implement the recommended action.12 Consider a firm
receiving the recommendation to invest. It can use this recommendation to infer
information about the state and about the action recommended to the second firm.
By choosing the probabilities for each action recommendation appropriately, the
information designer can ensure that firms’ best response is to follow her recom-
mendations. Following a recommendation is obedient if taking the recommended
action is a best response; in that case, the Bayes Nash equilibrium is for both firms
to follow. Knowing what is obedient allows the information designer to anticipate
receivers’ responses to different information structures. Then she can optimize
over structures knowing firms’ responses.

When a risk-neutral firm receives the recommendation to invest, obedience
holds iff

1
2
(𝑟bad (−1 + 𝜖) + (𝑝bad − 𝑟bad) (−1))⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

Investment in the bad state

+1
2
(𝑟good (𝑥 + 𝜖) + (𝑝good − 𝑟good)𝑥)⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

Investment in the good state

≥ 0 (4.1)

To verify obedience, receivers first use Bayes’ rule (for compactness, I cancel
out common terms in Equation 4.1). The right-hand side equals 0, as the payoffs
from no investment are normalized to zero.

Theoretically, all obedient information structures capture the set of Bayes cor-
related equilibria (Bergemann and Morris, 2016). In this experiment, I determine
whether this representation corresponds to game play in the laboratory or whether
some equilibria are easier or more difficult to induce than others.

For each information structure, games of strategic substitutes feature a unique
equilibrium, while games of strategic complements generally feature two equi-
libria. I discuss equilibria for the parameters and information structures in the

substitutes and wants the second receiver to always invest in games of strategic complements. In
the experiment, information cannot be shared.

12For a formal definition following Bergemann and Morris (2016), see Appendix Section 4.A.
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experiment in Section 4.3.2.

4.3.1 Experimental implementation of the investment game

In the laboratory experiment, players face either strategic complements or substi-
tutes. In addition, they face (i) either private or public information structures, and
(ii) different information structures, which vary their expected payoffs from follow-
ing recommendations. In the first experiment, these two characteristics are varied
exogenously. In the second experiment, they are chosen by another participant in
the role of the sender.

The games are parameterized and normalized such that all payoffs are non-
negative. All payoffs are denoted in points, which are exchanged at a rate of one
point for five cents.

Table 4.3 presents the payoffs when the firms face strategic complements. As in
the general example, investing is profitable only when the good state materializes.
Firms face strategic complements, as the firms receive higher payoffs when both
firms simultaneously invest. For example, if firm 1 invests in the good state, its
payoff increases from 180 points to 210 points if firm 2 switches from not investing
to investing.

Table 4.3: Game with strategic complements

𝜃 = good Firm 2

invest not invest

Firm 1 invest 210, 210 180, 170
not invest 170, 180 170, 170

𝜃 = bad Firm 2

invest not invest

Firm 1 invest 100, 100 70, 170
not invest 170, 70 170, 170

Table 4.4 presents the payoffs when the firms face strategic substitutes. As in
the game with strategic complements, investment is only profitable in the good
state. In contrast to that game, firms prefer that the other firm does not invest:
firm 1’s payoff from investing decreases when Firm 2 switches from not investing
to investing.

Table 4.4: Game with strategic substitutes

𝜃 = good Firm 2

invest not invest

Firm 1 invest 210, 210 260, 170
not invest 170, 260 170, 170

𝜃 = bad Firm 2

invest not invest

Firm 1 invest 20, 20 70, 170
not invest 170, 70 170, 170

Both states are equally likely (𝑃𝑟(𝜃 = good) = 0.5). Without information beyond
this prior, firms would not be willing to invest in this game, as expected profits from
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investing are negative. The information designer can persuade firms to invest by
conditioning signals on the state.

This experiment’s primary interest is in understanding how players respond to
different information structures. To this end, players face different exogenously
designed information structures in the first experiment. Here, the role of the in-
formation designer is computerized. The structures themselves are revealed to
participants. Across all information structures, all players always receive the rec-
ommendation to invest in the good state (𝑟good = 𝑝good = 1). Players then either
face private (𝑟bad = 0) or public information structures (𝑟bad = 𝑝bad). In the first
experiment, this is varied between subject.

For each class of information structures (private or public), each player faces
three different information structures. They vary players’ expected payoffs from
following recommendations. Two of the information structures are obedient for
risk-neutral players. Optimal structures yield close to the highest possible invest-
ment frequencies and thus are optimal for an information designer maximizing
investment. If both firms follow the recommendations, their expected gains are
barely positive, with fewer than five points for each firm. Low structures feature
a less frequent recommendation to invest in the bad state. This decrease in fre-
quency increases expected gains from following the recommendations to at least
22 points per firm and leads to a comparatively low level of investment. Unlike the
optimal structures, low structures are also obedient for moderately risk-averse
receivers.

Finally, high structures frequently feature the recommendation to invest in the
bad state. These structures are not obedient, as they too frequently feature the
recommendation to invest. If both firms follow these recommendations, they ex-
pect to lose more than five points.

Table 4.5 presents parameters and the receivers’ probabilities of investing in
the Bayes Nash equilibrium with maximal investment.

Table 4.5: Treatment table: Information structures

Complements Substitutes

Public Private Public Private

𝑟bad Pr(invest) 𝑝bad − 𝑟bad Pr(invest) 𝑟bad Pr(invest) 𝑝bad − 𝑟bad Pr(invest)

High 71% 0% 48% 0% 32% 58% 48% 62%
Optimal 48% 74% 34% 67% 23% 62% 34% 67%

Low 19% 60% 14% 57% 10% 55% 14% 57%

Notes: Treatment parameters within the information structures (𝑟bad, 𝑝bad − 𝑟bad) and the probability each firm will invest in the equilibrium with maximal following
(Pr(invest)). The left panel shows parameters for games of strategic complements, the right panel for games of strategic substitutes. Across all information structures,
firms always receive the recommendation to invest in the good state (𝑟good = 𝑝good = 1). 𝑟bad is the probability that firms receive the joint recommendation to invest
in the bad state. 𝑝bad − 𝑟bad is the probability that only one firm receives the recommendation to invest, while the other receives the recommendation not to invest,
in the bad state. With public structures, only common signals are used: 𝑟bad > 0, while 𝑝bad − 𝑟bad = 0. With private structures, firms never receive the common
recommendation to invest in the bad state: 𝑟bad = 0, while 𝑝bad − 𝑟bad > 0. Within each level of obedience—high, optimal, and low—I fix the expected profits from
following recommendations, assuming that the other receiver follows. Optimal and low are obedient for risk-neutral receivers.

Fixing the level of obedience, I set parameters such that the private information

186



Section 4.3: Theoretical setup and experiment

structures are identical between games of strategic complements and substitutes.
For example, at the optimal level, each firm receives the private recommendation
to invest in the bad state with a probability of 34% in both games. When following,
this leads to identical expected profits across the two games.

The strategic advantage of public structures in games of complements and the
advantage of private structures in games of substitutes become evident in the dif-
ference between public and private structures within each level for each game.
Within each level of obedience, I fix expected profits from following the recom-
mendations and then calculate the implied probability of recommending joint in-
vestment to both firms. In games of complements, this is a higher probability than
was the case with private structures. For example, at the optimal level, both firms
receive the recommendation to invest in the bad state with a probability of 48%,
instead of the 34% with private structures. Crucially, in both public and private
structures at the optimal level, firms expect to gain about five points if both firms
follow. In games of substitutes, the probability of investment with public signals
is lower than the probability with private signals. Again at the optimal level, firms
receive the public signal to invest in the bad state with a probability of 23%, while
they receive a private signal to invest in the bad state with a probability of 34%.

By fixing expected payoffs from following within each level (low, optimal, or
high), play across the different structures (public versus private) becomes compa-
rable. Signals are not equally informative across public and private signals, as the
probability of the recommendation to invest in the bad state is changing.

In the second experiment, participants take on the role of the information de-
signer. They receive a fixed payoff of 90 points each period and earn an additional
100 points for each receiver that chooses to invest. The senders choose among the
six information structures that are used in the first experiment. Their choice thus
entails two dimensions: Should they use a public or private information structure
to persuade receivers? And which of the three levels of obedience should they
use to maximize investment? After choosing a structure, the choice is revealed to
participants jointly with the computer-generated signal.

4.3.2 Equilibria: Characterization and multiplicity

Conditional on choosing a particular information structure, these games generally
feature two equilibria for games of strategic complements and one equilibrium for
the games of strategic substitutes.

In the case of strategic substitutes, following an obedient information structure
(low or optimal) constitutes the unique Bayes Nash equilibrium for risk-neutral
receivers. If a structure is not obedient, only amixed-strategy equilibrium survives,
in which both receivers only probabilistically follow the recommendation to invest.

In the case of strategic complements, one Bayes Nash equilibrium for obedi-
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ent structures is to follow recommendations. Therefore, as with strategic substi-
tutes, low and potentially optimal information structures feature an equilibrium
with following receivers. In the second Bayes Nash equilibrium, both receivers
never invest, thus do not follow recommendations to invest. If one receiver does
not follow the recommendation with sufficient likelihood, the equilibrium with full
following is not attainable with complements. This is the case because only simul-
taneous investment by both receivers generates the complementary payoffs, 𝜖 = 30
points. Crucially, this payoff is anticipated by the sender in calculating obedience,
and receivers might no longer expect to gain from following recommendation if
this payoff is not realized. This introduces another reason to potentially choose
low structures: if receivers believe that others’ best respond only noisily, it may no
longer be a best response to follow in optimal information structures even for risk-
neutral receivers. It is of theoretical interest in the literature on information de-
sign which of these equilibria prevails; for example, Mathevet et al. (2020) discuss
sender-adversarial equilibrium selection. In the case of non-obedient information
structures, the games of strategic complements feature only the equilibrium of not
following.

When analyzing the experimental data, I use the equilibrium with the high-
est investment as a benchmark and compare data to this benchmark. This is the
sender-preferred equilibrium and the unique equilibrium in games of substitutes.
This equilibrium turns out to be a closer fit to the data than the alternative equi-
librium with no investment in games of complements.

4.3.3 Theoretical predictions

In the first experiment, I test two dimensions central to the theory. First, I study
the strategic advantage of public (private) structures in cases with strategic com-
plements (substitutes).

Prediction 1. Private structures inducemore investment than public structures with
strategic substitutes. Public structures induce more investment than private struc-
tures with strategic complements.

The setup in this experiment captures the above predictions, which are typical
in the information design literature. Table 4.5 illustrates the advantage of either
public or private structures with the parameters of this experiment, within each
level of obedience. With strategic complements, investments can be maximized
with public signals; with strategic substitutes, private signals induce more invest-
ments than public signals.

Second, I test whether obedience captures empirical responses to information
structures. Based on the expected profits, following is expected to be strongest
in low levels. Following in optimal levels is equal to or lower as in low levels.
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The ranking of low and optimal depends on receivers’ risk aversion: risk-neutral
receivers follow in optimal structures; however, sufficiently risk-averse receivers
follow only in low structures. The least amount of following is expected in high,
levels, in which the choice to always follow does not constitute a best response.

Prediction 2. The frequency of following recommendations is characterized by the
following ranking:

low ≥ optimal > high

Theoretically, the information designer anticipates the receivers’ responses across
different information structures. She can use these responses to choose structures
advantageous to herself. However, empirically, play may differ. As a first step, play-
ers need to update their beliefs and comprehend that the information released in
the recommendation is valuable. As a second step, players must choose accord-
ingly and understand that following obedient information structures is profitable.
Whatmakes this setup particularly interesting is the inferences playersmake about
others’ behavior. Obedience relies on the common knowledge of players following
recommendations.

In the second experiment, I focus on the information designers’ choices. To
maximize their own expected payoffs, if senders assume that the receivers are risk
neutral, they can choose the information structure that maximizes receivers’ ex-
pected investment. The first way they can do so is by exploiting the channel that
theoretically enhances persuasion in each game.

Prediction 3. In games of strategic complements, information designers choose
public structures more often than they do in games of strategic substitutes.

Second, payoff-maximizing senders choose the level of obedience that maxi-
mizes the level of investment conditional on receivers following:

Prediction 4. Information designers choose structures according to the following
ranking:

𝑜𝑝𝑡𝑖𝑚𝑎𝑙 > 𝑙𝑜𝑤 > ℎ𝑖𝑔ℎ

4.3.4 Experimental design

The experiment closely follows the theoretical setup, except that in the laboratory,
the game is framed as two workers’ decision to work or not work, not two firms’
decision whether to invest. Each player’s payoffs depend on their own decision
and the decision of their coworker. In the first experiment, a computerized man-
ager recommends actions, while in the second experiment this role is played by a
participant. Information structures are implemented as a recommendation plan,
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according to which the workers receive recommendations. The state in the invest-
ment game is implemented as the randomly determined difficulty of the project,
which is called difficult or easy.

At the moment that receivers decide, the screen summarizes the recommenda-
tion they received, the game, and the recommendation plan. After their decision,
the state and the recommendations are revealed, participants learn their and their
coworker’s payoff and, in the second experiment, themanager’s payoff. In addition,
they learn what payoff they would have received if they had chosen the alternative
action. In the second experiment, the sender’s decision screen summarizes, for
each available information structure, how frequently receivers in their matching
group invested and followed recommendations in earlier periods.

First experiment. In the first experiment, I vary two between-subject treatment
dimensions: (i) whether the strategic interaction of the receivers features comple-
ments or substitutes and (ii) whether the information structure that receivers face
uses public or private signals.

Participants first receive general instructions on the investment game and have
to pass a comprehension quiz. The investment game is played in three parts, with
20 periods per part. In each of these parts, players face one of the three levels
low, optimal, and high. This treatment dimension, the third, varies within subject
and with a counterbalanced order. At the beginning of each part, players first re-
ceive specific instructions for the new information structure and a comprehension
quiz. Figure 4.1 shows the timeline of this experiment. Participants are allocated
to matching groups of six participants, with random rematching every period.

Figure 4.1: Timeline in the first experiment

Second experiment. In the second experiment, participants again first receive
general instructions. For receivers, these are instructions similar to the first experi-
ment, but they include some additional instructions on the senders’ choice set and
incentives. For senders, these instructions fully describe their own and receivers’
decisions. Both senders and receivers have to pass a comprehension quiz after-
ward. During the experiment, senders also receive information about the receivers’
responses to the information structures the senders in their matching group chose
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earlier. In this experiment, I vary only one between-subject treatment dimension:
whether the receivers’ strategic interaction features strategic complements or sub-
stitutes. To persuade receivers, the senders choose among the six different infor-
mation structures that are varied exogenously in the first experiment. As in the
first experiment, the information structure is revealed to the receivers.

This investment game is played only in one part, with 21 periods. Each period,
receivers also have to answer one randomly selected question from a comprehen-
sion quiz similar to the quiz in the first experiment. Figure 4.2 shows the timeline
of this experiment. Participants are allocated to matching groups of nine partici-
pants, with three senders and six receivers, with random rematching every period.

Figure 4.2: Timeline in the second experiment

Additional elicitations. The experiment concludes with measurements of beliefs
and participants’ characteristics. In both experiments, I elicit participants’ beliefs
induced by the information structures. I elicit beliefs about whether the state is
good and whether the other participant decides to invest—once for other partici-
pants that receive the recommendation to invest, and once for other participants
that receive the recommendation not to invest. Participants predict in howmany of
10 randomly drawn decisions the state was good and in howmany decisions others
invested, conditional on those participants having received the recommendation
to invest or not invest. In the first experiment, this generates a set of 12 reports,
4 for each of the three levels of obedience. Out of the 12 reports, 1 is randomly
drawn to be paid out. In the second experiment, beliefs for all six structures (com-
binations of public versus private and the three levels of obedience) are elicited
and again 1 report is randomly paid out. If their report matches the actual value
for 10 randomly selected instances, they receive a payment of 40 points in both
experiments.

Second, I elicit participants’ choices in an individual decision-making transfor-
mation of the investment game. The transformation strips away the strategic as-
pect of the game. By comparing choices between the two environments, we learn
about the importance of these strategic aspects. Within each level of obedience, all
structures and games generate equal expected payoffs. However, structures and
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games differ in their riskiness. In particular, the payoffs from investment in the
bad state differ between public and private structures as well as between games.
The probabilities of the bad state, conditional on receiving the recommendation
to invest, counterbalance the difference in the payoffs. This preserves expected
payoffs but affects the variances of payoffs. For example, joint investment with
complements pays 100 points with public signals, while separate investment with
private signals only pays 70 points. This payoff difference is offset by recommend-
ing investment in the bad state with a probability of 48% with public signals but
only 34% with private signals. To measure whether individuals change their be-
havior in individual decision-making in agreement with the patterns I observe in
the investment game, I introduce an individual control task. To generate this task,
I use the investment game and associated information structure. Then, I assume
that the second receiver follows recommendations, which removes the strategic
element of the game. I compute expected payoffs from following a recommenda-
tion to invest for the game and for all information structures that each participant
faces in the experiment, once conditional on the bad state materializing and once
conditional on the good state materializing. The required probabilities of either
state occurring are defined by the Bayesian posterior for the good and bad state
materializing, conditional on the recommendation to invest. With the implied pos-
terior probability, the good state materializes or the bad state materializes. In
the experiment, the decision is framed as a lottery choice. The participants can
choose a safe payoff, calibrated to match the payoff from no investment in the in-
vestment game. Alternatively, they can choose a risky payoff. This leads to a gain
corresponding to the expected profit from investment in the good state, with the
Bayesian posterior of the good state occurring when investment is recommended.
With the remaining probability, this leads to a loss corresponding to the expected
loss from investment in the bad state.

Third, I elicit risk preferences using the Eckel and Grossman (2002) task. Fourth,
I elicit the parameters of the Fehr and Schmidt (1999) model for inequity aversion
using the task in Yang, Onderstal, and Schram (2016). Fifth, participants’ skills in
understanding statistical information and risk are measured using the Berlin nu-
meracy test (Cokely, Galesic, Schulz, Ghazal, and Garcia-Retamero, 2012).13 Screen-
shots of all instructions are presented in Appendix Section 4.C.

Experimental procedures. Both experiments, hypotheses and all analyses are
preregistered at the AEA RCT registry (Ziegler, 2021, 2022). Experimental payments
are exchanged at a rate of one point for five cents. In Appendix Section 4.B.1,
I provide balancing tables for both experiments. Treatments across all experi-
ments are balanced, apart from Aheadness aversion in the second experiment (𝑝-
value=0.097). Controlling for this measure does not affect the results.

13In the second experiment, only the first and third questions are used.
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The first experiment was conducted in March 2021. Due to COVID-19 restric-
tions, the experiment was conducted online using a standard laboratory sample.
The participants were recruited from the traditional subject pools of CREED at the
University of Amsterdam in the Netherlands and MELESSA at LMU Munich in Ger-
many, with the participants at MELESSA using ORSEE (Greiner, 2015). Both labo-
ratories frequently conducted online experiments at that time, and protocols for
running them online were in place. Besides the computerized experiment, partic-
ipants were required to join a Zoom meeting with the experimenter. Participants
were anonymized in the meeting and could only chat with the experimenter. This
allowed close monitoring of potential problems, and participants could ask ques-
tions as in regular laboratory sessions. To verify their identity, participants either
received a personalized link (at MELESSA) or had to verify their identity by taking
pictures of themselves and their student ID using their webcams. Images were
stored separately and deleted immediately after the sessions. Payments were im-
plemented using bank transfers. Participants recorded their IBAN (and never their
names or any other personal information) either in separate surveys (LimeSurvey
at MELESSA) or in separate parts of the experimental software (at CREED). Almost
all participants finished the experiment: out of 432 participants, only 1 participant
dropped out (because of technical problems). This participant made 48 out of 60
decisions in the first three parts.

In the first experiment, payments were given for two randomly selected periods,
each from a different randomly selected part. In total, 432 participants joined for
1 of 18 sessions, 288 of them being registered at CREED. Each session consisted
of three to five matching groups, with six participants per matching group. The
average age was 22.7 years. 249 out of the 432 participants were women; average
earnings were 26.3 euros; and sessions took on average 82 minutes.

The second experiment was computerized and conducted in person in August
and September 2022, in the laboratories of CREED in Amsterdam and MELESSA in
Munich. In total, 360 participants joined for 1 of 22 sessions, 225 of them being
registered at CREED. Participants received payments from two randomly selected
periods. They were paid out in cash in all sessions apart from three sessions at ME-
LESSA, which used the same payment procedure as the first experiment. Each ses-
sion consisted of one to four matching groups, with nine participants per matching
group. The average agewas 22.6 years. 202 out of the 360 participants werewomen;
average earnings were 26.9 Euros; and sessions took on average 99 minutes.

4.4 Results

This section presents the results of the experiment. I focus on the first experiment
first. The data from that experiment allows me to study receivers’ behavior in dif-
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ferent games and in response to exogenously assigned information structures.

4.4.1 Investments

The experiment was set up to measure whether receivers can be persuaded to
invest. The measure of investment share is shown in Figure 4.1. Unless otherwise
noted, all figures compare data on the two obedient levels (low and optimal) to
ease interpretation, as this holds constant the existence of an equilibrium with
full following. For regressions, I pool all data. Results are robust to using either
approach.

The red diamonds illustrate equilibriumpredictions. For strategic complements,
theory predicts higher investment in public than in private structures. For strategic
substitutes, theory predicts higher investment in private structures than in public
ones.14

Figure 4.1: Investment decisions

Notes: Average frequency of investment by treatment, bars indicate observed choices and red diamonds choices in the
Bayes Nash equilibria with the highest investment. The figure only uses data from low and optimal structures. Bars
and shaded areas indicate 95% bootstrapped confidence intervals.

Overall, investment rates are substantial, with an average investment of 47%
across all treatments. Absent information beyond the prior, for both separate and
joint investment, investing would not be profitable, as participants would expect

14The theoretical treatment effects shown in Figure 4.1 are comparatively small because these
data are averaged across obedience levels (low and optimal). For the low level, theoretical dif-
ferences are relatively small, while I chose parameters to generate large treatment differences for
optimal information structures. For example, the theoretically predicted interaction effect of public
versus private signals interacted with the game is 14.9 percentage points with optimal structures
(see Appendix Section 4.B.2). I discuss parameter choices in more detail in Appendix Section 4.A.1.
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to lose between 5 and 55 points. Therefore, the appropriate benchmark to evaluate
whether persuasion succeeded is no investment. This benchmark is also consis-
tent with the individual risk measurement discussed in Section 4.4.4.

Participants frequently invest when receiving the recommendation to do so.
The high investment rate suggests that the participants trust the signals they re-
ceive and trust their fellow participants tomake the same inference as themselves.
This can be interpreted as a mark of successful information design, as persuasion
frequently succeeds.

Trusting others to follow is most crucial in games of strategic complements.
In these environments, investing is only profitable if other receivers are also in-
vesting. Yet receivers invest in only 44% of these cases. In contrast, in games of
strategic substitutes, when others do not follow, it reinforces the incentive to in-
vest. Consistent with this difference in strategic incentives, average investment
frequencies increase to 50% in games of substitutes.

Nevertheless, even though always following is an equilibrium for risk-neutral
receivers, overall investment is still below the predicted investment. Two forces
contribute to this finding. First, participants’ beliefs exhibit some conservatism in
updating about the probability that the state is good when receiving a recommen-
dation to invest, which decreases expected profits from investment. This feature
is discussed in more details in Section 4.4.3. In addition, these predictions assume
risk neutral receivers. However, empirically, many participants exhibit risk aver-
sion in the two control tasks at the end of the experiment. Using estimates of
risk aversion from these tasks in the equilibrium prediction captures that empiri-
cally, investment rates are lower, and partially even predict lower investment than
observed. I discuss this exercise in Appendix Section 4.B.3.

These data are also informative about equilibrium selection in games of strate-
gic complements. For the two obedient structures in these games, investment is
predicted in 64% of cases in the equilibrium of maximal following. Thus, empiri-
cally, investment frequencies come closer to the equilibrium with maximal invest-
ment, and inducing this equilibrium is frequently successful. In addition, the dif-
ference between predicted and observed investment is to a large extent driven by
the fact that only some receivers within each group are not willing to invest when
they receive the recommendation to invest. If instead the equilibrium without in-
vestment drove the behavior of some groups and thereby explained the difference
between predicted and observed investment, we would expect to see some groups
with very low average investment and some with high average investment. How-
ever, even at the optimal level, we observe low investment, coded as average in-
vestment in at most 3 of the 20 periods, for only 4% of groups. This rareness is
inconsistent with the possibility that a non-investment equilibrium is prevalent
for some groups. While the alternative equilibrium without investment exists, this
does not appear to limit the sender-optimal equilibrium’s attainability.
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Table 4.1 presents estimation results of the treatment effect. All columns com-
pare investment behavior in the data (columns (1), (3), (5), and (7)) to the predicted
behavior in the Bayes Nash equilibria with maximal investment (columns (2), (4),
and (6)). To generate the equilibrium data, I use the recommendation draws from
the experiment, and impose equilibrium following. Columns (1) and (2) compare
data only within games of strategic substitutes, columns (3) and (4) only within
games of complements. The key specifications are columns (5) and (6), which pool
all data.15 These specifications allow for a difference-in-differences interpretation
between games and information structures. Column (7) only uses data from obe-
dient information structures (𝑟bad and 𝑝bad − 𝑟bad at low and optimal levels).

Strikingly, the comparative statics for public and private information struc-
tures reveal a surprising pattern and an advantage of public information struc-
tures in the data across all strategic environments. Private structures perform no
better with strategic substitutes than public ones (coefficient of -0.009 on Pub-
lic; 𝑝-value=0.643; column (1)). This contrasts with the equilibrium prediction of
higher investment with private signals (coefficient of -0.043; column (2)). In games
of strategic complements, public structures increase investments by 9 percentage
points (𝑝-value=0.034; column (3)). This is in line with the theoretical prediction
that public signals perform well with strategic complements. However, the empiri-
cal treatment effect exceeds the theoretically predicted benefit of just 3 percentage
points (column (4)).

Column (5) documents the interaction effect—moving from private to public sig-
nals and from games of substitutes to games of complements—which is the main
effect of theoretical interest. Investment increases by 10 percentage points (co-
efficient on Public × Complements; 𝑝-value=0.035; column (5)) when using public
compared to private signals and when moving between games. Again, this slightly
exceeds the theoretically predicted increase of 7 percentage points (column (6)).

To show that investments increase with public structures compared to the em-
pirical predictions, I interact models (5) and (6) and show estimates in Appendix
Section 4.B.2. Across both strategic environments, the empirical advantage ex-
ceeds the predicted advantage by 3 percentage points (𝑝-value=0.080). This ef-
fect does not differ between strategic environments (𝑝-value=0.604). At the opti-
mal level, at which parameters are chosen to maximize power, the difference be-
tween the empirical and the predicted effect of public structures increases to 6
percentage points (𝑝-value=0.024), while it is again similar between environments

15The negative coefficient in column (6) on Complements is driven by high information struc-
tures. In that case, following one’s recommendation does not constitute a Bayes Nash equilibrium.
With complements, this implies no investment. A mixed-strategy equilibrium with partial invest-
ment arises with substitutes, where recommendations are followed only probabilistically. The co-
efficient is not significant in optimal and high structures, as the private structures across these
two games are designed to be identical and recommend investment equally often. The maximal-
investment Bayes Nash equilibria have both players always following these recommendations.
Therefore, they induce equal investment.
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(𝑝-value=0.421).
Summarizing, I find both evidence for the game-specific advantage of public

signals in games of strategic complements and evidence for the general advan-
tage of public signals. For the latter, I find that public structures do not perform
worse than private structures even with strategic substitutes. This suggests that, in
practice, public messages appear to possess inherent advantages when persuad-
ing receivers.

In Appendix Section 4.B.2, I reproduce Figure 4.1 separately for all levels of obe-
dience. As preregistered, I show that the analysis of Table 4.1 is robust to including
controls, to using logistic regressions, and is similar over time in Appendix Sec-
tion 4.B.4. This also holds when only studying part-one data, where all treatment
dimensions, including the level of obedience, were assigned between subject.

Table 4.1: Treatment effects: Investment

(1) (2) (3) (4) (5) (6) (7)
Substitutes Complements Diff-in-Diff

Data NE Data NE Data NE Data

Public -0.009 -0.043∗∗∗ 0.087∗∗ 0.030∗∗∗ -0.009 -0.043∗∗∗ -0.004
(0.019) (0.011) (0.039) (0.007) (0.020) (0.011) (0.022)

Complements -0.108∗∗∗ -0.211∗∗∗ -0.096∗∗∗
(0.032) (0.009) (0.034)

Public × Complements 0.096∗∗ 0.073∗∗∗ 0.085∗
(0.045) (0.013) (0.045)

(1 if level=optimal) -0.009 0.082∗∗∗ -0.040∗ 0.122∗∗∗ -0.025∗ 0.102∗∗∗ -0.024∗
(0.018) (0.014) (0.021) (0.016) (0.014) (0.011) (0.014)

(1 if level=high) -0.038∗ 0.058∗∗∗ -0.073∗∗∗ -0.577∗∗∗ -0.055∗∗∗ -0.260∗∗∗
(0.020) (0.013) (0.020) (0.011) (0.014) (0.039)

Constant 0.514∗∗∗ 0.574∗∗∗ 0.445∗∗∗ 0.562∗∗∗ 0.533∗∗∗ 0.674∗∗∗ 0.508∗∗∗
(0.022) (0.010) (0.038) (0.013) (0.022) (0.014) (0.022)

Period trend, part and lab FE Yes No Yes No Yes No Yes
Only obedient signals No No No No No No Yes
Observations 12960 12960 12948 12948 25908 25908 17268
# clusters 36 36 36 36 72 72 72
# participants 216 216 432 432

Notes: The table reports OLS estimates and includes all data. The dependent variable is a dummy variable equal to 1 if the participant decided to invest (Data)
or was predicted to invest in the Bayes Nash equilibrium with maximal investment (NE). Public and Complements are the treatment indicators. These are dummy
variables equal to 1 if the decision was made facing a public information structure, with the omitted category being a private structure, or facing a game with
strategic complements, with the omitted category being a game of strategic substitutes. (1 if level=optimal) and (1 if level=high) are dummy variables equal to
1 if the information structures used optimal or high probabilities to persuade receivers to invest, relative to the omitted category low, respectively. Standard
errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

Result 1. Public information structures induce higher investments than private struc-
tures with strategic complements, more than theoretically predicted. In contrast,
private information structures do not induce higher investment than public struc-
tures with strategic substitutes, contrary to theoretical predictions.

The regression results in Table 4.1 also reveal how investment changes in high
and optimal information structures compare to those in low structures. Consistent
with the theoretical prediction that high information structures are not obedient,
we observe less investment in this treatment. This effect is, however, smaller than
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theoretically predicted, especially for games of strategic complements. This im-
plies that receivers partially trust recommendations they should not trust in equi-
librium. Investment decreases by 4 percentage points (𝑝-value=0.071; column (1))
when receivers face a high structure with strategic substitutes. For this game, in-
vestments are even predicted to increase in equilibrium for high structures (coef-
ficient of 6% for high structures; column (2)), which highlights the empirical impor-
tance of persuading not too aggressively. With strategic complements, investment
decreases by 7 percentage points (𝑝-value<0.001; column (3)) when receivers face
a high structure, consistent with the conjecture that when others do not follow, it
reduces the incentive for own investment.

In addition, optimal structures do not increase investment compared to low
structures. This runs contrary to theoretical predictionswhen assuming risk-neutral
receivers, as we expected an increase in investment (coefficient on optimal levels
in columns (2) and (4)). Empirically, however, there is no significant effect for strate-
gic substitutes (𝑝-value=0.625; column (1)). For strategic complements, investment
even decreases by 4 percentage points (𝑝-value=0.068; column (3)). Some receivers
are only willing to invest when substantial informational rents from following are
available, consistent with some receivers’ risk averseness. The next section dis-
cusses the following frequencies and obedience in more detail.

4.4.2 Following behavior

Participants face the critical decision of whether to trust and follow a recommen-
dation. The investment behavior presented in Section 4.4.1 compounds two factors.
First, howoften is a recommendation to invest sent to receivers? Second, howoften
is this recommendation followed? As the former factor varies between informa-
tion structures, focusing on the following behavior allows for a clean measure of
receivers’ responses to information structures.

Figure 4.2 presents average following behavior, differentiated by game, pub-
licness, and information structure level. Following behavior is coded such that it
is equal to 1 whenever a recommendation is followed (investing after the recom-
mendation to invest, not investing after the recommendation not to invest), and
zero otherwise. Table 4.2 reports accompanying regressions. Columns (1) and (3)
use data, while columns (2) and (4) repeat the same analysis for predicted behav-
ior in the equilibrium with maximal following. Columns (1) and (2) use data only
from the obedient information structures (low and optimal), while columns (3) and
(4) also use data from high structures. Column (2) reflects the equilibrium feature
that all recommendations are followed in the equilibriumwithmaximal investment
for obedient structures, as the estimate on the constant is one and there are no
changes across treatment conditions.

Five facts emerge. First, receivers respond to the level of the information struc-
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Figure 4.2: Following rates

Notes: Average frequency of following a recommendation by treatment and by the level of the information structure. The
variable is a dummy equal to 1 if a recommendation was followed (investment after the recommendation to invest,
or no investment after the recommendation not to invest). Bars indicate observed choices, diamonds indicate the
following rate in the equilibrium with the highest following, and squares are empirical best responses based on
participants’ separately elicited beliefs. Error bars indicate 95% bootstrapped confidence intervals.

ture precisely as expected. Most following occurs with the strongest incentive to
follow in low structures. The constant of 93% in column (1) indicates that in the
baseline level (low), following is very prevalent and is close to the full following
predicted in equilibrium in column (2). We observe intermediate levels of follow-
ing for intermediate incentives in optimal structures. Compared to the omitted
category low, following decreases by 13 percentage points in optimal structures (𝑝-
value<0.001; column (1)). Risk-neutral receivers are expected to respond equally to
optimal and low structures; see column (2). Behavior in the laboratory is more nu-
anced, consistent with at least some risk-averse receivers. Last, there is the least
following with the weakest incentives in high structures, with following rates 24
percentage points lower (𝑝-value<0.001; column (3)).

Second, across most treatments, observed following is lower than in the Bayes
Nash equilibria with the highest investment. For example, and not surprisingly,
we can reject the null that there is full following for obedient structures (𝐻0: Con-
stant=1; 𝑝-value=0.003; column (1)). Nevertheless, behavior is frequently in line
with the sender-preferred equilibrium instead of the equilibrium with no invest-
ment, so we can reject the null that following in games of complements is canceling
out the high baseline following in games of substitutes (𝐻0: Complements=Con-
stant; 𝑝-value<0.001; column (1)). In addition, we observe more following than
predicted in high levels. While following is predicted to decrease following by
44 percentage points with high levels (column (4)), following is observed to de-
crease by only 24 percentage points (𝑝-value<0.001; column (3)). Therefore, some

199



Chapter 4: Persuading an audience

Table 4.2: Treatment effects: Following

(1) (2) (3) (4)
Data NE Data NE

Public 0.054∗∗∗ 0.000 0.052∗∗ 0.009∗∗∗
(0.018) (.) (0.021) (0.003)

Complements -0.082∗∗∗ 0.000 -0.096∗∗∗ -0.205∗∗∗
(0.029) (.) (0.030) (0.004)

Public × Complements -0.018 0.000 -0.030 -0.048∗∗∗
(0.039) (.) (0.043) (0.005)

(1 if level=optimal) -0.125∗∗∗ 0.000 -0.125∗∗∗ -0.000
(0.015) (.) (0.015) (0.000)

(1 if level=high) -0.241∗∗∗ -0.444∗∗∗
(0.015) (0.041)

Constant 0.934∗∗∗ 1.000 0.956∗∗∗ 1.110∗∗∗
(0.022) (.) (0.024) (0.014)

Level of obedience low & optimal low, optimal & high
Period trend, part and lab FE Yes No Yes No
Observations 17268 17268 25908 25908
# clusters 72 72 72 72
# participants 432 432

Notes: The table reports OLS estimates and includes all data. The dependent variable is a dummy variable equal to 1 if the participant decided to follow a
recommendation (invest after recommended to invest, or not invest after recommended not to invest) (Data) or was predicted to follow in the Bayes Nash
equilibrium with maximal investment (NE). Columns (1) and (2) use data only from obedient structures, while columns (3) and (4) pool all data. Public and
Complements are the treatment indicators. These are dummy variables equal to 1 if the decision was made facing a public information structure, with the
omitted category being a private structure, or facing a game with strategic complements, with the omitted category being a game of strategic substitutes. (1
if level=optimal) and (1 if level=high) are dummy variables equal to 1 if the information structures used optimal or high probabilities to persuade receivers
to invest, relative to the omitted category low, respectively. Standard errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05,
∗∗∗ 𝑝 < 0.01.

receivers continue to follow the recommendation to invest in high levels.
Third, participants are more likely to follow recommendations from public in-

formation structures. Theoretically, this is surprising. The structures were de-
signed to induce equal following in equilibrium for the obedient levels; see col-
umn (2). However, empirically, participants appear to trust private recommenda-
tions less than public ones, as following increases by 5 percentage points in public
structures (𝑝-value=0.004; column (1)). This feature drives the two key deviations
from predicted investments reported in Section 4.4.1. First, with games of strate-
gic substitutes, the higher following of public signals leads to similar investment
rates across private and public signals. While private structures are more likely
to recommend investment in the bad state, receivers’ decreased following almost
exactly cancels out this advantage. Second, with games of strategic complements,
the increased following of public signals leads to the higher-than-predicted invest-
ment with public signals. Theoretically predicted effects are slightly different when
including high structures in columns (3) and (4).16 Nevertheless, the same pattern
arises, as public recommendations are followedmore frequently than theoretically
predicted. In Section 4.4.4, I disentangle potential drivers of this effect.

16This arises because the mixed equilibria for high levels in games of strategic substitutes fea-
ture slightly different following probabilities across public and private structures. In addition, rec-
ommendations not to invest are predicted to be followed in games of strategic complements but
are sent at different frequencies for public and private structures.
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Fourth, games of strategic substitutes generate higher following behavior than
games of strategic complements. Following frequencies decrease by 8 percent-
age points with complements (𝑝-value=0.006; column (1)). This is in line with the
conjecture that receivers anticipate the noisy behavior of fellow receivers; as in
equilibrium there is no change between games (column (2)). In games of strate-
gic substitutes, when other receivers do not invest when they receive the recom-
mendation to invest, it increases incentives to follow recommendations to invest.
When the other receiver does not invest, it generates larger payoffs for receivers
driven by the gains from investing in the good state. In contrast, receivers in games
of strategic complements need the other receiver to invest to make their own in-
vestment profitable, especially in the optimal structure. Given that other receivers
are not always following recommendations, following all recommendations is no
longer a best response for receivers with complements.

Fifth, and most strikingly, behavior overall is remarkably close to the behavior
in a best response to participants’ beliefs. For this best response, I use beliefs
about the state and about others’ behavior conditional on each recommendation,
described in Section 4.4.3. These beliefs were elicited only at the end of the exper-
iment, so they represent the beliefs of experienced participants. Based on these
beliefs, I predict which recommendations should be followed by payoff-maximizing
risk-neutral receivers. To do so, I predict expected profits of following recommen-
dations given each receiver’s beliefs, and I predict they follow recommendations if
the expected profit exceeds the no-investment payoff of 170 points. Since behav-
ior is close to this best response, participants apparently understand this game
well. When accounting for their beliefs about the play of others, which may differ
from behavior in the Nash-equilibrium benchmark, as well as when accounting for
their potential non-Bayesian inference about the state, participants behave close
to what standard theory would predict. In addition, behavior is closer to the best
response in public structures, as reported in Appendix Section 4.B.5. This indi-
cates that play is particularly sophisticated when participants face public signals,
but less so when facing private signals. The closeness of behavior to the best re-
sponses is a mark of success of information design: we can use standard models
to predict behavior. The next step is to investigate the induced beliefs.

Result 2. Receivers respond to incentives to follow recommendations as theoret-
ically predicted, and behavior is close to best responses to beliefs. In contrast to
theoretical predictions, public information structures generatemore following than
equivalent private information structures. Consistent with theoretical predictions
and moderate risk aversion, the frequency of following recommendations is char-
acterized by the following ranking:

𝑙𝑜𝑤 > 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 > ℎ𝑖𝑔ℎ
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Appendix Section 4.B.5 reports additional analyses. The results reported in Ta-
ble 4.2 are similar when estimating the models using data only from recommen-
dations to invest. In addition, they are robust to including additional controls. As
expected, more risk-averse participants follow recommendations less. No charac-
teristics other than gender correlate with following behavior.

4.4.3 Beliefs

In the first experiment, a computerized sender attempts to persuade receivers to
invest by changing their beliefs. So far, we have observed that receivers’ behavior
changes. In the following, I present data on elicited beliefs for each between-
subject treatment to measure whether the change in behavior is consistent with
the changes in beliefs.

Theoretically, information on the state is inferred using Bayes’ rule. In addition,
in the equilibrium with maximal following, others are predicted to follow recom-
mendations if they are obedient. In the experiment, participants reported beliefs
at the very end after making all choices in the investment game. All beliefs pre-
sented here are conditional on having received the recommendation to invest.17

In the left panel of Figure 4.3, I show the average belief about the response of
other participants to the recommendation to invest. The red diamond represents
the observed following behavior. We observe that participants predict others’ fol-
lowing behavior remarkably well.

In Table 4.3, I regress errors and squared errors in beliefs on treatments. The
squared errors are informative about the presence of a prediction error. The er-
rors are informative about the direction of this error, if present. Column (1) use
the distance between the target and the reported belief about others’ following a
recommendation to invest and column (2) the squared distance. Prediction errors
are larger for games of complements, in which receivers overestimate others’ in-
vestment by 9 percentage points (𝑝-value=0.025 in column (1); 𝑝-value=0.014 in col-
umn (2)). Errors also increase for high structures: receivers overestimate that oth-
ers will invest by 14 percentage points (𝑝-value<0.001 in column (1); 𝑝-value=0.002
in column (2)). Crucially, receivers predict others’ following in public and private
structures equally well (𝑝-value=0.138; column (2)). The main deviation of behavior
from theoretical predictions, the advantage of public signals, is also present in this
belief channel.

In the right panel of Figure 4.3, I show the average belief that the state is good
conditional on receiving the recommendation to invest. The red diamonds indicate
the Bayesian posterior. In Table 4.3, I again regress errors and squared errors in
beliefs on treatments, where column (3) uses the distance between the Bayesian

17In Appendix Section 4.B.6, I present averages for each level and for the recommendation not
to invest.
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posterior and the reported belief that the state is good after receiving the rec-
ommendation to invest, and column (4) uses the squared distance. Participants
are generally slightly more pessimistic than predicted, so they under-respond to
good news. This is reflected in the constant, in which they underestimate the odds
that the state is good by 8 percentage points (𝑝-value<0.001 in columns (3) and
(4)). Otherwise, they only overestimate how likely the state is to be good in high
structures, compared to low structures, by 3 percentage points (𝑝-value<0.001 in
column (3); 𝑝-value=0.009 in column (4)).

Figure 4.3: Beliefs about the state and others’ following behavior

Notes: Left panel: average reported belief that other participants invest, conditional on receiving the recommendation
to invest, by treatment. Right panel: average reported belief that the state is good, conditional on receiving the
recommendation to invest by treatment. This figure pools data from all levels of obedience. Bars indicate observed
choices, diamonds indicate the observed target in the data, and error bars indicate 95% bootstrapped confidence
intervals.

Result 3. Beliefs evolve in line with Bayesian updating about the state and about
the play of other receivers. Participants predict others’ following behavior well and
expect public structures to induce higher following.

4.4.4 Mechanisms: Explaining the advantage of public structures

Contrary to theoretical predictions, participants are more willing to follow public
signals. In addition, participants correctly believe that others do the same. In
this section, I investigate mechanisms that may explain this advantage of public
structures.

First, I study whether the advantage of public structures is still present in an
individual control task that mirrors the game but removes the strategic interaction.
The advantage of public structures can stem from two sources. First, it may result
from the strategic uncertainty in the interaction with the other receiver. Second,
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Table 4.3: Errors in beliefs

(1) (2) (3) (4)
Others’ following State is good

Error Error2 Error Error2

Public -0.038 -0.014 -0.018 -0.002
(0.032) (0.010) (0.015) (0.005)

Complements -0.091∗∗ 0.032∗∗ -0.011 0.004
(0.040) (0.013) (0.016) (0.004)

Public × Complements 0.102∗ 0.004 -0.027 0.001
(0.054) (0.016) (0.023) (0.006)

(1 if level=optimal) -0.048∗∗ 0.003 -0.029∗∗∗ -0.008∗∗∗
(0.020) (0.008) (0.007) (0.003)

(1 if level=high) -0.135∗∗∗ 0.029∗∗∗ -0.054∗∗∗ -0.004
(0.022) (0.009) (0.009) (0.003)

Constant 0.030 0.063∗∗∗ 0.084∗∗∗ 0.025∗∗∗
(0.033) (0.009) (0.012) (0.004)

Part and lab FE Yes Yes Yes Yes
Observations 1293 1293 1293 1293

Notes: The table reports OLS estimates and includes all data. The dependent variables are errors in beliefs (target - belief) in columns (1) and (3) and squared
errors in beliefs ((target - belief)2) in columns (2) and (4). Columns (1) and (2) use the belief about others’ investment after they receive the recommendation
to invest. Columns (3) and (4) use the belief about the state being good after others receive the recommendation to invest. Public and Complements are
dummy variables equal to 1 if the belief was reported for facing a public information structure, with the omitted category being a private structure, or facing
a game with strategic complements, with the omitted category being a game of strategic substitutes. (1 if level=optimal) and (1 if level=high) are dummy
variables equal to 1 if the information structures used optimal or high probabilities to persuade receivers to invest, relative to the omitted category low,
respectively. Beliefs were not elicited for one participant that dropped out earlier. Standard errors in parentheses, clustered at the matching-group level, ∗
𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

different information structures may differ in their riskiness, even when stripped
from the game.

I first investigate the second possibility: differences in riskiness. Within the
investment game, all structures are calibrated such that a risk-neutral receiver is
equally willing to follow within each level of obedience (low, optimal, or high), but
differences in riskiness may contribute to differences in choices observed in the
investment game.

To obtain an individual control task for each structure and game, I remove
strategic uncertainty about others’ behavior by assuming that others follow their
recommendations. Participants choose to either take a risky lottery, correspond-
ing to following a recommendation to invest, or take the safe payoff, corresponding
to not investing. The risky lottery is calibrated to match the expected payoffs and
probabilities of the investment game and the associated information structure.
Section 4.3.4 explains the task in more details.

Each participant makes three choices in this task, corresponding to the three
information structures they face in the main parts of the experiment. Risk-neutral
participants would accept the lotteries associated with the low and optimal struc-
tures and reject the lottery associated with the high structures. In Figure 4.4, I
present the average share of participants who accept the risky choice. The red di-
amonds indicate the choices a risk-neutral participant makes. Table 4.4 presents
the corresponding regressions of the decision to accept the risky lottery on treat-
ment indicators.
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The data indicate that the majority of participants are risk averse: while 86%
accept the lottery corresponding to the low structures (coefficient on the constant,
because low is the omitted category; 𝑝-value<0.001), as expected gains decrease,
take-up of the lottery decreases: by 42% for the optimal lottery (𝑝-value<0.001),
which has an expected value just above the safe payoff, and by 74% for the high
lottery (𝑝-value<0.001) compared to the low lottery’s take-up.

Crucially, there are no systematic differences between treatments (Public: 𝑝-
value=0.528; Complements: 𝑝-value=0.279; Public×Complements: 𝑝-value=0.679).
While behavior in the game indicates that participants are more likely to follow
public signals, this increase in following is not present in this individual control
task. Any change in behavior we see between these treatments is driven by the
strategic interaction in the game and not by any differences in the riskiness of the
structures.

Consistent with this finding, I do not detect significant correlations between
following and a standard risk-preference measure (Eckel and Grossman, 2002), the
treatment variables and their interactions (see Appendix Section 4.B.7).

Figure 4.4: Control lottery task

Notes: Bars indicate observed choices, diamonds indicate the risk-neutral choice, and error bars indicate 95% boot-
strapped confidence intervals.

Result 4. Differences in riskiness cannot explain the higher following in public in-
formation structures. Such structures’ advantage only arises when receivers strate-
gically interact.

I also measure inequity aversion (Fehr and Schmidt, 1999), and I show in Ap-
pendix Section 4.B.8 that it does not explain the higher following in public infor-
mation structures. To summarize, I find that differences in play are not driven by
features unrelated to the strategic nature of the game—namely, the game’s inher-
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Table 4.4: Control lottery choice

Public -0.025 (0.039)
Complements -0.045 (0.042)
Public × Complements 0.021 (0.050)
(1 if level=optimal) -0.415∗∗∗ (0.025)
(1 if level=high) -0.740∗∗∗ (0.024)
Constant 0.860∗∗∗ (0.032)

Observations: 1293, # clusters: 72, # participants: 431

Notes: The table reports OLS estimates and includes all data. The dependent variable is a dummy variable equal to 1 if a participant chose to take up the risky
lottery, corresponding to following a recommendation to invest. Public and Complements are dummy variables equal to 1 if the lottery decision was made
capturing a public information structure, with the omitted category being a private structure, or capturing a game with strategic complements, with the omitted
category being a game of strategic substitutes. (1 if level=optimal) and (1 if level=high) are dummy variables equal to 1 if the information structures used
optimal or high probabilities to persuade receivers to invest, relative to the omitted category low, respectively. Choices were not elicited for one participant
that dropped out earlier. Standard errors in parentheses, clustered at the matching-group level. ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

ent riskiness and inequalities in payoffs. In the following, I investigate two mech-
anisms that take the game’s strategic component into account.18

As a first mechanism, I study whether private and public structures produce dif-
ferences in the noisiness of behavior. Higher additional uncertainty about others’
actions is detrimental to investment, as participants can no longer best respond
by following recommendations. If public or private structures induce different de-
grees of noisiness, it may be desirable for a sender to rely more frequently on the
less noisy environment to persuade receivers.

There are good reasons to expect that private structures generate more noisy
behavior. One reason is that they requiremore complex strategic reasoning. Public
signals generate common knowledge about others’ signals. The symmetric deci-
sion structure with public signals may help receivers arrive at their best response
and lead them to expect that others do so as well. In contrast, by design, private
signals introduce uncertainty about others’ signals. A corresponding increase in
difficulty is consistent withMartínez-Marquina et al. (2019) finding that uncertainty—
in this case about others’ signals—contributes to failures of contingent reasoning.
Similarly, Oprea (2020) finds that having to consider additional states—in this case
the potential state of miscoordinated action recommendation, with one recom-
mendation to invest and one not to invest—is perceived as complex and costly to
process. In line with these findings, the number of errors in the quizzes associated
with the information structures is significantly lower for public structures.19 These
quizzes directly measure their understanding for example, of what signals the sec-
ond participant would receive if they themselves received a particular signal.

To document this mechanism, I begin by studying differences in the variance in
the behavior between treatments. In Figure 4.5, I plot the average variance in the
following behavior for low and optimal levels, calculated for each group and part
separately. This provides ameasure of how uncertain a participant is about the fol-

18The following analysis in this section is exploratory and was not preregistered.
19In a regression of the number of errors on treatment dummies, the coefficient on public is neg-

ative (-1.18, compared to a control average of 6.68) and significant (𝑝-value=0.012, 431 observations,
clustering standard errors on the matching-group level; all other coefficients are not significant at
conventional levels).
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lowing decisions of participants within their matching group. Theoretically, there
is zero variance in following behavior, as all obedient signals are always followed
in equilibrium. Empirically, however, the more complex private signals generate
noisier behavior than public signals: public signals decrease the standard devia-
tion in following by 0.055 (coefficient on Public; 𝑝-value=0.009; Table 4.5; column
(1)).

Figure 4.5: Variance in following behavior

Notes: Average variance of following behavior, calculated on a matching group-part level. The figure only uses data from
low and optimal structures. Bars indicate observed choices; red diamonds indicate the equilibrium predictions;
error bars indicate 95% bootstrapped confidence intervals.

As explained, this increase in the variance in following behavior is detrimen-
tal to receivers’ incentives to follow recommendations. Higher uncertainty about
others’ play implies that following is less frequently a best response. This was al-
ready documented in Section 4.4.2, as Figure 4.2 showed that the best response
to receivers’ beliefs implies lower following rates for private than for public struc-
tures. Even receivers’ beliefs reflect the noisier behavior: there is more variance
in beliefs about others’ following a recommendation to invest for private than for
public signals (see Appendix Section 4.B.9).

Next, I show how this variance in behavior correlates with the treatment effects
I find. Within each treatment, I split groups into those showing above- and below-
median variance. I interact treatment indicators with a dummy variable capturing
whether a group has above-median variance within each treatment in columns
(2) and (3) in Table 4.5. In column (2), I focus on the decision to invest. I find
the theoretically predicted advantage of private structures with strategic substi-
tutes for the low variance groups (coefficient of 5 percentage points on Public;
𝑝-value<0.001). This effect, however, reverses for the high-variance groups, for
which public structures induce higher investment than private ones (coefficient
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of 8 percentage points on Public × High variance; 𝑝-value=0.003). These two coun-
teracting effects produce the nonsignificant treatment effect of public structures
documented in Table 4.1. In column (3), we see that high-variance groups follow
recommendations less frequently (coefficient of 12 percentage points on High vari-
ance; 𝑝-value<0.001). Here, public structures prove beneficial, as they generate
higher following rates for highly noisy groups (coefficient of 6 percentage points
on Public × High variance; 𝑝-value=0.031). The noisy response to private signals
thus indeed explains the superiority of public signals.

Table 4.5: Variance and heterogeneous effects

(1) (2) (3)
SD(following) Investment Following

Public -0.055∗∗∗ -0.049∗∗∗ 0.022
(0.020) (0.014) (0.016)

Complements 0.053∗∗ -0.074∗∗∗ -0.073∗∗∗
(0.020) (0.027) (0.023)

Public × Complements 0.012 0.118∗∗∗ -0.007
(0.031) (0.043) (0.041)

High variance -0.112∗∗∗ -0.119∗∗∗
(0.022) (0.020)

Public × High variance 0.081∗∗∗ 0.059∗∗
(0.026) (0.027)

Complements × High variance -0.050 -0.031
(0.046) (0.039)

Public × Complements × High variance -0.062 -0.063
(0.067) (0.061)

(1 if level=optimal) -0.025∗ -0.126∗∗∗
(0.014) (0.015)

(1 if level=high) -0.055∗∗∗ -0.241∗∗∗
(0.014) (0.015)

Period -0.003∗∗∗ -0.003∗∗∗
(0.001) (0.001)

Constant 0.378∗∗∗ 0.597∗∗∗ 1.024∗∗∗
(0.018) (0.021) (0.021)

Part and lab FE Yes Yes Yes
Observations 216 25908 25908
# clusters 72 72 72
# participants - 432 432

Notes: The table reports OLS estimates and includes all data. In column (1), the dependent variable is the standard deviation of the following behavior, calculated
for each group and part separately. There are 72 groups making decisions across three parts each, which results in 216 observations. The dependent variables in
columns (2) and (3) are the decision to invest and to follow a recommendation, respectively. High variance is a dummy variable equal to 1 if the average standard
deviation of the matching group (calculated as in (1)) is above the median within each treatment. Public and Complements are the treatment indicators. These
are dummy variables equal to 1 if the decision was made facing a public information structure, with the omitted category being a private structure, or facing a
game with strategic complements, with the omitted category being a game of strategic substitutes. (1 if level=optimal) and (1 if level=high) are dummy variables
equal to 1 if the information structures used optimal or high probabilities to persuade receivers to invest, relative to the omitted category low, respectively.
Standard errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

Result 5. Private signals induce noisier behavior than public signals. The increased
uncertainty lowers receivers’ incentives to follow private signals, which decreases
the sginals’ persuasiveness.

As a second mechanism, I show that participants’ behavior is consistent with
them disliking the differential treatment private structures produce. With private
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structures, at most one of the participants receives bad advice at any moment.
Here, bad advice is the recommendation to invest even though the bad state ma-
terialized. If followed, this advice generates a loss for the receiver. In contrast,
with public signals, both participants receive such a recommendation and simul-
taneously suffer losses when following it. Therefore, only participants with pri-
vate structures can experience being the sole receiver losing out after trusting the
sender. I show that participants’ behavior is affected by being the only loss-making
participant in games with private signals; when both make a loss with public sig-
nals, it does not change their behavior.

To study this mechanism, I focus on participants’ response to having received
bad advice in the past and how the response depends on whether they face public
or private signals. I split participants into those who receive bad advice in the first
period in which they face a new information structure and thosewho do not receive
such advice. Then, I assess whether the behavior of these two groups differs in all
subsequent periods when they face this structure.

In Table 4.6, I regress the decision to invest or to follow a recommendation on
treatment dummies, a dummy for having received bad advice, and the interaction
of the two. Participants who received bad advice are less likely to invest or follow
in all future periods. Having received bad advice reduces investments by 12 per-
centage points (𝑝-value<0.001; column (1)). Bad advice also decreases following
by 13 percentage points (𝑝-value<0.001; column (2)). However, this is solely driven
by those participants who face private signals, as the interaction effect for public
signals with bad advice almost exactly cancels out this baseline effect. Investment
increases for public signals by exactly the 11 percentage-point loss measured for
those having received bad advice (𝑝-value=0.020; column (1)). Following increases
by 11 percentage points (𝑝-value=0.007; column (2)) for participants with public
signals with bad advice, compared to those with private signals and bad advice.
Column (3) shows that the effects on following are robust to including additional
controls.20

Result 6. Bad advice in private structures, but not in public structures, decreases
investment in later periods after receivers experienced differential treatment.

In Appendix Section 4.B.11, I perform a back-of-the-envelope calculation of the
relative contributions of the two mechanisms to the superiority of public signals.
On average, public signals lead to 4 percentage points higher investment, which is
an effect that is not predicted theoretically. When decomposing this effect, about

20In Appendix Section 4.B.10, I show that the pattern is similar when using other ways of measur-
ing whether participants received bad advice, such as how often a participant overall received bad
advice when facing an information structure. In addition, I show that the pattern is driven by those
participants that receive bad advice, and not by participants that receive different recommendation
than their matched participant, so not by participants that receive good advice while their matched
participant receives bad advice. This finding is not consistent with alternative explanations for this
pattern, such as conformism or a preference to always receive the same recommendations.
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Table 4.6: Bad advice and future following

(1) (2) (3)
Investment Following Following

Public -0.027 0.035 0.046∗∗
(0.021) (0.021) (0.022)

Complements -0.110∗∗∗ -0.098∗∗∗ -0.090∗∗∗
(0.033) (0.031) (0.031)

Public × Complements 0.109∗∗ -0.018 -0.031
(0.047) (0.045) (0.045)

Bad advice -0.122∗∗∗ -0.128∗∗∗ -0.123∗∗∗
(0.035) (0.036) (0.036)

Public × Bad advice 0.111∗∗ 0.125∗∗∗ 0.113∗∗
(0.047) (0.045) (0.045)

Complements × Bad advice -0.009 0.009 -0.010
(0.051) (0.057) (0.054)

Public × Complements × Bad advice -0.033 -0.055 -0.028
(0.066) (0.069) (0.067)

Constant 0.535∗∗∗ 0.963∗∗∗ 0.948∗∗∗
(0.022) (0.024) (0.081)

Period trend, part & lab FE Yes Yes Yes
Additional controls No No Yes
Observations 24612 24612 24510

Notes: The table reports OLS estimates and includes all data after period one in each part. Column (3) uses fewer observations, as some additional controls are not
available for all participants. The dependent variables are the decision to invest or the decision to follow a recommendation. Bad advice is a dummy variable equal
to 1 if a participant received a recommendation to invest when the state was bad in period 1 of the corresponding information structure. Public and Complements
are the treatment indicators. These are dummy variables equal to 1 if the decision was made facing a public information structure, with the omitted category
being a private structure, or facing a game with strategic complements, with the omitted category being a game of strategic substitutes. The additional controls
are participants’ Fehr and Schmidt (1999) preferences, risk aversion, numeracy score, and demographic variables. Standard errors in parentheses, clustered at the
matching-group level,∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

61% can be attributed to the complexity of private signals, with the remainder at-
tributed to participants that had received bad advice decreasing their following.

4.4.5 Human senders

In the second experiment, I explore whether receivers respond differently to hu-
man senders and how participants approach the sender’s problem. Participants in
the role of sender are incentivized to maximize receivers’ investment, a fact that
receivers are aware of. This may change receiver behavior compared to the first
experiment. For example, receivers may no longer be willing to follow recommen-
dations of a sender that too frequently attempts to deceive them into investing.
These receivers may exhibit an aversion to being deceived to invest in the bad
state of the world, beyond what is justified by the strategic skepticism in the game.
Furthermore, while the first experiment provides a good indication of how to per-
suade audiences, it is unclear whether real senders are capable of optimally ad-
justing their persuasion to their audience. Apart from introducing human senders,
the second experiment mirrors the first as closely as possible. The senders can
choose among the six information structures exogenously assigned in the first ex-
periment: either using public or private signals, and using one of the three levels
of obedience (low, optimal, or high).

210



Section 4.4: Results

Differences in receivers’ behavior. I begin by comparing receivers’ behavior be-
tween the first and second experiment using data on beliefs.21 Direct choice data in
the second experiment is less informative for two reasons. First, data on receivers’
choices are only available for the structures senders choose.22 Second, the senders
likely particularly rely on structures that are successful for their group of receivers,
but these structures may be heterogeneous across groups. This means that we ob-
serve receivers’ choices in a selected distribution of structures.23 To account for
the selection in choice data, at the end of the experiment I elicit beliefs for the
full set of potential structures. As I elicited the same beliefs in both experiments,
I can compare data from experiments with and without participants in the role of
senders. Within the second experiment, I can also compare senders’ and receivers’
beliefs separately.

Figure 4.6 shows receivers’ belief, across the two experiments, about other re-
ceivers’ following behavior after they received the recommendation to invest. The
red diamonds represent the observed following behavior within each experiment.
The left panel reproduces data from Figure 4.3 on the receivers’ beliefs in the first
experiment. The middle panel shows the receivers’ beliefs elicited in the second
experiment, and the right panel the senders’ beliefs. Table 4.7 presents estimation
results of the corresponding effects. I regress the belief that others invest after
receiving the recommendation to invest on features of the information structure
(public versus private, information-structure level) for three samples. In column
(1), I use receivers’ beliefs from the first experiment. In column (2), I use receivers’
beliefs from the second experiment. Column (3) uses beliefs of the senders from
the second experiment. Column (4) pools data from both experiments and both
roles to estimate interaction effects.

Most behavioral patterns are robust across both experiments and roles. Be-
tween the first and second experiments, receivers believe that following behavior
decreases somewhat: from 80% (coefficient on the constant; 𝑝-value<0.001; col-
umn (1)) to 73% (coefficient on the constant; 𝑝-value<0.001; column (2); interaction
effect in column (4): 𝑝-value<0.001). Senders, in turn, predict following rates 21
percentage points lower (coefficient on Second exp., senders; 𝑝-value<0.001).

In addition, senders predict that receivers’ changes in behavior in response to
different structures are smaller than the response predicted by receivers. In that

21Nevertheless, Appendix Table 4.B.18 shows that the main result is also present in the choice
data: public structures increase investment. In the second experiment, this effect is similar in both
strategic environments.

22For example, 6 out of the 40 groups in the experiment did not encounter all structures, as none
of the senders in these groups exploited their whole choice set during the entire experiment.

23Consistent with this form of selection, the distribution of chosen structures is quite imbal-
anced. Of the 63 total possible choices of information structures for each matching group (three
senders per matching group, 21 periods), 32 of the 40 groups faced at least one information struc-
ture fewer than five times. Simultaneously, in 17 of the 40 groups just one information structure
accounted for more than half of the receivers’ choices (so, for more than 32 sender choices).
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sense, senders underestimate receivers’ responses. For example, they believe that
receivers respond to higher levels less than receivers believe other receivers re-
spond. For high compared to low levels, receivers predict a decrease in following
rates of 17 percentage points (𝑝-value<0.001; column (2)), while senders only pre-
dict a decrease of 6 percentage points (𝑝-value=0.026; column (3); interaction ef-
fect in column (4): 𝑝-value<0.001). Senders do not anticipate that receivers expect
more following with public signals with strategic substitutes (𝑝-value=0.400; col-
umn (3)), while receivers predict a decrease in the following rate of 11 percentage
points (𝑝-value<0.001; column (2); interaction effect in column (4): 𝑝-value=0.093).
Thus, while senders partially anticipate the advantage of public structures, they
underappreciate that receivers believe that public structures increase following
behavior.

Figure 4.6: Beliefs across all experiments

Notes: Average reported belief that other receivers invest, conditional on them receiving the recommendation to invest, by
treatment and role. Left panel: receivers in the first experiment. Middle panel: receivers in the second experiment.
Right panel: senders in the second experiment. Bars indicate observed beliefs, diamonds indicate the observed
target in the data, and error bars indicate 95% bootstrapped confidence intervals.

In Appendix Table 4.B.16, I show that beliefs about the state are also comparably
updated across both experiments and roles. Across both experiments, receivers
update as expected by becoming more pessimistic about the state with optimal
and high structures. Again, senders underestimate the extent to which receivers
believe others are more pessimistic.

Senders choosing public or private structures. Now I turn to senders’ choices
of information structures. Figure 4.7 shows the share of public structures used.
Table 4.8 presents estimation results of the corresponding treatment effect. In
column (1), I regress the decision to use a public structure on a treatment indica-
tor. Senders on average choose public structures slightly more often than private

212



Section 4.4: Results

Table 4.7: Beliefs about others’ following across all experiments

(1) (2) (3) (4)
Belief: Probability others invest

Public 0.087∗∗∗ 0.109∗∗∗ 0.025 0.087∗∗∗
(0.023) (0.016) (0.029) (0.022)

Complements -0.087∗∗ -0.052 -0.091∗∗ -0.086∗∗
(0.034) (0.032) (0.042) (0.034)

Public × Complements -0.055 -0.066∗∗∗ 0.068∗ -0.055
(0.050) (0.023) (0.035) (0.050)

(1 if level=optimal) -0.117∗∗∗ -0.122∗∗∗ -0.035∗ -0.117∗∗∗
(0.010) (0.013) (0.018) (0.010)

(1 if level=high) -0.175∗∗∗ -0.166∗∗∗ -0.056∗∗ -0.175∗∗∗
(0.014) (0.015) (0.024) (0.014)

Second exp., receivers -0.095∗∗∗
(0.026)

Second exp., senders -0.214∗∗∗
(0.038)

Public × Second exp., receivers 0.023
(0.027)

Public × Second exp., senders -0.062∗
(0.036)

Complements × Second exp., receivers 0.036
(0.047)

Complements × Second exp., senders -0.005
(0.054)

Public × Complements × Second exp., receivers -0.011
(0.055)

Public × Complements × Second exp., senders 0.123∗∗
(0.061)

(1 if level=optimal) × Second exp., receivers -0.006
(0.016)

(1 if level=optimal) × Second exp., senders 0.081∗∗∗
(0.021)

(1 if level=high) × Second exp., receivers 0.010
(0.020)

(1 if level=high) × Second exp., senders 0.119∗∗∗
(0.028)

Constant 0.803∗∗∗ 0.726∗∗∗ 0.592∗∗∗ 0.811∗∗∗
(0.018) (0.024) (0.042) (0.017)

Experiment First Second Second Both
Role Receivers Receivers Senders Both
Lab FE Yes Yes Yes Yes
Observations 1293 1440 720 3453
# clusters 72 40 40 112
# participants 431 240 120 791

Notes: The table reports OLS estimates. The dependent variable is the reported belief that other receivers invest after receiving the recommendation to invest.
Column (1) uses data from the first experiment, with only receivers. Columns (2) and (3) use data from the second experiment. (2) are the receivers, (3) the
senders. Column (4) pools data from both experiments and both roles. Public and Complements are the treatment indicators. Public and Complements are
dummy variables equal to 1 if the belief was reported for facing a public information, with the omitted category being a private structure, or facing a game with
strategic complements, with the omitted category being a game of strategic substitutes. (1 if level=optimal) and (1 if level=high) are dummy variables equal to 1
if the information structures used optimal or high probabilities to persuade receivers to invest, relative to the omitted category low, respectively. Second exp.,
receivers and Second exp., senders are dummies equal one if the belief is measured in the second experiment, for receivers and senders, respectively. The
omitted category is the receivers in the first experiment. In column (1), beliefs were not elicited for one participant that dropped out earlier. Standard errors in
parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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ones, in 55% of periods. Importantly, they respond to the receivers’ interaction
in making their own choice. They choose public structures 53% more frequently
with strategic complements compared to substitutes (𝑝-value<0.001; column (1)),
consistently with the theoretical prediction.

Figure 4.7: Senders’ choices of public and private signals

Notes: Share of public structures chosen by senders. Bars indicate observed choices; error bars indicate 95% bootstrapped
confidence intervals. Red diamonds indicate the average best response to receivers’ beliefs, green circles the best
response to senders’ own beliefs about receiver behavior.

In addition to senders’ choices, I show best responses to receivers’ and senders’
beliefs in Figure 4.7. The best responses indicate what share of public structures
would have maximized senders’ payoffs when using beliefs to predict receivers’
behavior.24 The preceding analysis in this section revealed that compared to re-
ceivers’ beliefs, senders believe that receivers do not respond strongly to changes
in the information structure. Therefore, best responses to either senders’ or re-
ceivers’ beliefs may differ. Receivers may understand their own decision situation
reasonably well. Senders, in contrast, are required to predict receivers’ responses
while simultaneously deciding on an optimal structure. A difference in the best re-
sponses to senders’ and receivers’ beliefs reveals the extent to which differences
in beliefs affect the best response.

Senders’ decisions match a best response to receivers’ beliefs quite closely.
This indicates that senders’ choices are reasonably close to choosing structures
that maximize their own payoffs, and they are optimal based on expected receiver
behavior. Here, the best response to receivers’ beliefs is likely the most infor-

24For the best response to receivers’ beliefs, I first calculate each receiver’s best response to
recommendations, based on each receiver’s own beliefs about the state and others’ following be-
havior. I aggregate these best responses by calculating the average best response within a match-
ing group. Using this exercise, I obtain predicted investments for each of the possible information
structures. I define a sender’s best response to receivers’ beliefs to be the information structure
that maximizes investment, given predicted receiver behavior. The best responses to receivers’ be-
liefs always exist. However, they do not exist for 40 of 120 best responses to senders’ beliefs, as
these senders hold beliefs that do not generate investment under any information structure.
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mative, as choices and beliefs in the first experiment revealed that participants’
beliefs are reasonably accurate; thus, these beliefs give a good indication what
investment behavior senders could have expected.

The best response to senders’ own beliefs indicates that, if anything, they use
public structures less frequently than expected. Clearly, senders anticipate both
that public signals are generally more persuasive and that they are particularly
valuable in games of strategic complements.

Result 7. Senders on average use public signals slightly more often than private
signals, and as predicted they use public signals more often when the receivers’
strategic environment features strategic complements.

Senders’ choice of level. In Figure 4.8, I show how frequently senders choose each
possible level of information structure. Senders are relatively aggressive in per-
suading receivers to invest frequently; the median choice in both games is the
optimal structure. This structure recommends investment as often as possible
while ensuring that risk-neutral receivers continue to best respond by following.
However, this level also means that receivers’ payoffs are quite low, while senders’
payoffs are high if these recommendations are followed. In addition, senders sur-
prisingly frequently employ high structures. In columns (2) and (4) in Table 4.8, I
compare how much more frequently senders choose optimal instead of low struc-
tures. We can see that at the beginning of the experiment, senders on average are
18 percentage points more likely to choose optimal structures (coefficient on the
constant; 𝑝-value=0.004; column (2)). However, senders over time learn to choose
low structures more often (-1.5 percentage points per period, 𝑝-value=0.001; col-
umn (2)), which encourages investment. There is no significant difference in base-
line choices between games of complements and substitutes (𝑝-value=0.758; col-
umn (4)). However, in games of substitutes, senders are 17 percentage points more
likely to choose high instead of optimal structures (coefficient on the constant;
𝑝-value=0.021; column (5)). In games of complements, senders are equally likely
to choose either level (coefficient of -17% on Complements; 𝑝-value=0.082; column
(5)). In Appendix Table 4.B.15, I repeat this analysis separately for the first third
and last two-thirds of the data to study learning. Senders use public structures
more frequently across both games as they gain experience and learn to avoid
high levels in games of strategic complements.

A large majority of senders apparently understand that a too high level is not
optimal, as receivers are no longer incentivized to follow. Yet, on average, they
choose high levels, which reduce receivers’ expected profits from following but
increase their own profits if receivers do follow. Somewhat surprisingly, they are
more aggressive than the best response to receivers’ beliefs indicates. The senders
would have generated higher investment by reducing their aggressiveness, as re-
ceivers would be more likely to follow recommendations. In addition, their own
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beliefs indicate that senders again underestimate the degree to which choosing a
more aggressive persuasion strategy will affect receivers’ choices, judged by the
gap between the best responses to receivers’ and senders’ beliefs.

The aggressiveness in communication contrasts with typical findings in the ear-
lier literature on cheap-talk experiments, in which senders typically overcommu-
nicate relative to equilibrium predictions (Blume et al., 2020). Instead, communi-
cating by committing to an information structure moves predictions closer to self-
interested behavior. One reason may be that senders only deceive their receivers
probabilistically, as uncertainty remains about which signals participants receive
even conditional on the bad state materializing. This is in line with the literature
on how uncertainty in choices diffuses participants’ perceived responsibility for
selfish choices (Falk and Szech, 2014; Exley, 2016).

Figure 4.8: Senders’ choice of level

Notes: Share of periods in which senders choose low, optimal, or high information structures. Bars indicate observed
choices; error bars indicate 95% bootstrapped confidence intervals. Red diamonds indicate the average best re-
sponse to receivers’ beliefs, green circles the best response to senders’ own beliefs about receiver behavior.

Result 8. Senders persuade aggressively. In games of substitutes, they choose
structures according to the following ranking:

ℎ𝑖𝑔ℎ > 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 = 𝑙𝑜𝑤

In games of complements, they choose structures according to the following rank-
ing:

ℎ𝑖𝑔ℎ = 𝑜𝑝𝑡𝑖𝑚𝑎𝑙 = 𝑙𝑜𝑤
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Table 4.8: Senders: Treatment effects

(1) (2) (3) (4) (5)
Optimal High vs. Optimal High vs.

Public vs. low optimal vs. low optimal

Complements 0.222∗∗∗ 0.031 -0.166∗
(0.062) (0.099) (0.093)

Period 0.003 -0.015∗∗∗ 0.001 -0.015∗∗∗ 0.001
(0.003) (0.004) (0.004) (0.004) (0.004)

Constant 0.415∗∗∗ 0.184∗∗∗ 0.085 0.168∗∗ 0.171∗∗
(0.060) (0.061) (0.056) (0.076) (0.071)

Lab FE Yes Yes Yes Yes Yes
Observations 2520 2520 2520 2520 2520
# clusters 40 40 40 40 40
# participants 120 120 120 120 120

Notes: The table reports OLS estimates. In column (1), the dependent variable is a dummy equal to 1 if the sender chose a public structure. In columns (2)
and (4), the dependent variable is a difference in level shares: the share of optimal structures minus the share of low structures. In columns (3) and (5),
the dependent variable is a difference in level shares: the share of high structures minus the share of optimal structures. Complements is the treatment
indicator. This is a dummy variable equal to 1 if the decision was made facing a game with strategic complements, with the omitted category being a game
of strategic substitutes. Period is a linear period trend. Standard errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗
𝑝 < 0.01.

4.5 Conclusion

In this paper, I studied the optimal persuasion of an audience of interacting re-
ceivers. In a laboratory experiment, I showed that senders benefit from tailoring
their communication strategy to the strategic interaction of their audience. In par-
ticular, when the audience faces a game of strategic complements, public signals
enhance a sender’s capability to persuade. In addition, I found that public signals
are more persuasive than private signals across environments. This force has not
been incorporated in theoretical models so far, yet it is strong enough to offset the
potential strategic gains from private signals in games of strategic substitutes.

I ruled out two standard mechanisms that may be driving the superiority of
public signals. Neither differences in riskiness nor inequalities can explain why
public structures enhance persuasion. Instead, I found evidence for the following
two mechanisms. First, receivers struggle with the more complex nature of private
signals, as they understand less well what they can learn from them. This increases
the noise in behavior. This unpredictability, in turn, reduces how often trusting
private signals is a best response. Public signals solve this by relying on common
knowledge and common actions, and this symmetry apparently makes them easier
to understand and to optimally respond to these signals. Second, receivers exhibit
a distaste for differential treatmentwith private structures if they have experienced
unfavorable recommendations early on. Public signals solve this by recommending
the same action to all receivers.

This study provides novel evidence on the strength of adapting the commu-
nication channel to the strategic environment of the receivers. As even students
in a laboratory experiment can capitalize on these gains, it stands to reason that
sophisticated players in practice can take advantage of appropriate communica-
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tion channels to enhance persuasion. However, the senders in the laboratory still
underestimate what they can gain from broadly employing public signals.

In practice, senders in these types of setups often use public communication.
For example, governments are held accountable with transparent decision-making.
Equal treatment is an important cornerstone of democratic governments. The re-
sults of this experiment provide an additional, purely strategic, rationale for using
public communication. They enhance a government’s persuasiveness, particularly
strongly in games of strategic complements.

These results can help senders who communicate with strategically interact-
ing audiences in many real-world settings. For example, close to the framing in
the experiment, a manager may want to encourage effort on the part of her work-
ers, whose rewards may feature complementarities or substitutabilities. This pa-
per highlights that besides exploiting her knowledge about a project’s difficulty,
she can maximize effort by (mis)coordinating workers’ actions by using private
or public signals. In particular, I showed that public signals are a valuable tool
for this manager, as they are more persuasive than private signals. Closer to the
investment-game framing, a government may want to encourage investments into
COVID-19 vaccine-production facilities while holding private information about fu-
ture waves’ severity or planned vaccination campaigns. The interaction of firms
may feature strategic substitutes, as stiffer price competition ensues if both firms
increase capacity. Alternatively, strategic complements can be introduced by in-
creased public acceptance and subsequent sales of a more widely established vac-
cine technology, from a better understanding of this new technology with result-
ing improved production capabilities, or from other network effects on an industry
level. This paper provides empirical evidence that the sender should carefully
choose the channel in response to the prevailing interaction. Other examples in-
clude speculative attacks with strategic complementarities between market par-
ticipants, which central banks or regulators try to prevent by strategically releasing
information publicly.

There is still much to be learned about communication with an audience, with
a small empirical and experimental literature. In this paper, I study small audi-
ences, but results for larger audiences are crucial to understand how these strate-
gic forces change with more receivers. In practice, many audiences are large, which
increases both the difficulty in reasoning through optimal responses to signals but
also the potential gains from optimal persuasion. Similarly, I give the theoretical
predictions a good shot by revealing the sender’s information structure. Data from
an experiment in which this is not revealed, but sender and receivers interact re-
peatedly to allow them to learn these elements, would move the setup closer to
some real-world settings. From a theoretical point of view it would also be inter-
esting to study the benefits of public and private signals in settings without pref-
erence misalignment between sender and receivers. For example, Bergemann and

218



Section 4.5: Conclusion

Morris (2016) derive similar insights by incorporating payoff externalities between
receivers and a sender maximizing receivers’ average payoff.
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Appendix

4.A Appendix: Theory

More formally, Bergemann and Morris (2016) consider decision rules 𝜎 which for
each type 𝑡𝑖 and state 𝜃 recommend an action to the player. Types 𝑡𝑖 in this context
capture information about the state revealed to player 𝑖. For game 𝐺 and informa-
tion structure 𝑆, 𝜎 is obedient if for all 𝑖, 𝑡𝑖 and 𝑎𝑖 the following inequality holds for
all 𝑎′𝑖 :

∑
𝑎𝑖,𝑡𝑖,𝜃

𝜋 ((𝑎𝑖, 𝑎−𝑖)|(𝑡𝑖, 𝑡−𝑖))
1
2
(𝜃)𝜎 ((𝑎𝑖, 𝑎−𝑖)|(𝑡𝑖, 𝑡−𝑖), 𝜃) 𝑢𝑖 ((𝑎𝑖, 𝑎−𝑖), 𝜃))

≥ ∑
𝑎𝑖,𝑡𝑖,𝜃

𝜋 ((𝑎𝑖, 𝑎−𝑖)|(𝑡𝑖, 𝑡−𝑖))
1
2
(𝜃)𝜎 ((𝑎𝑖, 𝑎−𝑖)|(𝑡𝑖, 𝑡−𝑖), 𝜃) 𝑢𝑖 ((𝑎

′
𝑖 , 𝑎−𝑖), 𝜃))

That is, the recommended action 𝑎𝑖 yields a payoff at least as high as any other
action 𝑎′𝑖 . Then, a player best responds by implementing the recommendation as
long as the other players implement the recommended action. If a decision rule
satisfies obedience, it is a Bayes correlated equilibrium (Bergemann and Morris,
2016), and there exists an expansion of the information structure in which following
the decision rule constitutes a Bayes Nash equilibrium.

4.A.1 Parameter choice

In Table 4.B.3, I reproduce estimations using only optimal information structures,
which are just obedient for risk-neutral receivers. These are the information struc-
tures for which I chose the parameters to yield the largest treatment differences,
e.g., the interaction effect (public (vs. private) × complements (vs. substitutes)) is
predicted to be 14.9 percentage points.

In addition, I chose parameters that yield are reasonably large treatment effect,
compared to other potential choices. In the notation of Table 4.1, the parameters
used in the experiment correspond to 𝑥com = 0.1 and 𝜖com = 0.3 for the game of
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strategic complements, and 𝑥sub = 0.9 and 𝜖sub = −0.5 for the game of strategic
substitutes. To obtain the payoffs displayed in Tables 4.3 and 4.4, payoffs are mul-
tiplied by 100 and then a constant payoff of 170 is added. This ensures that payoffs
are positive round numbers, to minimize loss aversion and mental effort of pro-
cessing payoffs.

In the parameter choice, I measure the predicted treatment effect for exactly
obedient structures. This choice is partially restricted. As they are probabilities,
we need that 1 > 𝑝bad ≥ 𝑟bad ≥ 0, as well as to keep signals private. There are two
additional considerations. First, I chose parameters such that with private signals,
no joint investment arises in the bad state, formally 𝑝bad−𝑟bad < .5 Second, there are
three levels of obedience, where the high structures require higher probabilities of
investment recommendations than the optimal structures I compare here. Taken
together, this implies that the highest probability of private signals in the bad state
needs to be sufficiently lower than .5, 𝑝bad − 𝑟bad << .5.

For a selection of parameters, I show the predicted treatment effects in Table
4.A.1. Optimally, private structures set 𝑝bad = 𝜖+𝑥, 𝑟bad = 0, and public structures set
𝑝bad = 𝑟bad =

𝜖+𝑥
1−𝜖 . The first row is the optimal information structure, which is close

to the exactly obedient information structure in the experiment, in the second row.
Treatment effects are lower when increasing 𝑥 while holding 𝑝bad − 𝑟bad constant,
see the third and fourth row. When reducing the probabilities to invest, treatment
differences again decrease, independent of the 𝑥 and 𝜖 chosen, see rows five to
eight.

Table 4.A.1: Parameter choices and predicted treatment effects

Complements Substitutes

Parameters Public Private Public Private
(𝑥com, 𝜖com; 𝑥sub, 𝜖sub) 𝑟bad 𝑝bad − 𝑟bad 𝑟bad 𝑝bad − 𝑟bad Diff-in-diff TE

(.1, .3; .9, -.5) .48 .34 .34 .23 .25
(.1, .3; .9, -.5) .57 .4 .27 .4 .30
(.3, .1; .9, -.5) .44 .4 .27 .4 .17
(.1, .3; .6, -.2) .57 .4 .33 .4 .24
(.2, .1; .8, -.5) .33 .3 .2 .3 .13
(.1, .2; .8, -.5) .38 .3 .25 .3 .13
(.2, .1; .5, -.2) .33 .3 .25 .3 .08
(.1, .1; .7, -.5) .22 .2 .13 .2 .09

Information structure parameters (𝑝bad, 𝑟bad) when varying the parameters of the game (𝑥, 𝜖). The column Diff-in-diff TE gives the
difference-in-differences treatment effect between games and private vs. public structures, which is the difference in probabilities
that a recommendation to invest will be sent in the bad state.
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4.B Appendix: Additional empirics

4.B.1 Balancing tables

In Tables 4.B.1 and 4.B.2, I show that participant characteristics are balanced across
treatments. In the second experiment, Aheadness aversion is not perfectly bal-
anced and significantly different between treatments with a 𝑝-value of 0.097. Con-
trolling for this measure, and other characteristics, does not affect results.

Table 4.B.1: Balancing table: First experiment

Complements Substitutes

Private Public Private Public 𝑝-values

Age 22.7 22.6 22.8 22.6 0.962
% women 54.6 56.5 65.7 53.7 0.398
% Bachelor 69.4 70.4 70.4 63.9 0.815
Risk 3.0 3.4 3.3 3.1 0.174
Numeracy score 2.4 2.4 2.3 2.5 0.770
Behindness aversion 3.5 3.4 3.8 3.6 0.723
Aheadness aversion 5.5 5.0 5.5 5.3 0.513
Quiz attempts 2.7 2.8 2.9 2.1 0.256

Notes: Average characteristic by treatment. In the last column I report 𝑝-values of a Kruskal-Wallis test, comparing equality
of ranks across all treatments. Risk is the lottery chosen in the Eckel and Grossman (2002)-task, numeracy score the
number of correct answers in the Berlin numeracy test (Cokely et al., 2012), behindness and aheadness aversion the
switching points in the multiple price list-elicitation of 𝛽 and 𝛼-parameters in Fehr and Schmidt (1999)-preferences
by Yang et al. (2016).

Table 4.B.2: Balancing table: Second experiment

Complements Substitutes 𝑝-values

Age 22.4 22.9 0.334
% women 55 57.2 0.672
% Bachelor 70.6 64.4 0.217
Risk 3.2 3.4 0.335
Numeracy score 1.1 1.0 0.548
Behindness aversion 3.7 3.8 0.533
Aheadness aversion 5.5 5.0 0.097
Quiz attempts 4.9 5.2 0.617

Notes: Average characteristic by treatment. In the last column I report 𝑝-values of a 𝑡-test, comparing equality of means
across the two treatments. Risk is the lottery chosen in the Eckel and Grossman (2002)-task, numeracy score the
number of correct answers in the Berlin numeracy test using only questions 1 and 3 (Cokely et al., 2012), behindness
and aheadness aversion the switching points in the multiple price list-elicitation of 𝛽 and 𝛼-parameters in Fehr and
Schmidt (1999)-preferences by Yang et al. (2016).
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4.B.2 Investment behavior

In Figure 4.B.1, I show investment rates separately for each level of obedience.

Figure 4.B.1: Investment decisions

Notes: Average frequency of investment by treatment, bars indicate observed choices and red diamonds choices in the
Bayes Nash equilibria with the highest investment. Bars and shaded areas indicate 95% bootstrapped confidence
intervals.

In Table 4.B.3, I reproduce the treatment effect table from the main text with
additional controls, as preregistered. Columns (1), (3), (5) to (7) and (10) present
decisions from the experiment, (2), (4), (8), and (11) repeat the regressions when
participants use the Nash equilibrium strategy. (9) and (12) interact models (7) and
(8) or (10) and (11), respectively.

Columns (1), (3), and (5) show estimates omitted from the table in the main text.
Columns (6) and (7) show that results are robust to additional controls. Columns
(10) to (12) only use data from optimal levels of information structures, which uses
one-third of the entire data set. Column (10) shows this level’s larger theoretically
predicted treatment effects. Column (10) shows that treatment effects in the ex-
periment are robust to only using this level for testing. Columns (10) and (12) show
that public structures empirically increase investment compared to the Nash equi-
librium prediction, and similar so for both games.

Table 4.B.4 reports logit estimates of the main treatment effects. Results are in
line with the OLS results reported in the main text.
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Table 4.B.4: Logit estimates of the treatment effect: Investment

(1) (2) (3)
Substitutes Complements Diff-in-diff

Public -0.035 0.364∗∗ -0.035
(0.076) (0.165) (0.081)

Complements -0.445∗∗∗
(0.136)

Public × Complements 0.395∗∗
(0.184)

(1 if level=optimal) -0.036 -0.166∗ -0.100∗
(0.073) (0.089) (0.058)

(1 if level=high) -0.151∗ -0.304∗∗∗ -0.226∗∗∗
(0.081) (0.083) (0.058)

Constant 0.054 -0.222 0.138
(0.087) (0.160) (0.090)

Period trend, part and lab FE Yes Yes Yes
Observations 12960 12948 25908
# clusters 36 36 72
# participants 216 216 432

Notes: The table reports logit estimates and includes all data, also high struc-
tures. The dependent variable is a dummy variable equal to 1 if the partic-
ipant decided to invest (Data) or was predicted to invest in the Bayes Nash
equilibrium with maximal investment (NE). Public and Complements are the
treatment indicators. These are dummy variables equal to 1 if the decision
was made facing a public information structure, with the omitted category
being a private structure, or facing a game with strategic complements, with
the omitted category being a game of strategic substitutes. (1 if level=opti-
mal) and (1 if level=high) are dummy variables equal to 1 if the information
structures used optimal or high probabilities to persuade receivers to invest,
relative to the omitted category low, respectively. Standard errors in paren-
theses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗
𝑝 < 0.01.
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4.B.3 Investment and risk aversion

Observed investment rates in the experiment are, on average, below the predic-
tions. These predictions are based on risk-neutral receivers. Empirically, the two
control task measuring risk aversion at the end of the experiment show that an
overwhelming majority of participants are risk averse. Furthermore, adding the
risk aversion measure introduced by Eckel and Grossman (2002) correlates sig-
nificantly with investment choice, see Table 4.B.3, patterns are similar using the
second control task.

Information from these task can also be used to adjust the equilibrium pre-
dictions for the level of risk aversion at the participant level. This is especially
relevant for the optimal information structures, at expected profits are slim, while
participants face risk. Even only slightly risk averse participants may not be willing
to invest at this level. To account for this riskiness, I use the CRRA utility with the
coefficients estimated from the lottery choice elicited in the Eckel and Grossman
(2002) task, and, as a lower bound, calculate a best response to others’ behaving as
in equilibrium under risk neutrality. Figure 4.B.2 shows predicted choices, which, if
anything, indicate that participants are willing to invest more often than predicted
given their measured level of risk aversion.

Figure 4.B.2: Investment decisions

Notes: Average frequency of investment by treatment, bars indicate observed choices and red diamonds choices in the
Bayes Nash equilibria with the highest investment when using participants’ risk aversion elicited in the Eckel and
Grossman (2002) task to calculate their expected utility. The figure only uses data from low and optimal structures.
Bars and shaded areas indicate 95% bootstrapped confidence intervals.

4.B.4 Learning

In Table 4.B.5, I report regressions on learning effects for investment and following.
(1) to (4) split data in the first 7 (in (1) and (3)) vs. the last 13 periods (in (2) and
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(4)). (5) to (7) repeat the investment regression for each part separately. Results
are robust across periods and parts, except the no longer significant estimate on
Public × Complements in (6) for part 2.

Table 4.B.5: Learning: Investment and following

Investment Following Investment
(1) (2) (3) (4) (5) (6) (7)

Public 0.004 -0.016 0.047∗∗ 0.054∗∗ -0.038 0.031 -0.019
(0.020) (0.023) (0.020) (0.023) (0.028) (0.027) (0.029)

Complements -0.090∗∗∗ -0.118∗∗∗ -0.088∗∗∗ -0.101∗∗∗ -0.100∗∗∗ -0.108∗∗∗ -0.116∗∗∗
(0.032) (0.034) (0.028) (0.032) (0.033) (0.040) (0.036)

Public × Complements 0.085∗ 0.102∗∗ -0.025 -0.033 0.132∗∗ 0.050 0.105∗
(0.043) (0.049) (0.039) (0.046) (0.050) (0.054) (0.056)

(1 if level=optimal) -0.014 -0.030∗ -0.109∗∗∗ -0.134∗∗∗ 0.006 -0.089∗∗∗ 0.010
(0.017) (0.016) (0.015) (0.016) (0.030) (0.031) (0.033)

(1 if level=high) -0.020 -0.074∗∗∗ -0.215∗∗∗ -0.255∗∗∗ -0.025 -0.079∗∗ -0.062∗
(0.016) (0.017) (0.015) (0.017) (0.029) (0.033) (0.032)

Constant 0.540∗∗∗ 0.551∗∗∗ 0.971∗∗∗ 0.947∗∗∗ 0.522∗∗∗ 0.553∗∗∗ 0.510∗∗∗
(0.025) (0.028) (0.024) (0.029) (0.026) (0.030) (0.031)

Period 1-7 13-20 1-7 13-20 1-20 1-20 1-20
Part 1-3 1-3 1-3 1-3 1 2 3
Period trend, part, and lab FE Yes Yes Yes Yes Yes Yes Yes
Observations 9072 16836 9072 16836 8640 8640 8628
# clusters 72 72 72 72 72 72 72
# participants 432 432 432 432 432 432 432

Notes: The table reports OLS estimates. The dependent variable is a dummy variable equal to 1 if the participant decided to invest
in (1), (2), and (5) to (7), or the participant followed the received recommendation in (3) and (4). Public and Complements are the
treatment indicators. These are dummy variables equal to 1 if the decision was made facing a public information structure, with the
omitted category being a private structure, or facing a game with strategic complements, with the omitted category being a game of
strategic substitutes. (1 if level=optimal) and (1 if level=high) are dummy variables equal to 1 if the information structures used optimal
or high probabilities to persuade receivers to invest, relative to the omitted category low, respectively. Standard errors in parentheses,
clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

In Figure 4.B.3, I plot the average investment rate for the four between-subject
treatments, separately for each part. Investment rates are similar over time across
both dimensions of learning: between parts and within parts, over periods.
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Figure 4.B.3: Learning

Notes: Average investment per period in the blue line, with 95%, bootstrapped confidence intervals (clustered onmatching-
group level) shaded in red. Separately by part (part 1, 2, and 3), public vs. private and substitutes vs. complements.

4.B.5 Following behavior

In this section, I present some additional statistics on the following behavior. In
Figure 4.B.4, I show the average decision to follow averaged on a between-subject
treatment level. In Table 4.B.6, I show regressions of the decisions to follow on
treatment dummies with additional controls. In Table 4.B.7, I report estimates
when repeating the analysis from the main text, but only using data when par-
ticipants receive the recommendation to invest, which removes any variation in
how often recommendations not to invest are being followed. Results are broadly
in line with the analysis from the main text. In addition, I report estimates when
regressing the squared distance between observed following decisions and the
best response to beliefs in column (5). Empirical behavior is closer to the best
response in public structures (estimate on Public, 𝑝-value=0.0247), but does not
differ significantly in the other between-subject treatment dimensions.

Figure 4.B.5 repeats the best response analysis from Figure 4.2 using the empir-
ical frequencies in the data instead of participants’ beliefs. Differences can be at-
tributed to errors in belief updating, either about the state or about others’ actions.
While broadly similar, especially in games of strategic substitutes receivers under-
invest. Participants in games of strategic complements underreact to changes in
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Figure 4.B.4: Following rates

Notes: Average frequency of following a recommendation by treatment, bars indicate observed choices. Error bars indicate
95% bootstrapped confidence intervals.

obedience: they follow not often enough for low levels but follow too frequently
for optimal and high levels.
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Figure 4.B.5: Following rates

Notes: Average frequency of following a recommendation by treatment and level of the information structure. The variable
is a dummy equal to 1 if a recommendation was followed (investment after the recommendation to invest, no
investment after the recommendation not to invest). Bars indicate observed choices, diamonds following rate in
the equilibrium with the highest following, and squares are empirical best responses based on others’ choices in
the experiment. Error bars indicate 95% bootstrapped confidence intervals.
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Table 4.B.6: Treatment effects with additional controls: Following

(1) (2) (3)

Public 0.052∗∗ 0.057∗∗∗ 0.061∗∗∗
(0.021) (0.021) (0.022)

Complements -0.096∗∗∗ -0.092∗∗∗ -0.090∗∗∗
(0.030) (0.029) (0.030)

Public × Complements -0.030 -0.036 -0.041
(0.043) (0.042) (0.043)

(1 if level=optimal) -0.125∗∗∗ -0.125∗∗∗ -0.126∗∗∗
(0.015) (0.015) (0.015)

(1 if level=high) -0.241∗∗∗ -0.242∗∗∗ -0.242∗∗∗
(0.015) (0.015) (0.015)

(1 if part=2) -0.009 -0.010 -0.010
(0.014) (0.014) (0.014)

(1 if part=3) -0.005 -0.005 -0.004
(0.013) (0.013) (0.013)

Period -0.003∗∗∗ -0.003∗∗∗ -0.003∗∗∗
(0.001) (0.001) (0.001)

(1 if session in Munich) 0.056∗∗ 0.051∗∗ 0.050∗∗
(0.022) (0.023) (0.023)

Behindness aversion 0.007 0.004
(0.005) (0.005)

Aheadness aversion 0.004 0.004
(0.003) (0.003)

Risk 0.011∗ 0.014∗∗
(0.006) (0.006)

Numeracy -0.009 -0.008
(0.007) (0.007)

Age -0.004
(0.003)

(1 if woman) 0.047∗∗∗
(0.017)

Constant 0.956∗∗∗ 0.893∗∗∗ 0.962∗∗∗
(0.024) (0.048) (0.085)

Observations 25908 25860 25800

Notes: The table reports OLS estimates. The dependent variable
is the decision to follow a recommendation (invest after recom-
mended to invest, not invest after not invest). Public and Com-
plements are the treatment indicators. These are dummy variables
equal to 1 if the decision wasmade facing a public information struc-
ture, with the omitted category being a private structure, or facing a
game with strategic complements, with the omitted category being
a game of strategic substitutes. Aheadness aversion and behind-
ness aversion are switching points in the choice lists to elicit 𝛼 (be-
hindness) and 𝛽-parameters (aheadness) of the Fehr and Schmidt
(1999)-model, elicited using the task by Yang et al. (2016). Both mea-
sures range from 1 to 11, with mean 3.6, standard deviation 1.4 for
behindness, and with mean 5.3, standard deviation 2.9 for ahead-
ness aversion. Risk is the lottery chosen in the Eckel and Grossman
(2002)-task, ranging from 1 to 6 with mean 3.2, standard deviation
1.5. Numeracy is the number of correct items in the Berlin numeracy
test (Cokely et al., 2012), ranging from 0 to 4, mean 2.4, standard de-
viation 1.2. Standard errors in parentheses clustered on matching-
group level. ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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Table 4.B.7: Treatment effects: Following the recommendation to invest

(1) (2) (3) (4) (5)
Data NE Data NE (Data-NE)2

Public 0.062∗∗ 0.000 0.052∗ 0.006 -0.086∗∗
(0.029) (.) (0.031) (0.005) (0.038)

Complements -0.148∗∗∗ 0.000 -0.158∗∗∗ -0.318∗∗∗ -0.044
(0.048) (.) (0.046) (0.004) (0.035)

Public × Complements 0.021 0.000 0.023 -0.014∗∗ 0.083
(0.063) (.) (0.062) (0.006) (0.051)

(1 if level=optimal) -0.164∗∗∗ 0.000 -0.163∗∗∗ 0.004 0.165∗∗∗
(0.020) (.) (0.020) (0.003) (0.022)

(1 if level=high) -0.281∗∗∗ -0.588∗∗∗ 0.187∗∗∗
(0.017) (0.051) (0.030)

Constant 0.897∗∗∗ 1.000 0.925∗∗∗ 1.163∗∗∗ 0.338∗∗∗
(0.032) (.) (0.033) (0.019) (0.033)

Level of obedience low & optimal low, optimal & high
Period trend, part and lab
FE

Yes No Yes No Yes

Observations 10638 10638 17110 17110 17110
# clusters 72 72 72 72 72
# participants 432 432 432

Notes: The table reports OLS estimates and includes only data where participants received the recommendation to invest. In columns (1) to (4), the dependent
variable is a dummy variable equal to 1 if the participant decided to follow a recommendation (invest after recommended to invest, or not invest after
recommended not to invest) (Data) or was predicted to follow in the Bayes Nash equilibrium with maximal investment (NE). Columns (1) and (2) use data only
from obedient structures, while columns (3) and (4) pool all data. In column (5), the dependent variable is the squared distance between decision to follow
the recommendation to invest in the data and the predicted best response to beliefs ((Data-BR)2). Public and Complements are the treatment indicators.
These are dummy variables equal to 1 if the decision was made facing a public information structure, with the omitted category being a private structure,
or facing a game with strategic complements, with the omitted category being a game of strategic substitutes. (1 if level=optimal) and (1 if level=high) are
dummy variables equal to 1 if the information structures used optimal or high probabilities to persuade receivers to invest, relative to the omitted category
low, respectively. Standard errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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4.B.6 Beliefs

In Table 4.B.8, I report data on all elicited beliefs for all treatments and levels. This
now includes beliefs on what participants believed about the state and others’ ac-
tions after receiving the recommendation not to invest. Beliefs are consistent with
three key observations. First, across all treatments, on average, participants un-
derstand that the recommendation to invest is good news about the state. In con-
trast, the recommendation to invest is bad news, as beliefs about the state being
good are higher after receiving the recommendation to invest. Second, they un-
derstand that others respond reasonably to recommendations, as they are more
likely to invest after receiving this recommendation. Third, participants follow the
expected pattern across levels, as they are less optimistic about the state and
others’ investment moving from low to optimal to high levels. Notable is also that
participants’ beliefs about the state across private structures (comparing comple-
ments and substitutes) are virtually identical. These structures were designed to
induce identical beliefs, and participants between treatments responded identi-
cally. Last, note that beliefs after receiving the recommendation not to invest are
likely also surprisingly high because reports were measured for zero or higher;
thus, noise in decision-making was only captured for positive errors. E.g., more
than 75% of beliefs about the state are 0, as theoretically predicted; only a minor-
ity of participants report a positive probability of the state being good even though
this is theoretically not possible.

Table 4.B.8: Belief data

Recommendation to invest Recommendation not to invest

Treatment Level State Others invest State Others invest

Comple-
ments,
Public

Low .79 .77 .13 .14
Optimal .67 .64 .14 .17
High .65 .60 .13 .19

Comple-
ments,
Private

Low .80 .76 .10 .10
Optimal .71 .62 .11 .14
High .65 .54 .09 .13

Substitutes,
Public

Low .88 .90 .09 .17
Optimal .77 .81 .08 .17
High .72 .72 .08 .19

Substitutes,
Private

Low .79 .80 .11 .20
Optimal .69 .70 .13 .17
High .65 .67 .14 .21

Average beliefs of the state being good (“State”) or others’ decision to invest (“Others invest”) in response to
receiving the recommendation to invest or not to invest. Beliefs are coded as shares, with dummies equal to 1
if the state is good or others invest, respectively.
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4.B.7 Risk aversion and following behavior

As an additional measure of risk, I use the separately elicited risk aversion (Eckel
and Grossman, 2002). In Table 4.B.9, I regress the decision to follow a recommen-
dation on the risk measure, treatment dummies, and most importantly, their in-
teraction, adding controls from (1) to (3). It does not appear to be the case that
the risk measure captures differences in behavior specific to public information
structures.

Table 4.B.9: Following and risk aversion

(1) (2) (3)

Public 0.042 0.013 0.024
(0.047) (0.056) (0.056)

Complements -0.112∗∗∗ -0.131∗ -0.121∗
(0.022) (0.067) (0.067)

Public × Complements 0.059 0.042
(0.095) (0.096)

Risk 0.009 0.004 0.006
(0.010) (0.015) (0.014)

Risk × Public -0.002 0.012 0.009
(0.013) (0.017) (0.017)

Risk × Complements 0.011 0.008
(0.020) (0.019)

Risk × Public × Complements -0.028 -0.023
(0.026) (0.026)

Constant 0.792∗∗∗ 0.801∗∗∗ 0.900∗∗∗
(0.034) (0.047) (0.047)

Part, level and lab FE No No Yes
Observations 25860 25860 25860
# clusters 72 72 72
# participants 431 431 431

Notes: The table reports OLS estimates. The dependent variable is the
choice to follow a recommendation (investing after being recommended
to invest, not investing after being recommended not to invest). Public
and Complements are the treatment indicators. These are dummy vari-
ables equal to 1 if the decision wasmade facing a public information struc-
ture, with the omitted category being a private structure, or facing a game
with strategic complements, with the omitted category being a game of
strategic substitutes. Risk is the lottery chosen in the Eckel and Grossman
(2002)-task, where higher numbers indicate lower risk aversion. The index
ranges from 1 to 6, with mean 2.3 and standard deviation 1.5. Standard
errors in parentheses clustered on matching-group level. ∗ 𝑝 < 0.10, ∗∗
𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

4.B.8 Inequity aversion and following behavior

Another candidate to explain the superiority of public structures are social pref-
erences. If followed, public structures minimize payoff inequality between partici-
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pants. In contrast, following a private structure leads to unequal payoffs if the bad
state realizes. To test this mechanism, I included an elicitation of the preference
parameters of the Fehr and Schmidt (1999)-model, using the task by Yang et al.
(2016). In Figure 4.B.6, I show the following rate when performing median splits by
the aversion to being ahead in the left panel and by the aversion to being behind in
the right panel. No clear pattern may explain higher following rates only in public
information structures. Generally, the aversion to being behind appears to lead to
more following.

Figure 4.B.6: Following and inequity aversion

Notes: Average following rate. Left panel: Median split by aversion to being ahead. Right panel: Median split by aversion
to being behind. Bars indicate observed choices, diamonds the observed target in the data, and error bars indicate
95% bootstrapped confidence intervals.

Result 9. Inequity aversion cannot explain the higher following in public informa-
tion structures.

In Table 4.B.10, I show how the decision to follow recommendations correlates
with inequity aversion parameters (Fehr and Schmidt, 1999), especially for public
information structures. There is no significant effect of either aversion to being
ahead or behind.
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Table 4.B.10: Following and inequity aversion

(1) (2)

Public 0.088 0.098
(0.066) (0.069)

Behindness aversion 0.009 0.008
(0.007) (0.007)

Public × Behindness aversion -0.003 -0.003
(0.010) (0.010)

Aheadness aversion 0.009∗∗ 0.007
(0.004) (0.004)

Public × Aheadness aversion -0.007 -0.006
(0.006) (0.006)

Complements -0.111∗∗∗ -0.097∗∗∗
(0.022) (0.030)

Public × Complements -0.029
(0.043)

Constant 0.740∗∗∗ 0.851∗∗∗
(0.048) (0.053)

Part, level and lab FE No Yes
Observations 25860 25860
Adjusted 𝑅2 0.022 0.083
# clusters 72 72
# participants 431 431

Notes: The table reports OLS estimates. The dependent variable is the choice
to follow a recommendation (investing after being recommended to invest, not
investing after being recommended not to invest). Public and Complements
are the treatment indicators. These are dummy variables equal to 1 if the deci-
sion was made facing a public information structure, with the omitted category
being a private structure, or facing a game with strategic complements, with
the omitted category being a game of strategic substitutes. Aheadness aver-
sion and behindness aversion are switching points in the choice lists to elicit
𝛼 (behindness) and 𝛽-parameters (aheadness) of the Fehr and Schmidt (1999)-
model, elicited using the task by Yang et al. (2016). Both measures range from 1
to 11, with mean 3.6, standard deviation 1.4 for behindness, and with mean 5.3,
standard deviation 2.9 for aheadness aversion. Standard errors in parentheses
clustered on matching-group level. ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

4.B.9 Noise in beliefs

Table 4.B.11 documents that beliefs are less noisy in public groups. I regress the
standard deviation in beliefs within a matching group, at each level, on treatment
dummies. Note that this standard deviation only captures variance within a group:
Each participant reported beliefs only once for each level, thus any noise perceived
by each participant within a level is not captured.
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Table 4.B.11: Noise in beliefs

(1)
SD(beliefs)

Complements 0.163
(0.238)

Public -0.415∗
(0.219)

Complements × Public 0.358
(0.329)

(1 if level=optimal) 0.103
(0.122)

(1 if level=high) 0.261∗∗
(0.124)

Constant 1.910∗∗∗
(0.141)

Observations 216
# clusters 72

Notes: The table reports OLS estimates. The dependent
variable is the standard deviation in beliefs about oth-
ers’ following a recommendation to invest. This is cal-
culated on the matching group-level level, so one ob-
servation is the standard deviation within a matching
group for each level (low, optimal or high). Public and
Complements are the treatment indicators. These are
dummy variables equal to 1 if the decision was made
facing a public information structure, with the omitted
category being a private structure, or facing a game with
strategic complements, with the omitted category being
a game of strategic substitutes. (1 if level=optimal) and
(1 if level=high) are dummy variables equal to 1 if the in-
formation structures used optimal or high probabilities
to persuade receivers to invest, relative to the omitted
category low, respectively. Standard errors in parenthe-
ses clustered on matching-group level. ∗ 𝑝 < 0.10, ∗∗
𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

4.B.10 Experiencing bad advice: Robustness

In Section 4.4.4, I show that only in private information structures, experiencing
bad advice leads to lower investment and following in future periods. This section
presents two robustness checks.

First, I show that the result is robust to different rules to capture who has re-
ceived bad advice. I repeat the analysis presented in the main text, but count the
number of times a participant has received bad advice within each information
structure. In addition, I perform a median split of participants who received bad
advice more often than the median facing the same information structure, which
accounts for the fact that the frequency of receiving bad advice is correlated with
the type of structure.

Results in Table 4.B.12 indicate that patterns are similar using the new mea-
sures. Columns (1) and (2) report estimates using the number of times bad advice
was sent to a participant, columns (3) and (4) report estimates using the median
split. Columns (1) and (3) use the decision to invest as dependent variables, (2) and
(4) the decision to follow. Note that the bad advice-proxies are not significant in
(1) and (3). Yet, across both specifications, public structures lead to higher invest-
ment of those participants that initially received bad advice, consistent with the
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analysis in the main text. Columns (2) and (4) show that those receiving bad advice
more often follow less often, but this effect is not present in public structures, in
line with the analysis in the main text.

Table 4.B.12: Robustness of bad advice

(1) (2) (3) (4)
Investment Following Investment Following

Public -0.048∗ -0.002 -0.035 0.020
(0.028) (0.023) (0.023) (0.024)

Complements -0.062∗ -0.059∗ -0.083∗∗ -0.080∗∗
(0.036) (0.031) (0.034) (0.031)

Public × Complements 0.086∗ 0.041 0.081∗ -0.031
(0.045) (0.038) (0.045) (0.041)

# bad advice -0.005 -0.020∗∗∗
(0.007) (0.006)

Public × # bad advice 0.016∗ 0.015∗
(0.009) (0.009)

Complements × # bad advice -0.014∗ -0.011
(0.008) (0.008)

Public × Complements × # bad advice -0.000 -0.011
(0.011) (0.012)

Above median bad advice -0.023 -0.071∗∗∗
(0.022) (0.019)

Public × Above median bad advice 0.070∗∗ 0.077∗∗
(0.030) (0.031)

Complements × Above median bad advice -0.057∗ -0.035
(0.032) (0.030)

Public × Complements × Above median bad advice 0.029 -0.009
(0.046) (0.046)

Constant 0.540∗∗∗ 0.982∗∗∗ 0.544∗∗∗ 0.989∗∗∗
(0.026) (0.023) (0.025) (0.027)

Period trend, part & lab FE Yes Yes Yes Yes
Observations 25908 25908 25908 25908

Notes: The table reports OLS estimates and includes all data. The dependent variables are the decision to invest (1) and (3) or the decision to follow a
recommendation (2) and (4). # bad advice is the number of times a participant received bad advice when facing an information structure. Above median bad
advice is a dummy variable equal one if the participant received bad advice more often than the median times all participants facing that same structure
received bad advice. Public and Complements are the treatment indicators. These are dummy variables equal to 1 if the decision was made facing a public
information structure, with the omitted category being a private structure, or facing a game with strategic complements, with the omitted category being a game
of strategic substitutes. Standard errors in parentheses, clustered at the matching-group level,∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

Second, I show that this pattern is driven by participants that receive bad ad-
vice. An alternative explanation may be a preference for conformism, or for always
receiving the same recommendation. To test this alternative, I rerun the analysis
presented in the main text, but instead compare participants that receive the rec-
ommendation not to invest to participants who receive the recommendation to
invest in the good state in the first period of an information structure, which re-
moves all participants that receive bad advice in the first period. Both remaining
groups of participants receive good advice. However, participants that receive the
recommendation not to invest with private information structure may experience
miscoordinated advice, as their matched participant may receive the recommen-
dation to invest. Instead, participants with public information structures always
receive the same recommendation. The alternative explanations would predict
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that participants respond differently to experience the same or different recom-
mendations. Conformity-driven explanations would imply that participants that
experience different recommendation with private structures change their follow-
up behavior in patterns similar to those participants who receive bad advice.

The results in Table 4.B.13 indicate that participants that receive the recom-
mendation not to invest in the first period do not invest or follow differently in
follow-up periods, irrespective of whether they face public or private information
structure, compared to participants that receive the recommendation to invest in
the good state. This indicates that the conformity is an unlikely explanation of
the data. Instead, the data is consistent with participants disliking experiencing
miscoordinated bad advice.

Table 4.B.13: Miscoordinated good advice and future following

(1) (2) (3)
Investment Following Following

Public -0.033 0.019 0.031
(0.028) (0.029) (0.030)

Complements -0.122∗∗∗ -0.121∗∗∗ -0.115∗∗∗
(0.041) (0.040) (0.040)

Public × Complements 0.128∗∗ 0.001 -0.012
(0.056) (0.054) (0.055)

Not invest -0.013 -0.038 -0.043
(0.032) (0.031) (0.030)

Public × Not invest 0.015 0.038 0.034
(0.043) (0.040) (0.040)

Complements × Not invest 0.029 0.056 0.060
(0.046) (0.046) (0.045)

Public × Complements × Not invest -0.055 -0.046 -0.045
(0.072) (0.069) (0.068)

Constant 0.548∗∗∗ 0.982∗∗∗ 0.974∗∗∗
(0.028) (0.029) (0.087)

Period trend, part & lab FE Yes Yes Yes
Additional controls No No Yes
Observations 20615 20615 20558

Notes: The table reports OLS estimates and includes all data after period one in each part. I only use data where participants received good advice, so either
the recommendation not to invest in the bad state or the recommendation to invest in the good state. Column (3) uses fewer observations, as some additional
controls are not available for all participants. The dependent variables are the decision to invest or the decision to follow a recommendation. Not invest
is a dummy variable equal to 1 if a participant received a recommendation not to invest in period 1 of the corresponding information structure. Public and
Complements are the treatment indicators. These are dummy variables equal to 1 if the decision was made facing a public information structure, with the
omitted category being a private structure, or facing a game with strategic complements, with the omitted category being a game of strategic substitutes.
The additional controls are participants’ Fehr and Schmidt (1999) preferences, risk aversion, numeracy score, and demographic variables. Standard errors in
parentheses, clustered at the matching-group level,∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

4.B.11 Benchmarking the importance of the two mechanisms

In this section, I provide a rough estimate of the relative contributions of the two
mechanisms to advantage of public signals. Table 4.B.14 provides the needed es-
timates. Model (1) shows that public signals lead to 4 percentage points higher
investment across all games. This is an advantage not predicted by theory: model
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(2) indicates that in the Bayes Nash equilibrium with maximal investment, no ad-
vantage of public structures would be expected.

First, I find that participants who receive bad advice reduce their follow-up in-
vestment. Model (3) indicates that in public structures, participants who receive
bad advice invest 10 percentage points more than those with private structures.
However, receiving such advice is probabilistic: on average, only 16% of partici-
pants received bad advice in period 1. This means that the effect on average be-
havior is only 1.6 percentage points.

Second, I find that in groupswith above-median variance, public structures lead
to 5 percentage points higher investment. As this effect is only present for half of
the groups, those with above-median variance, the total effect is 2.5 percentage
points.

Therefore, the total effect of 4 percentage points is can approximately be at-
tributed to a 1.6 percentage point effect of bad advice, and a 2.5 percentage point
effect of complexity and high variance. This means that the total effect of com-
plexity is roughly 2.5/(1.6+2.5)=61%.

Table 4.B.14: Decomposing the effect of the two mechanisms

(1) (2) (3) (4)
Investment NE investment Investment Investment

Public 0.039∗ -0.007 0.024 0.010
(0.023) (0.008) (0.023) (0.024)

Complements -0.060∗∗ -0.174∗∗∗ -0.061∗∗ -0.056∗∗∗
(0.023) (0.008) (0.023) (0.019)

Bad advice -0.126∗∗∗
(0.026)

Public × Bad advice 0.102∗∗∗
(0.033)

High variance -0.139∗∗∗
(0.024)

Public × High variance 0.052
(0.037)

Constant 0.509∗∗∗ 0.643∗∗∗ 0.511∗∗∗ 0.589∗∗∗
(0.024) (0.025) (0.024) (0.024)

Period trend; part, level and lab FE Yes Yes Yes Yes
Observations 25908 25908 24612 25908

Notes: The table reports OLS estimates. In (1), (3) and (4), the dependent variable is a dummy equal one if the participant chose to
invest. In (3), the dependent variable is a dummy equal one if the participant would have been predicted to invest in the Bayes Nash
equilibrium with maximal investment. Public and Complements are the treatment indicators. These are dummy variables equal to 1 if
the decision was made facing a public information structure, with the omitted category being a private structure, or facing a game with
strategic complements, with the omitted category being a game of strategic substitutes. Bad advice is a dummy variable equal to 1 if a
participant received a recommendation to invest when the state was bad in period 1 of the corresponding information structure. High
variance is a dummy variable equal to 1 if the average standard deviation of the matching group (calculated as in (1)) is above the median
within each treatment. Standard errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

4.B.12 Additional analysis on the second experiment

Table 4.B.15 reports an analysis of the regressions of the second experiment, Table
4.8, separately for the first third and the last two-thirds, to study learning. Columns
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(1), (3) and (5) use data from periods 1 to 7, columns (2), (4) and (6) from periods 8
to 21, as preregistered.

There are clear indications for learning. Comparing columns (1) and (2), we
observe that the average use of public signals across both games increases, as the
constant increases from 38% to 47%. Columns (4) and (6) also show that receivers
persuade less aggressively over time in games of complements. The coefficient
on Complements is positive in (3), at the start, but no longer so with experience
in (4). Similarly, the coefficient on Complements is not significant at the start in
(5), but significant and negative in (6), with experience. For games of substitutes,
if anything, receivers become more aggressive over time, as the coefficient on the
constant increases in (6), compared to (5), thus senders are more likely to choose
high instead of optimal structures.

Table 4.B.15: Senders: Treatment effects and learning

(1) (2) (3) (4) (5) (6)
Public Optimal vs. low High vs. optimal

Complements 0.244∗∗∗ 0.211∗∗∗ 0.156∗ -0.032 -0.123 -0.188∗
(0.064) (0.072) (0.086) (0.118) (0.085) (0.110)

Period 0.007 0.001 -0.009 -0.004 -0.014 -0.003
(0.010) (0.005) (0.017) (0.007) (0.017) (0.006)

Constant 0.382∗∗∗ 0.466∗∗∗ 0.133 0.017 0.173∗ 0.263∗∗
(0.059) (0.098) (0.090) (0.127) (0.090) (0.123)

Period 1-7 8-21 1-7 8-21 1-7 8-21
Lab FE Yes Yes Yes Yes Yes Yes
Observations 840 1680 840 1680 840 1680
# clusters 40 40 40 40 40 40
# participants 120 120 120 120 120 120

Notes: The table reports OLS estimates. In (1) and (2), the dependent variable is a dummy equal one if the
sender chose a public structure. In (3) and (4), the dependent variable is the difference in level shares, as the
share of optimal minus the share of low structures. In (5) and (6), he dependent variable is the difference in
level shares, as the share of highminus the share of optimal structures. (1), (3) and (5) use data from periods 1
to 7; (2), (4) and (6) from peridos 8 to 21. Complements is the treatment indicator, a dummy variable equal to 1
if the decision was made when receivers face a game with strategic complements, with a game of substitutes
as the omitted category. Period is a linear period trend. Standard errors in parentheses, clustered at the
matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

Table 4.B.16 complement the analysis on beliefs in the main text. I regress the
belief that the state is good after receiving a recommendation to invest on char-
acteristics of the information structure and the game. The estimates show that
also beliefs about the state are updated very similarly for receivers in the first and
second experiment. Again, senders underestimate the extent to which receivers’
update, in response to optimal or high structures.
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Table 4.B.16: Beliefs about the state across all experiments

(1) (2) (3) (4)
Belief: Probability state is good

Public 0.078∗∗∗ 0.081∗∗∗ 0.059∗∗ 0.078∗∗∗
(0.015) (0.013) (0.024) (0.015)

Complements 0.011 0.024 0.008 0.011
(0.016) (0.020) (0.027) (0.016)

Public × Complements -0.099∗∗∗ -0.105∗∗∗ -0.033 -0.099∗∗∗
(0.023) (0.017) (0.029) (0.023)

(1 if level=optimal) -0.102∗∗∗ -0.107∗∗∗ -0.025 -0.102∗∗∗
(0.006) (0.009) (0.015) (0.006)

(1 if level=high) -0.148∗∗∗ -0.151∗∗∗ -0.042∗∗ -0.148∗∗∗
(0.008) (0.010) (0.016) (0.008)

Second exp., receivers -0.049∗∗
(0.020)

Second exp., senders -0.201∗∗∗
(0.025)

Public × Second exp., receivers 0.003
(0.019)

Public × Second exp., senders -0.019
(0.028)

Complements × Second exp., receivers 0.014
(0.025)

Complements × Second exp., senders -0.004
(0.031)

Public × Complements × Second exp., receivers -0.006
(0.029)

Public × Complements × Second exp., senders 0.066∗
(0.037)

(1 if level=optimal) × Second exp., receivers -0.006
(0.011)

(1 if level=optimal) × Second exp., senders 0.077∗∗∗
(0.016)

(1 if level=high) × Second exp., receivers -0.003
(0.013)

(1 if level=high) × Second exp., senders 0.106∗∗∗
(0.018)

Constant 0.789∗∗∗ 0.742∗∗∗ 0.584∗∗∗ 0.789∗∗∗
(0.011) (0.019) (0.025) (0.011)

Experiment First Second Second Both
Role Receivers Receivers Senders Both
Lab FE Yes Yes Yes Yes
Observations 1293 1440 720 3453
# clusters 72 40 40 112
# participants 431 240 120 791

Notes: The table reports OLS estimates. The dependent variable is the reported belief that the state is good after receiving the
recommendation to invest. (1) uses data from the first experiment, with only receivers. (2) and (3) use data from the second
experiment. (2) are the receivers, (3) the senders. (4) pools data from both experiments and both roles. Public and Complements
are dummy variables equal to 1 if the beliefs was reported for facing a public rather than a private information structure, or facing a
game with strategic complements rather than substitutes respectively. (1 if level=optimal) and (1 if level=high) are dummy variables
equal to 1 if the information structures used optimal or high probabilities to persuade receivers to invest, relative to the omitted
category low, respectively. Second exp., receivers and Second exp., senders are dummies equal one if the belief is measured in the
second experiment, for receivers and senders, respectively. The omitted category are the receivers in the first experiment. Standard
errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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Table 4.B.17: Beliefs about the state across all experiments

(1) (2) (3)
Belief: Probability state is good

Public 0.078∗∗∗ 0.081∗∗∗ 0.059∗∗
(0.015) (0.013) (0.024)

Complement 0.011 0.024 0.008
(0.016) (0.020) (0.027)

Public × Complement -0.099∗∗∗ -0.105∗∗∗ -0.033
(0.023) (0.017) (0.029)

(1 if level=optimal) -0.102∗∗∗ -0.107∗∗∗ -0.025
(0.006) (0.009) (0.015)

(1 if level=high) -0.148∗∗∗ -0.151∗∗∗ -0.042∗∗
(0.008) (0.010) (0.016)

Constant 0.789∗∗∗ 0.742∗∗∗ 0.584∗∗∗
(0.011) (0.019) (0.025)

Experiment First Second Second
Role Receivers Receivers Senders
Lab FE Yes Yes Yes
Observations 1293 1440 720
# clusters 72 40 40
# participants 432 240 120

Notes: The table reports OLS estimates. The dependent variable is the reported
belief that the state is good after receiving the recommendation to invest. (1) uses
data from the first experiment, with only receivers. (2) and (3) use data from the sec-
ond experiment. (2) are the receivers, (3) the senders. Public and Complements are
dummy variables equal to 1 if the beliefs was reported for facing a public rather than
a private information structure, or facing a game with strategic complements rather
than substitutes respectively. (1 if level=optimal) and (1 if level=high) are dummy
variables equal to 1 if the information structures used optimal or high probabilities
to persuade receivers to invest, relative to the omitted category low, respectively.
Standard errors in parentheses, clustered at the matching-group level, ∗ 𝑝 < 0.10,
∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

Figure 4.B.7 and Table 4.B.18 presents data of receiver behavior similar to the
first experiment, using data from the second experiment. Note that this is not di-
rectly comparable, as senders had chosen the information structure endogenously.
This may now reflect that some matching groups responded heterogeneously to
specific structures. Senders can anticipate this, so the regressions now compare
data under selection, where those groups that respond particularly well, and po-
tentially different from the average group, to a specific structure.
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Figure 4.B.7: Investment decisions across the two experiments

Notes: Average frequency of investment by treatment, bars indicate observed choices, bars indicate 95% bootstrapped
confidence intervals.

In columns (1), (3) and (5), I regress investment behavior on a treatment dummy
for a game of strategic complements, as well as design features of the information
structure (public vs. private, level). Columns (2), (4) and (6) repeat this for following
decisions.
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Table 4.B.18: Receiver behavior in the second experiment

(1) (2) (3) (4) (5) (6)
Substitutes Complements Diff-in-Diff

Investment Following Investment Following Investment Following

Public 0.048∗∗ 0.035∗ 0.052∗ -0.016 0.051∗∗ 0.035∗
(0.021) (0.020) (0.029) (0.024) (0.022) (0.020)

Complement -0.039 -0.067∗∗∗
(0.029) (0.022)

Complement × Public 0.006 -0.050∗
(0.037) (0.029)

(1 if level=optimal) -0.010 -0.121∗∗∗ -0.036 -0.174∗∗∗ -0.021 -0.146∗∗∗
(0.034) (0.025) (0.038) (0.020) (0.026) (0.017)

(1 if level=high) 0.017 -0.177∗∗∗ -0.033 -0.280∗∗∗ 0.001 -0.219∗∗∗
(0.027) (0.025) (0.047) (0.029) (0.027) (0.020)

Constant 0.389∗∗∗ 0.838∗∗∗ 0.438∗∗∗ 0.896∗∗∗ 0.425∗∗∗ 0.892∗∗∗
(0.036) (0.033) (0.045) (0.034) (0.033) (0.027)

Lab FE and period trend Yes Yes Yes Yes Yes Yes
Observations 2520 2520 2520 2520 5040 5040
# clusters 20 20 20 20 40 40
# participants 120 120 120 120 240 240

Notes: The table reports OLS estimates. The dependent variable is a dummy variable equal to 1 if the participant decided to invest (Investment) or followed
a recommendation (Following) by investing after receiving the recommendation to invest, or not investing after receiving the recommendation not to invest.
Complements is a treatment indicator, a dummy variable equal to 1 if the decision was made facing a game with strategic complements, with the omitted
category being a game of strategic substitutes. Public is a dummy variable equal to 1 if the decision was made facing a public information structure, with
the omitted category being a private structure. (1 if level=optimal) and (1 if level=high) are dummy variables equal to 1 if the information structures used
optimal or high probabilities to persuade receivers to invest, relative to the omitted category low, respectively. Note that the publicness and the level was an
endogenous choice by senders in this experiment. Both the level and publicness are now chosen endogenously by senders. Standard errors in parentheses,
clustered at the matching-group level, ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.
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4.C Appendix: Instructions and screenshots

This section contains screenshots of the decision screens, receivers’ instructions
in the first experiment as well as screenshots of the senders’ instructions in the
second experiment. Receiver instructions in the second experiment were identical,
apart from revealing how senders’ payoffs depended on their choices.

In the first experiment, instructions were specific to the game (strategic substi-
tutes vs. complements), all information structures one participant received were
either public or private. Between parts, the level of the structure was varied.

In the second experiment, instructions were again specific to the game (strate-
gic substitutes vs. complements). In addition, each role assignment (sender vs.
receiver) had specific instructions.

4.C.1 Example decision screen

Below are screenshots of the senders’ and receivers’ decision screens from the
second experiment.

Figure 4.C.1: Receivers’ decision screen
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Figure 4.C.2: Senders’ decision screen

4.C.2 Receivers’ instructions in the first experiment

Figure 4.C.3: Receivers’ instructions 1
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Figure 4.C.4: Receivers’ instructions 2

Figure 4.C.5: Receivers’ instructions 3
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Figure 4.C.6: Receivers’ instructions 4

Figure 4.C.7: Receivers’ instructions 5
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Figure 4.C.8: Receivers’ instructions 6

Figure 4.C.9: Receivers’ instructions 7
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Figure 4.C.10: Receivers’ instructions 8

4.C.3 Instructions for new information structures

In the first experiment, the level of the information structure was varied between
parts. At the beginning of each part, participants received the following instruc-
tions.

Figure 4.C.11: Instructions for new information structure
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Figure 4.C.12: Quiz for new information structure

4.C.4 Senders’ instructions in the second experiment

Figure 4.C.13: Senders’ instructions 1
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Figure 4.C.14: Senders’ instructions 2

Figure 4.C.15: Senders’ instructions 3
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Figure 4.C.16: Senders’ instructions 4

Figure 4.C.17: Senders’ instructions 5
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Figure 4.C.18: Senders’ instructions 6

Figure 4.C.19: Senders’ instructions 7
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Figure 4.C.20: Senders’ instructions 8

Figure 4.C.21: Senders’ instructions 9

Figure 4.C.22: Senders’ instructions 10
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Figure 4.C.23: Senders’ instructions 11

Figure 4.C.24: Senders’ instructions 12

4.C.5 Instructions for new information structures

In the second experiment, the level of the information structure was varied be-
tween period. At the beginning of each period, participants received a quiz ques-
tion. The questions were randomized out of a set of questions similar to the ques-
tions in the first experiment.
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Figure 4.C.25: Instructions for new information structure

4.C.6 Instructions for tasks at the end of the experiment

After the game, I elicited participants’ beliefs, for all structures they faced in the
experiment.

Figure 4.C.26: Belief instructions
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Figure 4.C.27: Example belief decision screen

At the end, participants faced two different risk elicitations. In the first exper-
iment, they saw only the lotteries associated with their treatment. In the second
experiment, they saw lotteries for both public and private structures (as below).
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Figure 4.C.28: Risk 1

Figure 4.C.29: Risk 2
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Figure 4.C.30: Risk 3

Then, participants’ social preferences were elicited.

Figure 4.C.31: Social preferences 1
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Figure 4.C.32: Social preferences 2
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Figure 4.C.33: Social preferences 3

264



Section 4.C: Appendix: Instructions and screenshots

Last, participants faced the Berlin numeracy test. In the second experiment, I
used only two out of the four questions.

Figure 4.C.34: Numeracy task in the first experiment

Figure 4.C.35: Numeracy task in the second experiment
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Chapter 5: Summary

This thesis investigates the behavioral role of information in strategic interac-
tions through laboratory experiments, focusing on three different environments
where information plays a crucial role.

In Chapter 2, we explore the popularity of open ascending auctions. These auc-
tions, commonly seen on platforms like eBay and in auction houses, reveal bid in-
formation to participants. Standard economic theory suggests that open auctions
facilitate information aggregation through openly observable bidding. However,
another reason for their frequent use may be the activation of revenue-enhancing
biases. We conduct a laboratory experiment comparing three auctions with varying
levels of information revelation and behavioral bias activation: (i) the ascending
Vickrey auction, a closed format; (ii) the Japanese-English auction; and (iii) the Oral
Outcry auction, an open format. Contrary to theoretical predictions, we find that
the Oral Outcry auction generates higher revenue due to unprofitable jump bids
and the triggering of a quasi-endowment effect. In both open formats, information
fails to be aggregated, as prices are less predictive of the value of the item for sale,
compared to the sealed-bid Vickrey auction.

Chapter 3 examines whether market environments erode the morality of par-
ticipants. We study the impact of individual traders’ market power on morality,
norms, and norm compliance. Previous research focused on single-unit markets,
which limited the impact of the replacement logic andmarket selection forces. Our
laboratory experiment compares single-unit markets to more common multi-unit
markets, where these forces may be active. We find that all markets lead to par-
tial norm erosion. Crucially, unlike single-unit markets, multi-unit markets result
in full erosion of morals and norm compliance. The replacement logic drives this
finding, as treatment differences in the market design affect beliefs about others’
activity. In addition, participants with higher beliefs about others’ activity trade
more frequently.

In Chapter 4, I investigate how to effectively persuade audiences comprising
multiple receivers. Governments, central banks, and private organizations often
face the challenge of convincing their audience to take a specific action. They can
choose between public messages that coordinate the audience’s actions and pri-
vate messages that may miscoordinate actions. I conduct a laboratory experiment
to determine the persuasiveness of public and private messages and to study how
this depends on the audience’s strategic environment. I find that public signals
are more persuasive than predicted by economic theory and are particularly effec-
tive in environments featuring strategic complements. Surprisingly, public signals
are equally persuasive as private signals under strategic substitutes, contrary to
predictions of economic theory. Senders adjust their communication strategies ac-
cordingly, engaging more frequently in public communication when the receivers’
environment features strategic complements.
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Chapter 6: Samenvatting

Dit proefschrift onderzoekt de gedragsrol van informatie in strategische inter-
acties door middel van laboratoriumexperimenten en richt zich op drie verschil-
lende omgevingen waarin informatie een cruciale rol speelt.

In Hoofdstuk 2 onderzoeken we de populariteit van open opbodveilingen. Deze
veilingen, die veel voorkomen op platforms zoals eBay en in veilinghuizen, on-
thullen biedinformatie aan de deelnemers. De standaard economische theorie
suggereert dat open veilingen informatie-aggregatie vergemakkelijken door open-
lijk waarneembaar biedgedrag. Er kan echter een andere reden zijn voor hun
veelvuldig gebruik, namelijk het activeren van opbrengstverhogende biases. We
voeren een laboratoriumexperiment uit waarin we drie veilingen vergelijken met
verschillende niveaus van informatie-onthulling en activering van biases: (i) de as-
cending Vickrey-veiling, een gesloten formaat; (ii) de Japanese-English veiling; en
(iii) een openbare opbodveiling, de Oral Outcry veiling. In tegenstelling tot theo-
retische voorspellingen blijkt dat de openbare opbodveiling een hogere opbrengst
genereert als gevolg van onrendabele sprongbiedingen en het activeren van een
quasi-endowment-effect. In beide openbare formats wordt informatie niet geag-
gregeerd, aangezien de prijzen minder voorspellend zijn voor de waarde van het
te koop aangeboden item dan in de gesloten-bod Vickrey-veiling.

Hoofdstuk 3 onderzoekt ofmarktomgevingen demoraliteit van deelnemers aan-
tasten. We bestuderen de impact van de marktmacht van individuele handelaren
opmoraliteit, normen en de naleving van normen. Eerder onderzoek richtte zich op
markten waarin handelaren hooguit één eenheid konden kopen of verkopen, wat
de impact van de replacement logic en market selection beperkte. Ons laborato-
riumexperiment vergelijkt markten met één eenheid met meer gangbare markten
met meerdere eenheden, waarin deze krachten actief kunnen zijn. We ontdekken
dat alle markten leiden tot gedeeltelijke aantasting van normen. Cruciaal is dat,
in tegenstelling tot markten met één eenheid, markten met meerdere eenheden
leiden tot volledige erosie van moraliteit en naleving van normen. De replacement
logic drijft dit resultaat, omdat verschillen in marktontwerp van invloed zijn op het
handelen in de markt. Bovendien handelen deelnemers die verwachten dat meer
andere deelnemers actief zijn, zelfs nog vaker.

In Hoofdstuk 4 onderzoek ik hoe je effectief publieksgroepen kunt overtuigen
die uit meerdere ontvangers bestaan. Overheden, centrale banken en particuliere
organisaties worden vaak geconfronteerd met de uitdaging om hun publiek ervan
te overtuigen een specifieke actie te ondernemen. Ze kunnen kiezen tussen open-
bare boodschappen die de acties van het publiek coördineren en privéboodschap-
pen die acties mogelijk anti-coördineren. Ik voer een laboratoriumexperiment uit
om de overtuigingskracht van openbare en privéboodschappen te bepalen en te
bestuderen hoe die afhangt van de strategische omgeving. Ik ontdek dat openbare
signalen overtuigender zijn dan voorspeld door de economische theorie en met
name effectief zijn in omgevingen met strategische complementen. Verrassend
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genoeg zijn openbare signalen even overtuigend als privésignalen bij strategis-
che substituten, in tegenstelling tot voorspellingen van de economische theo-
rie. Verzenders passen hun communicatiestrategieën dienovereenkomstig aan en
maken vaker gebruik van openbare communicatie wanneer de omgeving van de
ontvangers strategische complementen bevat.
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