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Abstract

Procuring innovation involves motivating research efforts to design an innovative project and
then implementing that project in a cost effective manner. In this paper, we study how to com-
bine these two goals in a single procurement mechanism. To this end, we run an experiment in
which subjects make costly investments in innovation, and then the most innovative project is
selected and awarded through a first-price procurement auction. In one of our two treatments,
the bidder who proposes the most innovative project in the first stage receives a bid preference
in the auction.

The theory predicts that the bid preference scheme should indeed boost innovation, but at
the cost of a higher awarding price in the auction. Our experimental results confirm the former
prediction; however, we find that the bid preference does not result in an extra-payment for
the buyer. To explain this puzzle, we search for the presence of a sunk cost fallacy in individu-
als’ behavior. We provide robust evidence of this bias from two sources. First, in a subsequent
Becker-DeGroot-Marschak task played by subjects after the main experimental task, we show
that incurring a sunk entry cost causally increases subsequent offers. Second, a Quantal Re-
sponse Equilibrium model of our procurement of innovation game confirms the presence of a
significant reverse sunk cost fallacy. However, the introduction of the bid preference appears to
weaken the strength of this bias, which ultimately explains our puzzling result regarding the
awarding price.

JEL classification: C90; D44; H57.
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1 Introduction

In OECD countries, public procurement accounts for around 13% of GDP (OECD, 2017a).
The recent and widespread tightening of government budgets has increased interest in
fostering innovation through public procurement as a way to improve the productivity
of public spending and to promote competitiveness and growth. Successful examples
of government involvement as both a user-demander and a financer-producer of innovation
have further highlighted this potentialEl It is thus not surprising that almost 80% of OECD
countries currently adopt measures to support innovation through procurement (OECD,
2017).

The procurement of valuable innovation involves two fundamental steps. The first
step is to motivate R&D efforts and investments to develop ideas and design innovative
solutions. The second step is implementation (or commercialization): ideas and inno-
vative solutions must then be translated into products and services efficiently and cost-
effectively. Achieving both objectives simultaneously is a delicate task, as it requires ad-
dressing the well-known trade-off between incentivizing innovation and promoting com-
petition.

One solution to this trade-off in a public procurement setting is to reward the firm that
proposes the best innovation with an advantage at the time of awarding the contract for
project executionEl In this paper, we study this practice through a laboratory experiment.
Specifically, in the first stage of the experiment, which we refer to as the innovation stage,
suppliers compete to submit innovative proposals that involve costly investments (or re-
search efforts). The most innovative proposals are then selected and announced, and in
the second stage — the auction stage — suppliers compete for the right to execute it in a
tirst-price, private value procurement auction. The crucial element is that the supplier
that submitted the most innovative proposal in the innovation stage can (treatment B) or
cannot (treatment S) be granted an advantage (bid preference) over the other supplier in
the auction stage.

Our study is the first attempt to experimentally investigate a setting in which the re-
sults of both stages of the innovation procurement process are endogenously determined.
In particular, our objective is to assess whether and to what extent the introduction of a
bid preference in the auction stage affects incentives to innovate in the first stage and the
overall performance of this procurement of innovation process. A notable feature of our
setup is that investments in innovation are made upfront and, thus, they are sunk when
suppliers compete in the auction. Given the vast empirical evidence showing that both
laboratory subjects and real-world agents are often prone to a sunk cost fallacy, it is natural
to investigate whether such bias is present in our setting and, if so, what its implications
are for bidding behavior and the overall procurement outcome.

Our main findings can be summarized as follows. First, the introduction of a bid pref-
erence in the auction stage does indeed stimulate higher investment in the innovation

For example, the research commissioned by the US government in the 1960s to develop computer net-
work communications, which laid the groundwork for the Internet, and the US supercomputing procure-
ment program, which led to the development of the first processor on a chip.

2In the literature, this practice is referred to by various terms, including “bid preference”, “bid subsidy”,
“bid credit”, “bonus system”, “bid discount”, and “price preference”.



stage, as predicted by theory, although the observed effect is weaker than expected. Sec-
ond, when looking at the effects of the first stage on the second, we observe that suppliers,
upon bidding in the auction, respond to the outcome of the innovation stage beyond what
is predicted by the theory. Theoretically, there should be no other link between the out-
come of the first stage and the bidding behavior, besides the fact that, when there is a bid
preference, the supplier that submitted the most innovative proposal, having an advan-
tage in the auction, should bid less aggressively: this softens competition, thus increasing
the expected price paid by the buyer. Although we do indeed observe such bid spread in
the treatment with bid preference, as expected, we do not see any significant difference in
the expected price paid by the buyer with respect to a standard auction.

To explain this discrepancy, we show that subjects in both treatments exhibit a sunk
cost fallacy: their bids in the auction stage increase with the investment cost incurred in
the innovation stage. Interestingly, this bias operates in the reverse direction of what is
typically observed. Rather than responding to a large sunk investment by reducing their
bids in order to win and justify the initial expense, subjects do the opposite: they increase
their bids, lowering their chances of winning in exchange for a higher potential profit. A
Becker-DeGroot-Marschak task (with entry) played after our main experiment provides
further and clean evidence that subjects are indeed prone to this bias.

Although this reverse sunk cost fallacy is observed in both treatments, our structural
analysis shows that it is stronger when the bid preference is absent, and this helps explain
why there is no significant difference between treatments in the price paid by the buyer
to the winning bidder. We conjecture that this difference in the strength of the bias is
related to the cognitive load associated with each treatment. In the setting without bid
preference, the contract is awarded through a standard first-price auction, and subjects
appear to focus more on the sunk investment they have just made, bidding higher to
secure a satisfactory payoff in case of winning. In contrast, the setting involving the bid
preference is cognitively more demanding, as subjects must take into account that their
bids are treated differently in the determination of the winner. This complex awarding
rule is likely to capture most of their attention in the bidding stage, making the sunk cost
less salient. In other words, the higher cognitive load induced by the introduction of the
bid preference may partially de-bias participants, reducing the impact of the sunk cost
fallacy. As a result, the expected drawback of the bid preference scheme -— namely, a
higher price paid by the buyer — does not materialize.

The remainder of the paper is structured as follows. Section 2 reviews the relevant
literature. Section 3 describes the experimental design. Section 4 presents the theoretical
predictions. Section 5 reports and discusses the results of the experiment, including a
structural analysis. Section 6 concludes.

2 Related literature

It is well known that innovation is a crucial engine for productivity and economic growth
(see, e.g., (Griffith et al., 2004). However, market economies tend to underprovide R&D
(see, e.g.,|Arrow,, 1972) due to the public good nature of innovation.

These facts have supported the development of demand-side innovation policies and,



in particular, have drawn attention to the potential of governments” substantial purchas-
ing power to promote innovation (Cabral et al., 2006), giving rise to a growing body of
literature on the “public procurement of innovation” (see the surveys by [Cabral et al.,
2006, lossa et al., 2018, and Chiappinelli et al., 2025). On the one hand, studies have
estimated the impact of public procurement on private R&D investment (Slavtchev and
Wiederhold, 2016)), on the long-term profitability of businesses (Howell, 2017), and on the
determinants of successful R&D contests (Bhattacharya) 2021} and Decarolis et al., 2021).
On the other hand, in a number of recent reports and official initiatives by the European
Commission (e.g., the “Guidance on Innovation Procurement” delivered in 2021) and the
OECD (OECD, 2017), the potential of public procurement of innovation has been empha-
sized and encouraged in its application.

This debate has naturally drawn attention to the design of appropriate incentives to
boost innovation through public procurement. Several theoretical contributions (Bennett
and lossal 2006; |Chen and Chiu, 2010; Hoppe and Schmitz, [2013; lossa and Martimort,
2012) and one experiment (Hoppe et al., 2013) have emphasized the innovation potential
associated with public-private partnerships, intended as the bundling of project design
and implementation tasks under a single contractor or consortium. These papers focus
mainly on post-contract (and non-verifiable) cost-reducing innovations, and notably do
not address the problem of optimal selection among multiple contractors. In such settings,
bundling encourages innovation by allowing the consortium to internalize its benefits.

When, instead, several potential suppliers are involved and the challenge is to incen-
tivize research efforts prior to contracting, assigning both tasks under a single contractor
is not necessarily optimal. A contractor selected on the basis of a project’s innovative-
ness might not be the most efficient one to implement it. This more general setting is
considered by Che et al.| (2021)). In their framework, firms develop and submit research
ideas whose value is observable and positively influenced by their research efforts. In the
subsequent production stage, each firm submits a bid for each proposed research idea.
The contracting authority then selects both the project to be implemented and the firm
to carry it out, thus implying that the implementing firm may differ from the proposing
firm. They show that the optimal mechanism involves a trade-off between incentivizing
R&D and achieving allocative efficiency at the implementation stage. Specifically, to en-
courage research effort, the awarding rule is distorted in favor of firms that submitted
more innovative proposals, meaning that project execution may not be awarded to the
lowest-cost bidder. The optimal mechanism thus illustrates the effectiveness of produc-
tion rights, such as bid preferences, as a tool to incentivize innovation, even if this may
increase implementation costsEl

Our paper is closely related to |Che et al.| (2021), as we implement in the lab a stylized
version of their optimal mechanism to explore how this trade-off is resolved by experi-
mental subjects. In particular, compared to their model, we consider a simplified setting
with only two suppliers, deterministic innovation, project selection occurring before the
auction, and a first-price auction in which the innovating firm may receive a (fixed) pref-
erential treatment instead of the optimal mechanism.

3See Hodges and Dellachal (2007) for a discussion of this type of mechanism and the various forms used
in practice. Recently, bid preference schemes have become common in Green Public Procurement, favoring
firms that adopt green technologies (see |Chiappinelli and Seres) 2024).
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Our paper also indirectly contributes to the literature on auctions in which bids or
bidders are treated asymmetrically, for various reasons. McAfee and McMillan (1989), in
the context of international trade, show that if foreign firms have cost advantages, gov-
ernments should discriminate in favor of domestic firms to stimulate competition and
minimize expected procurement costsﬂ Marion| (2007) empirically studies bid prefer-
ences for small businesses in California highway procurement auctions and finds that
procurement costs were 3.8% higher when bid preferences were applied. He attributes
this increase to decreased participation by large firms in subsidy auctions. Krasnokut-
skaya and Seim! (2011) estimate a structural bidding model using a dataset on Californian
highway subsidy procurement auctions, and employ simulations to evaluate alternative
preference policies. |Athey et al. (2013) investigate set-asides in US Forest Service tim-
ber auctions and use the results to estimate the impact of bid preferences on the same
dataset. |Corns and Schotter (1999) contrast these empirical findings with experimental
evidence, showing that bid preference rules can increase both minority representation and
cost-effectiveness if the preference level is appropriately calibrated. However, in order to
make such a choice, the cost distributions of the bidders must be known.

Finally, our paper contributes to the literature on the sunk cost fallacy, a well-known
psychological phenomenon whereby individuals violate the principle that past sunk costs
should be irrelevant to current decisions. The conventional view holds that the sunk cost
fallacy manifests itself as a “tendency to continue an endeavor once an investment in
money, effort, or time has been made” (Arkes and Blumer, 1985, p. 124), even when
continuing is not optimal. This view is supported by a number of hypothetical surveys
(see, e.g., |Arkes and Blumer, (1985, |/Arkes and Ayton, (1999, Strough et al., 2008, Molden
and Hui, 2011) and some anecdotal evidenceﬂ Various behavioral explanations have
been proposed, including waste aversion (Arkes and Blumer| [1985; |Arkes and Ayton,
1999), self-justification (Staw, [1976), prospect theory (Whyte, 1986), mental accounting
(Ho et al} 2018), limited memory (Baliga and Ely} 2011), and self-control commitment de-
vices (Eswaran and Neary, [2016; Hartig|, 2017; Hong et al., 2019). Despite this conventional
view, there is little conclusive evidence from incentivized experiments that individuals
actually fall prey to this bias. Friedman et al. (2007) find a surprising small effect, and in
Phillips et al.| (1991), only one-quarter of participants behave in accordance with the bias.
More importantly, several experiments have documented a reverse sunk cost effect: the
greater the resources already invested, the less committed subjects become to continuing
the project. For example, after a large initial investment, subjects often quit the project
earlier than is optimal. This reverse sunk cost fallacy is clearly documented by Negrini
et al. (2022) and is also observed in a few participants in Phillips et al.| (1991) and in the
benchmark treatment of Baliga and Ely (ZOll)EI In this respect, by finding a positive rela-

4They suggest a rough rule of thumb to determine the appropriate preference level: use one-third of
the percentage difference between the means of the cost distributions of the two types of firms as the price
preference. This rule assumes uniform cost distributions.

SFor instance, the sunk cost fallacy is often invoked to explain why politicians continue over-budget pub-
lic projects or why firms keep investing in unprofitable ventures (hence the term Concorde effect). Augenblick
(2016) explains bid escalation in penny auctions as an instance of sunk cost fallacy.

®In Baliga and Ely| (2011), the reverse sunk cost fallacy is referred to as the pro-rata effect. Interestingly,
they observe this bias in the benchmark treatment, where, according to their behavioral model, no bias



tionship between investment costs in the Innovation stage and bids in the Auction stage,
our paper provides further evidence that the sunk cost fallacy may also manifest itself in
this reverse direction.

3 Experimental design

The experiment consists of two consecutive games, described in the following. The first
game, called “Procurement of Innovation Game”, is meant to address our main research
question as it embodies the two fundamental steps of innovation — R&D and implementa-
tion — in a single procurement setting. In the Procurement of Innovation Game, the buyer
solicits the submission of proposals, selects the most innovative one, and — provided it is
sufficiently satisfactory — proceeds to its execution by auctioning it off among the same
firms that submitted the proposals in the first place. The experimental subjects play the
role of potential suppliers who strategically interact to yield innovative proposals and
then eventually sell the most innovative project to the buyer.

One crucial element of the Procurement of Innovation Game is that the investment in
innovation is made upfront and thus represents a sunk cost for the suppliers. Informed
by the literature on the sunk cost fallacy, we suspected that this bias may alter suppliers’
behavior and eventually affect the outcome of the procurement process.

The second game of our experiment, called “Market Game”, is specifically designed to
better isolate the sunk cost fallacy. Like the Procurement of Innovation Game, the Market
game involves two stages and a sunk investment in the first; however, it is immune from
strategic interactions, as each subject simply plays the role of a seller who attempts to sell
a hypothetical object to an automated buyer.

The details of the Procurement of Innovation Game and of the Market Game are de-
scribed in the following.

3.1 Procurement of Innovation Game

The Procurement of Innovation Game (PING, henceforth) consists of two sequential stages,
the innovation stage and the auction stage, and involves two active players, numbered 1 and
2, who act as suppliers that invest in innovation and then compete for the right to execute
the most innovative project for a fictitious automated buyer. The idea is that the innova-
tion stage determines the characteristics — specifically, the degree of innovativeness — of
the project that is later auctioned off in the auction stage.

In the innovation stage, the two suppliers simultaneously choose a level of innovation,
which must be an integer in the set {0,1,2,3,4}. Let i; and i denote the innovation levels
chosen by suppliers 1 and 2, respectively. Innovation is costly: choosing an innovation
level i entails an investment cost k(i) = i?. The supplier who chooses the higher innova-
tion level is designated the innovator (denoted by I), while the other becomes the challenger
(denoted by C); we let i; = max {i1, i} denote the innovation level chosen by the innova-
torﬂ Crucially, 77 defines the degree of innovativeness of the project that is then auctioned

should be present.
’Ties in innovation levels are broken randomly.



off.

At the end of the innovation stage and before entering the auction stage, suppliers
learn their role, I or C, and the value of i;. In the auction stage, the two suppliers compete
for the right to execute the project: they privately observe their own production costs,
cy and cc, that are independently drawn from a discrete uniform distribution over the
integers from 0 to 100, and simultaneously submit bids, denoted b; and bCEI Bids must be
integers and cannot exceed the reserve price, set at 135.

The winner of the auction is determined by one of the two allocation rules described
below. However, there is a commonly known probability that the auction will be revoked
ex-post. Specifically, the probability that the auction is not revoked is:

1+
q(ll)_ 5 /

which increases with the innovation level of the project, as determined in the innovation
stageﬂ If the auction is revoked, the project is not executed. If the auction is not revoked,
the project is executed: the winner is paid her bid and incurs her production cost. Note
that the two stages of the game are linked in two respects: (i) the innovation stage de-
termines the roles, either I or C, that the two suppliers have in the auction stage; (ii) the
innovation level i; affects the probability that the project is implemented.

The suppliers” monetary payoffs are given by the (algebraic) sum of their initial en-
dowment of 16 and the gains/losses obtained in the two stages. In the innovation stage,
each supplier bears the cost associated with her innovation choice. In the auction stage,
the winner’s payoff is the difference between her bid and her production cost, if the auc-
tion is not revoked, it is zero otherwise; the loser’s payoff is always zero. In particular, the
investment costs are sunk: they are incurred regardless of whether the project is executed
or not.

We implemented two treatments that differ in how the winner of the auction is deter-
mined. In treatment S (Standard), the lowest bid wins. In treatment B (bid preference),
I is given an advantage over C: in particular, for the sake of the winner’s determination,
the bid of C is increased by a multiplicative factor equal to 1.5. In other words, C wins the
auction only if 1.5 x bc < br. Notice that the multiplicative factor 1.5 does not affect the
payment to the winner of the auction. In other words, if 1.5 x bc < bj, C wins the auction
and is then paid her genuine bid b¢, not her augmented bid (1.5 x bc)m

3.2 Market Game

The Market Game (MG henceforth) includes two sequential stages like PING, but lacks
strategic interaction between subjects. Specifically, each subject receives an initial en-
dowment of 9. In the first stage, the subject is randomly assigned an entry cost e €

8The cost distribution is the same for both roles (i.e., the innovator has no cost advantage). This captures
the pure public good nature of the innovation.
9In the experiment, revoking the auction is determined after the auction stage to gather more data. Con-
ceptually, however, it corresponds to a decision made by the buyer upon receiving and evaluating proposals.
Importantly, the execution decision is stochastic but independent of the auction stage.
19As in the innovation stage, ties in the auction are broken randomly.
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{0,1,2,3,4,5,6,7,8,9}, and then chooses whether to Enter or Not. If the subject does not
enter, the game ends and the subject’s payoff is equal to the initial endowment of 9. If,
instead, the subject decides to enter, she bears the entry cost and proceeds to the next
stage.

In the second stage, the subject is assigned a production cost, randomly drawn from
the set of integers between 0 and 15. Given the production cost, the subject chooses a
selling offer for a hypothetical object that must be an integer number between 0 and 30.
This is then compared to a randomly generated buying offer, also an integer between 0
and 30. If the buying offer is greater than or equal to the selling offer, the object is sold:
the subject is paid the buying offer and incurs the production cost. Otherwise, no trade
occurs, and the subject earns nothing in this s’cagelﬁ3

3.3 Procedures

Upon arrival, subjects were randomly assigned to computer terminals. At the begin-
ning of the session, subjects were told that they would have participated in two consecu-
tive games (referred to as “experiments” in the instructions) and that their final earnings
would have been determined according to the results of one game only, randomly se-
lected at the end of the experiment. The instructions for each task were distributed and
read aloud at the beginning of the corresponding game (instructions for treatment B of
PING are included in the Online Appendix). Before each game, subjects answered control
questions to ensure comprehension. When needed, questions were checked and explained
privately. Each session included 15 repetitions of the first game and 10 of the secondE|

At the beginning of PING, the computer randomly formed 4 rematching groups, each
containing 6 subjects. The composition of the rematching groups remained unchanged
throughout the game. In each period of PING, subjects were anonymously and randomly
paired within these groups, with the rule that no subject faced the same opponent in two
consecutive periods)™| No rematching groups were needed in MG of the second phase, as
subjects did not strategically interact with each other.

In PING, at the end of the innovation stage, each subject was shown her own choice
(and cost), her assigned role (either I or C), the innovation level chosen by the innovator
(i1), the resulting probability of revocation, and her production cost. At the end of the
auction stage, a summary of the results of both stages was displayed, including whether
the auction was revoked and the subject’s total earnings.

In MG, a subject who chose to enter and bear the corresponding cost was shown her
decision (and entry cost), and her production cost; at the end of the game, the screen
displayed the buying offer, the trade outcome, and the subject’s earnings.

Before confirming their choices, subjects could simulate the consequences of their de-
cisions on the screen: investment costs, auction outcomes, probability of revocation, trade
possibility, and earnings.

HNote that the second stage of MG is a Becker-DeGroot-Marschak task (Becker et al.,[1964).

12We use the terms repetition and period interchangeably.

13With 6-person groups, subjects interacted with the same opponent every 5 periods on average. While
not a perfect stranger protocol, this left little room for repeated-game strategies. The rematching protocol
was aimed at increasing independent observations and facilitating non-parametric robustness checks.
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We ran 3 sessions for each of the 2 treatments of PING, each involving 24 subjects, thus
producing 12 independent observations at the rematching group level. The second part
(MG) was identical across sessions.

The experiment was conducted at VERALabEXx, University of Venice, between January
and March 2023. The participants were mainly undergraduate students, recruited through
the VERA-Lab online system. The experiment was computerized using the z-Tree software
(Fischbacher, 2007). Prices, costs, and earnings were denominated in points. At the end
of each session, one of the two experimental games was randomly selected to determine
the payments to the subjects, and the experimental points were converted into euros and
paid privately in cash. In order to ensure the same expected payment for the two games,
we used two different exchange rates: 33 points for 1 euro in PING and 12 points for 1
euro in MG.

On average, subjects earned approximately 15 euros (including a show-up fee of 4 eu-
ros) for sessions lasting 75 minutes, including instructions and payment. Before leaving,
participants completed a short questionnaire on demographics and perceptions of the ex-
perimental task.

4 Theory and predictions

4.1 Procurement of Innovation Game (PING)

For the two treatments of PING, we derived testable predictions from the Perfect Bayesian
Equilibria (PBE) of these games, assuming that both suppliers are risk-neutral, i.e. their
payoffs correspond to their monetary earnings@ In light of the sequential structure of the
games, we proceed backward, first analyzing the auction stage and then the innovation
stage.

4.1.1 Auction stage

With risk-neutral and rational suppliers, bidding behavior in the auction stage is unaf-
fected by the innovation level chosen in the innovation stage for two reasons: (i) upon
bidding in the auction, the investment decisions made by the suppliers in the innovation
stage are sunk; (ii) ij, the innovation level chosen by the innovator affects g(i;) -— the
probability that the auction outcome is implemented -— but a rational bidder should fo-
cus solely on her expected payoff from the auction, conditional on it being implemented.
In treatment S, subjects’ roles are irrelevant in the auction stage, and thereby, in equilib-
rium, the two suppliers behave symmetrically. In contrast, in treatment B, the roles are
crucial, as the bid preference gives a competitive advantage to the innovator. As a result,
the equilibrium is asymmetric.

Figure|l|shows the equilibrium bids in the auction stage for the two treatments, S and
B.

14Equilibria are derived in the Appendix.
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Figure 1: Equilibrium bidding functions in the auction stage for treatment S (light grey
line) and B (blue line for the innovator, orange line for the challenger).

As is intuitive, in treatment B the bidding function of the challenger lies below that
of the innovator. Moreover, certain types of challenger — those with production costs
greater than 84 -— have no chance of winning the auction, as their augmented bids exceed
the innovator’s maximum bid (125)E| The (symmetric) equilibrium bidding function in
treatment S lies between the innovator’s and the challenger’s bids in treatment B.

Table [I| summarizes the equilibrium results for the auction stage in terms of the ex-
pected winning bid, the expected production cost of the winner, the probability that the
innovator wins and the expected payoffs (conditional on the auction not being revoked).

Table 1. Auction stage: Equilibrium analysis.

E[bw] Elcw] Pr[Iwins] 7 ide
S 6658 33.17 0.50 16.71 16.71
B 7186 33.72 0.58 26.89 11.24

It is important to note that, in treatment B, despite the innovator bidding higher than
the challenger, the former wins more often than the latter, thanks to the bid preference. As
a result, the winning bid in treatment B tends to be higher than in treatment S. Moreover,
since the innovator’s and the challenger’s production costs are drawn from the same dis-
tribution, the fact that, in treatment B, the innovator wins more frequently than the chal-
lenger implies that the project is sometimes inefficiently allocated —- i.e. the innovator
sometimes wins even if her production cost is higher than that of the challenger. In con-
trast, in treatment S, the project is always allocated efficiently. As a result, the expected

15Note that in both treatments the highest equilibrium bid is well below the experimental reserve price of
135.
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production cost of the winner in treatment B is larger than in treatment S.

4.1.2 Innovation stage

Let i1 and i, denote the innovation levels chosen by the two suppliers, and let 717 and 77¢
be the equilibrium payoffs of the innovator and the challenger in the auction stage. If
i1 > ip, then supplier 1 is the innovator, i; = max {iy, i} = i1, and supplier 1’s total payoff
is

Hl =16 — k(ll) + K](il)ﬂ[.

If iy = iy, the role of innovator is determined randomly, i; = max {i1,i2} = i1 = i, and
supplier 1’s total payoff is

(71'1 + 7l’c).

NI

Iy =16 — k(i) +q(i1)

Finally, if iy < ip, then supplier 1 is the challenger, i; = max {iy,i} = iy, and supplier 1's
total payoff is
Hl =16 — k(ll) + q(iz)ﬂ'c.

Note that the levels of 717 and 77¢ are equal in treatment S, but different in treatment B.
It turns out that the two treatments admit a symmetric equilibrium in mixed strategies:

* in treatment S, suppliers choose their innovation levels by randomizing over the set
{0,1,2}, with (rounded) probabilities {0.30,0.60,0.10};

* in treatment B, suppliers choose their innovation levels by randomizing over the
entire set of possible investment levels {0,1,2,3,4}, with (rounded) probabilities
{0.09,0.13,0.31,0.12,0.36 }.

For treatment B, the above is the unique equilibrium of the game. On the other hand,
treatment S also admits an asymmetric equilibrium in pure strategies where one supplier
chooses i = 2 and the other chooses i = 0. However, our analysis will focus on the
symmetric mixed equilibrium, which does not require coordination by bidders.

Table ] presents the implications of the mixed equilibria described above in terms of
innovation level, corresponding cost, and probability that the auction is executed.

Table 2. Innovation stage: Equilibrium analysis.

Eli] E[ij] Elic] E[k(i)] E[k(i;)] Elk(ic)] El[q(ii)]
S 080 1.10 0.50 1.01 1.49 0.52 0.42
B 254 326 1.81 8.17 11.61 4.72 0.85

In treatment B, the average level of innovation chosen by the suppliers is three times
higher than in treatment S. The same is true for the expected value of i;, which corre-
sponds to the level of innovation eventually incorporated into the project. As a result, the

16Since the game is symmetric, the payoff of supplier 2 is symmetric to that of supplier 1.
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probability that the auction is executed in B is two times higher than in S. Observe, finally,
that the average cost borne by the challenger is much higher in B: this has relevant welfare
implications, as this cost represents a net social loss.

4.1.3 Testable predictions

The previous theoretical analysis is based on the standard hypothesis of fully rational,
risk neutral players (and equilibrium behavior). This benchmark model yields clean pre-
dictions that can be tested through our experiment. First, from the point of view of the
buyer, the bid preference scheme produces a trade-off: it triggers more innovation (which
is beneficial for the buyer), but makes the buyer pay a higher price for the execution of the
projectm Second, regardless of whether the bid preference is present or not, the behavior
of bidders in the auction stage should not be affected by the level of investment made in
the innovation stage, as this is totally sunk for the bidders. We summarize these results
in the following predictions that represent our main null hypotheses to be tested in the
experiment.

(P1) The expected level of innovation is higher in treatment B than in treatment S.
(P2) The expected winning bid is higher in treatment B than in treatment S.

(P3) In the equilibrium of the auction stage, bidding functions are unaffected by the investment
made in the innovation stage.

Although we are mainly interested in the effects of the bid preference from the buyer’s
viewpoint, the theoretical analysis highlights that a similar trade-off also affects the social
welfare: the introduction of a bid preference, beyond generating more innovation (pre-
diction P1), exacerbates the duplication of investment costs in the innovation stage and
does not always yield an efficient allocation of the project to the lower cost supplier in the
auction stage. We then add the following testable prediction regarding the inefficiency
triggered by the bid preference scheme.

(P4) The expected investment in innovation made by the challenger is greater in treatment B than
in treatment S. Moreover, the expected production cost of the winner of the auction is higher
in treatment B than in treatment S.

7To determine the optimal solution to this trade-off, one should set out the payoff function of the buyer.
We refrain from doing so, as any choice would be somewhat arbitrary. Our goal is just to examine if and to
what extent this trade-off is confirmed by experimental data.

18Note that (P1), (P2) and (P3) correspond to the hypothesis (HP1), (HP4-1) and (HP3-1) pre-registered
on AsPredicted.org (https://aspredicted.org/dg95u.pdf). In the pre-registration, we also included alterna-
tive behavioral hypotheses, based on the sunk cost fallacy, a bias that we suspected to possibly emerge in
PING. These alternative hypotheses are discussed later in the paper (see Section 5.3). Notice also that the
aforementioned pre-registration form also envisages two treatments that are the counterparts of treatments
S and B, but where the innovation stage is suppressed and the roles (either I or C) are assigned randomly.
In the current paper, we concentrate on treatments S and B only, as our focus here is on the use of a bid
preference as an incentive to boost innovation. The results of the other two treatments will be analyzed in a
separate paper centered on the study of the effect of the sunk cost fallacy in strategic contexts like auctions.
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Finally, the analysis of the auction stage yields the following additional predictions
concerning the shape of the equilibrium bidding functions.

(P5) In the equilibrium of the auction stage:

(a) bidding functions are strictly increasing in production costs;

(b) in treatment B, for all production costs, the bid of the challenger is below that of the
innovator, but the innovator wins more often than the challenger;

(c) in treatment S, for all production costs, the bid of the challenger and the bid of the
innovator are equal;

(d) for all production costs, the bid of both bidders in treatment S is above the bid of the
challenger in treatment B, and below the bid of the innovator in treatment B.

4.2 Market Game

To determine the optimal decision of a risk neutral seller in MG, suppose that the seller
has decided to enter, and has been assigned a production cost equal to . It is immediate
to verify that it is always optimal for a subject to make a selling offer that is exactly equal
to . Notice that this is the optimal selling offer regardless of the risk propensity of the
seller[[

Going backward to the entry decision, since the expected payoff of a seller that enters
is 8.9, it is optimal to enter if the entry cost is less than or equal to 8, while it is optimal not
to enter only when the entry cost is equal to 9.

5 Experimental results

The experimental results are presented in three steps. First, we focus on PING to shed
light on the above mentioned trade-offs affecting both the buyer’s and the social wel-
fare. Second, we look at the observed bidding behavior in PING, and we study the main
determinants of the innovator’s and the challenger’s bids and how they respond to the in-
troduction of the bid preference. Having documented an important discrepancy between
the predicted and observed behavior, we finally investigate whether the sunk cost fallacy
hypothesis is able to explain such a puzzle. In particular, after presenting prima-facie ev-
idence in favor of the sunk cost fallacy hypothesis in the context of MG, we structurally
isolate this behavioral component in PING by specifying and estimating a Quantal Re-
sponse Equilibrium model that includes a sunk cost fallacy parameter.

YThe argument is the same as the one showing that, in a second-price auction, it is a weakly dominant
strategy to bid one’s cost. In fact, like in a second-price auction, in MG the payment received by the seller
in case of trade does not depend on the selling offer. Therefore, the selling offer only determines whether
or not trade takes place. Now, for the seller it would be optimal to trade whenever the buying offer (which
corresponds to the selling price if trade takes place) is greater than -, while it would be optimal not to trade
in the opposite case. A selling offer equal to y ensures that the optimal outcome is implemented for all
possible buying offers.
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5.1 The trade-offs in buyer’s and social welfare

Table 3| reports the descriptive statistics, distinguished by treatment, of the key outcome
variables of PING: the investment levels in the innovation stage, the winning bid and the
production cost of the winner in the auction stage.

We begin our analysis by focusing on the two determinants of the trade-off affecting
the buyer’s surplus: the presence of a bid preference stimulates innovation (prediction
(P1)), but at the cost of a higher expected payment to the winning bidder (prediction (P2)).

Concerning innovation, results are in line with prediction (P1): the presence of a bid
preference in treatment B generates a significantly higher innovation than in treatment S
(p = 0.022)F_U| However, while in treatment B we find no difference between the observed
level of innovation and what theoretically predicted (p = 0.105), subjects in treatment S
invest more than expected (p < 0.001). This over-investment partially, but not completely,
closes the predicted gap between the two treatments. Finally, as a robustness check, we
compare the innovation levels in B and S at the individual level, pooling data from all bids.
The results confirm that innovation levels are higher in treatment B than in treatment S
(see Appendix B, Table[C2).

Concerning the winning bid, the key finding is that, contrary to what was predicted
by (P2), the winning bids are not statistically different between treatment B and treatment
S (p = 0.933). Furthermore, in both treatments, the winning bids are substantially lower
than their theoretical values 21|

Hence, the predicted trade-off affecting the buyer’s surplus is not observed in the lab:
while the bid preference effectively stimulates innovation (though the stimulus seems
weaker than expected), it does not come at the cost of a higher price paid by the buyer
to the winning bidder.

We now turn our attention to the trade-off that affects social welfare. As stated in
prediction (P4), the positive impact of the bid preference on the realized level of innova-
tion is accompanied by allocative inefficiencies: a higher duplication of investments in the
innovation stage, and a higher production cost of the winning bidder.

Prediction (P4) is (weakly) confirmed in the data: the observed production cost of the
winning supplier is somewhat higher in treatment B than in treatment S (p = 0.072).
Notice also that this is larger than predicted in both treatments, indicating that subjects do
not consistently behave as suggested by theory. In addition, the investment in innovation
made by the challenger is significantly higher in treatment B than in treatment S (p =
0.018). Notice also that the innovation level chosen by the challenger is in line with its
predicted level in treatment B, but significantly higher in treatment S, again reducing the
expected gap in innovation between the two treatments.

20For the rest of the subsection, between-treatment differences in outcome variables are tested by using
two-way linear random-effects models that account for both potential individual dependency over periods
and dependency within rematching group. Models’ outcomes are reported in Table|C1|in Appendix B.

2I'The predicted winning bid is defined as follows: For treatment S, it is the theoretical bid of the supplier
with the lowest production cost; for treatment B, where the lowest-cost supplier is not guaranteed to win,
the prediction methodology accounts for the uncertainty at the beginning of the game about the innova-
tor status. We calculated the theoretical winning bid under two equally likely scenarios — one for each
bidder becoming the innovator — and defined the final predicted winning bid as the average of these two
outcomes.

14



Table 3. Investment levels and bids in PING: descriptive statistics, by treatment.

Treatment B S
i 2.998 2.502
(1.157) (1.112)
i 3.262 1.105
N 0) (0)
i —ip -0.271 1.386%**
(0.167) (0.137)
ic 1.561 0.983
(1.365) (1.118)
ic 1.831 0.500
_ (0) (0)
ic —ic -0.282 0.481***
(0.212) (0.112)
W 52.52 51.57
(27.65) (22.06)
bW 72.05 66.04
(16.73) (11.76)
bW — pW -19.391*** 14111
(1.792) (1.594)
il 38.89 35.46
(26.81) (25.47)
W 34.31 32.09
(25.02) (23.53)
N W 4.574%%* 3.366***
(0.661) (0.462)
Observations 540 540

Notes. This table reports descriptive statistics (standard deviations in parentheses) of the auction
stage in PING, distinguished by treatment. i; and ic are the observed average innovation levels of
the innovator and the challenger, respectively. b" and "V are the observed average winning bid

and production cost of the winning bidder, respectively. iy, ic, bW and ¢V are the corresponding
predicted average values. The table also reports parametric estimates (standard errors in paren-
theses) from two-way linear random-effects models accounting for both potential individual de-
pendency over periods and dependency within rematching group. The dependent variable is the
difference between observed and predicted values, and the regression includes only the constant
term as a regressor. Significance levels are denoted as follows: *p < 0.1, ** p < 0.05, *** p < 0.01.
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We summarize the previous results in the following statements.

Result 1. Bid preference and buyer’s surplus in PING. The presence of the bid preference
stimulates innovation, but it does not alter the winning bid in the auction stage.

Result 2. Bid preference and social welfare in PING. The presence of the bid preference leads
to a higher investment cost borne by the challenger and a higher production cost of the winning
supplier.

5.2 Bidding behavior

Based on the previous analysis, we are led to reject prediction (P2): there is no significant
difference in the winning bids in the auction stage between the two treatments. In addi-
tion, in both treatments, the winning bid seems to be lower than what was theoretically
predicted. To shed light on these discrepancies, we examine in depth the bidding behavior
in the auction stage of PING. Specifically, we are interested in studying the determinants
of the innovator’s and the challenger’s bids, how they respond to the introduction of the
bid preference, and whether they align with the predicted levels.

The descriptive statistics on the innovator’s and the challenger’s bids are presented in
Table

Table 4. Bids in the auction stage of PING: descriptive statistics, by treatment.

Treatment B S
All I C All I C
b 6780 7570 5990 6675 67.43 66.07
(31.42) (30.18) (30.67) (26.81) (27.15) (26.48)
b 7888 9078 6699 7435 7458 74.12
(20.12) (15.89) (16.56) (14.43) (14.36) (14.50)
(b—1)/b 0151 -0.175 -0.126 -0.122 -0.115 -0.129
(0.345) (0.297) (0.387) (0.285) (0.292) (0.278)
Observations 2160 1080 1080 2160 1080 1080

Notes. This table reports descriptive statistics (standard deviations in parentheses) of observed
(b) and predicted bids (E) in the auction stage of PING, as well as the corresponding levels of
relative underbidding, defined as (b — b)/b. Columns I and C refer to the bids of the innovator
and the challenger, respectively.

A consistent pattern emerges: observed bids are systematically lower than their the-
oretical levels in both treatments and for both statuses. To better quantify this gap, we
define a measure of relative underbidding as the difference between the observed and pre-
dicted bids, divided by the predicted levelﬁ We find that bids are on average 15.1% lower

22Underbidding in our procurement setting where bidders are sellers corresponds to overbidding in stan-
dard auctions, namely a situation in which bidders (buyers) place higher bids than theoretically predicted.
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than predicted in treatment B and 12.2% lower in treatment S. This pattern of underbid-
ding continues to hold even when we distinguish by supplier’s role: in treatment B, the
innovator’s bids are 17.5% lower than predicted, while those of the challenger are 12.6%
lower; in treatment S, instead, underbidding is relatively similar between the innovator
(11.5%) and the challenger (12.9%).

Table[5|(columns 1 and 2) parametrically investigates the determinants of bids, pooling
data from both treatments. Estimates in column 1 show that there is no statistically sig-
nificant difference in bids between the two treatments, an evidence that further supports
the rejection prediction (P2). The specification in column 2 allows us to test prediction
(P5) concerning the determinants of bidding behavior in the auction stage of PING. First,
the effect of the production cost is as expected (prediction P5-a): a higher production cost
translates into a higher bid (p < 0.001). It is worth noticing that this effect is approxi-
mately 10% weaker in treatment B than in treatment S, as highlighted by the negative and
significant value of the coefficient of B X c¢;; (p = 0.036). Second, in line with with pre-
dictions (P5-b) and (P5-c), the innovator’s bid is significantly higher than the challenger’s
one in treatment B (for innovator + B X innovator, p < 0.001), but not in treatment S (for
innovator, p = 0.400). Third, comparing bids between treatments, we find support for
prediction (P5-d): the bid of the innovator in treatment B is significantly higher than in
treatment S (for B x innovator, p < 0.001); and the bid of the challenger in treatment B is
significantly lower than in treatment S (for B, p = 0.036).

The previous empirical observations are summarized below.

Result 3. Bidding behavior in PING. Bids are increasing in the production cost. The presence
of the bid preference makes the innovator place higher bids than the challenger. Bids in treatment
S are in between the innovator’s and the challenger’s bids in treatment B. All subjects tend to
underbid relative to what was theoretically predicted.

5.3 Bids and sunk cost fallacy
5.3.1 A parametric overview

The results of the auction stage in PING leave us with two empirical puzzles. First, in both
treatments, B and S, we observe a general tendency to place bids that are lower than the
theoretical levels. Second, and more importantly, the winning bid in treatment B is not
higher than in treatment S, which contradicts prediction (P2). This latter puzzle is crucial
because it has relevant welfare consequences, as it implies that the bid preference scheme
does not imply any extra-cost for the buyer.

While overly aggressive bidding is a largely documented phenomenon in experimen-
tal auctions and is mainly attributed to risk aversion, our puzzling result that winning
bids are the same in the two treatments calls for other potential (behavioral) explanations.
We conjecture that bidders” behavior in the auction stage might have been influenced by
the investments made in the preceding innovation stage, although these investments, be-
ing sunk, should not affect subsequent decisions. In other words, we suspect that the sunk
cost fallacy may play a role.
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Table 5. Bids in the auction stage of PING: parametric results.

Treatment B&S S
(1) (2) 3)
B 1.054 -5.561**
(2.027) (2.656)
Cit 0.706*** 0.706***
(0.021) (0.0168)
B x ¢ -0.061**
(0.029)
k(i) 0.517***
(0.134)
I 1.080 -0.795
(1.283) (1.160)
BxI 17.001***
(1.785)
Constant 66.747***  31.816*** 30.28***
(1.433) (1.867) (1.861)
Observations 2160 2160 1080

Notes. This table reports parametric estimates (standard errors in paren-
theses) from two-way linear random-effects models accounting for both
potential individual dependency over periods and dependency within
rematching group. The dependent variable is b;, the bid place by the
bidder in a period of the auction stage. Columns 1 and 2 pool data from
both treatments B and S, column 3 considers treatment S only. B is a
treatment dummy, c;; is the production cost assigned to the bidder in
the period, I is a dummy variable that is equal to 1 if the subject is the
innovator in the period and 0 otherwise, B x I is an interaction term,
and k(ij) is the investment cost borne by the subject in the innovation
stage in the period. Significance levels are denoted as follows: *p < 0.1,
**p <0.05 ***p < 0.01.
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The sunk cost fallacy is a behavioral bias that is invoked whenever the decision of
an individual is influenced by the amount of the investment (in money, effort, or time)
she has previously sunk in that course of action, despite the fact that a rational decision
maker should ignore the initial investment and concentrate solely on the effects of the
current decision. This broad definition does not say anything about the direction of this
bias. In fact, both directions have been documented in the literature. Most often, the
sunk cost fallacy is referred to as an “escalation of commitment”, whereby the decision
maker tends “to continue an endeavor once an investment has been made, even if it is not
optimal to do so” (Arkes and Blumer), 1985). Generally speaking, the individual is more
willing to take an action that confirms or justifies the initial investment. This standard
view of the sunk cost fallacy has also been named Concorde effect, inspired by the fact that
France and Britain continued to invest in the Concorde supersonic jet, albeit it was known
it was going to be unprofitableEl However, more recent evidence has also documented a
reverse sunk cost fallacy, whereby a higher investment made in a certain course of action
makes the decision maker less willing to continue on that project, as if a large sunk cost
reduced the attractiveness of the project with respect to quitting it (the individual does
not want “to throw good money after bad”). Interestingly, this reverse sunk cost fallacy
could explain full cost pricing, the practice by which firms often incorporate sunk costs
in their pricing decisions, as if part of the fixed cost were converted into variable cost (for
this reason, this reverse sunk cost fallacy is also named pro-rata effect).

In the context of PING, the standard version of the sunk cost fallacy would imply
that a subject who borne a larger sunk cost in the innovation stage places a lower bid
in the auction stage, in order to increase the winning probability: in fact, only winning
the auction would psychologically confirm that the initial investment in innovation was
not useless. On the other hand, the reverse sunk cost fallacy would manifest itself in a
positive relationship between the sunk investment cost and the bid placed in the auction,
much like a firm that adopts full cost pricing. Thus, once empirically rejected the null
prediction stated in P3, the sunk cost fallacy argument leads us to conjecture the following
two alternative hypothesesEl

(P3’) STANDARD SUNK COST FALLACY. The bidding functions in the auction stage of PING are
decreasing in the investment made in the innovation stage.

(P3”) REVERSE SUNK COST FALLACY. The bidding functions in the auction stage of PING are
increasing in the investment made in the innovation stage.

To test the empirical validity of this behavioral argument, we first analyze MG, as this
game provides a clean causal test of the presence of the sunk-cost fallacy, which is immune
to confounding factors. In fact, like PING, MG involves an initial investment decision —

ZSeveral psychological and cognitive theories have been proposed to explain this behavior. For example,
individuals may have a taste for rationalizing past decisions, or they may fear to lose reputation if they
reverse course on an initial investment. Baliga and Ely| (2011) suggest that, in case of imperfect memory, a
large sunk initial investment may suggest that the project was estimated to be particularly valuable and is
thus worth continuing.

2 Hypothesis (P3’) and (P3”) correspond to the pre-registered hypothesis (HP3-3) and (HP3-2), respec-
tively (https://aspredicted.org/dg95u.pdf).
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whether or not to enter the market — that generates sunk costs, followed by a bidding
choice. However, differently from to PING, in MG: (i) there is no strategic interaction, as
each subject bids against a randomly generated offer by the computer, and (ii) by virtue
of the BDM mechanism, the theoretical bidding strategy is unaffected by the subject’s risk
attitude, and the selling offer should coincide with the corresponding production cost.

Parametric results of the basic specifications are presented in the first two columns of
Table [} Two main findings emerge from the table. First, while the seller’s production
cost 7;; assigned in the second stage is a strong and positive determinant of her selling
offer, the magnitude of the coefficient is significantly lower than its predicted value of 1
(around 0.6, p < 0.001). In other words, while the positive relationship ensures the sub-
jects” understanding of the experimental task, the coefficient’s magnitude suggests that,
on average, sellers only incorporate about 60% of a change in their cost into their offer.
Second, the entry cost e;; assigned in the first stage has a significant and positive impact
on the selling offer in the subsequent stage (p = 0.001).

These findings are robust to several alternative specifications. First, the results are
not affected by the treatment condition the subjects were assigned to in PING (for the
coefficient of S in column 2, p = 0.301). Second, results remain virtually unchanged when
we estimate a Tobit model to account for the fact that the selling offer in the second stage
of MG is truncated at 0 (see columns 3 and 4).

Finally, we address a potential sample selection bias in the analysis of the selling offers.
All regressions in columns 1-4 use data from the second stage of MG, which are available
only from those subjects who chose to enter the market and bear the corresponding entry
cost. For this reason, in columns 5 and 6, we estimate a Heckman model in which the
selection equation shapes the entry decision. The determinants of the entry decision are
the assigned entry cost, along with measures of risk tolerance and knowledge of game
theory as elicited in the post-experiment questionnaire. The selection variables are all sig-
nificant and exhibit expected signs: a higher entry cost decreases the probability of entry,
while greater risk tolerance increases it; finally, a prior knowledge of game theory reduces
the probability of entry. Crucially, after controlling for potential selection bias, the results
from the second-stage regression are fully confirmed: the (sunk) entry cost remains a pos-
itive and statistically significant determinant of the selling offer. Moreover, the estimated
correlation between the error terms of the selection and the outcome equations (p) is neg-
ative and highly significant (0 = —0.394, p < 0.001). This finding confirms the presence of
a sample selection bias and suggests that unobserved factors that discourage the subject’s
entry decision are associated with higher selling offers bids among those who effectively
entered the market.

All in all, the parametric investigation presented above suggests that although the
entry cost borne in the first stage of MG is sunk, it strongly and positively affects the
selling offers made by a subject in the second stage, thus providing prima facie evidence in
favor of the reverse sunk cost fallacy hypothesis (P3”).

Result 4. Selling offers and entry (sunk) costs in MG. In MG, selling offers are positively
affected by the (sunk) entry costs borne in the previous stage.

We can now turn to the analysis of bids in the auction stage of PING and assess whether
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Table 6. Determinants of the selling offers in MG: parametric results.

RE Tobit Heckman
1) (2) ©) (4) ©) (6)
Stage 2: Selling Offer
Yit 0.588*** 0.588*** 0.645*** 0.645"** 0.586™** 0.585***
(0.033)  (0.033)  (0.037)  (0.037)  (0.033) (0.033)
ejt 0.217*** 0.217*** 0.229*** 0.230*** 0.262*** 0.261***
(0.063)  (0.063)  (0.070)  (0.070)  (0.090) (0.090)
S -0.941 -0.958 -1.038
(0.910) (1.088) (0.873)
Constant 3.951%**  4.425***  2.963*** 3.448***  4.023*** 4.549***
(0.556)  (0.720)  (0.653)  (0.853)  (0.564) (0.716)
Stage 1: Entry Decision (Heckman)
Risk tolerance 0.190** 0.187**
(0.074) (0.074)
Game theory -0.608***  -0.619***
(0.224) (0.224)
ejt -0.573***  -0.573***
(0.034) (0.034)
Constant 3.860"** 3.886™**
(0.462) (0.464)
p (rho) -0.394***  -0.400***
(0.099) (0.099)
Observations 971 971 971 971 1440 1440

Notes. This table reports estimates from different parametric specifications (standard errors are
reported in parentheses) with random effects that account for dependency of subject’s choices
across periods. Columns (1) and (2) report results from GLS models. Columns (3) and (4) report
results from a Tobit model. Columns (5) and (6) report results from a Heckman model. Results
from the selection model for the entry decision in the first stage of MG are also reported in the
second part of the table. In all columns, the dependent variable is the selling offer in the second
stage of MG. ;; is the seller’s production cost assigned in the second stage. e;; is the entry cost
assigned in the first stage, and S is a dummy equal to 1 in case the subject played treatment S
in PING in that period. Risk tolerance is an ordinal discrete variable capturing the level of risk
tolerance as reported by the subject in the post-experimental questionnaire. Game theory is a
dummy variable that takes a value of 1 if the subject attended lessons of game theory during her
university studies. Significance levels are denoted as follows: * p < 0.1, ** p < 0.05, *** p < 0.01).
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and to what extent the observed behavior confirms the validity of the sunk cost fallacy
detected in MG. To do this, we should establish a causal relationship between k(i;;), the
investment cost borne in the innovation stage by individual 7 in period ¢, and b;;, the bid
placed by that individual in the auction stage in the same period.
The simplest approach is to estimate, separately for each treatment, the following
model:
bit = Becit + Brk(iit) + Brlis + ti + K + €3t (1)

where c;; is the production cost randomly assigned to subject i in the auction stage, I;; is
a dummy variable indicating whether subject i is the innovator in the period, and ; and
x; are random effects accounting for both individual dependence over repeated auctions
and dependency within rematching groups. However, equation (1) cannot be realiably
estimated using a linear model because the investment cost, k(ij), affects both the bid,
b, through the (possible) sunk cost fallacy, and the probability of being the innovator, I,
through the level of innovation chosen, i;;.

This endogeneity concern is substantially less severe in treatment S, where the suppli-
ers’ roles (innovator or challenger) have no effects on the auction rules and thus should
not affect the bidding strategies. We therefore proceed by estimating equation (1) for treat-
ment S alone. Results are presented in Column 3, Table E} Notice first that, as predicted
by the theory (prediction P5-c), the innovator status plays no role in determining bids (for
the coefficient of I, p = 0.493), a finding that alleviates our primary endogeneity concern.
Second, as expected (prediction P5-a), the production cost, c;;, positively and significantly
affects a subject’s bid. Crucially, we find that the investment sunk cost k;; borne in the
innovation stage of PING significantly increases bids in the procurement stage (the coeffi-
cient of k(i;t) is positive and significant: p < 0.001). In line with what emerged from MG,
this result parametrically confirms the presence of the reverse sunk cost fallacy (hypothe-
sis P3”). As discussed above, the endogenous nature of k;; led us to refrain from extending
the parametric analysis to treatment B. For this reason, in the next part of the analysis, we
rely on a structural approach to identify and isolate the sunk cost fallacy in treatment B of
PING.

5.3.2 Structural analysis: a Quantal Response Equilibrium model

We now turn to a structural approach evidence from a Quantal Response Equilibrium
(QRE) model with three parameters. In a QRE model, the assumption that a subject al-
ways chooses her best response to the opponents’ strategies is replaced by a probabilistic
choice function tuned by an error parameter: the probability of playing a suboptimal strat-
egy is strictly positive, but it depends on the (relative) payoff associated with it. In other
words, the condition of full rationality is weakened by allowing for errors, but such errors
are somewhat rational in the sense that the probability of playing a suboptimal strategy
decreases in the level of the payoff associated with it. Importantly, the QRE concept pre-
serves the equilibrium condition that beliefs are correct, meaning that a subject correctly
anticipates that opponents are playing such probabilistic strategies involving errors.
Given the dynamic nature of PING, to compute the QRE we impose belief consistency
and sequential rationality (weakened in the QRE sense) at each information set of the
auction stage (see McKelvey and Palfrey, 1998). Specifically, let ps(b,c,is,i—s, g) denote
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the probability that a subject of status s € {I,C} bids b, when her production cost is c,
she chose the innovation level is in the innovation stage, she has information i_s on the
innovation level chosen by the opponent and holds prior beliefs g on the innovation choice
made by the opponent (i.e. g = {g0,41,.-.,84}, where g; € [0,1] is the prior belief that the
opponent chooses the innovation level i in the innovation stage). It is intended that, upon
bidding in the auction, these prior beliefs are correctly updated through Bayes’ rule using
the information i_s;. Notice, in particular, that, while the challenger is always informed
about the exact investment made by the opponent (i.e. for the challenger, i; is a scalar,
and thus she knows that the innovator has chosen that level of innovation regardless of
the prior beliefs mathbf g), the innovator is not informed on the exact investment made by
the opponent, but only knows that ic < i;. Hence, in p1(b,c,if,ic,8), ic is the vector of
possible innovation levels no greater than i, and, thus, the innovator’s posterior beliefs
will be a probability distribution over these values, obtained from g through Bayes’ rule.

Now, for each s, b, ¢, is, i—s, and g, ps(b,c,is,i—s, g) is the solution to the following
(logistic) equation:

exp{U(s, b, c,is,i—s, glp—s)/ 1} )

b,C,i,i—/ = s, 1 ’
ps(b, c,is,is, g) Yoes, exp{U(5,b,c,is,i s, 8P )/ 1t}

where y is the QRE error parameter, and U(s, b, ¢, is,i—s, g|p—s) is the expected utility of
a subject with status s, who bids b in the auction, has production cost c, has chosen inno-
vation level i; in the innovation stage, has information i_s on the innovation choice made
by the opponent, conditional on the fact that the other subject bids according to the QRE
probabilities p_s as described by equation () above. In @), B, is the set of admissible and
individually rational bids for a subject with production cost c@ Clearly, the system (2)
has a solution for each possible vector of prior beliefs g. To close the model, we impose
that the beliefs must be consistent with actual choices: the vector of prior beliefs g must
coincide with the actual probability distribution of innovation levels in the innovation
stage:

_exp{U(ilp,pc,g)/p} 3)
Yioexp{U(jlpr pc,8)/ 1}

where U(i|pr, pc, g) is the expected utility of a subject who chooses innovation level i,
taking into account that, depending on the outcome of the innovation stage, she and the
opponent will place bids in the auction according to the probabilities p; and p¢c as de-
scribed by (2), and conditional on the fact that the other subject chooses i according to the
QRE probabilities g as described by equation () above.

To incorporate the sunk cost fallacy component in the QRE model in a parsimonious
way, we proceed as follows. The intrinsic feature of a sunk cost is that it is borne by the
individual in any case, whatever her future choices will be, and regardless of the realiza-
tion of the uncertainty. Hence, despite the actual psychological motives behind this bias,
the sunk cost fallacy emerges whenever the subject behaves as if the sunk cost is not re-
ally sunk, i.e. exerts its effect differently depending on what happens next. We therefore
introduce a sunk cost parameter i € [0,2], which weighs the investment cost differently

i

2Clearly, for all ¢, is, i—s, g, it must be Yy, ps(b, ¢ is,i—s, g) = 1.
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depending on whether the subject wins or loses the auction. Specifically, the perceived
payoff of a subject who made the sunk investment k, whose production cost is ¢, who bids
b and wins the auction is:

ww =b—c—19 xk, 4)

while, in case she loses the auction, it is:

ZUL:—(Z—II)) x k. (5)

In particular, i = 1 corresponds to the situation in which the subject is not affected by
the sunk cost fallacy. The standard sunk cost fallacy (or Concorde effect) manifests itself
when ¢ < 1: the individual perceives a smaller sunk cost when she wins the auction, as if
winning the auction would allow her to avoid the investment cost, at least partially. This
leads the subject to bid more aggressively in order to secure winning the auction, thereby
justifying the initial investment. When, instead, ¢ > 1, the reverse sunk cost fallacy (or
pro-rata effect) arises: the individual perceives a smaller sunk cost when she does not
win the auction, as if part of the sunk cost were converted into a variable one. This leads
the subject to bid less aggressively to secure a satisfactory payoff in case of winning the
auction at the cost of reducing the chance of winning.

Finally, to allow for possible departures from risk neutrality, that may potentially ra-
tionalize the underbidding that is observed in both treatments, we consider a Constant
Absolute Risk Aversion (CARA) ex-post utility function for suppliers. In particular, the
ex-post utility of a supplier is

1 —exp{—7-w;}
r

u(w;) =

where 7 is the risk aversion coefficient and w;, j = W, L, is the perceived payoff dependent
on the outcome of the auction, as defined in (@) and ()]

The results of the QRE model fitted to our experimental data are presented in Table
7. The baseline model, which is estimated under the assumption of no sunk cost fallacy
(¢ = 1), produces similar estimates of the risk aversion parameter in the two treatments,
which are greater than zero: subjects tend to be risk averse, a result that is in line with the
tendency to aggressively underbid with respect to what theoretically predicted under risk
neutrality.

The augmented model allows for the presence of the sunk cost fallacy. The value of
the likelihood function associated with the augmented model increases significantly with
respect to the baseline model, and the estimates of the risk aversion parameters in the
two treatments do not change significantly. On the other hand, for both treatments, the
estimated value of 1 is significantly larger than 1 for both treatments, which constitutes
evidence in favor of the reverse sunk cost fallacy: in PING, subjects” bids in the auction
stage are increasing in the (sunk) investment cost borne in the innovation stage.

Interestingly, the estimated value of ¢ is significantly larger in treatment S than in treat-
ment B. This means that, while in both treatments the reverse sunk cost fallacy induces the

26Higher values of r indicate a higher degree of (absolute) risk aversion. When r — 0, u(w) — w, namely
the agent is risk neutral.
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Table 7. Baseline and augmented QRE models: Estimated parameters.

Model Treatment r #u ¢ Log-Likelihood
Baseline S 010 125 - -1545.371
Baseline B 015 135 - -1268.353
Augmented S 0.056 037 1.9 -1313.42
Augmented B 015 11 15 -1182.954

Notes. This table reports the estimated parameters of both the baseline
and the augmented QRE models. The augmented QRE model incor-
porates the sunk cost fallacy parameter ¢ € [0,2]. r is the CARA risk
aversion parameter, and y is the error parameter. Precision (of the vari-
ables): r = 0.05 (0.01 checked as well), » model/treat. dependent, { = 0.1

suppliers to bid higher after a larger investment in innovation, this upward adjustment
is stronger in treatment S. This fact can justify why, the expected difference between the
winning bid in treatment B and in treatment S (prediction (P2)) is not observed in the data.

One possible explanation for this differential intensity of the reverse sunk cost fallacy
may be related to the different level of complexity between the two treatments. In treat-
ment B, bids are treated asymmetrically to determine the auction winner, which increases
the subjects” cognitive load. This additional complexity captures the attention and the
cognitive resources of the participants, reducing the salience of the investment cost just
borne and thus weakening their response to the sunk cost fallacy. In contrast, treatment S
is a standard first-price auction: the cognitive load is lighter, the sunk cost becomes more
prominent, and the sunk cost fallacy emerges more strongly.

Together, the parametric results presented in the previous section and estimates from
the QRE model are summarized in the following statement.

Result 5. Bids and innovation (sunk) costs in PING. In PING, bids in the auction stage
are positively affected by the (sunk) investment costs borne in the innovation stage. This effect is
stronger when the bid preference is absent.

6 Conclusion

Scholars and practitioners have recognized the potential of public procurement as a driver
of innovation. This paper studies a procurement practice meant to stimulate innovation
without sacrificing competition in the awarding phase: granting a bid preference in the
auction to the firm that submitted the most innovative proposal in the first place. The
theory shows that this scheme effectively boosts innovation, but at the cost of a higher
awarding price in the auction and of some inefficiency in the allocation.

This paper explores this trade-off through an experiment that mimics such an incen-
tive scheme. Our interest was mainly motivated by the fact that bidders compete for the
awarding of the contract after they have sunk the investment costs required to come out
with an innovative proposal. Hence, we suspect that the well documented sunk cost fal-
lacy might somehow affect the outcome of this incentive scheme.
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The results of our experiment confirm that the introduction of a bid preference scheme
generates more innovation; however, in contrast to the predictions, this does not come at
a higher awarding price. We show that this puzzling evidence can be explained by the
presence of a reverse sunk cost fallacy, which operates with different strengths when the bid
preference is present and when it is absent. Thus, our work suggests that the negative side
of the trade-off associated with bid preference schemes seems to be less worrying than ex-
pected. In this respect, our results provide formal support to what has been documented
in the sparse cases where these incentive schemes have been adopted in real world con-
texts. For example, in public procurement for smart city projects, such as those seen in
Barcelona and Singapore, innovation-driven bid preferences have accelerated the adop-
tion of advanced technologies without significantly increasing costs (Carboni and Russel,
2019; OECD, 2017). Similarly, in the healthcare sectors, where initial investments are high,
such schemes have promoted technological breakthroughs while maintaining competitive
pressure (Snowdon et al., 2019; EcoQUIP Plus Consortium) 2024).

More generally, our analysis suggests that any policy meant to promote innovation
should take into account that, since innovation involves large investments made upfront,
the sunk cost fallacy — a bias documented not only in the lab but also in real world settings
—could significantly affect the effectiveness and, ultimately, the success of the policy itself.
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A Instructions for treatment B of PING

The original instructions were written in Italian. The instructions for PING were dis-
tributed at the beginning of the session, while those for MG were handed out after the
final period of PING. In the instructions, PING and MG are referred to as "Experiment 1’
and "Experiment 2’, respectively.

INSTRUCTIONS

* Welcome. Thank you for participating in this experimental session. By following the
instructions carefully, you will be able to earn an amount in euros that will be paid
to you in cash at the end of the session.

* 24 subjects participate in this session. During the session, it is not allowed to com-
municate in any way with other subjects. If you have any questions, raise your hand
and one of the assistants will come to answer it. The following rules are the same for
everyone.

¢ In this session, you will participate in two distinct experiments. The following in-
structions are for the first experiment. The instructions for the second experiment
will be given to you at the end of the first experiment.

¢ Although you will participate in two experiments, the payment you will get at the
end of the experimental session will be determined based on the earnings you earn
in only one of the two experiments. In particular, the experiment used to determine
your final payment will be drawn randomly by flipping a coin at the end of the
session. In addition, you will be awarded 4 euros for showing up on time for the
session.
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EXPERIMENT #1
GENERAL RULES

¢ The first experiment includes 15 periods. At the beginning of each period you will
be randomly and anonymously assigned to a group consisting of you and another
participant. The composition of your group will change in every period so that you
will never interact with the same participant for two consecutive periods.

* Both the identity and the final payments of the subjects with whom you interact
during the experiment will remain anonymous. In addition, during the experiment,
you and the other participant in the group will make your choices simultaneously.

¢ In each period, you will be given an initial endowment of 16 points. Your earnings
over the period will be given by the initial allocation of 16 points plus the additional
points you earned during that period.

* Your total earnings from the first experiment will be the sum of the points you
earned over the 15 periods. At the end of the experiment, if the first experiment
is selected to determine the final payments, the points you earned will be converted
into euros at the exchange rate of 33 points = 1 euro.

THE ECONOMIC SITUATION

¢ Two sellers compete in an auction to sell an item to a hypothetical buyer. Both you
and the other participant assigned to your group are the sellers. On the contrary,
no participant plays the role of buyer. The interaction between the two sellers is
developed in two consecutive steps.

¢ In STEP 1, each seller makes an investment choice. The investment is costly and
each seller incurs a cost that increases as the level of investment chosen increases.
The sellers” investment choices have two consequences on the rules of the auction in
STEP 2:

- the seller who made the highest investment choice plays the role of INVESTOR
and will enjoy an advantage in the auction conducted in STEP 2;

- the investment chosen by the INVESTOR also determines the probability of
the auction being revoked in STEP 2: the higher the investment chosen by the
INVESTOR, the lower the probability that the auction will be revoked.

¢ In STEP 2, the two sellers participate in the auction to sell the item and choose the
prices at which they are willing to sell the item to the buyer. The outcome of the
auction is determined by comparing the price chosen by the INVESTOR with the
price of the other seller increased by 50%: the lower of these two values determines
the winner of the auction. The winner of the auction sells the item to the buyer
and bears the cost of transferring the item. At the end of the period, based on the
choice made by the INVESTOR in STEP 1, the computer determines whether or not
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to revoke the auction: in case of revocation, the earnings obtained from participation
in the auction in STEP 2 are cancelled.

e The rules of STEP 1 and STEP 2 are described in detail below.

STEP 1-INVESTMENT CHOICE

¢ In STEP 1, you and the other seller in the group will make your investment choices.
Specifically, each seller will make his/her investment choice by choosing an integer
number between 0 (lowest investment) and 4 (highest investment).

* The computer will then compare your investment choice with the choice made by
the other seller in the group. The seller who has made the highest investment
choice will play the role of INVESTOR, while the other will play the role of NON-
INVESTOR. In the event of a tie, the computer will assign the two roles randomly
and with equal probability.

* Your investment choice is expensive. In particular, the cost you will incur based on
your investment choice will be calculated as follows:

Cost of investment = (Investment choice)?

Therefore, the cost of the investment increases more than proportionally to the level
of investment you choose and will be given by a number ranging from 0 (when you
choose an investment equal to 0) to 16 (when you choose an investment equal to 4).

¢ At the end of STEP 1, the computer will show you the role you have been assigned,
the cost of your investment choice and, if you are the NON-INVESTOR, the invest-
ment choice of the seller who plays the role of INVESTOR.

STEP 2 - PRICE CHOICE

¢ In STEP 2, you and the other seller in the group will participate in the auction to sell
the item to the hypothetical buyer. In particular, each seller in the group will choose
the price at which he/she is willing to sell the item to the buyer, which must be an
integer number between 0 and 135.

¢ The seller who plays the role of INVESTOR will enjoy an advantage in the auction.
In fact, in order to determine the winner of the auction, the computer will compare
two values: the price chosen by the INVESTOR with the price chosen by the NON-
INVESTOR increased by 50%. The winner of the auction is the seller with the lowest
value. In the event of a tie, the computer will randomly select the winner of the
auction with equal probability.

¢ The earnings obtained in STEP 2 by the seller who was not the winner of the auction
are null. On the contrary, the earnings obtained in STEP 2 by the winner of the
auction are given by:

Earnings of the winner of the auction = Sale price — Cost for transferring the item
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* The computer will tell you the value of your cost for transferring the item before
you choose your selling price. The cost for transferring the item is selected by the
computer randomly and with equal probability by drawing an integer between 0
and 100. This means that your cost for transferring the item does not depend on the
other seller’s cost or on the cost assigned to you in previous periods. In addition,
each seller will only be told the value of h cis/her cost for transferring the item, and
will not receive any information about the cost assigned to the other seller.

There is a possibility that the auction will be revoked at the end of the auction.
The probability that the auction will be revoked depends on the level of investment
chosen by the INVESTOR in STEP 1: the higher the investment chosen by the IN-
VESTOR, the lower the probability that the auction will be revoked. In particular,
the probability of revocation is calculated on the basis of the following table:

Investment chosen by the INVESTOR in STEP1 | 0 1 2 3 4
Probability of revocation 80% | 60% | 40% | 20% | 0%

The revocation of the auction will be determined on the basis of a lottery. Specifically,
at the end of the auction, your group will be assigned a number of tickets ranging
from 1 to 80 if the probability of cancellation is 80%, from 1 to 60 if the probability
of cancellation is 60%, from 1 to 40 if the probability of cancellation is 40%, from 1 to
20 if the probability of cancellation is 20%, and no tickets if the probability of cancel-
lation is equal to 0%. Next, the computer will randomly and with equal probability
draw an integer between 1 and 100. If the ticket drawn is among those allocated to
your group, the STEP 2 auction will be revoked.

In the event of revocation, the earnings obtained by the auction winner are voided.

The following table summarizes how your earnings in a period will be determined
on the basis of the choices you made in STEP 1 and STEP 2.

IF YOU WIN THE IF YOU DO NOT WIN THE IF THE AUCTION IS
AUCTION AND THE AUCTION AND THE REVOKED
AUCTION IS NOT AUCTION IS NOT
REVOKED REVOKED

Earnings in a period

Initial allocation of 16 points
Cost of investment (STEP 1)
_|_

Selling price (STEP 2)

Cost for transferring
the item (STEP 2)

Earnings in a period

Initial allocation of 16 points

Cost of investment (STEP 1)

Earnings in a period

Initial allocation of 16 points

Cost of investment (STEP 1)
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¢ Atthe end of the period, the computer will show you the investment choice made by

the INVESTOR, the cost you incurred for your investment choice in STEP 1, the price
you chose, the outcome of the auction with the winning price in STEP 2, the out-
come of the auction revocation lottery, and your earnings for the period expressed
in points.

TO SUM UP...

1.

During each period of the first experiment, you will participate in two consecutive
steps.

In STEP 1, you and the other seller in your group will simultaneously make your
investment choices, indicating an integer number between 0 (lowest investment)
and 4 (highest investment). The seller who has made the highest investment choice
will play the role of INVESTOR, while the other seller will play the role of NON-
INVESTOR.

Your investment choice is costly. In particular, you will incur a cost for your invest-
ment choice calculated on the basis of the following expression:

Cost of investment = (Investment choice)?

. In STEP 2 you will participate in the auction for the sale of the item to the hypo-

thetical buyer. Specifically, you and the other seller in the group will simultaneously
choose your selling prices, indicating an integer number between 0 and 135.

The seller who plays the role of INVESTOR will enjoy an advantage in the auction.
In fact, in order to determine the winner of the auction, the INVESTOR’s price will
be compared with the NON-INVESTOR's price increased by 50%. The lower of these
two values will determine the auction winner . The earnings of the seller who was
not the winner of the auction are null. On the contrary, the earnings obtained in
STEP 2 by the winner of the auction are given by:

Earnings of the winner of the auction = Sale price — Cost for transferring the item

The cost for transferring the item is selected randomly and with equal probability
by the computer by drawing an integer between 0 and 100. The information on the
cost for transferring the item is private, specific to each seller, and its value changes
from period to period.

There is a possibility that the STEP 2 auction will be revoked. The higher the level
of investment chosen by the INVESTOR in STEP 1, the less likely the auction will
be revoked. In the event of a revocation of the auction, the earnings obtained by the

sellers in STEP 2 are voided. The following table shows, for each level of investment
of the INVESTOR in STEP 1, the probability that the auction will be revoked:

Investment chosen by the INVESTOR in STEP1 | 0 1 2 3 4
Probability of revocation 80% | 60% | 40% | 20% | 0%
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8. The points earned during the period will be determined based on the choices you
made in STEP 1 and STEP 2. The following table summarizes how your earnings in
a period will be determined.

IF YOU WIN THE
AUCTION AND THE
AUCTION IS NOT
REVOKED

IF YOU DO NOT WIN THE
AUCTION AND THE
AUCTION IS NOT
REVOKED

IF THE AUCTION IS
REVOKED

Earnings in a period

Initial allocation of 16 points
Cost of investment (STEP 1)
+
Selling Price (STEP 2)
Cost for transferring
the item (STEP 2)

Earnings in a period

Initial allocation of 16 points

Cost of investment (STEP 1)

Earnings in a period

Initial allocation of 16 points

Cost of investment (STEP 1)
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EXPERIMENT #2
GENERAL RULES

The second experiment includes 10 periods. Unlike the first experiment, in this sec-
ond experiment you will not interact with any other participant, but only with the
computer.

In each period, you will be awarded an initial endowment of 9 points. Your earnings
over the period will be given by the initial endowment of 9 points plus the additional
points you earned during that period.

Your total earnings from the second experiment will be the sum of the points you
earned over the 10 periods. At the end of the experiment, if the second experiment
is selected to determine the final payments, the points you earned will be converted
into euros at the exchange rate of 12 points = 1 euro.

THE ECONOMIC SITUATION

You are a seller who has to choose whether to participate in a market where you are
given the opportunity to sell an item to a hypothetical buyer. The interaction with
the buyer is developed in two consecutive steps.

In STEP 1, you choose whether or not to participate in the market. Participating in
the market is costly and you incur a participation cost. Only if you choose to partic-
ipate in the market you can access STEP 2, where you will have the opportunity to
sell the item to the buyer.

In STEP 2, you make a selling offer for the item. The outcome of trade is determined
by comparing your selling offer with the buying offer made by the buyer. Specifi-
cally, if your selling offer is less than or equal to the buyer’s buying offer, trade takes
place. In this case, you sell the item to the buyer at a price equal to the buying offer
and bear the cost for transferring the item. If, instead, your selling offer is greater
than the buyer’s buying offer, trade does not take place. In this case, you do not sell
the item and do not bear any cost for transferring the item.

The rules of STEP 1 and STEP 2 are described in detail below.

STEP 1 - PARTICIPATION CHOICE

In STEP 1, you will decide whether or not to participate in the market.

Before you make this decision, you will be informed of the participation cost. This
cost is determined by the computer randomly and with equal probability in each pe-
riod by drawing an integer number between 0 and 9. The participation cost selected
in a period does not depend on the costs drawn in previous periods.
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If you choose not to participate in the market, you will not incur any cost and you
will not have to make any other decision. Your earnings in the period will therefore
be equal to your initial endowment of 9 points.

If you choose to participate in the market, you will incur the participation cost and
proceed to STEP 2.

STEP 2 - SELLING OFFER

In STEP 2, you will make your selling offer to sell the item to the buyer.

The computer will tell you the value of your cost for transferring the item before you
choose your selling offer. The cost for transferring the item is the cost you will incur
if you sell the item to the buyer. This cost is selected by the computer randomly
and with equal probability in each period by drawing an integer between 0 and 15.
The cost for transferring the item selected in a period does not depend on the costs
assigned to you in previous periods.

Given the cost for transferring the item, but before knowing the buyer’s buying offer,
you will choose your selling offer, which must be an integer number between 0 and
30.

After you have made your selling offer, you will be informed of the buyer’s buying
offer. This buying offer is selected by the computer in each period randomly and
with equal probability by drawing an integer between 0 and 30. The buying offer
selected in a period does not depend on those drawn in previous periods, nor on
your selling offer.

The outcome of trade is determined by comparing your selling offer with the buying
offer made by the buyer. If your selling offer is greater than the buyer’s buying offer,
trade does not take place. In this case, you will not sell the item and you will not
bear any cost for transferring the item. If, however, your selling offer is less than or
equal to the buyer’s buying offer, trade takes place. In this case, you will sell the
item to the buyer at a price equal to the buying offer and you will bear the cost for
transferring the item.

The following table summarizes how your earnings in a the period will be deter-
mined on the basis of the choice you made in STEP 1 and the outcome of the market
in STEP 2.
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IF YOU CHOOSE NOT TO
PARTICIPATE IN THE
MARKET

IF YOU CHOOSE TO
PARTICIPATE IN THE
MARKET AND TRADE
DOES NOT TAKE PLACE

IF YOU CHOOSE TO
PARTICIPATE IN THE
MARKET AND TRADE
TAKES PLACE

Earnings in a period

Initial allocation of 9 points

Earnings in a period

Initial allocation of 9 points

Participation cost
(STEP 1)

Earnings in a period

Initial allocation of 9 points

Participation cost
(STEP 1)

+
Buyer’s buying offer
(STEP 2)
Cost for transferring
the item (STEP 2)

¢ At the end of the period, the computer will show you the participation cost and,

if you chose to participate, your selling offer, the buyer’s buying offer, the cost for
transferring the item, and your earnings in that period expressed in points.

TO SUM UP...

1.

During each period of the second experiment, you will participate in two consecu-
tive steps.

In STEP 1, you will choose whether or not to participate in the market. Before you
make your choice, you will be informed of the participation cost, which is selected
randomly and with equal probability by the computer by drawing an integer be-
tween 0 and 9. If you choose not to participate in the market, you will not incur any
cost and will not have to make any other decision. If you choose to participate, you
will incur the participation cost and access STEP 2.

In STEP 2, you will make your selling offer, indicating an integer number between
0 and 30. Before making your selling offer, you will be informed of the cost for
transferring the item. This cost is selected randomly and with equal probability by
the computer by drawing an integer between 0 and 15.

The outcome of trade depends on the comparison between your selling offer and the
buyer’s buying offer. The buyer’s buying offer is selected randomly and with equal
probability by the computer by drawing an integer between 0 and 30. You will be
informed of the buyer’s buying offer after you have made your selling offer.

If your selling offer is greater than the buyer’s buying offer, trade does not take
place. In this case, you do not sell the item and do not bear any cost for transferring
the item.
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6. If, however, your selling offer is less than or equal to the buyer’s buying offer, trade
takes place. In this case, you sell the item to the buyer at a price equal to the buying
offer and bear the cost for transferring the item.

7. The points earned during the period will be determined on the basis of the choices
you make in STEP 1 and STEP 2. The following table summarizes how your earnings

in a period will be determined.

IF YOU CHOOSE NOT TO
PARTICIPATE IN THE
MARKET

IF YOU CHOOSE TO
PARTICIPATE IN THE
MARKET AND TRADE
DOES NOT TAKE PLACE

IF YOU CHOOSE TO
PARTICIPATE IN THE
MARKET AND TRADE
TAKES PLACE

Earnings in a period

Initial allocation of 9 points

Earnings in a period

Initial allocation of 9 points

Participation cost
(STEP 1)

Earnings in a period

Initial allocation of 9 points

Participation cost
(STEP 1)

+
Buyer’s buying offer
(STEP 2)

Cost for transferring
the item (STEP 2)

B Theoretical predictions: proofs

B.1 Auction stage

TREATMENT S. This is nothing but a symmetric independent private value first-price auc-
tion. Using standard techniques, we obtain the following equilibrium bidding function
(common to both the Innovator and the Challenger):

c+c
b(c) = >

TREATMENT B. This is an asymmetric auction in that, although types (i.e. costs) are sym-
metrically distributed across bidders, their bids are treated asymmetrically. In particular,
to establish the winner, the Challenger’s bid is augmented by a factor 6 (equal to 1.5 in the
experiment), but, in case of winning, the Challenger is paid her genuine bid. One could
equivalently think that the Challenger submits a bid b¢ that is compared with the Inno-
vator’s bid, and, in case of winning, the Challenger is paid only bc/6. We prefer to use
this latter formulation. Now, let b;(c;) and be(cc) denote the pure strategy equilibrium
bidding functions of the Innovator and the Challenger, respectively. Standard arguments
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imply that, in the domains of types that have a strictly positive probability of winning the
auction, by(cy) and b¢(cc) are continuous and strictly increasing.

Now, for j = I,C, let [Qj,E]-] be the range of b;(-), and let [bf,E;] be (the closure of) the
subset of [b;, E]-] such that bidder j has a strictly positive probability of winning the auction.
(That these sets are indeed intervals is guaranteed by the continuity of b;(c;) and be(cc).)
Observe that b] = b& = b* and b} = Eé =" In fact, if b} < b¢, then the Innovator would
profit from slightly increasing her bid; and vice versa. On the other hand, by = b follows
from the continuity of b;(cy) and be(cc).

To determine the equilibrium bidding functions in the region where both bidders have
a strictly probability of winning, it is useful to introduce the following functions: let y;(-)
and yc(-) be the inverses of b;(-) and bc(-), respectively (hence, y;(b;) is the type of bidder
j that, in equilibrium, bids b). Notice that y;(-) and yc(-) are both defined on the same

domain [b*,E*]. Now, the Innovator solves the following optimization problem:
max (b —cr) [1 = G (yc(b))],

where G(+) is the probability distribution of the production cost. Similarly, the Challenger
chooses her bid to maximize:

b
max ( —cc ) [1-G (v ()]
The two oigztlimization problems above produce the following system of two differential

equations
¢ —yc(b) = [b—y1(b)] yc(b), (B.1)

¢ —yi(b) = [b—0yc(0)] y;(b). (B.2)
To solve the system above, we have to pin down the appropriate boundary conditions.
To this end, observe that:

* b" =b; =bj(c),j = I,C (this follows from the strict monotonicity of b;(-));

e b =b; = bi(c) € (¢,67). To see this, consider an Innovator with cost ¢: by bid-
ding exactly ¢, she would win with strictly positive probability, as all Challenger’s
types with cost greater than ¢ /6 will bid higher (otherwise they would suffer a loss).
Hence, by bidding (slightly) more than ¢, the Innovator with cost ¢ can obtain a
strictly positive expected payoff. On the other hand, by bidding 6c or more, she
would win with probability equal to zero, as all Challenger’s types below ¢ can af-
ford to make a bid slightly below 6c, and doing so they would guarantee a strictly
positive probability of winning;

¢ the previous observation implies that there will be a set of Challenger’s types — those
above b" /0 — that, in equilibrium, have a zero probability of winning the auction
(they cannot afford to bid less than E*): we assume these types bid bc(cc) = Occ;

27See equations (4a) and (4b) in|/Corns and Schotter|(1999).
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e yo(b') = b /6. Suppose, instead, that yc(b') < b /6: take 0 < ¢ < (b /6 —
yc(b7))/2. Then type yc(b") + ¢ could profitably bid b™ — fe: her probability of
winning will be strictly positive (because her bid is strictly lower than b") and her
payoff in case of winning would be strictly positive;

e b = (1+0)¢/2. To see this, consider the problem faced by an Innovator with cost
c: if she bids b (and we know this type will bid strictly above ¢), she will defeat all
Challenger’s types whose cost is higher than b /0 (they cannot afford to bid less than
b), while she will lose against all other types (they will find it profitable to bid just
below b). Hence, she solves the following maximization problem:

b
b—0)|1-G|( =
max (b —c) [ ¢ (9)] /
which yields b = (1 4 6)c/2.

e b* = (1+6)c/4. To see this, write equations and as follows:
byc(b) +yc(b) = yi(b)yc(b) =7¢,
by1(b) + y1(b) — Oyc(b)y;(b) =c.
Multiply the first equation above by 6 and then sum the two equations to obtain
0 [byc(b) +yc(b)] + [byi(b) + y1(b)] =0 [y1(b)yc(b) +yc(b)y1(b)] = (1 +O)c.
Notice that the equation above is equivalent to
0[byc(®)]' + [byi(0)] = 0[y1(b) yc(b)]" = [(1+0)cb]".
Integrating both sides, one obtains
0byc(b)+by;(b) —0y;(b)yc(b) = (1+6)cb+K, (B.3)

where K is a constant of integration. To pin down the value of K, we substitute into
the boundary conditions y;(b") = cand yc(b') = b /6, withb™ = (1+0)c/2. It
obtains K = — [(1 + 6)%c?] /4. Finally, substituting into the conditions y;(b*) =
yc(b*) = ¢, we obtain

. (14022 —-46c> (1+60)c

= 401460 (@Cc-¢) 4 7
where the last equality follows from ¢ = 0.
Now, the system (B.I)-(B.2), together with the boundary conditions
* yi(b") =yc(l") = ¢ withb" = (1+0)c/4,

o y;(b")=candyc(b’) =b /6, withb = (1+6)¢/2,

determines the equilibrium bidding functions (in the region [b*, E*]). The solution to this
system of differential equations, in terms of the direct functions bj(cy) and bc(cc), was
obtained through numerical techniques, and is depicted in Figure
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B.2 Innovation stage

Tables and (A2) report, for the two treatments, the payoffs of supplier 1 (row player)
and supplier 2 (column player) for each possible combinations of innovation choices (i1, i2),
assuming that suppliers play their equilibrium bids in the Auction stage.

Table Al. Innovation stage: payoff table for treatment S.

0

1

2

3

4

19.3;19.3

22.7,21.7

26.0;22.0

29.4;20.4

32.7;16.7

21.7;22.7

21.7;21.7

25.0;22.0

28.4;20.4

31.7;16.7

22.0;26.0

22.0;25.0

22.0;22.0

25.4;204

28.7;16.7

20.4;294

20.4;28.4

20.4;25.4

20.4;20.4

23.7;16.7

= W N = O

16.7;32.7

16.7;31.7

16.7;28.7

16.7;23.7

16.7;16.7

Table A2. Innovation stage: payoff table for treatment B.

0

1

2

3

4

19.8;19.8

20.5;25.8

22.7;28.1

25.0;28.5

27.2;26.9

25.8;20.5

22.6;22.6

21.7;28.1

24.0;28.5

26.2;26.9

28.1;22.7

28.1;21.7

23.4;23.4

21.0;28.5

23.2;26.9

28.5;25.0

28.5;24.0

28.5;21.0

22.3;22.3

18.2;26.9

= W N = O

26.9;27.2

26.9;26.2

26.9;23.2

26.9;18.2

19.1;19.1
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It is routine to verify that those presented in the text constitute the Nash equilibria of
these games.




C Additional Tables

Table C1. Investment levels, winning bids and costs. Auction-level data.

i[ iC blvtv C}/tv
B 0.494**  0.567** -0.252 3.428*
(0.215) (0.239) (3.004) (1.903)
Cit 0.620***
(0.030)
B X ¢j -0.030
(0.042)
Constant 2.492***  (.981*** 29.98*** 35.46***
(0.152) (0.169) (2.111) (1.346)
Observations 1080 1080 1080 1080

Notes. This table reports two-ways linear random-effects models that
account for dependency within rematching groups and within indi-
viduals (standard errors in parentheses). The dependent variables in
Columns 1-4 are, respectively, i; (the investment level of the Innovator
in the innovation stage), ic (the investment level of the Challenger in
the innovation stage), b} (the winning bid in the auction stage), and ¢}’
(the production cost of the winning bidder in the auction stage). B is a
treatment dummy, c;; is the production cost assigned to the bidder in the
period. Significance levels are denoted as follows: * p < 0.1, ** p < 0.05,
**p < 0.01).
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Table C2. Investment in the innovation stage of PING, data at the subject-level.

Panel A: Descriptive statistics Panel B: Parametric analysis
B S All
it 2280 1.743 B 0.537**
(1.455) (1.347) (0.220)
k(i) 7.311  4.848 Constant 1.743**
(5.910) (5.039) (0.156)
Observations 2160 2160 Observations 2160

Notes. Panel A reports descriptive statistics (mean and standard deviation in parentheses). Panel
B reports a two-ways linear random-effects model that accounts for dependency within rematch-
ing groups and within individuals (standard errors in parentheses). i;; and k(i;;) are, respectively,
the innovation level and the associated cost borne by subject i in period ¢ in the innovation stage
of PING. The dependent variable in Panel B is i;;. B is a treatment dummy. Significance levels are
denoted as follows: * p < 0.1, ™ p < 0.05, ** p < 0.01.
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