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Abstract

We conduct a laboratory experiment to study a decentralized market where
goods are differentiated and evaluations are private. We implement different
semi-structured bargaining protocols based on deferred acceptance, and we
compare their performance to the benchmark scenario of a sealed-bid auction.
We show that bargaining dramatically improves efficiency, mainly to the ben-
efit of players rather than the silent auctioneer. A protocol of unconstrained
simultaneous bargaining performs best, doubling the proportion of deals (66%)
relative to the benchmark (27%). This is because participants seek to reveal
information through a gradual bidding-up strategy that favors bargaining en-
vironments. Aggregate efficiency nonetheless suffers from the fact that buyers
bargain harder than sellers, and that some players over-bargain to appropriate
a larger share of the unknown surplus.
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1 Introduction

A large research effort in economics focuses on understanding matching markets,
that is, markets in which transactions occur on the basis of the availability and
preferences of the participants, rather than on the basis of price only. In order to
function, matching markets require either an institution that centralizes the matching
process, or the technology to operate the market in a decentralized manner. Two
distinct strands of the literature have developed around this dividing line. The first
strand seeks to develop a centralized mechanism where matches are assigned on the
basis of preference rankings provided by individuals (e.g., Roth 1984; Abdulkadiroglu
et al. 2009; Kagel et al. 2010).[1_] The second strand of the literature, to which our
paper belongs, studies the functioning of decentralized markets, where participants
are free to interact within the bounds of a protocol regulating transactions.

We design a laboratory experiment to study a decentralized market where goods
are differentiated and information is private. Our experiment is sufficiently versatile
to describe many offline and online market interactions, including settings where
transactions involve more than two parties. We compare different protocols that are
feasible, intuitive, and do not require agents to report their valuations. We show that
protocols allowing for bargaining in a semi-structured manner dramatically improve
ex-post efficiency relative to the benchmark scenario of a sealed-bid auction, and we
trace the observed outcomes back to the behavioral strategies of participants.

Our experiment consists of an interactive trading floor which is populated by
multiple players and goods, and is regulated by a silent, automated auctioneer. The
values of the transactions, which can be positive or negative, are independent across
players. The bids that subjects place can be positive (i.e., offers) or negative inte-
gers (i.e., requests). The auctioneer decides the protocol regulating how the market
unfolds: this protocol varies across games and is the object of our investigation. At
the end of a game, a transaction is completed only if the sum of the final bids is

strictly positive, in which case subjects gain the difference between their value and

1One practical difficulty in this literature is the need for participants to reveal their preferences
over the set of alternatives, which renders the mechanism vulnerable to manipulation of reported
rankings (e.g., Roth and Peranson 1999; Lee 2017; Bodoh-Creed 2020).



what they bid. The auctioneer receives a minimal fee of one unit as remuneration,
and collects the leftover surplus if anyf]

The experimental design relies on two key features. First, participants have
symmetrically incomplete information: values and bids are kept private and no com-
munication is allowed. This is a realistic assumption for many real-life markets where
participants are uninformed about the characteristics and reservation price of others.
It also allows us to abstract from considerations related to fairness: players ignore the
amount of surplus generated in each transaction and how much of it is appropriated
by other players but the experimenter knowsﬂ Second, we rule out competition over
different goods: players make a gain for each successful transaction where they bid
less (more) than their positive (negative) Valueﬁ This allows us to abstract from con-
gestion issues, and it gives a clear-cut prediction that only ‘profitable’ transactions
for which the sum of all values is strictly positive should take place.

We investigate two main research questions: (1) what is the aggregate efficiency
of different market protocols; and (2) what are the behavioral strategies used by
participants. With respect to the first question, we compare four different protocols:
in the sealed-bid protocol, that we use as a benchmark, players place sealed bids
simultaneously and no bargaining is allowed (e.g. Block and Jackson 2007; Haeringer
and Wooders 2011). The other three protocols allow for bargaining with a flavor of
deferred acceptance: participants can update their bids over time and gains are

determined solely by the bids held by the end of the game. We name these protocols

2For example, the transaction between i and j may have value -5 to ¢ and +10 to j, meaning
that ¢ incurs a cost of 5 while j derives a benefit of 10 if the transaction takes place. Say that
the final bids of ¢ and j are -6 and 8 respectively. In this case, the transaction takes place since
8 —6 =2 > 0. Player j gains 10 — 8 = 2 and player ¢ gains —5 + 6 = 1. The leftover surplus,
computed as the difference between the bids, i.e., 8 — 6 = 2, goes to the auctioneer.

3As the two values are independent and private, ¢ cannot infer j’s value from her own. In our
earlier example, 1 additional unit of surplus is appropriated by the auctioneer above his minimal
fee of 1. The total sum of bids would have been strictly positive even if i lowered his offer (7 rather
than 8) or if 4 raised his request (-7 rather than -6), but players do not know this. This feature is
rooted in the assumption of symmetrically incomplete information in multilateral bargaining.

4This can be rationalized as a decentralized market where utility is separable and each agent’s
budget constraint is not binding over the set of goods he is interested in. For games where agents
compete over a limited number of links, see Demange et al. (1986) and Comola and Fafchamps
(2018).



‘semi-structured’ because they impose minimal constraints to the bargaining process,
i.e., just enough to be implementable in an orderly way in a market that does not
allow for information exchange. In two of these protocols, transactions are negotiated
sequentially; the third unconstrained protocol allows participants to negotiate freely
and simultaneously over all transactions.

Results from our experiment suggest that many profitable transactions are never
formed. This matches theoretical predictions about the incomplete information
penalty which induces delays and inefficiencies in trade (e.g., Myerson and Sat-
terthwaite 1983; Williams 1987; Vincent 1989; Ausubel et al. 2002; Niederle and
Yariv 2007). However, we find that all three bargaining protocols improve aggregate
efficiency with respect to sealed bids. Unconstrained bargaining performs the best,
doubling the proportion of completed transactions (‘deals’) from 27% to 66%. The
extra surplus stemming from bargaining is mostly appropriated by players, while the
margin for the auctioneer remains stably low.

We then exploit the richness of our data to trace our results back to the behav-
ioral strategies adopted by participants. We show that most players adopt a cautious
discovery strategy which consists in gradually increasing their bids until a transac-
tion is formed and freezing afterwards. This bidding-up strategy, which overcomes
the lack of information about others’ values and bids, favors bargaining treatments
(especially the unconstrained one). We identify two main types of frictions imped-
ing efficiency that relate to the player’s role and to deviations from the bidding-up
strategy, respectively. Parties to a transaction are randomly selected to be a buyer
— i.e., player with a positive value — or a seller — i.e., player with a negative value.
We find that players acting as buyers bargain harder and longer than sellers: the
implicit profit margin asked by buyers to approve a transaction is 78% against 33%
for sellers. This fits the well-documented fact that selling prices are higher than
buying prices — a disparity that has either been attributed to an endowment effect
(e.g., Kahneman and Tversky 1979) or seen as an anomaly driven by inexperience,
psychological traits, or poor experimental practice (e.g., Coursey et al. 1987; List
2003; Plott and Zeiler 2005; Georgantzis and Navarro-Martinez 2010; Isoni et al.

2011; Cason and Plott 2014). Our results provide new evidence on this commonly



observed empirical pattern: it is associated with unreasonably low offers, not with
unreasonably high requests. In some games, we also introduce donors, that is, play-
ers who get a positive value from a transaction among third parties. This feature
mimics initiatives where fundraising and charitable contributions help foster positive
externalitiesﬁ We show that the implicit profit margin requested by donors stands
in an intermediate position between buyers and sellers. Finally, we also document
that deals are delayed or prevented by a small minority of subjects who deviate from
the prevalent bidding-up strategy in an attempt to appropriate a larger share of the
unknown surplus.

The contribution of our paper is twofold: it advances the knowledge of bargaining
games with limited structure; and it informs the design of efficient templates for
online marketplaces (e.g., Carrol 2019). Unstructured bargaining is a topic of major
relevance that has received surprisingly little attention by economistsﬁ Many off-
line markets for differentiated goods and services allow for unregulated negotiations
between parties: e.g., collectibles, art work, antiquities, second-hand cars, real estate,
construction contracts, repair services, and business partnerships. The last decade
has also witnessed a tremendous expansion of digital marketplaces that implement a
variety of different protocols: e.g., platforms for car sharing, tendering for services,
or philanthropic giving.ﬂ While unstructured bargaining is ubiquitous in real-life
situations, its theoretical indeterminacy has slowed down economic research. The
complex strategy space of these games is difficult to model using non-cooperative
game theory, and the absence of a general workhorse model has proved detrimental

to empirical workﬂ As a result, applied economists have focused their attention

SFor an experiment incorporating this feature, see Deck and Johnson (2004).

6There is a sizable literature in social psychology on bargaining abilities in real-life situations —
see Rubin and Brown (1975), Pruitt (2013), and Morley and Stephenson (2015).

"For instance, Ebay and many fundraising platforms (e.g., GoFundMe, GiveDirect, Kickstarter)
currently allow for auction-format item listings. Search engines and digital social networks (includ-
ing Taobao and Facebook, recently) sell online advertising space through second price auctions (e.g.,
Edelman et al. 2007; Abraham et al. 2020). Some platforms for in-person services (e.g., Care.com)
initiate unstructured bargaining: the platform establishes the match, but users negotiate terms and
prices in private.

8This is particularly true for bargaining games involving three or more players, such as games
with donors in our experiment. Most models of multilateral bargaining have a unanimity or majority



either on auctions where bargaining is one—sidedﬂ or on highly-structured bilateral
bargaining protocols where theory gives clear and testable predictionsm Evidence
on bargaining behavior with other protocols is limited, as the literature has focused
instead on specific dimensions such as: fairness (e.g., Forsythe et al. 1991; Kroll et
al. 2014; Galeotti et al. 2019; Luhan and Ross 2019; Navarro and Veszteg 2020,
Keniston et al. 2021); information (e.g., Kirchsteiger et al. 2005; Shupp et al.
2013; Agranov and Tergiman 2014; Backus et al. 2019; Camerer et al. 2019); and
congestion (e.g., Kagel and Roth 2000; Che and Koh 2016; Abdulkadiroglu et al.
2017) — all dimensions that we purposefully set aside in our experimental design.
Our paper is closest to two recent studies that use observational data to analyze
bargaining patterns. To the best of our knowledge, Larsen (2021) provides the only
empirical analysis on the ex-post efficiency of bargaining outcomes under private in-
formation. By estimating implicit value bounds in sequential auctions of used cars,
he concludes that 17-24% of profitable negotiations fail — a result that compares well
to our findings on the magnitude of efficiency losses. In a related study, Bakus et
al. (2020) use data on Ebay’s Best Offer platform to study the dynamics of bilat-
eral bargaining. They document a strategy of gradual bid increases that aligns with
our results but faces limitations imposed by the observational nature of their data:
values cannot be observed and participants self-select into buyer or seller roles. Our
experiment unifies the findings of Larsen (2021) and Bakus et al. (2020) by estab-
lishing novel behavioral evidence on the process of bidding with private information.

Our results also suggest that bargaining games can be run in an decentralized and

closing rule (e.g., Baron and Ferejohn 1989; Ali 2006; Frechette 2009; Tremewan and Vanberg 2016;
Agranov et al. 2021). In our setting, partial agreement is possible, making it harder to characterize
theoretically (e.g., Bennet 1997; Ambrus and Lu 2015).

9There is a large and prominent theoretical literature on auctions (e.g., Milgrom and Weber 1982;
Thaler 1988; Klemperer 1996; Bulow and Klemperer 2002; Jackson and Kremer 2006; Milgrom and
Segal 2020). This literature has recently been complemented by observational studies on online
auctions (e.g., Horton et al. 2017; Bodoh-Creed et al. 2021).

0Notable examples are the infinite-horizon game of alternating offers by Rubinstein (1982), the
double auction by Chatterjee and Samuelson (1983), and the exit game by Krishna and Serrano
(1996). Experimental studies on structured bargaining protocols include Ochs and Roth (1989),
Camerer et al. (1993), Mitzkewitz and Nagel (1993), Burrows and Loomes (1994), Gith et al.
(1996), Giith and Van Damme (1998), Kagel and Wolfe (2001), Srivastava (2001), Johnson et al.
(2002), Croson et al. (2003), and Kriss et al. (2013).



possibly anonymous way online, with just a minimal amount of structure to keep
information private. This guarantees a profit margin for the platform, and it ensures
that players do not need to report their values, thereby eschewing the thorny issue
of manipulation of reported preferences.

This paper is organized as follows: Section 2 illustrates the experimental design.
Sections 3 to 5 describe our results on: aggregate efficiency; bidding strategies by
player’s role; and the dynamics of the unconstrained bargaining process, respectively.
Section 6 concludes. Online Appendix A details the experimental protocol and the

instructions to participants. Online Appendix B presents ancillary results.

2 Experimental design

In this section we describe the experimental design. We start by presenting the
general features of the game. We then proceed to describe the different experimental
treatments. Online Appendix A illustrates the details of the interface and its visual

layout, and it reports the instructions for participants.

2.1 General features
Values and Bids

Subjects play games in groups of 6. The composition of each group remains constant

k _ [k ko
= [v;], where v} is her value

for transaction 5. When the transaction involves the player herself, i.e., when k =1

across games. Each player k has a vector of values v

or 7, the value vfj can be positive, null or negative. A positive value represents a
benefit for the player if the transaction occurs, while a negative value represents a
cost — e.g., production cost or reservation value. When the transaction does not
involve the player herself, i.e., when k # 4,7, the value must be null or positive
(vf; > 0). All values are independently drawn (in respect of the constraints above)

and are uncorrelated across players and transactions, and players know thatE-]

"1 This design abstracts from complications related to substitute goods. Also, we do not require
partitioning players into types (e.g. buyers and sellers, men and women): in the current version



As the game unfolds, players have the opportunity to place bids. Formally let
bkz

it
the game. When the transaction involves the player herself, i.e., when k = 7 or j,

denote the bid of player £ on transaction 7j at a given point in time t during

that player can bid either a positive integer (which represents an offer) or a negative
integer (which represents a request). When a transaction involves other players the
bids can only be null or positive, i.e. bfﬂ >0 when k #£1, 7 H We place no limit on
the amount a player can bid.

Gains

Let us call b, = >, be the total bid on transaction ¢j at a given point in time ¢. In
our game, a transaction is formed as long as the total bid is strictly positive, that is,
if bj;» > 1. This requires that the offers strictly exceed the requests while covering a
minimum fee of 1 unit for the silent auctioneer (which is played by the computer) ]|

k
gt

The gain of player k for transaction ij at time ¢ is computed as gfj’t = vfj -
if bj;; > 1; it is 0 otherwise. In our game, players with a negative value make a
gain if the transaction occurs and their request exceeds the cost. On the other hand,
players with a positive value make a gain if the transaction occurs and their offer is
smaller than their benefit. If players offer more than their value or request less that
their cost, they make a loss (i.e., negative gain). If players bid exactly their value,
they do not receive any gain, as in a Vickrey auction.

Importantly, while negotiations are open, gains are provisional because bids and
transactions can still change. In our game, subjects only get a monetary reward for
the transactions which take place by the end of the game, that is, if the final total

bid b > 1, where T" indicates the game’s ending.

of the protocol, each player can simultaneously have positive and negative values for different
transactions (e.g., Agranov and Elliot 2021). However, this design can be restricted to accommodate
‘gendered’ players without loss of generality.

12This ensures that a player cannot prevent others from trading, e.g., out of spite or envy.

13 A player need not give an implicit consent (in the form of a bid) for a transaction that involves
her — others may bid enough to form it on their own. But by making a sufficiently large negative
bid, a player can de facto preclude a transaction involving her.



Visual layout

Much attention went into designing an interface that presents all the relevant in-
formation to subjects in a compact yet intuitive manner. Players appear as nodes
arranged in a hexagon, and transactions are represented as links across nodes. At
each point of the game the transactions that are currently formed — i.e., for which
the total bid is 1 or above — are displayed as a thick solid line. The transactions
that are not currently formed are displayed as a thin dotted line. A player can open
a dialog box above each link reporting the current state of play, with the value of
this transaction to her and the gain updated in real time based on her current bid.
Players never observe the values or bids of others. This design, which is the result of
careful research and development, presents all the relevant information in an instan-
taneously available and engaging format. For further details we remand to Online

Appendix A.

2.2 Treatments

Each group plays 8 games in sequence. Each of these games is played under one
of four experimental treatments identified as T4, T, T and Tp. These treatments

introduce different market protocols that we describe in what follows.

Sealed-bid auction

All games start with a simultaneous sealed-bid auction. Players have unlimited time
to enter or revise bids in the dialog boxes associated with the transactions. Once all
players stop bidding, this phase ends. The silent auctioneer then sums up the bids
on each transaction to determine whether the sum is strictly positive — if so, that
transaction is formed. Players then observe their own gains (for each transaction
and in total).

In Treatment T4, this first phase marks the end of the game. Thus, under Ty
the game only has one round, that we name round 0. In other treatments, the game

continues with one or more rounds of bargaining. During round 0, players do not yet



know which treatment they are in — i.e., the game may stop at the end of round 0.
This ensures that players take round 0 equally seriously in all treatments. The sealed
bid auction represents a formidable challenge for subjects who have no information
on the values of others. This forces players to abstract from strategic or altruistic
motives, as they can only bid on the basis of their own value. We use the sealed-bid
auction as a benchmark to judge the efficiency gains that can be achieved by allowing

discovery via bargaining, to which we now turn.

Sequential bargaining

In Treatments T and T¢, the game continues with several rounds of sequential
bargaining with deferred acceptance (e.g., Gale and Shapley 1962). In these two
treatments, all bargaining action is focused on one transaction at a time. The dif-
ference between Tg and T lies in the stopping rule that we discuss below.

In both treatments Tp and T the bargaining phase is divided into multiple
rounds and each round is divided into turns. In a given round, each turn is devoted
to bidding for one specific transaction@ The sequence of play within a turn is as
follows: when the turn begins, the transaction currently up for auction is highlighted.
The bids placed in round 0 serve as start-up bids for the first round or bargaining; in
subsequent rounds, the start-up bids are the last bids placed in the previous round.
Then the bargaining floor opens and all players can place, revise, or drop a bid on this
specific transaction as they wish. We place no limit on the number of bids: as long as
bids change, the turn remains open. If there has been no change in all bids for a given
amount of time, the turn endsﬂ At the end of the turn, the computer calculates
whether the sum of bids is strictly positive or not, and the result is displayed in real

time[" The game then moves to the next transaction. When all transactions are

MThere are as many turns in a round as there are transactions in the game. The order of turns,
i.e., the order in which transactions are auctioned, varies randomly across rounds.

15The wait time is 10 seconds in the first round and 5 seconds thereafter. The remaining time is
not displayed in the screen because it was found to be a distraction during the pilot. But the color
scheme of the screen changes to gray to signal the approaching end of a turn.

16If the sum becomes positive, the transaction is formed on the screen, i.e., the link is activated
and it turns from a dotted to a solid line. If the transaction was formed in a previous round but
the sum of the bids subsequently falls to 0 or below, the link is de-activated, i.e., it turns from a

10



visited, the round is complete and another round begins.

Both sequential treatments impose some structure to the bargaining game by
restraining players into independent sub-games but for a given transaction agents
are able to bargain freely. The stopping rule differentiates Treatments Tz and T¢.
Treatment Tz has a stopping rule based on bids. In this treatment, the game ends
in one of two ways: either because at the end of one round there has been no change
in bids relative to the preceding round — what we call a natural end; or because the
maximum number of rounds has been reached[l"| At the end of the game, the last
bids are retained, the final gains are determined, and players are informed of their
gains, as in treatment 7T4.

Treatment T is nearly identical to Ts except that the stopping rule is based on
transactions rather than bids. In this treatment the game reaches its natural end
if there has been no change in transactions formed from one round to the next —
even if there were changes in bids. Treatment Ty aims at speeding up bargaining by
curtailing the time players can take to experiment with frivolous bids and attrition
strategies.

In both sequential treatments, the number of rounds may vary from 2 to 8.

Unconstrained bargaining

Treatment T is characterized by an unconstrained bargaining floor in which play-
ers can update bids simultaneously on all transactions, with no specific sequencing
imposed and minimal structure. As in Treatments Tg and T¢, this treatment also
begins with bids from the sealed-bid phase. As the bargaining phase unfolds, a
player can update any of her bids in any order. The silent auctioneer updates the

information on transactions and gains in real time. This allows players to see which

solid to a dotted line.

1"In bargaining games with a predetermined end time, it is common to observe a bunching of
offers and counter-offers just before the deadline. To mitigate this problem, we randomize the
number of rounds at the end of Tz and T¢. If a game has not ended naturally by the end of the
6t round, the game is forcibly ended with a 50% chance in round 6 and a 50% chance in round
7. All remaining games stop by the end of the 8" round. Players are informed about the forcible
ending rules and their probabilities.

11



transactions would be completed if the game were to end at that point. We place
no limit on the number of bids: the game stops when there has been no change in
bids for a set amount of time since the last bid placed by any playerﬁ Thus, under
Tp, games only have two rounds: the sealed bid auction round 0, and one round of

simultaneous bargaining.

2.3 The value matrix

In our experiment each group plays 8 games by cycling across 8 different value
matrices V = [v!, ..., 05 with the following features. In all matrices, 10 transactions
appear on the screen and can be bid on.m Values are set through independent
random draw subject to two constraints: 1) we impose v;; # 0 (the total value
across all players is either strictly positive or strictly negative), which marks a clear
efficiency criteria; 2) we set vfj # 1 so that no player is indifferent between not
making any offer or making a minimal offer of 1.

In all eight matrices, values for players who are directly involved in a transaction
(k=1 or j) are randomly drawn in the interval [—10, +10]°] The values for players
who are not part of the transaction (k # i, j) are set to zero in four matrices (that
we call ‘without externalities’). The remaining four matrices are ‘with externalities’,
in the sense that we randomly draw the values for k # 4, j players in the [0, +10]
interval.

As a result of randomization, the number of transactions with total value v;; > 0
varies between 5 and 8 across all matrices — the others 2 to 5 transactions have

Vij < 0.

18 At the beginning of the phase, the wait time is 20 seconds from the last bid by any player.
This gives subjects enough time to absorb the information coming from round 0. The wait time
is subsequently reduced to 10 seconds. The timer is not openly displayed, but colors fade away to
mark the passage of time from the time the last bid was entered.

¥0ut of the 15 possible pairings of 6 players, only 10 links appear on the screen with a dialog
box. This is done to keep the length of the session within reason.

20Chatterjee and Samuelson (1983) and Myerson and Satterthwaite (1983) also impose symmetric
uniform values for buyers and sellers.

12



2.4 Implementation

The laboratory experiment was conducted in 2019 at the Paris School of Economics
(Paris, France). We ran six experimental sessions with a total of 22 unique groups of
6 players. Group composition remains unchanged throughout a session. Each group
plays 8 games, corresponding to the 8 payoffs matrices — four with externalities and
four without externalities. The identity of players is reshuffled from one game to
another 1]

Each of the four matrices without externalities gets randomly paired with treat-
ments T4 to Tp. We do the same for the four matrices with externalities. Thus, each
groups plays two matrices (one with and one without externalities) for each treat-
ment, in a random order which is group—speciﬁcﬁ We therefore observe 22 -8 = 176
unique games equally distributed among the four treatments (44 unique games per
treatment).

Sessions unfold as follows. After reading the instructions, players run three trial
games to get used to the interface@ After the trial games, players answer a quiz
to test their understanding of the instructions. The quiz is corrected immediately
afterwards on the blackboard. Once this is completed, players run a social value
orientation task (e.g., Murphy et al. 2011) and then proceed to the main part of
the experiment, which comprises the eight games. At the end of the games, players
complete a questionnaire with socio-demographic information and comprehension
feedback, and they proceed to payment. To determine subjects’ earnings, we ran-

domly draw 2 games out of 8 for each group, and players receive the monetary

21Bach player sees on the screen a circle with himself at the bottom (“ME” — followed by his
current letter identifier) and the other 5 players around the circle, each identified with a letter.
While ME stays always at the bottom, the other players’ letters are visualized in clockwise order
(i.e., C will be always between B and D). We reshuffle letter identifiers at the end of each game. To
illustrate, a player may see himself as “ME (D)” in one game and “ME (A)” in another, while all
other identifiers have been similarly been reshuffled. This is done to minimize spillover from one
game to the next.

22For example, group 1 may play treatment T4 with matrix 1 in the third game while group 2
plays the same matrix 1 with treatment T¢ in the seventh game.

23Players are informed that during the trials they will play treatments B, C and D, in that order.
The value matrices we used for trial games were generated for this scope, and have 7 links instead
of 10. All other features are the same as in the main games.

13



equivalent of their gain at the end of these 2 games@ The average earnings are 24.5

euros for about 2 hours in the laboratory.

3 Efficiency

We start by examining our findings about market efficiency. We classify transactions
by their value. Transaction ¢ is defined as profitable if its total value over all players is
strictly positive, i.e. if v;; = >, vfj > 0. We further distinguish between two types of
profitable transactions. A transaction ij is called mutually profitable if the combined
value of that transaction for 7 and j is strictly positive, i.e., if v} —l—vgj > O. It is also
possible for a transaction to be profitable (v;; > 0) without being mutually profitable
(vfj + vfj < 0). This requires that the combined benefit for players k # i, j is large
enough to compensate for the loss of players i and j, i.e., it requires that ), 4i vfj >
—(vj; +v];). We call these transactions collectively profitable. Since, by construction,
every value matrix has 10 transactions and we have N = 176 unique games, we
observe N = 1760 transactions, divided equally across the four treatments — totaling
440 transactions per treatment. Within a given treatment, however, transactions
are unequally distributed by type because value matrices are randomly assigned to
treatments.

Figure 1 illustrates our main result on aggregate efficiency. For each transaction
type — i.e., profitable, mutually profitable, and collectively profitable — the height
of the bar depicts the percentage of transactions formed at the end of the game,
by treatment. Each bar is then split into two components: the surplus for players
represents the share of total value appropriated by the players by the end of game,
and it is defined as g;;7/v;; where gy = >, gfjj. Conversely, the surplus for the
auctioneer represents the share of total value appropriated by the auctioneer and it

is defined as (v;; — gijr) /vij. The surplus of players and the auctioneer are zero for

24Tf some players had incurred negative earnings, we would have subtracted these losses from
their show-up fee. We had no such cases.
%51t is still possible that other players hold positive values (i.e. that ), oy vf; > 0) but the

transaction is classified as mutually profitable as long as vjj + Ufj > 0.

14



Figure 1: Efficiency and surplus

Profitable transactions
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all the transactions that are not formed by the game’s end and they mechanically
sum up to one when a transaction occurs.

Figure 1 shows that only a small fraction of profitable transactions occur in
the sealed-bid auction of T4. But the overall efficiency rate increases dramatically
when bargaining is possible, i.e., in treatments Tz, T and Tp. This is true across
all profitable transactions and separately for mutually and collectively profitable
transactions too. Theory suggests that private information has a high cost in terms
of efficiency (e.g., Myerson and Satterthwaite 1983; Williams 1987; Vincent 1989;
Ausubel et al. 2002). This prediction has so far been confirmed by the evidence
available from observational datam This also what we find in our experimental

setting: a large proportion of profitable deals never occur.

20Larsen (2021) estimates an efficiency loss of 17-23% for two-sided uncertainty, while Ambrus
et al. (2018) find an efficiency loss of 14% in ransom negotiations.
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The penalty is especially noticeable for collectively profitable transactions, which
are formed only 10% of the time in treatment 74 and 41% of the time in treatment
Tp. This can be attributed to two factors. First, collectively profitable transactions
require the coordination of more players. Secondly, on average, their total value
is lower than the value of mutually profitable transactions’] We find evidence in
our data that transactions with lower values are less likely to be formed, across all
treatments and transaction types@ This finding is consistent with experimental
evidence showing that deal rates increase with the size of the surplus (e.g., Camerer
et al. 2019).

When we examine how the surplus is split between players and the auctioneer,
we see that the auctioneer’s surplus remains stable and low across all treatments
and transaction types. Players receive most of the efficiency gains stemming from
an increase of the percentage of deals in the bargaining treatments. Subjects are
surprisingly efficient at not “leaving money on the table” for the silent auctioneer.@
But, in their effort to achieve this, players may bid too little and miss some profitable
transactions, a point that we revisit in detail below.

Our results show that the unconstrained bargaining protocol of treatment Tp
delivers the best outcomes in all cases. In T, subjects are forced to follow multi-
ple transactions simultaneously, which in principle increases complexity and raises
cognitive load. In contrast, T and T corral subjects into a systematic sequence of
bargaining sub-games, which is cognitively easier but slower, and it may make it dif-
ficult to maintain concentration and motivation. Furthermore, information discovery
about the valuations of others is facilitated in the unconstrained bargaining protocol:
Tp reveals information faster since formed transactions are displayed on the screen
as soon as the sum of bids is positive; in contrast, in T and Ty subjects have to

wait until the end of a round to find out whether their bids formed the transaction

2"The independent randomization scheme across players implies that, by construction, the ex-
pected value of v;; > 0 is smaller when players ¢ and j incur in a cost (vfj + vfj <0).

28The deal rate for profitable transactions switches from 32% to 74% for values below and above
median, respectively.

29A striking 51% of the transactions occurring in the lab have a sum of bids b;; 7 = 1, which is
the minimum. Another 22% have b;; v = 2.
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or not. Results from Figure 1 suggest that the information discovery benefit of T
more than compensates for the reduction in cognitive load provided by the sequential
bargaining processes.

We end this discussion of efficiency by comparing the two sequential bargaining
protocols. To recall, in treatment Tz the stopping rule is based on changes in bids,
while in 7 it is based on changes in transactions. Protocol T is intended to limit
bidding wars, but it is also possible that a faster stopping rule reduces the scope
for information discovery, thereby leading to fewer transactions"] Our results show
that speeding up play by applying a looser convergence rule ends up reducing players’
gains, which are slightly higher in T than 7. Protocol T nonetheless cuts game
time in half and games converge naturally, without reaching their round limit (See
Online Appendix B.1). It is therefore conceivable that T may be preferable in
practice to Tz, depending on the context. The magnitude of the difference between
the two, however, is small compared to the difference with either Ty — which is worse
— or Tp — which is better.

In Online Appendix B.1 we report detailed statistics on efficiency and surplus
by treatment and transaction type, and we also discuss the result of a regression
analysis that confirms the results above. Additional evidence reassures the reader
that all treatments are comparable in the sealed-bid phasef’j] and that the percentage

of non-profitable transactions that are formed is consistently negligible.

4 Bidding Strategies and Roles

The efficiency of a market protocol ultimately depends on the bidding strategies

adopted by players. To orient the analysis in this direction, in this Section we first

30T illustrate, imagine that the dominant heuristic is for players to gradually increase their offer
until the transaction is formed. Under T the game continues until they stop increasing their bid
but in T the game ends if new bids fail to change transactions. Hence T penalizes bidding-up
strategies that are too gradual.

31Subjects never know in round 0 whether it is final or whether it will be followed by the other
rounds of treatments Tg, T and Tp. Hence behavior in round 0 should be comparable across all
treatments, which appears to be the case.
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check whether bids are consistent with a basic rationality criterion. We then analyze
the differences in bidding pattern depending on the role ascribed to the player for a

given transaction — i.e., buyer, seller, or donor.

4.1 Losing bids

We observe 13,331 unique bids across all players and treatments combined (1,156
for treatment T4, 3,722 for Tg, 2,451 for T and 6002 for TD)E We first examine
whether subjects occasionally place losing bids, that is, bids where bfj’t > vfj, meaning
that they would result in a loss for player k if the game were to stop at that moment
t. Overall, only 1003 bids (7.5% of all bids) are losing bids. Note that these bids
need not turn into a loss, because bids and deals are revised as bargaining unfolds.
We plot in Figure 2 a histogram of v}; —bf;, across all bids and treatments combined.
It shows that for the large majority of bids, bfj’t > vfj by a wide margin. This is
reassuring, as it suggests that players have little difficulty in understanding the way
gains are calculated.

Interestingly, only 86 losing bids (out of 1003) are cases in which a buyer over-
bids. In contrast, 321 are cases where the seller under-bids, that is, does not ask
enough to cover her cost. The large majority of these losing bids (596) are situations
in which a player places a positive bid on a transaction that has zero value for her.
Since doing so may help others form a transaction, this could indicate generosity

towards other players.ﬁ

32To identify unique bids we proceed as follows. We exclude first bids equal to zero: since 0 is the
default initial value proposed in the dialog box, first bids that are equal to zero do not represent
an actual bid. We also exclude all repeated consecutive identical bids from the same player, since
they are redundant. Then, for all treatments we only retain the last bid that a player places in
the sealed-bid phase (r = 0) and, for the sequential treatments 75 and T, we only retain the last
bid that a player places within a given round r > 1. This is because in these cases only the last
bids affect transactions, and outcomes are only revealed at the end of a round. In the simultaneous
bargaining treatment T, we retain all the unique bids placed in the bargaining round (r = 1).

33Regression analysis, not shown here to save space but available upon request, confirms that
negative gains are overwhelmingly associated to transactions with a negative and especially zero
value. Losing bids are no less likely in later rounds or games, suggesting that they are not just
early mistakes.
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Figure 2: Histogram of v;; — b;

T T T T T
-5 0 5 10 15
Note: variable trimmed by 1%

4.2 Buyers, Sellers and Donors

We now examine whether players display different bidding patterns depending on
their ascribed value for a given transaction. To do so, we classify players into four
roles: players with no value (vf; = 0), sellers (v}; <0 & k =i or j), buyers (vj; > 0
& k=1 or j), or donors (v}; > 0 & k # 1, 7).

Our unit of observation is now player k for transaction ¢j in game g. Since there
are 10 transactions per game, the number of observations is N = 132810 = 10, 560.
Our data show that, in 4,711 out of 10,560 observations, the player has placed at
least one bid "] As already noted in Section 4.1, a small minority of players bid on
transactions that have no value to them, but otherwise most observed bids are placed
by players for whom vfj + 0

In Table [l we report descriptive statistics on the mean value and gain at the
end of game, by role and treatment. Results show that sellers gain consistently less
than buyers and donors: the average gain for sellers is 0.07, compared to 2.77 for
buyers and 1.44 for donors. This is true across all treatments, including the sealed-

bid auction T4. This result cannot be imputed to individual heterogeneity since,

34In 2137 cases, only one bid was placed (2137 unique bids in total) and in 2574 cases multiple
bids were placed (11194 unique bids in total).

350verall, we have 5,852 observations out of 10,560 where vfj = 0, and for only 399 of them the
player placed at least one non-zero bid. Conversely, for the 4708 observations where vfj # 0 we
observe at least one bid in 90% of cases — and nearly all players who fail to bid are donors.
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by design, roles are randomly assigned for a given transaction and players occupy

simultaneously multiple roles within the same game. It also cannot be driven by the
fj
the same way across roles, as Table[l|displays — albeit with positive values for buyers

distribution of values v}, across players since, by design, values are randomized in

and donors, and negative values for sellers.

Table 1: Gain by role

treatment N mea(nl)(vlf.) meaer()glf. )
iJ 17, T
All 5852 0 0.00
Ta 1262 0 -0.00
vl =0 Ts 1501 0 0.01
Te 1681 0 -0.01
Tp 1681 0 0.01
All 1694 -5.55 0.07
v <0&k=iorj Ta 475 -5.81 -0.09
Tg 389 -5.27 0.20
Tc 402 -5.37 0.05
sellers Tp 428 _5.68 0.14
All 1562 5.99 2.77
v >0&k=iorj Ta 319 5.94 1.65
Tg 422 5.96 3.01
buyers Tc 431 6.18 2.80
Tp 390 5.83 3.41
All 1452 6.02 1.44
v >0& k#i,j Ta 584 6.03 0.82
Tr 328 5.99 2.04
donors To 126 6.18 1.19
Tp 414 5.96 1.91

We now investigate the extent to which these discrepancies in average gains can

be imputed to the differential frequency and magnitude of bids across roles. We start
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by focusing on the frequency of bids and estimate a regression of the form

N Bids"

o = Bo+ BIDI + BaDiST + B3Di5™ + BuS + BTy + A+ el (1)
where N Bidsfj’g is the total number of bids placed by player k on transaction ij by
the end of game g. Three dummy variables capture the player’s role: seller (ij’ =1
if vfj < 0 and k = i or j); buyer (Df;“ = 1if vfj > 0 and k = i or j); or donor
(ij’om = 1if vj; > 0 and k # i,7). The omitted category is for v; = 0. We control
for game order S (from 1 to 8), treatment dummies 7}, and session-level fixed effects
As. Standard errors are wild-bootstrapped at the group level (Cameron et al. 2008),
which is the highest level at which participants interact in the experiment.
Coeflicient estimates for model are reported in Table [2] columns (1) to (5).
Results show that buyers place consistently fewer bids than sellers or donors. This
pattern is driven by the three bargaining protocols where subjects have an opportu-
nity to revise bids. In Columns (6) to (10) we include the absolute magnitude of the
value | vfj | as additional regressor, to ensure that the observed pattern is not driven
by differences in values across roles. Similar results are obtained. Overall, Table
suggests that sellers are less prone to haggling when given the opportunity, but they

are more likely to stick to their initial request |

Next we examine the magnitude of the bids by estimating the model

b o = Bo + Brvl + Bavlit + Bavi® + BuS + BsTy + As + €5, (2)

k
5,9
17 in game g. The three regressors of interest represent the player’s role. The first

regressor vfj’ is the value of transaction ij if k is a seller, i.e., v

kot
ij
Ufj if Ufj > (0 and k =i or j, and O otherwise. The third regressor

where b7, - represents a given bid (first or last) placed by player k£ on transaction

fj’ = vfj if vfj <0
and k =1 or j; it is 0 otherwise. The second regressor v;:" is the value of 75 if k is a
kt _
ij =
is the value of ij if player k is a donor, i.e., when k # 7, j. We control for game

buyer, i.e., v
k,out

UZJ

36Results from a Tobit regression yield the same conclusions. They are available upon request.

21



T0>d o ‘60°0>d 4y ‘TO0O>A 4y TOA0] dnOI3 onbrun o1 1€ poreIsn(d ‘sosorfjuared ur sonjes-d podder1sjooq-plip\ S0I0N

8€Z°0 8670 0€7°0 96S°0 99Z°0 €€z'0 8670 Staall 1660 v92°0 bs-y
0¥9°C 079°¢ 079°C 079°C 09G°0T 079°C 079°C 079°C 079°¢ 09G°0T sq0
(¥62°0)  (so1'0)  (0gT'0)  (8¢00)  (¥¥T°0) | (g6L0)  (801°0)  (61T°0)  (8¢0°0)  (¥¥1°0)
€26°0 ¥80'0  4446SF°0  TTO0-  %4%89L°0- | LT60 980°0  44+79F°0  0T00-  4449GL°0- ISUOD
SoA SoA SoA SoA SoA SoA SoA SoA SoA SoA Sy
(¥¥z°0) (¢v2°0)
#xxxG26'T *xx 16T ar,
(860°0) (L60°0)
+%%x606°0 +xxL06°0 oL
(620°0) (6L0°0)
s IGTT ok PP T ar,
(6v10)  (geo0)  (920'0)  (¢000)  (ev0'0) | (6¥10)  (zgo0)  (9g0'0)  (500°0)  (€70°0)
6£1°0- G000~ #%x920°0- 1000 6€0°0- 0F1°0- G000 4xLL0°0-  T00°0 6€0°0- S
(ev00)  (1e0'0)  (81000)  (F00°0)  (F10°0)
wxx6LT°0 €200 5xx8G0°0  #x48T0°0  %%xG90°0 | Ga |
(00L0)  (e6z°0)  (L0z0)  (9g0'0)  (egg0) | (6¥80)  (r0e0)  (981°0)  (6€0°0)  (GLE°0)
*V_A*wm@.m ***ﬂoﬂ.m ***Hwﬁ.m ***Hﬂm.o ***Oﬂﬁ.m ***mmo.m ***me.m ***mmm.m ***ON@.O ***mmm.m MSDF.MWQ
(9gr'0)  (991°0)  (¢sT'0)  (6€00)  (sv1T'0) | (90v0)  (¥¥10)  (62T°0)  (0€0'0)  (€FT°0)
wxk TITE  54480C8°TC  sxs11€T 5548890 54k TECT | 544 GCFT  54489E€°C  444GG9°C  54459L°0  54%0C9°C La
(gee0)  (eot0)  (¥p1T°0)  (2g0°0)  (oor'0) | (vO€0)  (¥80°0)  (160°0)  (610°0)  (S60°0)
ar oL ar VL 1nv arg 9L a7 VL ny
(o1) (6) (8) (L) (9) (¢) (%) (€) (2) (1)

Spiq Jo Joquiny :g o[qeL

22



order S (from 1 to 8), treatment dummies 7}, and session fixed effects ;. Standard
errors are wild-bootstrapped at the group level, as before.

Tablepresents the regression results from Equation . Column (1) only includes
initial bids placed on transaction ij during game g. Column (2) to (6) only includes
final bids, for all treatments combined and for each one separatelyf’| Column (7)
only includes final bids by players who placed more than one bid for transaction
17 in game g. Results show that asking bids placed by sellers respond slightly more
than 1 for 1 to their (negative) values. For instance, in column (2) for all treatments
combined, sellers demand on average 1.326 to sustain a negative value (cost) of —1. If
all these transactions were formed (which is obviously not the case), they would yield
a modest profit margin of 32.6% for sellers. Buyers’ bids respond much less than 1
for 1 to (positive) value: in Column (2) we remark that buyers offer on average 0.222
for a positive value of +1. If all these transactions were formed, they would yield an
average margin for buyers of 1 — 22.2% = 77.8% — which is much higher than the
margin requested by sellers. Donors are somewhere in between, offering on average
a larger proportion of their value than buyers. Based on the coefficients reported
in Column (2), donors would get a profit margin of 1 — 39.2% = 60.8% if all these
bids resulted in deals. These findings are internally consistent with the evidence that
sellers frequently request minimal gains: in our data, one third of all bids placed by
sellers are in fact equal to vfj — 1. This shows that, differently from buyers, a sizable
share of sellers choose to fix the most conservative reservation price¥| These results
suggest that players bid less aggressively when placed in the position of seller: they
tend to place fewer bids, and bids which imply a lower profit margin for themselves.
In contrast, buyers and donors bid more often and their bids aim to achieve a higher

profit margin. As a result, sellers make smaller gains by the end of the game.

3TThe difference between columns (1) and (2) is driven by players placing multiple bids on trans-
action 4j within game g: if a player places one or no bid, the dependent variable stays the same.

38Bids by sellers equal to vfj — 1 are not concentrated in early rounds but equally spread across
all rounds and games. A similar behavior is not observed for buyers or donors.
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Table 3:

Magnitude of bids

(1) (2) (3) (4) (5) (6) (7)
bids first last last last last last last
treatments all all Ta Tg Tc Tp all
sample all all all all all all NON-Zero
vfj_ 1.403%*%*  1.326%**  1.275%** 1 AQ7FF* 1 341*F*  1.249%F*F  1,129%**

(0.124)  (0.125)  (0.092)  (0.199)  (0.185)  (0.082)  (0.070)
UZ-JF 0.119***  (0.222%*%*  (.128%** (.205%** (.283*** (.244***  (0.370***
(0.022)  (0.021)  (0.020)  (0.034)  (0.027)  (0.027)  (0.033)
vfj’om 0.274%%*%  (.392%*F* (0. 271%%*  (0.457F*¥*  (.444*%*%*  (0.480**F*  0.645***
(0.013)  (0.019)  (0.014)  (0.035)  (0.067)  (0.035)  (0.034)
S 0.031 0.032** 0.041 0.032 0.026 0.033 0.058*
(0.022)  (0.014)  (0.044)  (0.043)  (0.038)  (0.037)  (0.029)
Tg -0.005 0.258**
(0.133)  (0.107)
Tc -0.124 0.222 0.359
(0.219)  (0.210) (0.280)
T -0.042 0.417*** 0.304
(0.138)  (0.091) (0.288)
As yes yes yes yes yes yes yes
Constant -0.186 -0.544** -0.416 -0.171 -0.275 -0.431 -1.021%**
(0.348)  (0.230)  (0.304)  (0.281)  (0.250)  (0.383)  (0.302)
Observations 10,560 10,560 2,640 2,640 2,640 2,640 2,574
R-squared 0.288 0.343 0.502 0.397 0.198 0.443 0.576

Notes: Wild-bootstrapped p-values in parentheses, clustered at the unique group level.
e p<0.01, ** p<0.05, * p<0.1

In the economic literature the behaviors of buyers and sellers have been compared

through the lenses of market power, experience, information, and rationality (see

Simonsohn and Ariely 2008 and Garratt et al. 2012 for recent evidence based on

Ebay data). Our results are aligned with the overwhelming empirical evidence that

sellers require a minimum selling price that is substantially higher than the maximum

amount offered by buyers — the so-called willingness to accept (WTA) - willingness

to pay (WTP) gap. We refine this finding showing that this may happen not because
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the ask price is unreasonably high, but because the offer price is unreasonably low.
Furthermore, the randomization of subjects across roles and values demonstrate that
this effect is entirely behavioral — it is not due to self-selection in buyer or seller role.
This suggests that this empirical regularity is rooted in common real-life practices
that make subjects more socially accustomed to haggle when buying than when

selling.

5 The dynamics of unconstrained bargaining

This section explores the aggregate dynamics of the bidding process in 7. We focus
on Tp because the unconstrained bargaining protocol provides ideal data for this
purpose. In Online Appendix B we show that our main findings for T extend to

sequential bargaining protocols Ts and T as well.

5.1 Bidding up

At a first glance one can imagine two simple heuristics to guide bargaining in an
environment where information is symmetrically private and acceptance is deferred:
bidding down or bidding up. In a bidding-down strategy, player £ initiates bargaining
by bidding high — e.g., the reservation price vfj — 1. In a sealed-bid auction, this
choice is quite conservative and yields low gains to players. But when renegotiation
is possible, this could be an efficient way to jump-start the bargaining process since it
reveals upfront all profitable transactions without disclosing private values. Players
can then subsequently lower their offer or increase their request to capture a larger
share of the surplus from the silent auctioneer. The main drawback of this bidding-
down strategy is that players have an incentive to defect unilaterally.

Conversely, players can follow a bidding-up strategy whereby they initially make a
low bid and gradually raise it. If pursued by all players for a sufficiently long time, this
process should eventually reveal all the profitable transactions while simultaneously
minimizing the share of the surplus that goes to the auctioneer. The main drawbacks

from the bidding-up strategy is that: (1) it requires multiple sequential bids, which
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can become a disadvantage when bargaining is constrained or time-consuming; and
(2) it fails to reveal all profitable transactions if some players refrain from raising
their bid, e.g., in an attempt to extract more surplus.

We do not find evidence of a widespread bidding-down strategy in our data: bids
equal to vfj — 1 are relatively infrequent and mostly placed by sellersﬁ In contrast,
our data support a generalized bidding-up strategy, the evidence for which we now
discuss in detail. In treatment T we observe 4,995 unique bids placed over 440
transactions during the simultaneous bargaining round. We define a bid run as the
ordered sequence of bids placed by all players on a given transaction ¢j during game

g, and we estimate a model of the form:

biji,;, = o+ Zﬁ)\tij + Aijam + Eijiti; (3)

where the tick variable t;; represents the order in which bids on transaction ¢j are
placed by different players within a given bid run, and by;,; is the total bid at tick
time ;5 @ This outcome variable is provisional since it refers to a given point t;;
along the bargaining sequence and need not correspond to the end of the game,
nor to a transaction that is currently formed. The regression includes fixed effects
A, for each value of the tick variable, and transaction-per-matrix fixed effects Aijum
(10 * 8 = 80 effects) to control for any possible confound correlated with matrix
structure.

To correct for the possible correlation between the length of a bid run and the
pace of increase in bids, we divide bid lengths into four approximately equal quantiles,

and estimate model separately for each quantile.ﬂ Our estimate of interest is

39These bids are about 17% of all bids across all treatments, and the overwhelming majority (e.g.
81% of them in round 0) are placed by sellers. This is consistent with the evidence discussed in
Section 4.2.

40The tick variable t;; works like a time identifier in panel data. For example, if we observe 5
bids placed on transaction ij by 3 different players (3 - 5 - 4 - 3 - 4) in that order, ¢;; would take
values 1 to 5 to indicate the order in which these bids were placed.

“1To understand the issue, imagine that all subjects follow a bidding-up strategy until they reach
a deal, and that players differ in the speed with which they increase their bids. In this case, bid runs
that end quickly are those with larger/faster increases in bids, while those that take longer must
have smaller increases in bids. It follows that pooling observations over all bid runs of different
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how the predicted values of by, evolves over bargaining time ¢;; which we plot in
Figure 3. Fitted values are negative throughout because many transactions never
occur, and most deals are sealed by a small margin — i.e., subjects appropriate most
of the surplus from the silent auctioneer (see Section 3). With this caveat in mind,
our estimates validate the hypothesis that total bids increase over time, conditional
on the total duration of the bid run. Putting together this result with the findings
discussed in Section 4.2, we know that this gradual increase in bids mostly comes
from the buyer side. A gradual bidding-up strategy has also been documented by
Bakus et al. (2020) on the basis of observational data, but theoretical support for
this strategy is still scarce@

Finally, we remark an increase in noise in the upper tail of the fourth graph, which
comes from bids in the upper 5% of bid run length (more than 35 ticks). This suggests
that, towards the end of long runs, some players diverge from a gradual bidding-up
strategy, causing the observed non-monotonicity of bidding dynamics. This behavior
appears to be highly detrimental for efficiency: the average probability of ending the
bid run with a deal is remarkably stable in the first three quantiles (i.e., between
46% and 48%). But it drops down to 29% in the last quantile, for bid runs with
more than 35 ticks. In the next subsections we investigate this issue in more detail

by examining how bidding dynamics change in different phases of the game.

lengths yields 3 coefficients that are higher for short runs but smaller for long runs. By estimating
the model separately for different run lengths, we can estimate more precisely whether 3s increase
monotonically within runs.

The first quantile includes unique bids which belong to bid runs of length 1-9; these account for
23% of all bid observations and 58% of bid runs observations (i.e., out of the 425 unique bid runs
that are still open in Round 1, 245 of them have less than 10 bids). The second quantile includes
bids belonging to bid runs of length 10-19: this accounts for 30% of bid observations, and 26%
of bid run observations (111 bid runs). The third quantile includes bids belonging to bid runs of
length 20-34; these account for 24% of bid observations and 11% of bid runs (48 bid runs). Finally,
the last quantile includes bid runs of length 35+; these account for 23% of bid observations and 5%
of bid runs observations (21 bid runs).

42Following Rubinstein (1982), most theoretical analyses of strategic bargaining games predict
immediate agreement. One notable exception is the model by Compte and Jehiel (2004) who derive
gradualism in a bargaining game under complete information with state-dependent outside options.
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Figure 3: Bidding dynamics in treatment T'p

Length of bid run: 1-9 (58% of runs) Length of bid run: 10-19 (26% of runs)
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Note: median spline reported in red.

5.2 Discovery

We now split bid runs in two phases: before the transaction is formed for the first
time, which we call first activation; and after that. We call discovery run the bidding
phase leading up to the first activation. Table [4] breaks down unique discovery runs
(N = 270) by their total duration in minutes and presents summary Statistics.ﬁ
Unsurprisingly, discovery runs involving more players last longer, and short runs are
more likely to involve a single bid. More interestingly, we see that the majority of
players placing multiple bids increase their bid between the beginning and the end of
the discovery run — consistent to a bidding-up discovery phase. For longer discovery
runs, a significant share of players either reduce their bid over time or go back to

their original bid. But they still represent a minority of bidding players — i.e., from

43We drop all the bid runs on transactions that were formed at the end of round 0 since, by
definition, discovery has already taken place by the time subsequent rounds begin.
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4.2% in the shortest runs, to 33% in runs over 2 minutes long. This is consistent with
the view that, when most players follow a bidding-up discovery strategy, deviation

from that strategy by some players tends to lengthen the time to the first activation.

Table 4: Discovery runs

’ Duration of the discovery run (in minutes) ‘ <1 ‘ 1-2 ‘ >2 ‘
# players bidding (mean) 1.59 2.13 2.51
# bids per active player (mean) 1.99 3.43 5.21
% bidding players who place one bid 55.6% | 23.8% | 15.9%

% bidding players with multiple bids: last higher than first | 39.9% | 54.3% | 50.5%
% bidding players with multiple bids: last lower than first | 2.4% | 13.0% | 20.7%

% bidding players with multiple bids: last = first 1.8% | 9.1% | 13.0%
obs. 104 83 83

To explore this idea further, we limit our attention to players who place multiple
bids in discovery runs and we focus on subsequent bids, that is, the bids placed after
the initial one. Table [5| provides summary statistics on 1397 unique subsequent bids
placed by 383 players. As in Table [ results are broken down by the total duration

of the discovery run.

Table 5: Subsequent bids in discovery runs

| Run duration (in minutes) | <1 | 12 | >2 |
# of subsequent bids 166 407 824
% of increasing bids 88.6% | 74.5% | 66.4%
% of increasing bids: by 1 unit | 73.5% | 65.4% | 50.9%
% of decreasing bids 11.4% | 25.6% | 33.6%
% of decreasing bids: by 1 unit | 5.4% | 18.2% | 20.6%

Results indicate that the overwhelming majority of these subsequent bids are
increasing bids — most of the time by a single unit. This is again consistent with

a slow and cautious bidding-up strategy. Short bid runs are dominated by small
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increasing bids. We also observe a non-negligible proportion of decreasing bids — still
mostly by one unit. This proportion is higher in long discovery runs, consistent with
the idea that discovery slows down when some players stop bidding-up before the
first activation is reached.

The bidding-up discovery strategy followed by the majority of players is easily
rationalized: it allows them to find a low bid for which the transaction occur. But it
also means that, when this discovery process is curtailed in some way, as in sequential
treatments that reach the limit of rounds or as when some players place decreasing
bids, players may never reach this threshold and discovery fails. As a result, many

profitable transactions do not occur, reducing aggregate efficiency.

5.3 Appropriation

So far we have seen how subjects play a cautious bidding-up strategy to discover
which transactions are profitable. Once first activation has taken place, however,
some players may continue to haggle in an effort to increase their own gains. Since
our experimental design implements deferred-acceptance bargaining, this puts us in
a unique position to see whether bargaining continues after discovery.@ In what
follows we look into behavior after discovery ends and we provide evidence that,
after first activation, some players reduce their bid. This appropriation strategy may
be an attempt to get a larger share of the surplus, either by forcing others to increase
their own bids, or by appropriating surplus from the silent auctioneer.

We start by noting that, in treatment 7, not a single bid run stops immediately
after discovery: once a link has been activated for the first time, we always observe
more bids placed afterwards. Bids become less frequent, however: only 1030 unique
bids (21% of total bids) are placed after first activation. The overwhelming majority
of them (83%) are decreasing bids, i.e., they are lower than the bid placed by the

same player at the time of first activationﬁ] This suggests a desire to appropriate a

44 This sets our setting apart from that of Bakus et al. (2020), in which bargaining stops as soon
as an agreement is obtained.

450ut of these 1030 bids, only 106 bids (10%) represent an increase relative to the previous bid,
while 856 (83%) represent a decrease. The remaining 68 (6%) are first-time bids by that player,
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Figure 4: Bids on formed vs. unformed transactions
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larger share of the surplus@ This interpretation is corroborated by Figure 4 below,
which plots the Kernel density of bids placed on unformed transactions versus formed
transactions (3965 and 1030 unique bids respectively). The Figure shows that bids
on unformed transactions are higher and more frequently positive@

To summarize, the evidence we provide suggests that the behavior of subjects
falls into two broad categories. A majority of subjects play a slow bidding-up strat-
egy until a transaction is revealed to be profitable, and they freeze their bidding
afterwards. A minority instead seeks to appropriate surplus by refraining from in-

creasing their bidding on unformed transactions or by reducing their bids on formed

on that transaction. These first-time bids tend to be negative (—0.91 on average) even though the
average value of these transactions is positive (1.34 on average). This suggests that these players
bid to appropriate a share of a transaction that has just been revealed to be profitable.

46This strategy benefits the player in most cases: only 180 (17%) of the 1030 bids trigger deletion.
In the remaining 850 cases (83%) the transaction holds but the player now gets a higher gain.

47Our data also show that decision time is longer for bids on formed transactions. For unformed
transactions, the average time elapsed between the current and previous bid of a given player is 20
seconds and the median elapsed time is 6 seconds. In contrast, for formed transactions, the average
time elapsed between bids is 30 seconds and the median elapsed time is 10 seconds. Decision time
is often thought to proxy for cognitive load and is known to be higher for decisions that are more
risky or include conflicting objectives.
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ones, taking the activation as a signal that other players are willing to contribute to
it.

In this Section, we have relied on results from treatment Tp because the un-
constrained bargaining protocol provides richer data for analysis. We do, however,
investigate the same issues in sequential treatments T and Ty as well, and we
find consistent evidence of the same stylized facts — bidding-up during the discovery
phase; and attempts at appropriation by a subset of players — see Online Appendix
B for details.

6 Conclusion

With a few notable exceptions, much of the existing literature on the efficiency of
decentralized markets is theory-based (e.g., Kirschsteiger et al. 2005; Kagel et al.
2010; Condorelli et al. 2017; Agranov and Elliot 2021). Semi-structured bargaining
games receive less attention than auctions, possibly because they are less amenable
to clear-cut theoretical predictions. To help fill this gap in the literature, we de-
sign a laboratory experiment to quantify the efficiency gains of bargaining and the
behavioral strategies of players in a decentralized market where valuations are het-
erogeneous and information is symmetrically private.

We implement three semi-structured bargaining protocols based on the principle
of deferred acceptance, and we compare their ex-post efficiency to a benchmark sce-
nario of a sealed-bid multilateral auction. We find that a protocol of unconstrained
simultaneous bargaining doubles the efficiency margins with respect to sealed bids,
mostly to the profit of players rather than the silent auctioneer. Thanks to the rich-
ness of our data, we are able to trace these results back to the behavioral strategies of
participants. We find that players circumvent the lack of information by experiment-
ing through a cautious and gradual strategy of incremental bids, which is facilitated
and expedited in an unconstrained bargaining environment. Still, not all profitable
transactions occurr, which confirms the existence of the private information penalty
documented in previous theoretical and empirical studies. We attribute this penalty

to two main behavioral drivers. First, buyers haggle too hard as they try to extract
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an unreasonable share of surplus. Their behavior stands in contrast to that of sellers,
who tend to fix a more modest reservation price and stick to it. Second, a minority of
participants deviate from the bidding-up strategy and/or continue bargaining after
a provisional deal is reached, jeopardizing its chances of success.

Our findings have practical relevance for the design of online marketplaces for
trading or philanthropic giving. Most of the existing digital platforms admit some
limited bargaining action, but the current technology would allow them to integrate
more complex bargaining features of the kind studied here. The bargaining protocols
we propose are flexible and intuitive, and can scale up to operate in large markets.@
Our design also offers the advantage of allowing for the remuneration of the trading
platform, which incentives service provision@ Should a market for multilateral bar-
gaining platforms develop, our results also provide useful insights for policy makers
willing to regulate the industry — notably on the efficiency frontier.

Our current design lays the groundwork for future extensions in two directions.
First, the experiment we present here does not model substitution between goods: all
transactions have independent values; and participants do not compete over them.
However, the advantage of allowing multiple trades at the same time is that players
may consider certain goods to be substitutesm But we know from earlier work (e.g.,
Comola and Fafchamps 2018) that laboratory subjects perform well in matching
games of substitutes without transfers. It may therefore be possible for subjects
to do well in a decentralized algorithm that combine both features: competition
over goods and haggling over price. This would further integrate our results about

bargaining behavior into the complex features of real-life markets.

48For instance, sequential protocols could be implemented in markets with many participants but
few items for sale. Similarly, the unconstrained protocol could be implemented in large markets
with many participants and many items, as long as each participant is only interested in a limited
number of items — which they could be asked to specify beforehand in order to be allowed to bid.

“9Tn our current design, the silent auctioneer fixes a threshold of total bids of 1 to implement
a transaction. This minimum fee serves as remuneration for the platform, and it can be set to
any number as desired. A large positive threshold increases the auctioneer’s surplus on deals. A
negative threshold can be used to subsidize certain transactions, such as those generating positive
externalities for society at large.

%0When haggling occurs sequentially and acceptance is not deferred, agents can find it hard to
resist an early offer that is sub-optimal (e.g., Li and Rosen 1998; Niederle and Roth 2009).

33



Second, even though transactions are represented visually to subjects as a graph,
our experiment does not speak about the topology of the resulting network nor of
its externalities, since there are no resale or transfer across nodes. Still, our work
feeds back into theory by opening a new avenue of inquiry into network formation
games (e.g., Currarini and Morelli 2000; Baccara et al. 2012; Agranov et al. 2021).
Link formation with transfers has a natural interpretation in terms of a buyer-seller
network (e.g., Mutuswami and Winter 2002; Choi et al. 2017). Extending our
framework to allow for utilities over indirect links would provide valuable information

on strategic settings such as diffusion games, information flows, and competition.
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Online Appendix A: Experimental Instructions

A.1 Visual Layout

We now describe the main features of the experiment’s visual layout. The four images
below (A.1 to A.4) are screenshots from the game’s interface that are included in
the instructions for participants. Since the experiment is implemented in French, a
legend with corresponding French and English terms is provided on the right side of
each ﬁgure@ A complete translation of the instructions for players, with reference

to these pictures, is given in Section A.2 below.

General interface

Players appear as nodes arranged in a circle (or hexagon) with the player herself
always positioned at the bottom of the circle (“ME"). Each player is represented
by a letter identifier, and both the letter identifiers and the position of the players
are reshuffled from one game to the next. Transactions are visually represented as
links between nodes. The links that are currently active — i.e., for which the total
bid is currently positive — are displayed as a thick solid line. Those that are inactive
are displayed as a thin dotted line. The transactions that cannot be formed are not

shown, i.e., they have no line.

Gain tag

Above each link is a tag reporting the (hypothetical) gain the player would derive
from it, should the link be formed at the end of the game. This is simply computed
as the value of the transaction to the player minus the last bid she made on it[?

These gains are color-coded: positive gains appears in green; negative gains appear

5Tn the instructions, we have chosen to represent only screenshots from the trial games, which
only have 7 links instead of 10.

52Note that this is not the same naming convention used in the analysis, where we define the gain
as 0 whenever b;;+ < 1 (see Section 2.1). However, for the sake of the interface and instructions we
found it more appealing to display the difference between value and bid, since the activation status
is conveyed to players through line patterns as explained below.
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in red. The activation status of the link is disclosed via the line pattern: the line
representing the link and the lines contouring the tag turn from dotted to solid when
the link is activated, and the words on the tag appear in bold. For instance, in Figure
A 4, link A-C is activated. This design, which is the result of much careful research
and development, offers the advantage of presenting the state of play in an intuitive
way: all the relevant information is instantaneously available to players in an easily

understandable format.

Bargaining process

The bidding process is as follows. While a link is being auctioned, the (solid or
dotted) line representing it becomes thicker, the nodes at the link’s end turn pink,
and a dialog box opens in the middle of the screen. This dialog box contains two
pieces of information: the value of the link, which is set exogenously and cannot be
changed; and the player’s current bid. Players can bid on links involving themselves
with either an offer — a positive number — or a request — a negative number. For
example, in Figure A.2 and A.3, player E has opened the dialog box for link E-D, and
he is contemplating an offer of 2 units (Figure A.2) or a request of 2 units (Figure
A.S)F_SI Players can also bid on transactions that do not involve them, but in this
case their bid has to be positive, i.e., no request’ option is available to them (Figure
A.4).No constraint is imposed on the magnitude of bids made by subjects.

At the beginning of a game, the default value of all bids is set to zero. This is
done so that each game starts with a blank slate, i.e., with no formed transaction.
In games that include multiple rounds, the player’s bid in the immediately preceding

round becomes the default starting bid in the following round.

53In Figures A.2 and A.3, player E has not validated his bid yet with the OK located within the
dialog box. Thus, the tag on the link still reports the gain of 3 which is the implicit gain associated
with the default bid of 0. The link E-D is currently not activated, so the link and tag lines appear
dotted.
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A.2 Instructions to subjects]

“Thank you for participating in this experiment about decision making. Please turn
off your phone and put it away. You are not allowed to communicate with other
participants during the session unless you are invited to do so by an experimenter,

or you will be disqualified from the payment. All your decisions are anonymous.

Today you will play a game whose rules are explained in what follows. You will
receive 10 euros for showing up on time. In addition, you can accumulate earnings
during the session according to your decisions and those of the other participants.
At the end of the session, your earnings will be converted into euros and paid out in

cash in private. Your earnings will remain confidential.

Description of the game
General framework

This is a link-formation game between 6 players, who are located around a circle and
labeled with the letters A, B, C, D, E, and F.

You are always the player at the bottom of the circle: your icon is indicated by

"ME" as well as by your letter identifier.

e Fxample: in Figure 1-3 you are player E.

All the links that can be formed are displayed with a dotted line on the graph.

e Fzample: in Figure 1-3 the links between E-F, and E-A cannot be formed.

When a link is formed, it appears with a thick, solid black line, and it is visible to
all players.

e Fzample: in Figure 4, the link A-C is formed.

54Translated from French. Figures 1 to 4 in the instructions correspond to the Figures A.1 to
A 4 here.
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The gain

On each link you will see a tag with a dotted or solid frame, and with a piece of
information, the "gain". If you click on the tag, the two players at the link’s ends

are displayed in red and a dialog box appears (Figure 2).

Value

The first piece of information in this dialog box is the "value", which indicates how
much you are paid if this link is formed by the end of the game. The value remains

constant during the game, and it can be positive (a benefit) or negative (a loss).

e Please note that the values are different for each player. Thus, if the E-D link
has a value of 3 for you (as in Figure 2), it does not mean that it has value 3

for everyone!

e You only know your own values, not those of the other players.

Bids

The second piece of information in the dialog box is the "bid", which indicates the
amount you are offering or requesting for the link to be formed. This is your decision

variable during the game: you are free to make bids in order to form links.

e If a link concerns you directly, you can place positive bids (offers) —
i.e., you offer to pay for the link to be formed — or negative bids (requests)
—i.e., you ask compensation for the link to be formed. Fxrample: in Figure 2,
to form the E-D link, you can place either an offer or a request (i.e. a positive

or a negative bid).

e If a link does not directly concern you, you can only place positive
bids (offers) —i.e. you can only offer to pay for a link between third players.

Example: in Figure 4, to form the link A-B, you can only make an offer.
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e You can place bids as you wish. This means that you are not obliged to place
bids on links that directly concern you, and you can place bids on links between

third players.

e You can choose the amount of the bids as you wish, without limits except those

set by the above rules.

e You do not observe the bids of other players.

Link formation and gain

At any point in the game, if the sum of all players’ bids for a given link is strictly
positive, then the link is (provisionally) formed. That is, if the sum of all positive
bids (offers) exceeds the negative bids (requests), the link is formed. However, players
may be able to revise their bids later on, and thus as the game unfolds formed links

can be deleted (if the sum of bids becomes negative).

When a link is formed, the tag appears with a solid frame line (Figure 4: for link
A-C both the link line and the gain tag appear with a solid rather than a dotted

line).

Your final gain depends only on the links that are formed by the end
of the game: it is zero if the link is not formed, and it is based on your last bid if

the link is formed. There are four possible cases:
1. If a link is not formed: Final Gain = 0

2. If your current bid is positive (offer) and the link is formed: Final Gain =
Value — Offer

3. If your current bid is negative (request) and the link is formed: Final Gain
= Value + Request

4. If your current bid is zero (no bid) and the link is formed: Final Gain =
Value
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Example: In Figure 2 your value for the E-D link is +3. If you place a positive bid
(offer) of 2, your gain for the E-D link would be 3 - 2 = 1 if this link is formed by
the end of the game. If you place a negative bid (request) of 2 (Figure 3), your gain
would be 3 + 2 = 5 if the link is formed by the end of the game.

Positive gains are displayed in green on the tag, negative gains are displayed in
red.

e FEzample: in Figure 4 the gain for A-C is negative (red), while the gain for E-D

is positive (green).

Your total gain of the game is the sum of the final gains for all links that are formed

at the end of the game.

o Fxample: if the B-C link is formed and then deleted before the end of the
game, it will be considered "non-existent", i.e., as not being formed, for the

purpose of calculating the game’s total gains.

Phases of the game

The game is organized in two phases.

First phase

You start the first phase with no links formed. You now have time to place your bids
in the order you wish. To place a bid, click on the link tag, the dialog box opens,

and enter your bid.

Careful:

e you must click on the tag that contains the gain, not on the line!

e when you enter a bid, be sure to validate your choice by pressing the OK button

within the dialog box. Validated choices appear in light blue.

Once you have finished placing your bids, click the OK button at the bottom of the

screen to move on to the second phase of the game.
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Second phase

Once you have completed the first phase of the game, you move on to the second
phase. During this phase, you will have the opportunity (or not) to revise your bids

according to one of 4 scenarios described below.

The relevant scenario is only announced at the beginning of the second phase.
This means that in the first phase, you do not know if and how you will have the

opportunity to revise your bids.
Scenario A
In Scenario A, the bids from the first phase are final. This means that:
e the links for which the sum of all bids in the first phase is positive are formed,

e the total gains of the game is calculated for each player on the basis of the links

formed.

Scenario B

In Scenario B, the game starts with the bids from the first phase, but you have the

opportunity to revise them, one link at a time.

Scenario B is organized into several rounds. In each round, the computer visits
all the links (in a random order that changes from round to round), and one link at

a time appears in red:

e when a link appears in red, the corresponding dialog box pops up and you can
revise your bid freely. You can change your bid even if you did not place any
bid in the first phase!

e you have at least 10 seconds to enter your new bid (longer if the other players

also revise their bids). When time runs out, the dialog box turns gray.

Example: in Figure 4, link A-C is formed, link A-B is currently being revised, and

time is elapsing (because the background color of the dialog box is gray).
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Stopping rule:

e The game ends before the 6th round if during an entire round the bids of all

players do not change;

e At the end of the 6th and 7th rounds the game ends with 50% probability, and
at the end of the 8th round the game is forced to an end (even if some bids

have changed within the round).

Scenario C

In Scenario C, you have the opportunity to revise the bids from the first phase one

link at a time, as in Scenario B.

All rules are the same as in Scenario B, except for the stopping rule:

e The game ends before the 6th round, if during a whole round the links do not

change;

e At the end of the 6th and 7th rounds the game ends with 50% probability, and
at the end of the 8th round the game is forced to an end (even if some bids

have changed within the round).

The difference is that in scenario B the game stops when the bids stay the same, and

in scenario C it stops when the links stay the same.

FExample: imagine that in round 2 you make an offer of 4 for link A-C and the
link is formed, and in round 3 you lower your offer to 3. All other players do not
change their bids in round 3, and the sum of bids for this link remains positive. In
Scenario B, the game does not end yet, and you proceed to round 4. In Scenario C,

the game ends with round 3.

Scenario D

In Scenario D, the game starts from the bids of the first phase, and you have the

opportunity to revise your bids for all links simultaneously.
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This means that there is no division between rounds and it is your responsibility
to click on the tag of the links you want to revise. You can do this freely, in any

order, and as many times as you like.

The links that are currently formed (because the sum of the bids is positive) are
displayed in real time, i.e. you can see thick lines appearing and disappearing in real

time.

If you do not make any changes for (at least) 20 seconds, the game stops. This
time is longer if the other players also make changes. When the time is up, the screen

turns gray.

The session’s unfolding

In today’s session you will take a preliminary quiz, and then you will start with 3
trial games (to get used to the software). You will play scenarios B, C and D (in
that order).

After the trial games, you will play 8 games.

In each game, the players you play with remain the same, but the letter identifiers

will change. That is:
e You may be called D during the first game, and A during the second;

e You never know how the other players changed positions (i.e., the player named

C during the first game may be named D in the second game, etc.).

End of the session

At the end of the session, you will be asked to answer a short final questionnaire.

Your answers are anonymous and confidential.

After the questionnaire, you will receive information about your total gains in
each of the 8 games. The computer will draw 2 games out of 8 and your earnings
will be calculated based on the total gain from these two games. Your total gain in

the trial games will not be taken into account.
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The payment rule is as follows: 10 euros fixed payment + 0.5 euros for each point.

To get paid and leave the room, you have to wait (silently) until we call you.

Please review these instructions carefully. If you have any questions, please raise

your hand. We will come to you immediately to answer your questions in private.”
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Online Appendix B: Ancillary results

B.1. Analysis of aggregate efficiency

Table [0] expands on the statistics reported in Figure 1. To do so, we report efficiency
and surplus for the players and the auctioneer, respectively, for all the transaction
types (all, profitable, non-profitable, mutually profitable, collectively profitable) and
for both round 0 (sealed-bid phase) and the last round of the game.

As discussed in Section 3, we find that efficiency increases when bargaining is
possible, and that the increase is mostly driven by the surplus of players. This
is true across all transaction types and all bargaining treatments. Additionally,
Table [6] shows that the player behavior is comparable in the sealed-bid phase across
treatments, and that the percentage of non-profitable transactions formed remains
negligible across all treatments and rounds.

To validate the results presented in Table [0 we run the linear regression

outcome;jr = Bo + S1Ty + B2S + As + Nijum + €357 (4)

where outcome;;r represents the outcome of transaction ij at the end of the game,
T, is the vector of treatment dummies, and S is the order in which the game is played
(from 1 to 8). We include session-level fixed effects Ay, and transaction-per-matrix
fixed effects Ajjum (10 % 8 = 80 effects). The latter control for variation arising from
the random allocation of matrices to different treatments, and it absorbs transaction-
specific attributes such as the total value of a link across players. Standard errors are
wild-bootstrapped at the group level. In Tables[7] [§ [0] we consider three outcomes
of interest, all computed for the end of game. The first outcome g;;r = >, gfj,T is
defined as the total gain realized by all players on transaction ij (which is zero if the
transaction is not formed). The second outcome is a binary variable deal;;  which
equals one if the transaction occurs by the end of the game. The third variable is
players surplus;;r defined as the ratio g;;r/v;;. The results indicate that all three
bargaining protocols increase total surplus by increasing the gains, the number of

profitable transactions, and the surplus for players. This is true across all trans-
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Table 6: Efficiency of transactions

Round . all non profitable mutually collectively
out ransackions profitable profitable  profitable
# of transactions 440 118 322 178 144
efficiency 0.2 0 0.27 0.41 0.1
0 surplus players 0.14 - 0.19 0.3 0.06
surplus auctioneer 0.06 - 0.08 0.11 0.04
# of transactions 440 133 307 235 72
efficiency 0.29 0.02 0.41 0.48 0.18
0 surplus players 0.22 - 0.3 0.36 0.09
surplus auctioneer 0.07 - 0.11 0.12 0.09
efficiency 0.42 0.02 0.6 0.67 0.33
last surplus players 0.35 - 0.49 0.55 0.27
surplus auctioneer 0.07 - 0.11 0.12 0.06
# of transactions 440 164 276 244 32
efficiency 0.23 0.02 0.36 0.4 0.09
0 surplus players 0.17 - 0.26 0.29 0.04
surplus auctioneer 0.06 - 0.1 0.11 0.05
efficiency 0.38 0.01 0.6 0.64 0.28
last surplus players 0.29 - 0.45 0.48 0.24
surplus auctioneer 0.09 - 0.15 0.16 0.04
# of transactions 440 135 305 201 104
efficiency 0.22 0.07 0.31 0.42 0.12
0 surplus players 0.16 - 0.23 0.31 0.08
surplus auctioneer 0.06 - 0.08 0.11 0.04
efficiency 0.47 0.03 0.66 0.79 0.41
last surplus players 0.41 - 0.56 0.67 0.36
surplus auctioneer 0.06 - 0.10 0.12 0.05
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Table 7: Results for gains g;;r

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

transaction all not profitable mutually collectively
profitable profitable  profitable
Tp 2.232%**%  .0.095* 3.085***  3.460*** 2.803***
(0.000) (0.080) (0.000) (0.000) (0.004)
Tc 1.939%** -0.068 2.685%**  2,9]15%H* 2.854**
(0.000) (0.127) (0.000) (0.000) (0.017)
Tp 3.029*** -0.120 4.230%H%  4.9]12%%* 3. 27Tk
(0.000) (0.221) (0.000) (0.000) ( 0.000)
S 0.119**  -0.027**  0.189*** 0.180%* 0.270%***
(0.030) (0.044) (0.008) (0.07) (0.006)
Aijem yes yes yes yes yes
As yes yes yes yes yes
Obs 1,760 550 1,210 858 352
R-sq 0.707 0.109 0.662 0.672 0.476

Notes: Wild-bootstrapped p-values in parentheses, clustered at the
unique group level. *** p<0.01, ** p<0.05, * p<0.1

actions, as well as for mutually and collectively profitable transactions separately.
The number of non-profitable transactions stays unaffected. Treatment T is best
across the board, suggesting that easier discovery helps efficiency. There is also some
evidence of learning across games as the session progresses.

Next we compare the two sequential bargaining treatments. As anticipated, we
find that games in T last the longest: in our data the average number of rounds
is 6.4 and only 2 of the 44 games end naturally. This is undoubtedly the result of
the stopping rule based on changes in bids. In contrast, in treatment 7> where the
stopping rule is based on transactions, the average number of rounds is 3.9 and 35
games out of 44 end naturally. The results shown in Tables [7 [§ [ indicate that,
although slightly more transactions are formed under 7T, efficiency is slightly higher
in T's and players make higher gains per transaction. Speeding up play by applying a
stricter convergence rule comes at a cost to players. The magnitude of the difference,

however, is small compared to the contrast with T4 or Tpp. Given that treatment T
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Table 8: Results for deal;;r

(1) (2) (3) (4) (5)
transaction all not profitable mutually collectively
profitable profitable  profitable
B 0.206*** 0.026* 0.270***  (0.302%** 0.251%**
(0.000) (0.077) (0.000) (0.000) (0.002)
Tc 0.211%** 0.013 0.292%%*  (0.331%** 0.214**
(0.000) (0.102) (0.000) (0.000) (0.039)
Tp 0.266*** 0.024 0.357**%  (.414%%* 0.268***
(0.000) (0.174) (0.000) (0.000) (0.000)
S 0.014***  0.008** 0.018** 0.014 0.025**
(0.008) (0.048) (0.031) (0.208) (0.013)
Aijem yes yes yes yes yes
As yes yes yes yes yes
Obs 1,760 550 1,210 858 352
R-sq 0.555 0.136 0.441 0.367 0.378

Notes: Wild-bootstrapped p-values in parentheses, clustered at the

unique group level. *** p<0.01, ** p<0.05, * p<0.1
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Table 9: Results for players surplus;;r

0 ) () () (5)
transaction all not profitable mutually collectively
profitable profitable  profitable
B 0.206*** 0.038* 0.264***  (0.297*** 0.236***
(0.000) (0.081) (0.000) (0.000) (0.002)
Tc 0.180%** 0.020 0.243%%*% (. 270%** 0.226%**
(0.000) (0.116) (0.000) (0.000) (0.010)
Tp 0.267+** 0.037 0.354%**%  (0.413%** 0.268***
(0.000) (0.146) (0.000) (0.000) (0.000)
S 0.015***  0.012**  0.017%*F* 0.015* 0.023**
(0.000) (0.047) (0.010) (0.061) (0.015)
Aijem yes yes yes yes yes
As yes yes yes yes yes
Obs 1,760 550 1,210 858 352
R-sq 0.555 0.136 0.441 0.367 0.378

Notes: Wild-bootstrapped p-values in parentheses, clustered at the

unique group level. *** p<0.01, ** p<0.05, * p<0.1
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cuts game time in half and converges naturally, it may overall be preferable to Tz in

spite of a small difference in efficiency, depending on the situation.

B.2. The Dynamics of Sequential Bargaining
Bidding up

We now focus on sequential treatments 75 and T and investigate how bids and gain
evolve as rounds progress. We do so from two different perspectives: player level,

and transaction level. We first estimate a player-level regression of the form

outcomey, = Bo+ 1T+ Pa- R+ B3-S+ A+ As + €pr (5)

where outcomey, , is the outcome of player k at the end of round r > 0 for treatments
Tg and T¢. Note that the number of rounds varies from 2 to 8 in the sequential
treatments, and is endogenously determined to a large extent. We include a dummy
for treatment T as well as round and game order indicators R and S. We also include
matrix and session fixed effects A, and A\,. Error terms are wild-bootstrapped at the
group level, as before.

Results from regression (b)) are shown in Table for two outcomes: the total
value of all bids placed by player k at the end of round r (b, = >, b, ,); and the
total gain of player k for all the transactions (provisionally) formed at the end of
round 7 (grr = >4 95,)- At the intensive margin (i.e., for a formed transaction),
bidding more leads to lower gains. But by bidding more the player can form the
transaction, which benefits her at the extensive margin. We see that, over rounds,
players increase both the total value of all bids and the total gains. This suggests
that the extensive-margin effect of increased bidding (i.e., more formed transactions)
dominates the intensive-margin negative effect. This is consistent with the results in
the unconstrained treatment 7'» showing that most players increase their bid until a

profitable transaction is revealed.

Next we take a transaction-level perspective and focus on final outcomes in treat-
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Table 10: Player-level outcomes in 75 and T¢

(1) (4)
Dependent variable: bi.» Gk,r
To 1.572 0.109
(0.964) (0.770)
R 0.486** 0.447***
(0.196) (0.000)
S 0.184 0.174%**
(0.209) (0.007)
Am yes yes
As yes yes
Constant -13.975%** 1.477*%*
(2.113) (0.022)
Observations 2,736 2,736
R-squared 0.049 0.202

Notes: Wild-bootstrapped p-values in parentheses, clustered

at the unique group level. *** p<0.01, ** p<0.05, * p<0.1

ments T and T (N=880). We test whether bidding intensity increases the likelihood

of a deal by estimating a linear regression of the form:

outcomeyr = Bo + Bilc + BaNijr + B35 + Avoundyyr + As + €i51 (6)

where outcome;;r is the outcome for transaction ij by the end of game, T¢ is a
dummy for treatment T, and NV;; r represents the total number of unique bids placed
on transaction ij during that game (this captures the intensity at which players bid
on that transaction). S represents the order in which the game is played (from 1
to 8). Since we are dealing with sequential bargaining protocols, we include a set
of dummies )\mmdiﬂ to control for the round at which the last bid on transaction
17 was placed. We also include session fixed effects A;, and we wild-bootstrap the
error term at the group level as before. Here outcome;;r stands for two outcomes
of interest: b;; r which represents the sum of the final bids on transaction ij at the

end of the game; and the dummy deal;;+ which takes value one if, by the end of the
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Table 11: Transaction-level outcomes in Ty and T¢

Dependent variable: bij T deal;;
Tc -1.422%* -0.092**
(0.072) (0.041)
Nz‘j,T 0.358*** 0.014*%**
(0.002) (0.009)
S 0.522 0.023**
(0.105) (0.025)
Aroundiij yes yes
As yes yes
Constant -12.78%** 0.40%**
(0.001) (0.000)
Observations 880 880
R-squared 0.051 0.040

Notes: Wild-bootstrapped p-values in parentheses, clustered

at the unique group level. ¥** p<0.01, ** p<0.05, * p<0.1

game, bj;r > 0 and the transaction is formed. Results, presented in Table [6, show
that, even after controlling for the round at which the last bid on the transaction is
placed, more intensive bargaining is associated with an increase in bids and in the
probability of a deal. Again this is consistent with experimental subjects playing a

bidding-up strategy until profitable transactions are revealed.

Discovery and Appropriation

We conclude by briefly discussing how players react to the information of a transac-
tion being formed in sequential treatments Ts and T. To recall, sequential treat-
ments are organized into rounds and turns, and subjects only observe whether a
transaction is formed at the end of a turn, once all players had the opportunity of
revising their bids on that transaction. We notice that when players place a bid on
transaction ¢j in round r and the transaction does not get formed in that round (4459

unique bids, 72% of total), a large fraction of players (46%) keep their bid unchanged
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in the next round r + 1. But we also observe that 42% increase their bid and only
12% decrease it in round r + 1 relative to round r.ﬁ That is, approximately half of
subjects respond to an unformed transactions by increasing their bid. A substantial
fraction of the other players adopt a wait-and-see attitude and a small number of
players reduce their bid in the hope the others would increase theirs.

Conversely, we notice that when players place a bid on transaction 45 in round
r, and the transaction is formed in that round (1714 bids, 28% of total), they all
stall or decrease their bid: in the next round r + 1 we observe that 67% of these
players place no new bid, and 33% decrease their previous bid@ These results are
in line with evidence on discovery and appropriation in the simultaneous bargaining

treatment discussed in Section 5.

%5 A similar bidding pattern is observed if we take a 3-period window and restrict the analysis to
the sub-sample of transactions that were not formed in round r — 1 but formed in round r.

561f we analyze longer play sequences the aggressive strategy of decreasing the bid tends to be
temporary in case it triggers deletion. If the transaction is dropped after players reduce their bid,
they overwhelmingly revert to their previous behavior and increase their bid in response.
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