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Team success relies on assigning team members to the right tasks. We use controlled
experiments to study how roles are assigned within teams and how this affects team
performance. Subjects play the takeover game in pairs consisting of a buyer and a seller.
Understanding optimal play is very demanding for buyers and trivial for sellers. Teams
perform better when roles are assigned endogenously or teammates are allowed to chat
about their decisions, but the interaction effect between endogenous role assignment and
chat unexpectedly worsens team performance. We argue that ego depletion provides a likely
explanation for this surprising result.
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1 Introduction

Motivated by the observation that many importardnemnic decisions are made by teams
rather than individuals, experimental economics rfeaently witnessed a surge of interest in
team decision making. Extending the existing psiadw literature to domains of specific
interest to economists, researchers have estathlidteg team choices are generally more
rational (e.g. Cooper and Kagel, 2005; Blinder dwtgan, 2005; Kocher and Sutter, 2005;
Charness and Jackson, 2007) and more self-intdrésée individuals (e.g. Bornstein and
Yaniv, 1998; Luhan, Kocher, and Sutter, 2009). €hstdies have focused on comparing
teams with individuals and have generally not ersiziesl the internal organization of teams.
A universal feature of existing studies is thatmieaembers are all engaged in the same task.
While appropriate for establishing basic observatiabout how teams perform relative to
individuals, use of homogenous tasks departs sgmifly from the reality of many team
environments. Team members in most environmentslizmg different roles and completing
different tasks. Not all team members are equadil suited for all tasks, so getting the right
person assigned to the right task can be an impodeterminant of team success. In this
paper we examine role assignment and team perfagnana team task where one role
requires considerably more strategic thought ttendther, making proper role assignment
crucial for the success of a team.

It is by no means trivial to correctly assign peopd tasks, both because it may not be
obvious who is best suited for each task and bectemm members may desire tasks for
which they are poorly suited. Professional sportsside many good examples of this. For
instance, typically different people are in chagdesigning players for a team (the general
manager or GM) and coaching the team. Both jobgmtieal for the success of the team and
there isn't an obvious hierarchical relationshipeen the two jobSMany coaches want to
control the teams’ personnel decisions, either diynélly taking on the title of GM or by
performing the GM’s duties while having a subordéenaold the title. This can harm the
team’s performance since the skills that make agmach aren’t the same as the skills that
make a good GM. For example, Mike Holmgren wascaassful coach in American football,
leading Green Bay to a championship by winningShper Bowl following the 1996 season.
Holmgren left Green Bay in 1999 to take over int8eas both coach and GM. This was
unsuccessful and Holmgren was fired as the GMi{buais coach) in 2002. Acting solely as a

coach, Holmgren led Seattle to the Super Bowl faithg the 2005 season. Team success

Y In most teams, the GM is theoretically the coadfsss with the right to hire and fire. In practtbe positions
are fairly equal with decisions on hiring and fgifor both jobs made higher in the organizationaetdrchy by a
team owner or president.



relied on Holmgren being placed in the role he Wwast suited for, but it took failure and
direct intervention by the team’s upper managerteget him assigned to the correct role.

Turning to a field that is less glamorous (but @doly more important economically)
than professional sports, software developmentigesvan interesting mixture of different
ways that tasks might be assigned. Large softwesgegis usually require a development
team. The traditional way of running a software elegment team is to have an externally
assigned project manager. Team members do not eltbes tasks, but are instead assigned
tasks by the project manager. Over the past desaftejare development has moved towards
“agile software development”, a broad category teatompasses a number of specific
software design approaches such as Scrum, Extreagrafming, and Crystal Clear. The
shift toward agile software development involved njnachanges in the design process,
including a move toward teams that are self-mana@edn example consider Scrum, one of
the most popular variants of agile software devalept. Teams using Scrum meet on a
regular basis to set short-term goals. No spetdan member is designated as the team
leader. Tasks are assigned via discussion amontpdine members, with the idea that team
members know more about each other and the task® tperformed than any outside
individual.

Even in a field like software development that off@ broad variety of methods for
assigning individuals to tasks, using field datattedy the relative effectiveness of methods is
problematic® Agile software development involves a multitude afanges to traditional
methods of software development, and any two implaations differ on multiple
dimensions. Even if there existed sufficient vaomtthat the effect of different elements of
the process could be identified via multivariatgressions, there would remain the problem
of endogeneity. It is not random what software tgw@ent process is adopted by a particular
firm and no obvious instrument exists for the pescadoption decision.

We therefore turn to laboratory experiments to yttlie role of task assignment in
determining team effectiveness. Using lab experiméets us choose a task where role
assignment is critical. In a lab experiment we cantrol crucial elements of the environment
such as incentives, information available to teammivers, and (most importantly) the
process by which roles are assigned, and makessgilge to observe all the interactions
among team mates. The latter point is importardesime want to understand the process that
leads to certain rules for task assignment beingeraffective.

2 See Chow and Cao (2008) for a study of the effenéiss of agile software development.



Going into the details of the experimental desgubjects play a simplified version of
the takeover game (Samuelson and Bazerman, 19886)takeover game is played by two
individuals, a Buyer and a Seller. The Seller hasmgle item to sell. She knows the value of
this item while the Buyer only knows the distrilmrtiof values. The value of the item to the
Buyer is always 150% of the value to the Sellere Buyer submits a bid to buy the item. If
the Seller accepts the bid, the Seller's payothes difference between the bid and her value
while the Buyer’'s payoff is the difference betwdes value and his bid. If the Seller rejects
the bid, both the Buyer and Seller get a payofizefo. The Seller's payoff maximizing
strategy is trivial: she should accept any bid gmethan her value. Because of the asymmetric
information between Buyers and Sellers, the Bugiee$ adverse selection. In choosing a bid
he needs to understand that the expected valubkeoitéam conditional on having his bid
accepteds less than the expected vakse ante The adverse selection is sufficiently severe
that submitting a bid equal to the lowest possi@tie is the Buyer's payoff maximizing
strategy.

Previous work on the takeover game has focused loy the winner’'s curse (over-
bidding) occurs, but our intent is to use the talee@ame to understand how task assignment
affects team performance. For our purposes, twdufes of the takeover game are
particularly valuable. First, the Buyer and Sefi@es differ greatly in difficulty. The Seller’s
optimal strategy is trivial, but previous work (e.Grosskopf, Bereby-Meyer and Bazerman,
2007; Bereby-Meyer and Grosskopf, 2008; CharnedsLavin, 2009) has established that
Buyers have a great deal of difficulty understagdimat they need to bid low due to adverse
selection. Buyers consistently overbid even whenpttoblem is highly simplified and played
repeatedly. Second, play by freely interacting tearaduces but does not eliminate
overbidding in the takeover game (Casari, Zhand,Jatkson, 2010). This allows us to study
the relationship between the importance of rolect@n and the degree of interaction
between teammatés.

In the initial phase of the experiment, all sulgeptay as Buyers facing a series of
computerized Sellers. In control sessions the Bugentinue to play against computerized
Sellers for the second phase of the experiment. tRer other four treatments in our
experimental design, subjects are matched into deafirtwo players each. One teammate
plays exclusively as a Buyer and the other plagdusively as a Seller. Each plays a series of
takeover games against Buyers and Sellers fythvar teams and split their earnings evenly.

% In Casari et al. (2010) groups consist of threenbers who are all in the role of buyers (while exsllwere
computerized). Unlike the work we present belowjrtbaper does not focus on role selection and ihaffects
team performance.
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Teammatesiever play against each other, so their interests arteqify aligned. The four
treatments with teams systematically vary along tiraensions: (1) the Buyer and Seller
roles are either assigned randomly and exogenausdye endogenously agreed upon by the
two teammates, and (2) teammates either play imdkgmely, only interacting through their
shared payoffs, or are given periodic opportuniteghat about how to play the ganke
ante we expect either endogenous role selection or lobaveen teammates to improve the
Buyers' performance by lowering bidswWhen the two are combined, with teammates
discussing both what roles to take and how to phey game, we hypothesize that their
performance will improve more (bids will be loweahan with chat or endogenous role
assignment alone since teams can get the moraraledual assigned to the Buyer role as
well as taking advantage of insights from the teatenassigned to the Seller rdle.

We find that chat with random role assignment le&nlssignificantly lower bids
compared to the baseline treatment of random redggament and no interactions between
teammates. Endogenous role assignment withoutatkatcauses a significant reduction in
bids compared to the baseline. To our surprises adidhigherwith chat and endogenous role
assignment than with either chat or endogenous astggnment alone and are no longer
significantly lower than in the baseline. The conaion of chat and endogenous role
assignment harms performance rather than imprating

Underlying our hypotheses about treatment effectsrewa pair of behavioral
assumptions: (1) chat between teammates improv@gyar’'s performance controlling for
ability and (2) endogenous role assignment willriowe the sorting of high ability individuals
into the Buyer role. In the treatment with chat amtlogenous role assignment, neither of
these assumptions is supported by the data. Chimgydbr Buyer ability, chat significantly
reduces bids when role assignment is random bwitaslly no effect when role assignment
is endogenous. The differing effects of chat areethrby differences in the dialogues between
teammates; teams are significantly less likely iscwbs either bidding or the benefits of
bidding low when there is endogenous role assighnaea chat rather than chat only.
Combining chat and endogenous role assignmenthalsos the ability of teams to assign the
right person to the right role. The process foestg roles should favor individuals who bid

low in the initial stage for the role of Buyer. Barg indeed bid significantly less than their

* The Seller's role is sufficiently trivial that wexpected subjects to get it right regardless efttnent. The data
supports this expectation.

® If teammates were able to perfectly communicaér tinsights about playing as a Buyer, it wouldmatter
which individual became the Buyer. However, ouradaalysis finds that bids in the second phaséoarer if
the teammate who bid lower in the first phase lected as Buyer. This effect is lessened but natiehted
when teammates can chat. Not all teammates aragvidr able to share their insights, so it mattetsch
teammate becomes the Buyer.
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teammates assigned to the Seller role when themelysendogenous role assignmemnif not
when endogenous role assignment is combined wah This failure to consistently get the
right person in the right role stems from the lowality of the underlying discussions.
Teammates often fail to agree on role assignmenmtsion’t abide by the agreements they
have reached. They never cite performance in thialiphase as a justification for which
teammate ought to be the Buyer. Allowing teamsisocuwss how to bidndwho should take
which role harms the performance of teams on lastkst

We conjecture that the poor quality of discussigntéams with chat and endogenous
role selection is due to the high demands thidrtreat makes on subjects’ limited cognitive
resources. Teammates do not face a significant torestraint when choosing roles and
discussing how to bid, but have two separate tabk$ require attention. Numerous
psychology studies on ego depletion (e.g. BauneiBratslavsky, Muraven, and Tice, 1998;
Schmeichel, Vohs, and Baumeister, 2003) find thatstrain multi-tasking places on subjects’
cognitive budgets reduces performance on intelledtasks like choosing the best person for
a role or understanding the benefits of bidding.low

Our results suggest some counter-intuitive advacete assignment of tasks in teams. It
is common wisdom that more employee involvemenbeiser and that top-down management
is counter-productive. While there is certainly otruth to these assertions (see Ichniowski
and Shaw, 1999), traditional top-down managemeny mat be entirely bad. When
employees actively participate in choosing thelespthis increases the number of tasks that
they need to perform. If there is interference leetwtasks, even when time constraints are
not binding, exogenously assigning roles may freemnployees’ attention to focus on more
critical tasks.

The paper is organized as follows. Sections 2 amir@duce the takeover game and the
experimental design respectively. Section 4 deglopial hypotheses about likely treatment
effects. Section 5 provides the results of the erpants, including analysis of the content of
dialogues between teammates. Section 6 discussesdhits.

2 The Takeover Game

Subjects in our experiment played a simplified marsof the takeover game. This game
involves two individuals, a Buyer and a Seller. Tga@ne begins with the Seller drawing a
value, V, for an indivisible item. This is the anmbuhe item is worth to her. The possible
values are 90, 600, and 1200 experimental poirith, @ach value equally likely to be drawn.



The Seller knows the value of the item while they&uonly knows the distribution of values.
The Buyer submits a bid, B, to purchase the itemere bids are restricted to the set of
integers between 0 and 2000 (inclusive). The Selbserves the bid and chooses to either
accept or reject it. If the bid is accepted, thgdis profit is 1.5*V — B and the Seller’s profit
is B — V. If the bid is rejected, both players’ fit®are zero.

The Seller’'s optimal strategy is simple — she sti@dcept a bid if it is (weakly) greater
than the value and reject otherwise. The Buyertargg bid is less obvious. If the Seller is
behaving optimally, the Buyer's expected payoff maxing bid is 90. This is also the
optimal bid for a risk averse buyer. In evaluatthg profitability of a bid, the Buyer has to
consider the expected value of the itsuftject to the bid being acceptéd.other words, the
Buyer must account for adverse selection. Tableidtiates the basic features of the Buyer’'s
problem. A bid of 1200 induces all Sellers to a¢ddp bid, including those with low (V =
90) and medium (V = 600) values. Because the eggdedlue of an item is only 630 points,
even after a 50% mark-up it isn’t worth enough @kethe bid profitable. The expected loss
is large, 255 points, and Buyers lose money forttvials of their bids.

Table 1 about here

A naive reaction to the severe losses at a higliskm bid something in the middle range,
primarily to bid 600. The Buyer now makes moneyhié item has medium value, but no
longer gets to buy items with a high (V = 1200)uealThe expected value of an itsobject
to the bid being acceptas only 345 points. Even multiplying this by 1tbe expected payoff
of an accepted bid is -82.5 points. Unlike a high Beedback isn’t going to make it obvious
that a bid of 600 is a bad idea, because bids nmakeey as often as they lose money and the
expected loss isn’'t enormous. Learning to bid 9@adeg to be difficult unless the Buyer
recognizes the adverse selection problem and esdlat the only way to avoid losing money
is to bid at the lowest possible value.

Our version of the takeover game borrows imporfeatures from Charness and Levin’s
(2009) “shifted” versions of the takeover game. Dpémal bid of B = 90 earns the Buyer a
small but steady profit. This avoids a problem witlany versions of the takeover game
where optimal play calls for earning no money asdeatially taking no actions by never
buying the item. Under these circumstances, attias (Patt and Zeckhauser, 2000) becomes
a plausible cause of overbidding that cannot bebated to a failure to understand the

expected payoffs of various bids. Setting a positiminimum value also means that the



optimal bid isn’t at the edge of the set of avd#éatds. If pure errors play a role in bidding, it
is possible to make an error that leads to unddmmgd as well as errors that lead to
overbidding.

While any B > 90 is suboptimal, some errors aresedhan others. Bids in the ranges B <
90, 135< B < 600, 900< B < 1200, and B> 1800 never earn a positive payoff if Sellers are
behaving optimally. Given the constant negativecomtes for bids in these categories, we

would expect even simple reinforcement learninguizkly eliminate them.

3 Experimental Design

Our experiment consisted of two parts. The first,p@vering Rounds 1 — 10, was identical
in all treatments. The second part (Rounds 11 —ddfgred across treatments. The initial
instructions for the experiment explained only Parincluding three questions to check for
understanding (see the appendix for a translatidheoinstructions). The Part 1 instructions
told subjects that they would receive instructitorsPart 2 after the conclusion of Part 1.

In Part 1, all subjects were in the role of Buyesllers were computerized and always
sold the indivisible item if the Buyer’'s bid wasuad| to or larger than the item’s value in a
given period. Each subject received starting chpitdl2 Euros (3000 experimental points)
for Part 1 from which possible losses could be ped® After each round, subjects got
feedback about the item’s value, whether they ladybt the item or not, and how large their
profit was.

In Part 2 we introduced five different treatmentsich are explained in the following.

1) Control. In this treatment, Rounds 11 — 40 were ideniicatructure to Rounds 1 —
10. Hence, all subjects remained in the role of ésy and Sellers were again
computerized. This treatment serves as a benchrmarkhe possible effects of
forming pairs of Buyers and Sellers in the follog/itreatments. Buyers received an
additional 10 Euros (2500 experimental points)ayital at the start of Part 2.

2) No Chat - Random Here — and in the other treatments remainingetinbroduced —
we randomly assigned pairs of subjects to be tedesva the beginning of Part 2. In
theNo Chat - Randomtreatment, one teammate was randomly assigndu tmte of

® The 20 subjects who finished Part 1 with a negalislance, in spite of the starting capital, welewed to
continue to Part 2. These subjects were told tiet Part 1 losses could be recouped in Part ZeSafi subjects
received additional starting capital at the begigrof Part 2, only four Buyers started Part 2 withet negative
balance. If someone still had a loss after Paittv@as not enforced. This was never mentioned iraade. There
were 33 subjects (5.6%) who ended the experimetiténred. The vast majority of these subjects (233)
come from the Control treatment.



3)

Buyer in Rounds 11 — 40, and the other was assigméle role of Seller. Subjects
were informed about their roles before Round 1d, raes were fixed throughout Part
2. In this treatment and in the others to follavBuyer never played the takeover
game against the Seller who was his teammBtes was common knowledge. Before
Round 11 started, subjects in both roles were atkexhter some information about
them that was then shown to their teammate. Thdnmation included age, gender,
field of study, population of the hometown, workisigitus, experience in experiments,
grades in math and German from high school exitmsx@Maturanoten”). For a more
detailed description of what data was gathered, Tsdde A.1 in the Appendix. In
addition to this information, each member in ther pgas informed about their
teammate’s total profit in Part 1. They were nodwh the specific bids and values
that led to the Part 1 profits. Other than thishexge of information, there was no
opportunity for communication between the Buyer HreSeller in a team.

For Part 2, Buyers received 10 Euros (2500 experiahepoints) as additional
starting capital, and Sellers received 2 Euros (BgPerimental points). The total
profits of a team’s Buyer and Seller in Part 2,luding the starting capital, were
divided equally between the teammates at the ermrhdf2. This feature was stressed
in the instructions for Part 2. Given the shariigeam profits, in practice each team
received a joint additional endowment of 12 Eu@B00 experimental points) for Part
2. The feedback after each period in Part 2 wasdhee as in Part 1 for subjects in the
role of Buyer. Sellers got as feedback the bidh&f Buyer with whom they were
paired in a given period (recall, this was never Buyer from the Seller's team), the
item’s value, whether the Seller had sold the itang the resulting profit. Subjects
did not receive feedback about their teammate€ames.

Chat - Random This treatment is identical fdo Chat - Random except that before

Rounds 11, 21, and 31 the Buyer and the Sellerteam were allowed to chat with
each other through an instant messaging programcdjalthough the roles within a
team were again assigned randomly, Buyers andrSelteild exchange information

and talk about the strategy they wanted to playe That was restricted to five
minutes, which pilot sessions indicated was mor@n tladequate time for a full

discussion of the relevant issues. Subjects wexe tiv say what they wanted in their
communication, except that revealing their idenbtyusing abusive language was
forbidden.



4) No Chat — EndogenousThis treatment differs froMo Chat - Randomonly in the
way the roles within each team were determined, ibudentical in every other
respect. After seeing the information (age, geneler) about the other member of the
team, one teammate was randomly drawn to make @ogab about the allocation of
roles in the team. This proposal could be accongaahy a very short message of at
most 100 characters. While the earnings from ParoLide a natural guide to which
teammate should take which role, we gave subjecatsimber of other pieces of
information about their teammate to avoid creatimg impression that this specific
piece of information had to be used in assigningsto The other teammate could
accept this proposal, and hence roles were deteth@ocordingly, or propose roles to
be assigned the other way round, again allowinglfad characters to support the
alternative proposal. If the original proposer gted the alternative proposal, it was
implemented. If not, roles were assigned rando@hce determined, roles were fixed
for Part 2.

5) Chat — EndogenousThis treatment is identical ©©hat - Random except that roles
could be determined endogenously within each tdanthe five minutes of chat
before Round 11, subjects were instructed to censlte assignment of roles in their
team, knowing that they were free to agree on eifussible assignment of roles.
When the chat was over, both teammates had toatadin which role they wanted to
be. If both teammates entered the same role, imgplgi conflict of interest, the role
assignment was randomly determined. Otherwises wkye assigned as requested by
the teammates. Note that the assignment of rolekl gt be changed during the
chats before Rounds 21 and 31.

The experiment was run from November 2009 to ALl with a total of 592
participants, all of them students at the Univgrsit Innsbruck (which has a total of about
28,000 students). Recruitment was done using ORSIE&iner, 2004), and the sessions were
computerized with zTree (Fischbacher, 2007) andbyithe same experimenter (in order to
avoid any kind of experimenter effects). We had pagticipants in treatmer@ontrol, and
120 in each of the other four treatments. No sulgadicipated in more than one session. On
average, an experimental session lasted 90 minuiiéls,those sessions where chat was

possible lasting 15 minutes longer (due to theefold opportunity to chat for 5 minutes).

" Several of these pieces of information could dlayglay a useful role in choosing a Buyer. Fomewle, it
seems natural that individuals with high test sspngarticularly at math, might be good choices tioe
challenging role of a Buyer.
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Subjects were paid their cumulative earnings cdedeat a rate of 250 experimental points

per Euro. The average earnings per subject weEuias.

4 Theory and Hypotheses

The types of settings considered in the literatumeteam decision making can be roughly
divided into “eureka” problems and judgment protd&nA eureka problem is a problem that
has a demonstrably correct solution. Ideally thetsm should be difficult to reach without
grasping a specific insight, but easily explaine@mother individual. Logic problems like the
Wason selection task (Wason, 1966) are good exangbleureka problentsWe argue that
bidding optimally in the takeover game fits welkdnthe framework of eureka problems.
Given the results of previous studies on the wiisneurse and the takeover game, we
anticipate subjects will have difficulty learning bid optimally. Since the feedback in favor
of bidding lower rather than choosing intermediaids (i.e., B = 600) is noisy, we think it
unlikely that Buyers will learn to bid optimally ithe absence of understanding the adverse
selection problem they face. Obviously this worgt b00% true, as some Buyers will no
doubt manage to bid optimally without understanditty they are doing so. The implication
of this for our hypotheses is discussed below.

Define any bid in the range 30B < 135 to be an “optimal bid”. Bids in this raniyave
positive expected value. Most of the optimal bialé ih the lower part of this range; 87% of
the bids classified as optimal are either 90, $1,09 100 points.

Thinking of the takeover game as a eureka typeclpgoblem, we define a Buyer as
having “solved the problem” if he bids optimally0(8 B < 135). Let pi,z) be the probability
that an individual playing the takeover game soltres problem (bids optimally), whete
measures how long the individual has been tryingptee the problem (i.e., how many rounds
of the takeover game have been played)antasures the expected payoff from solving the
problem. We assume thattpaj is an increasing function @fandz. Intuitively, we assume
that individuals will learn to solve the problemeowtime and will expend more effort trying
to solve the problem if the stakes are increased.

Comparing theControl andNo Chat - Randomtreatments, any differences in bidding

must occur because Buyers in the Chat - Randomtreatment share their payoffs with a

8 Judgment problems don’t have a correct solutiahjistead involve arriving at a group prefererideciding a
level of acceptable risk (i.e. the mix of low risknds and riskier stocks in a portfolio) is a gexdmple of a
judgment problem. There is no objectively “corretdVel of risk, since individuals can have diffayimisk

preferences while acting in a rational fashion.

? Also see Maciejovsky and Budescu (2007) for auision of teams solving the Wason selection task.
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teammate. There is no communication between teaesmab Buyers in th&lo Chat -
Random treatment cannot benefit from their teammatesyintsi let alone any synergies due
to bilateral communication. Since roles are seteecsndomly in theNo Chat - Random
treatment, there is no reason to expect the ssbpbctsen to be Buyers to have higher ability
for the task of bidding than Buyers in tBentrol treatment. If we assume that our subjects
are self-regarding (only concerned with maximizihgir own payoffs), the incentives to bid
optimally are stronger when Buyers keep their engayoff rather than sharing it with a
teammate. Since ff) is an increasing function af this implies that bids will be lower in the
Control treatment than in thido Chat — Randomtreatment.
Hypothesis 1: Bids will be lower in Rounds 11 —o4@he Control treatment than in th&lo
Chat — Randontreatment.

In the Chat — Randomtreatment, the Buyer and Seller in a team getiptelpossibilities
to discuss bidding. If the Seller has solved thebfam by learning to bid optimally, she
should communicate her insights to the Buyer. Bi#re Buyer has not previously learned to
bid optimally, he should recognize the optimal tetgg when it is explained to him and bid
optimally in the future. This is the essence of‘tineth-wins” model of team decision making
pioneered by Lorge and Solomon (1955). A freely mamicating team should perform no
worse at solving eureka problems than the mostrablaber of the team would perform. The
truth-wins model has been extensively studied & ghychology literature which finds that
while teams usually outperform the average indigldthey rarely meet, let alone exceed, the
truth-wins benchmark (Davis, 1992; Kerr and Tind&2©04). There have been notable
exceptions to this general finding in the studygames (Cooper and Kagel, 2005). Even in
the best case scenario we would not expect thie wirts model to apply exactly in ti&hat
— Randomtreatment since teammates cannot communicatencanisly. Instead, we would
expect teams to meet or exceed the truth-wins Imeadh in the rounds immediately
following communication and then to learn at thensarate as individuals in subsequent
periods. This implies that bids will be lower iretGhat — Randomtreatment than in thdo

Chat — Randomtreatment?

19 Risk plays a role in the takeover game. Extensisidence exists that team decision making can shitces
under uncertainty. Initial studies found that gregmoose more risky gambles than individuals (Yriskift”),
but subsequent studies found evidence of cautibiiis is well (Davis, 1992). In the takeover gaetgosing
an optimal bid (9&< B < 135) increases expected payoffs and redusksBidding in the range 39B < 135 is
therefore optimal for any risk neutral or risk agm@agent. Play in teams does not affect the optiidalinless
some individuals or teams are risk loving. Previsuglies suggest that risk loving behavior is unoom. Holt
and Laury (2002), for example, report 8% of sulgext risk loving in their low stakes sessionss(leih higher
stakes), and most of these are only modestly wsing. It seems unlikely that significant shiftstiveen
individual and team play in the takeover game aieed by the small fraction of subjects that ask toving.
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Hypothesis 2: Bids will be lower in Rounds 11 -od@heChat — Randomntreatment than in
theNo Chat — Randontreatment.

Teammates cannot discuss how to bid inNbeChat — Endogenousreatment but it is
no longer random who receives the role of Buyethdf goal is to make as much money as
possible, the teammates should attempt to get st able individual in the role of Buyer
since the role of Seller is trivial and, as shalldeen, it matters little who fills this role. The
teammates have access to an excellent indicatawtorwill do a better job as the Buyer —
their earnings from the first ten rounds. Luck glay role in earnings, but ten rounds are
enough that luck tends to even out. There is haghetation between bidding low in the first
ten rounds and earnings in the first ten roudadividuals who bid low in Rounds 1 — 10
also tend to bid low in Rounds 11 — 40if teams systematically pick the individual who
earned more in Rounds 1 — 10 to be the Buyer famBs 11 — 40, they will on average bid
lower and earn more in Rounds 11 — 40 than teartis )ahdomly selected roles. Note that
this does not require that teammates share anyrstadding of how to bid, which is largely
impossible by design. All that this prediction regs is that teammates follow the simple and
intuitive rule that a Buyer who did well in thedirten rounds is also likely to do well in the
remaining rounds.

Hypothesis 3: Bids will be lower in Rounds 11 -od@heNo Chat — Endogenougreatment
than in theNo Chat — Randontreatment.

We have no firm prediction about the relative sifebids inChat — Random andNo
Chat — EndogenousIf the truth wins model exactly captured how teamnction with chat
and if teams ilNo Chat — Endogenouslways pick the most able individual to be the &uy
the two treatments should yield identical bids aerage. It seems unlikely that either
condition will hold exactly and we have no partautheory,ex ante about the relative
departures from these predictions.

The Chat — Endogenoudreatment should be the best of all worlds. Tlaent@ates get to
pick who takes the critical Buyer role. In choosinges, they are not restricted to the
information they are given about each other. Theyfeee to discuss how to bid as well as
information about their respective bids in Rounds 10. Given a greater ability to share

information, teammates should do a better job okipg the more able individual for the

! The instructions for the short messages (100 chens) subjects send when proposing roles tell ttienthe
messages are for commenting on this decision. Hgesusent a message discussing how to bid.

2 The correlation between an individual’s averagkasid average points earned in Rounds 1 — 1099 .-Fhis

is statistically significant at the 1% level (t Z.24).

13 Looking at theControl treatment, where nothing changes between Round4@ and Rounds 11 — 40, the
correlation between an individual’s average bidsRounds 1 — 10 and Rounds 11 — 40 is .613. This is
statistically significant at the 1% level (t = 9)28
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Buyer role in theChat — Endogenoustreatment than in thé&lo Chat — Endogenous
treatment. Th&€€hat — Endogenoudreatment also gives teammates multiple opporamib
discuss the takeover game at length. If the SkHsruseful insights, either initially or after a
few rounds of play as a Seller, she can pass thede the Buyer. With the advantages of
better partner selection and sharing of ideas, wegea bids to be lower irChat —
Endogenousthan inNo Chat — Endogenous

Hypothesis 4: Bids will be lower in Rounds 11 -odtheChat — Endogenousreatment than
in theNo Chat — Endogenousreatment.

Our prediction about the relative size of bids e €hat — Endogenousand Chat —
Random treatments depends on our confidence in the tutis model. If the truth wins
model holds exactly, it should not matter whichntezate takes which role in the chat
treatments. A high ability Seller can always pdksfaher insights about bidding along to the
Buyer even if the Buyer has low ability. If thislds, no difference is predicted between the
two chat treatments. However, the often times pgmenformance of the truth wins model
suggests that Sellers will not always share timsiights about bidding and the Buyers will not
always follow good advic¥: If so, even with chat it should matter which teaameris selected
to be the Buyer. Endogenous role assignment shoatéase the probability that the more
able teammate (i.e. the teammate who bids lowdhnanfirst phase) becomes the Buyer. By
extension, bids should be lower in Chat — Endogsiioan in Chat — Random.

Hypothesis 5: Bids will be lower in Rounds 11 -ofitheChat — Endogenousreatment than

in theChat — Randontreatment.

5 Results

A. Rounds 1 — 10in all treatments, subjects begin the experimenlaying ten rounds as a
Buyer facing the computer in the role of SellereThuster of bars on the left side of Figure 1
shows the distribution of bids for Rounds 1 — 1@isBhave been broken into the same seven
categories used in Table 1 to show the logic ofdibigl a low amount. There are four
categories (B < 90, 135 B < 600, 900< B < 1200, and B> 1800) where the Buyer never
earns money unless the Seller makes an error. &hait these four categories can be

regarded as an unambiguous error, but these areTiae remaining three categories {0B

4 For inexperienced subjects, Cooper and Kagel (R@ad that about a third of the individuals whaceéve
correct advice about how to play a game fail tdofel this advice. The quality of the explanation ttha
accompanies the advice does not affect this peagent
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< 135, 600< B <900, and 1208 B < 1800) can make money if the right value is drans.
explained previously, only the first category €08 < 135) has positive expected value.

Figure 1 about here

A little less than half of the bids are optimal @®8 < 135) in the first ten rounds. Many
subjects immediately grasp the need to bid optymailit many don’t. This is a scenario in
which team play with communication should help sitltere will be many matches between
an individual who doesn’t bid optimally with a sabj who does. Of course, subjects don’t
fall neatly into categories of those who “get itidathose who don’t. Only 10% of the subjects
never bid optimally in Rounds 1 — 10 and only 188&ays bid optimally. Looking at
demographic effects on bidding behavior, we findttmen bid significantly lower than
women (average bids of 365 vs. 4885 .01 in a regression not shown here) and thgestsh
with the best math grade bid lower than the otlujexts (average bids of 327 vs. 4pX
.01). There is no significant effect from a subgeige or German score.

B. Sellers in Rounds 11 — 40Underlying the hypotheses developed in Sectiors 4n
assumption that Sellers always behave optimallygims of maximizing monetary payoffs),
accepting bids that are strictly greater than thalue and rejecting bids strictly less than their
value. In theControl treatment this happens by design, but in the foemtments with
subjects (rather than the computer) as SelleroumBs 11 — 40 we can't take this assumption
for granted. If subjects playing as Sellers freqlyemake suboptimal decisions, differing
incentives across treatments could disrupt theigiestitreatment effects.

Fortunately, suboptimal decisions by Sellers ardatixely rare. Define an error as
rejecting a bid strictly greater than the item’sueaor accepting a bid strictly less than the
item’s value. Errors are observed for only 4% o$atations in Rounds 11 — 40. Errors are
more common when the bid is greater than the véB% error rate), but this primarily
reflects cases where the difference between theahitvalue is strictly less than 5 points
(21% error rate). Once the difference between ideahd value is weakly greater than 15
points the error rate stabilizes at 5% with liithriance as the difference between the bid and

value grows”

15 The fact that some bids that yield positive peofior the Seller are rejected suggests that o#garding
preferences play some role in the game, but gieraw rejection rates for any substantial prdfis role seems
to be minimal. Perhaps this is unsurprising ase8elre often making large profits and are spgjtprofits with
their teammate in the Buyer role in any case.
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It was inevitable that human Sellers would maké&ast some errors. The critical issues
are whether the error rate varies across the featrhents with human Sellers and whether
errors change the logic in favor of submitting gtimal bid (90< B < 135). To answer the
first question, we ran a probit regression usingbservations from human Sellers where an
error was possible (i.e. bilvalue). Standard errors were corrected for clugjeat the Seller
level. The dependent variable was whether the ISelégle a mistake. Independent variables
included controls for the value of the item, th&ealence between the bid and the value
(interacted with dummies for overbids and underpidad the time period. The independent
variables of interest were treatment dummies. Tlaee no significant differences in the
probability of a mistake between the four treatrsemith human Seller¥.

Turning to the second issue, even with Sellergrarit remains optimal to submit a bid in
the range 9& B < 135. Across the four treatments with humaneggl the average payoff in
Rounds 11 — 40 from submitting a bid in this rangss 22 points! The average payoff from
bidding optimally is unambiguously higher than thesrage payoff from submitting a bid in
the range 60& B < 900 (-91 points) or the range 120 < 1800 (-315 points). In all four
treatments with human Sellers, the average payatffi submitting a bid in the range 8@ <
135 is at least 100 points higher than the avepayeff from submitting a bid in the range
600 < B < 900. The difference in incentives occurs fraatly the manner predicted by the
theory, specifically that subjects who bid just egio to get the items with the middle value
(600< B < 900) almost always get their bid acceptedidar value items (93% purchased),
but almost never get to purchase high value ite2fs purchased). Understanding adverse

selection remains the critical insight for choosamgoptimal bid.

C. Treatment Effects for Buyers: Figure 2 shows average bids by Buyers in all five
treatments. The data is broken down into ten rdaladks and data is included from Rounds 1
— 10, the rounds before the treatments are in teffeqive a sense of the differing starting
points for the treatments. The data for Rounds 1I0-s taken from all subjects, including

those who became Sellers in Rounds 11 — 40.

Figure 2 about here

® The base was the No Chat — Random treatment. @remeter estimates for Chat — Random, No Chat —
Endogenous, and Chat — Endogenous are .049, .081,Gl1 respectively, with standard errors of ,11Z0,

and .191. None of these estimates are statistisajhjificant.

" This is slightly higher than the theoretical prtigin of 15 points due to a small number of casesre Sellers
with high values accepted low bids.
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In Rounds 11 — 40, bids are relatively low in @lgat — Randomtreatment. The bids are
almost as low for th&lo Chat — Endogenougdreatment in Rounds 11 — 20, but differences
between the two treatments appear in later roufius big surprise is how high bids are in the
Chat — Endogenoustreatment. We hypothesized that this treatmentladvgield the lowest
bids, yet bids for Rounds 11 — 20 are highe€Civat — Endogenoughan inChat — Random
or No Chat — EndogenousThis is more notable for the fact that bids fmuRds 1 — 10 are,
by chance, lower i€hat — Endogenoughan in any other treatment. Over time, bid€hat
— Endogenousfall faster than in any other treatment so thalsbih Rounds 31 — 40 are

slightly lower inChat — Endogenoughan in theChat — Randomtreatment.

Table 2 about here

The regressions reported in Table 2 are desigogurdvide statistical support for our
observations about Figure 2. The dataset for thegessions includes all observations from
our data. The dependent variable is the amounbyithe Buyer. Robust standard errors are
reported in parentheses.

An obvious feature of the data is strong individei#ects. To correct for these, all of the
models use a linear specification with fixed effecthe fixed effects are identified from
choices in Rounds 1 — 10, before any of the treatsnake effect. The first row of Table 2
identifies the unit being used for the fixed effeedlodels 1 and 3 use fixed effects identified
from early choices (Rounds 1 — 10) by both membéra team while Models 2 and 4 use
fixed effects based only on early choices by thgeBuThe different methods allow us to
identify how much of the observed treatment effectsdue to selection. This is relevant for
the No Chat — EndogenousandChat — Endogenoudreatments where individuals who bid
less in Rounds 1 — 10 are presumably more likelyeimome Buyers. If the fixed effects are at
the team level, the estimated effects for thesetteatments include the impact of selection
because the fixed effects correction does not atdou the possibility that Buyers in tido
Chat — EndogenousandChat — Endogenoudreatments bid systematically lower than their
teammates in Rounds 1 — 10. The estimated treatefgguis will not reflect the effects of
selection if the fixed effect is at the Buyer lesaice the regression now corrects for the early
choices of individuals who were selected to be Bsiye

Model 1 is a basic regression checking whethetrdrement effects are significant either
due to the changing behavior of Buyers or seledtim the Buyer role. The baseline is the

No Chat — Randomtreatment, and dummies are included for the dihar treatments. The
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results provide little support for Hypothesis 1d8iin Rounds 11 — 40 are lower in the
Control treatment than in thHo Chat — Randomtreatment, but the effect is weak and not
statistically significant. Hypothesis 2 receive®sg support from the data, as bids in Rounds
11 — 40 are significantly lower in th&éhat — Random treatment than in thdlo Chat —
Random treatment. Hypothesis 3 also does well as bidRdands 11 — 40 are significantly
lower in theNo Chat — Endogenoudreatment than in thBlo Chat — Randomtreatment.
Hypotheses 4 and 5 receive no support from theessgrn analysis, as the estimated effect of
the Chat — Endogenoudreatment is smaller than the estimated effecgtgitber theNo Chat

— Endogenousor Chat — Random treatments rather than larger as predicted. Unliese
other two treatments, the combination of chat amtbgenous role selection does not lead to a
significant improvement over the baseline.

In Model 2 the fixed effect is at the Buyer levethecking whether the treatments had a
significant effect based solely on changes in Bsiybehavior (rather than selection). This
shouldn’t matter much for comparisons between tneats where roles are randomly
selected, and indeed we continue to find littlepswp for Hypothesis 1 while Hypothesis 2
still receives strong support. We do not find andigant difference between thido Chat —
Random and No Chat — Endogenoustreatments, consistent with the treatment effect
identified in Model 1 being driven by selectionanthe Buyer role. This is not evidence
against Hypothesis 3, but instead indicates thgtothesis 3 is holding for the predicted
reason. The most striking result from Model 2 is failure of theChat — Endogenous
treatment to decrease bids relative toMloeChat — Endogenoudreatment (i.e. the estimated
difference between the treatments is positive ratiian negative as predicted). Our
hypotheses are based on the assumption that ¢hatiih a teammate improves a Buyer’s
decision making. This is true when roles are assigmndomly since, controlling for Buyer
ability, bids are significantly lower ihat — RandomthanNo Chat — Random but not
when role assignment is endogenous. Because ofttl@sdifference between the two chat
treatments in Rounds 11 — 40 is significant atlid% level and barely misses significance at
the 5% level (t = 1.95; p = .052).

Looking at Figure 2, it is clear that the treatinaffects have a strong dynamic
component. Models 3 and 4 allow for changing trestineffects by interacting the treatment
dummies with dummies for ten round blocks (Rountis-220, Rounds 21 — 30, and Rounds
31 — 40). The base in all cases is e Chat — Randomtreatment for the current ten round
block. Model 3 has fixed effects at the team levielle Model 4 has fixed effects at the Buyer
level. The results of Model 3 largely parallel taaxf Model 1. TheChat — RandomandNo
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Chat — Endogenoustreatments consistently have significant negatfiects on bids,
although in both cases the effect weakens over. tiHypothesis 1 does slightly better in
Model 3 as the difference betwelon Chat — Randomand theControl treatment is weakly
significant for Rounds 11 — 20. The estimated ¢ftédhe Chat — Endogenoudreatment is
always smaller than the effects of tléhat — Random and No Chat — Endogenous
treatments, although it does better over time sb by Rounds 31 — 40 the estimated effect
(relative toNo Chat — Randon) is statistically significant.

The most notable result from Model 4 is that th#erbnce between the two chat
treatments dies out over time. The differencegsificant at the 5% level in Rounds 11 — 20
(t = 2.10; p =.036) and at the 10% level for Rad — 30 (t = 1.93; p = .054), but barely
has a t-stat greater than 1 for Rounds 31 — 4QL(L%; p .268). This cannot be attributed to a
floor effect, as the average bid for Rounds 31 -#dthe Chat — Randomtreatment is well
above 135 points, the upper end of the optimal raiige, and only 52% of Buyers bid
optimally in all of the final ten rounds. Bids cduhave continued to drop in ti&hat —
Random treatment, but instead the time trend flattensatlotving theChat — Endogenous
treatment to catch ufj.

In discussing bids for Rounds 1 — 10, we noted thds were lower for men and
individuals with high math scores. Using just tlagadfrom the three treatments without chat,
we have run a regression including demographicrinédion about Buyers for Rounds 11 —
40. The regression is an expanded version of Mddiedm Table 2 but also includes controls
for gender, age, math score, and German scoreeTtheamies are interacted with a dummy
for late rounds (Rounds 11 — 40), so effects arasm@d controlling for the Buyer’'s behavior
in Rounds 1 — 10. The gender effect is largely mee@ with women bidding (weakly)
significantly lower in Rounds 11 — 4@lative to their bids in Rounds 1 — {®arameter = -
50.10; t = 1.88)This doesot imply that women are bidding lower than men in Rd&i11l —
40. Women are still bidding more than men (3242#1), but the gap is narrowed relative to
Rounds 1 — 10. The parameter estimate for mathmell sand not statistically significant
(parameter = -7.08; t = 0.59). The initial advaetaj individuals with high math scores is
being picked up by the fixed effects, and the latla significant effect in Rounds 11 — 40

indicates that the advantage of individuals witghhimath scores holds steady over time.

18 1f we compare the effects of chat with random andogenous role assignment, the effect of chagtisng
weaker over time with random role assignment anshger with endogenous role assignment. Nevertbeles
even in Rounds 30 — 40 the difference between Nat GhEndogenous and Chat — Endogenous is not
statistically significant (t = 0.93; p = .351).
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Including demographic variables in the regressimmorted on Table 2 does not affect the
conclusions.

We summarize the results up to this point by gmgs our initial five hypotheses. The
following conclusions refer to bids in Rounds 140-
Conclusion 1: Bids are lower in th€ontrol treatment than in thé&lo Chat — Random
treatment, but the differences are generally smalll not statistically significant. We find
little support for Hypothesis 1.
Conclusion 2: Bids are lower in th€hat — Randomtreatment than in thélo Chat —
Random treatment. These differences are generally largd atatistically significant. The
data supports Hypothesis 2.
Conclusion 3: Bids are lower in thidéo Chat — Endogenougreatment than in thslo Chat —
Random treatment. These differences are large and stedity significant. The data
supports Hypothesis 3.
Conclusion 4: Bids are higher in tiéhat — Endogenougreatment than in either thdo
Chat — Endogenousor Chat Randomtreatments. Bids irChat — Endogenousare not
significantly lower than in the baselindld Chat — Random) The data does not support
Hypotheses 4 and 5.
Conclusion 5: Controlling for Buyer ability, includy chat improves Buyer performance (i.e.
lowers bids) when roles are randomly assigned lotitwvhen roles are endogenously chosen.

D. Comparing Buyers to Sellers in the Endogenous €atments: Contrary to Hypotheses 4
and 5, bids are higher in théhat — Endogenoustreatment than in thé&o Chat —
Endogenousand Chat — Random treatments. This is surprising since teams inGhat —
Endogenoustreatment should have the dual advantages of actputting the more able
individual in the role of Buyer. Comparing the ritgswf Models 1 and 2 (or Models 3 and 4)
in Table 2 suggests that selection is strongenemNb Chat — Endogenoudreatment than in
the Chat — Endogenoudreatment. This subsection supports this conjedbyrcomparing the
characteristics of subjects who become Buyers aglterS in the two treatments with
endogenous role assignment.

Table 3 compares Buyers and Sellers along a nuofb@imensions. Recall that prior to
selecting a Buyer the subjects were given inforomagbout their teammate’s age, gender,
math score, German score, and earnings in Rourd3Ql Table 3 shows, for each of these
characteristics, the average values for subjects evidled up in the roles of Buyer and Seller

broken down by treatment. The final row of Tablshi®ws average bids in Rounds 1 — 10.
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Although subjects did not know the average bidtheir teammate in Rounds 1 — 10, this is a
natural measure of who showed more ability in tAdyerounds. For each characteristic in
each treatment, we ran a t-test of the null hymshthat the mean difference between the
Buyer and Seller in a pair equals z&tdlhe third column for each treatment reports the

resulting t-stat.

Table 3 about here

For both chat treatments, none of the demogragfacacteristics (age, gender, math and
German scores) differ significantly between Buyansl Sellers. Buyers in thdo Chat —
Endogenoustreatment had significantly higher earnings angelobids in Rounds 1 — 10
than the Sellers they were paired with. As expectadogenous selection of roles
systematically puts individuals who do well in Rdsrl — 10 into the Buyer role. This is less
true for theChat — Endogenoustreatment. There is virtually no difference betwedbe
Buyers’ and Sellers’ earnings in Rounds 1 — 10.eMorportantly (since earnings are partially
a matter of luck), the Buyers’ average bid in Rautd- 10 is lower than the Sellers’ average
bid but the difference between Buyers and Selleress than half as large in tdat —
Endogenoustreatment as in thBlo Chat — Endogenoudreatment. Buyers in th€hat —
Endogenoustreatment daot have significantly lower bids in Rounds 1 — 10rthiae Sellers
they are paired with.

Conclusion 6: Buyers in thdo Chat — Endogenousreatment earn significantly more and
bid significantly less in Rounds 1 — 10 than thikeBethey are paired with. Neither statement
is true for theChat — Endogenousgreatment.

E. Does It Matter Who Becomes the Buyer® would matter little whether Buyers bid less
than Sellers for Rounds 1 — 10 if teams perfornteddame regardless of which teammate
took which role. Figure 3 shows otherwise. Thisufegcompares the average bid in Rounds
11 — 40 for teams where the teammate who bid {lglrilower on average in Rounds 1 — 10
becomes the Buyer with teams where the teammatebichtower becomes the Seller. The
data is subdivided into the two treatments witmtgand no chatNo Chat — Randomand

No Chat — Endogenousand the two treatments with teams and cida¢ — Randomand
Chat — Endogenouy

¥ The number of observations for each test is Gntimber of pairs in each treatment. An observatmTsists
of the difference between the Buyer and Seller jyaia for the characteristic in question.
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Figure 3 about here

In both cases the average bid for Rounds 11 — 4@wisr when the teammate who bid
lower in Rounds 1 — 10 is given the role of BuyEne effect is quite a bit stronger in the
treatments without chat than in those with chatthWwihat, a Seller who understands the
benefits of bidding low can pass this understandimgo the Buyer. This should lead to lower
bids and average bids depending less on the igenitithe Buyer with chat, exactly the
patterns observed in Figure 3. The extreme cat@is the truth wins model, which predicts
that the identity of the Buyer is irrelevant in ttreatments with chat because Buyers and
Sellers perfectly share insights, implying teamsfquen no worse than their most able
member. The data shown in Figure 3 is not condistéh the truth wins model, but it would
be surprising if teams performed as well as thi#htwins benchmark in our experiment since

teammates only talk once every ten rouffds.

Table 4 about here

The regressions shown in Table 4 put the precedbwgrvations on a firm statistical
footing and further explore the performance oftilugh wins model. For both regressions the
dependent variable is a team’s average bid for Beul — 43! Model 1 includes data from
all four treatments with teams. The independentb#s are a dummy for the two treatments
with chat, an interaction between a dummy for treattswithout chat and a dummy for
teams where the Buyer is the teammate who bid I¢@areaverage) in Rounds 1 — 10, and an
interaction between a dummy for treatmewith chat and a dummy for teams where the
Buyer is the teammate who bid lower (on averagdjannds 1 — 10. The parameter estimate
for the first of the interaction terms is large aigdnificant at the 1% level. Not surprisingly,
bids in Rounds 11 — 40 are very sensitive to thgeBa identity when the teammates cannot
communicate. The parameter estimate for the seaaedaction term is smaller, but still

2 Teammates actually observe earnings for Round4@ rather than bids. If we use earnings in Rounésl0
rather than bids in Rounds 1 — 10 to separate té@ameategories for Figure 3, we get a similartgrat (teams
who end up with the player with higher earningsheesBuyer bid less in Rounds 11 — 40) but the ntadsi of
the effect is weakened, especially with chat. Tefects the random element of earnings, as a subjeo bids
optimally but receives a bad draw on values mayhawt particularly high earnings.

L Fixed effects are not used here because theselweudollinear with the independent variables. Agstreme
version of controlling for individual effects, wee used the average bid in Rounds 11 — 40 for Bagér as a
single observation. We have run equivalent regoaessivhere each bid is an observation, giving ubi@® per
Buyer. We correct for the individual effects by stiering at the Buyer level. This approach yieldslts that are
essentially identical to those reported in Table 4.
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significant at the 5% level. Consistent with oumpmssion from Figure 3, who becomes the
Buyer is less important when teammates can chastitiumatters.

Model 2 only includes data from the two treatmenity chat. The independent variables
are the Buyer’s and Seller's average bids for Reuhd 10 interacted with dummies for the
Buyer being the low bidder (on average) in RoundslD and the Seller being the low bidder
in Rounds 1 — 10. (Note that we are referring ® $eller who is the Buyer's teammate, not
one of the Sellers he is playing against.) Underttbth wins model, a team’s performance
should be equivalent to the performance of its naisle member. This implies that bids in
Rounds 11 — 40 should depend more strongly on itteeib Rounds 1 — 10 of the teammate
who bid lower (and hence is presumably more alljen the Buyer was the low bidder, this
prediction is confirmed. The estimate for the Buyeaverage bid in Rounds 1 — 10 is
significant at the 5% level while the estimate floe Seller's average bid is smaller and not
significant. The results do not look as good fa ttuth wins model if the Seller was the low
bidder. The estimate for the Buyer’s average bitbi& significant at the 1% level. The effect
of the Seller’'s average bid once again is small motdsignificant. Even if the Seller was the
more able bidder in Rounds 1 — 10 and the Sellaroccanmunicate her insights with the
Buyer, bids in Rounds 11 — 40 are more strongliuérfced by the Buyer's early behavior
than the Seller’'s. Moreover, the relationship bemvbids in Rounds 11 — 40 and bids by the
Buyer and Seller in Rounds 1 — 10 does not dependleether the Buyer or the Seller bid
lower in Rounds 1 — 10. “Buyer wins” would be a maiccurate description of our data than
“truth wins”. It follows that even with chat it ntats which teammate is chosen as the Buyer.
Conclusion 7: Both without and with chat, teams reltbe Buyer bid lower than the Seller in
Rounds 1 — 10 have lower bids in Rounds 11 — 4€n Ewth chat, bids in Rounds 11 — 40
depend far more strongly on the Buyer’'s behavioRounds 1 — 10 than the Seller’s early

behavior.

F. Content of Conversations:We would expect bids in Rounds 11 — 40 to be equ#te
Chat — Random and Chat — Endogenoustreatments if the only problem in ti@&hat —
Endogenoustreatment was a failure to select the more aldevidual as the Buyer. The fact
that bids ardnigherin theChat — Endogenoudreatment, significantly so after controlling for
selection into the Buyer role, suggests that soimgthlse must be going on. To determine
what that something else might be, we turn to tbetent of the conversation between

teammates.
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We focus on the conversations that took place batvwound 10 and Round 11. In both
treatments with chat, this time period gave teareman opportunity to discuss how the
takeover game should be played. In @leat — Endogenoudreatment it also gave them an
opportunity to discuss who should take which rdkecall that subjects were given five
minutes to chat and could not move on to the neagesof the experiment until the five
minutes had elapsed. The goal was to give subgetdguate time to discuss how to bid and
(when relevant) role selection without any inceatio rush through the conversation to make
the experiment shorter. Subjects indeed chattegnsitely, with the average team sending
25.0 messages during the five minutes. Teams i€Ha — Randomtreatment sent slightly
more messages on average than teams iiClia¢ — Endogenoustreatment, 26.2 vs. 23.8
(t=1.41;p > 0.1), even though teams in t@lat — Randomtreatment did not need to discuss
who took which role.

Looking at what teams said, we see significanted#iices between the two chat
treatments. We coded every team for whether thegudsed how to bid and, as a subcategory
of this, if they specifically discussed the bergefif bidding low. The coding was initially
done independently by two research assistants.H&fe lhad the two coders discuss all the
discrepancies in the coding and agree on a sirggesion for coding. This final coding was
used for the analysis to be reported in the follmyiwe allowed for the possibility that even
after discussion the coders would not agree ordangoln these rare cases (1 observation) the
coding was assigned a value of %. Using a singiéngosimplifies our discussion of the chat
content but has little effect on our conclusionscsithere was a high degree of agreement
between the two initial codings.

In theChat — Randomtreatment, 78% of the teams discussed how tdoboitin theChat
— Endogenoustreatment only 61% of the teams did so. This diifiee is significant at the
5% level (t=2.12). A similar pattern occurs if waok at teams that specifically discussed
bidding low. This occurred more frequently in t@bat — Randomtreatment (63%) than in
the Chat — Endogenoustreatment (35%) with the difference significanttae 1% level
(t=3.12). Not only do teams with chat do a poor ¢blendogenously selecting roles, they also
do a poor job of discussing how to play the takeoyame. This parallels our previous
observation that, controlling for Buyer ability, athdid not improve Buyers’ choices (i.e.

lower bids) when role assignment is endogenous.

22 The cross-coder correlation was 0.55 for the aatetyliscussed how to bid” and 0.49 for “biddingt both
significant at the 5% level. An average cross-camerelation of around 0.5 (as in our case) is wetlepted in
social psychology (see, e.g., Orbell et al., 1988).
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One possible explanation for the paucity of sulistanconversations in th€hat —
Endogenoustreatment is the time constraint. Even with theegeus time provided for chat,
if teams spend most of this time discussing whoukhdake which role it may leave
insufficient time to discuss how to bid. Two featsiof the data argue that the time constraint
is not playing an important role in reducing dissioss of bidding. First, the chat content for
teams that talk up to the time constraint isn’t maddferent from those who don’t. The 41
teams in theChat — Endogenoustreatment that sent a message in the last 20 dedand
hence are plausibly time constrained) were slighbiyt insignificantly, more likely than
average to have discussed how to bid (65% vs. ®@r%llf 60 teams) and to have specifically
discussed bidding low (37% vs. 35% for all 60 tean®econd, the vast majority of the
discussions on role selection were short. The mostmon pattern was that one of the
teammates proposed a role, the other acceptedrtpmgal, and they moved on to other
things® The rapid selection of roles left ample time tscdiss bidding, yet many teams failed
to do so.

The relative failure of teams in tl&hat — Endogenoustreatment to discuss bidding in
general, especially bidding low, largely explainsybids are significantly higher than in the
Chat — Random treatment after controlling for selection into tBeyer role. With Buyer
fixed effects, the estimated difference betweentt chat treatments in Rounds 11 — 40 is
91.26 with a robust standard error of 46.86 (seeudision of Model 2 in Table 2). If this
regression is modified to include a control for Wiee the team discussed bidding low, the
estimated difference drops to 47.37 with a robtshdard error of 45.58. The difference
between the treatments is halved and is no longeistcally significant. Likewise, with
Buyer fixed effects, the estimated difference betwthe chat treatments in Rounds 11 — 20 is
111.40 with a robust standard error of 53.02 (seeldll4 in Table 2). Adding a control for
whether the team discussed bidding low reducesestienated difference to 67.52 with a
robust standard error of 50.21. Again, the estichdiference is no longer significant. Hence,
even with a fairly crude control for what is beisgid between Rounds 10 and 11, a large
fraction of the higher bids iChat — Endogenousrelative to Chat — Random can be

accounted for.

% The following exchange is typical:
Subject A: Seller or buyer?

Subject B: buyer

Subject A: ok

Subject B: ok

Subject B: and you?

Subject A: I try it as seller then
Subject B: perfect
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Conclusion 7: Teams i€@hat — Endogenousend fewer messages between Rounds 10 and
11, are significantly less likely to discuss bidgiand are significantly less likely to discuss
bidding low than teams ilChat — Random Controlling for differences in chat content
explains a large fraction of why bids are higher @hat — Randomthan in Chat —
Endogenous

Examining the content of messages in more detsdl gives us insight into why teams in
Chat — Endogenouddo a poor job of selecting the right person tdHeBuyer. We define a
team as having had a “good negotiation” if onehef teammates proposed an assignment of
roles, the other teammate accepted this proposdltlee players actually ended up being
assigned to the agreed upon roles. Out of 60 téa@kat — Endogenousonly 36 had good
negotiations. The teams that had good negotiatiensrally did a decent job of assigning the
right person to the right role — the player who lmdier in Rounds 1 — 10 was assigned the
Buyer role for 25 of these teams and the averadernbRounds 1 — 10 of Buyers was 316
versus 396 for Sellers. However, 24 teams did moeha good negotiation. In 8 of these
teams none of the team members proposed a rolegdilme chat conversation. In another 8
the teammates didn’t reach an agreement. Findiretare 8 teams where the teammates
reached an agreement but didn’t end up in the dgipen roles; in other words, at least one
teammate reneged on the agreement. The teamsaiiathdve good negotiations do a poor
job of getting the right person in the Buyer rol&e teammate who bid lower in Rounds 1 —
10 was assigned the Buyer role for 14 of thesee@ms and the average bid in Rounds 1 — 10
of Buyers was 402 versus 426 for Sellers. The pseignment of teammates to roleCimat
— Endogenouss largely due to failure to reach and abide ngaments on roles.

These failures cannot easily be attributed to sbjiailing to understand that they were
supposed to discuss role assignment or that theydwe choosing roles endogenously. After
all, teams did well at role assignment in tN®@ Chat — Endogenoustreatment. The
instructions about role assignment are similar thog two treatments. More teams sent
messages about role assignmen€Chat — Endogenous(54 out of 60 team$) than inNo
Chat — Endogenoug8 out of 60 teams), and the length of the discumssiwvas greater (for
obvious reasons) i6hat — EndogenousWhile teams seem to understand they need torassig
roles, they don’t necessarily view this as a aitidecision. Their discussions of role
assignment are typically brief and miss basic oiliit is striking that not a single team
discussed the importance of picking the right perse. the person who had performed better

4 This is more than the number of teams where agsambout role assignments was made becausevibeze
two teams irChat — Endogenousghat discussed role assignment without ever makimgproposals.
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in Rounds 1 — 10) for the role of Buyer. Havingdiscuss bidding and role assignment

degrades the quality of teams’ discussions of xsthes.

6 Conclusion

The primary purpose of our study was to investighterelationship between how roles
are assigned within a work team and team performafAs expected, we found that teams
perform better when roles are assigned endogenousgammates are allowed to chat about
their decisions. The big surprise is that the sdBon effect between endogenous role
assignment and chat harms team performance, letalimgher bids rather than lower bids as
expected. Digging deeper, teams in @t — Endogenoudreatment both do a poor job of
selecting which teammate should take on the Buwlerand in discussing how to bid.

Time constraints do not provide a good explanatmorthe relatively poor quality of the
discussions in th€hat — Endogenoustreatment, but time is not the only constrainiisa
may face. There is extensive evidence from thelpdggy literature on “ego depletion” (e.g.
Baumeister, Bratslavsky, Muraven, and Tice, 1998ingeichel, Vohs, and Baumeister, 2003)
that individuals only have a limited budget of citiye resources. If they are forced to expend
some of their cognitive resources on one task, Hreyless able to perform other tasks. For
example, individuals who must exercise self contooéat a healthy food (radishes) when a
more tempting alternative (chocolate) is availablédbsequently expend less effort and
perform worse at solving logic problems than sulisj@t control treatments. The effect of ego
depletion is particularly strong for intellectivasks. Unlike theChat — Random and No
Chat — Endogenoudreatments, in th€hat — Endogenoudreatment subjects must deal with
multiple intellective tasks (discussing how to ladd the best way to assign roles) while
exercising self-control (as seen through the stitengency to defer to teammates’ requests).
This is exactly the sort of environment that typicaepletes cognitive resources, leading to
poor performance on logic tasks like bidding in takeover game. We conjecture that ego
depletion plays an important role in driving ouinpary results and hope to collect direct
evidence testing this hypothesis in future research

Our results sound a cautionary note about increasadker participation. Increased
worker participation has obvious positive aspedtsrkers who feel greater connection with
the group and greater accountability to their wgraup are likely to work harder and think
more carefully about the problems facing their wgrliup. Workers also often have valuable
information that can be passed on to their empkyerthey are given an opportunity.

However, allowing workers to play a greater roles lhe side effect of increasing their
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cognitive load. If individuals only have a limit@snount of cognitive energy to expend, this
risks reducing their performance at all tasks. Futesearchers need to think carefully about
what tasks are best handled by a manager and agiat are best left to workers.

Our study is not intended to find the optimal metlud assigning teammates to roles. In
designing our experiments, our goal was to exainave endogenous role assignment links to
team performance and whether endogenous role assignis unambiguously positive for
teams in settings where role assignment is impbridre experimental design was tailored to
this goal, choosing a task that strongly emphadizesmportance of role selection and only
allowing extreme methods of role allocation, eititempletely random and exogenous or
completely controlled by team members. In futureesgch we plan to explore alternative
methods of selecting roles that combine the sthengt endogenous role selection with the
strengths of having a manager responsible forgelection as well as looking at mechanisms

for role assignment in a broader selection of emrrents.
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Tables and Figures

Table 1: Bidding strategies

. Value 1.5 * Expected ,
Bid 90 600 1200 Value if Accepted Ever Profitable?

Bid < 90 Reject Reject Reject N/A No
90<Bid <135 Accept Reject Reject 135 Yes
135< Bid < 600 Accept Reject Reject 135 No
600< Bid <900 Accept Accept Reject 517.5 Yes
900< Bid < 1200 Accept Accept Reject 517.5 No
1200< Bid < 1800 Accept Accept Accept 945 Yes
Bid > 1800 Accept Accept Accept 945 No
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Table 2: Regressions for Treatment Effects

Model 1 Model 2 Model 3 Model 4
Fixed Effects Team Buyer Team Buyer
. -47.68 -15.27
Rounds 11 — 40 * Control (32.15) (33.14)
Rounds 11 — 40 * -101.01" -87.21
Chat — Random (37.20) (43.91)
Rounds 11 — 40 * -101.27" -3.65
No Chat — Endogenous (35.86) (37.77)
Rounds 11 - 40 * -57.12 4.04
Chat — Endogenous (36.26) (41.62)
. -61.26 28.84
Rounds 11 — 20 * Control (32.98) (33.29)
Rounds 11 — 20 * -99.69" -85.89
Chat — Random (44.94) (47.46)
Rounds 11 — 20 * -123.54" -25.92
No Chat — Endogenous (37.85) (38.24)
Rounds 11 - 20 * -35.65 25.51
Chat — Endogenous (45.12) (45.24)
* -42.29 -9.87
Rounds 21 — 30 * Control (36.96) (38.47)
Rounds 21 — 30 * -114.737 -100.94°
Chat — Random (41.12) (48.10)
Rounds 21 — 30 * -106.62" -9.00
No Chat — Endogenous (38.31) (41.20)
Rounds 21 - 30 * -55.47 5.70
Chat — Endogenous (43.17) (50.41)
* -39.50 -7.08
Rounds 31 — 40 * Control (36.51) (37.32)
Rounds 31 — 40 * -88.61 -74.81
Chat — Random (40.63) (49.55)
Rounds 31 -40* -73.64 23.98
No Chat — Endogenous (43.55) (45.36)
Rounds 31 — 40 * -80.25" -19.08
Chat — Endogenous (38.20) (44.95)

Notes: All regressions include 16,480 observatioos 592 individuals (352 teams). Robust
standard errors are reported in parentheses. Thgetwo (**), and one (*) stars indicate
statistical significance at the 1%, 5%, and 10%levespectively.

31



Table 3: Average Characteristics of Buyers andegell

No Chat — Endogenous  Chat — Endogenous
Buyer Seller |t-stat] Buyer Seller |t-stat|

Age (in categorie§) 4.63  4.93 0.89 5.00 4.62 1.07

Gende? .583 483 1.14 533 .467 0.68
Math Score 2.33 2.55 1.18 233 242 0.46

German Scofe 2.18 2.20 0.11 2.33 2.50 1.26

Earnings
Rounds 1 — 19

Bid, Rounds. 1-10 364 494 324 351 408 1.36

-346  -810 2.25 -363 -343 0.09

Notes: Three (***), two (**), and one (*) stars ifwdte statistical significance at the 1%, 5%,
and 10% levels respectively.

& Age was coded as follows: 0=18 years or youngef:9lyears; 2=20 years; 3=21 years;
4=22 years; 5=23 years; 6=24 years; 7=25 yearsi §eadrs or older.

® Gender was coded as follows: 0 = Male; 1 = Female.
¢ Lower grades are better in the Austrian schodesysGrades were coded from 1 to 5.

4 Earnings do not include the starting capital dd@@xperimental points.
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Table 4: Does the Buyer's Identity Matter?

Model 1 Model 3
Dataset All Team Sessions Chat Sessions
# Subjects 240 120
Chat -55.79
(25.16)
No Chat * -
. -82.37
Buyer Low Bidder (17.74
Chat * x
. -35.87
Buyer Low Bidder (18.19)

Buyer’s Avg. Bid, Rounds 1 - 10
Buyer Low Bidder

Sellers’s Avg. Bid, Rounds 1 — 10
Buyer Low Bidder

Buyer’'s Avg. Bid, Rounds 1 — 10
Seller Low Bidder

Sellers’s Avg. Bid, Rounds 1 — 10
Seller Low Bidder

286"
(.140)

124
(.095)

295"
(.100)

141
(.169)

Notes: Robust standard errors are reported in gegses. Three (***), two (**), and one (*)
stars indicate statistical significance at the 5%, and 10% levels respectively.
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Not Intended for Publication

Appendix — Experimental instructions

Instructions for the experiment

Welcome to this experiment! Thank you for takingiytime to participate. Please refrain
from talking to other participants until the expeeint is finished. In case you have any
guestions after we have read through the instmstiplease raise your hand and an
experimenter will come to your seat and will answer

Two parts of the experiment
This experiment has two parts. In the followinguYlaget the instructions for part 1. The
instructions for part 2 will be distributed at ted of part 1.

Instructions for part 1

Initial endowment
For part 1 you get an initial endowment of 12 €isTéndowment will be included in the profit
for the first period.

Number of periods
Part 1 has 10 periods. In each single period, youbwy cards, the value of which will be
determined randomly. We will now explain the exarcicedure within each period.

Submitting bids for a card in each period

In each period, you can submit a bid for a cartihlaa a certain nominal value. This nominal
value will be determined randomly in each perioctakd can have three possible nominal
values (in points):

« 90
* 600
« 1,200

Each of these three values is equally likely taltavn. In other words, this means that each
nominal value will be realized with a probability 3. The realization of nominal values is
independent across periods. This means that theatan in the preceding period has no
influence whatsoever on the realization in theenirperiod.

You will submit a bid for a card before you leaboat the realized nominal value. The bid
must be an integer number in the interval fromédto 2,000 (with 0 and 2,000 included in
the interval). The actual nominal value will beatetined after you have submitted your bid.

Profits from bids

If your bid is larger or equal to the nominal vabfehe card, then you buy the card. In this
case you get 150% of the card’s nominal value. Heweyou also have to buy the card in
this case.

If your bid is smaller than the nominal value, thyem don’t buy the card. This means that no
transaction takes place, and you don’t earn angtimhis case.

An example:
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Consider the case in which you bid 712 for the card

1. Assume that the card’s nominal value is 600. Ia taise, you buy the card. This
means that you receive 600 * 1.5 = 900 points. Nawe to pay 712 according to your
bid. This yields a profit of 188 (= value of 900ytou as the buyer — bid of 712).

2. Assume that the card’s nominal value is 90. Thanlyay the card and it is worth 135
for you (= 90 * 1.5). In this case your profit isgative: -577(= 135 — 712).

3. Assume that the card’s nominal value is 1,200. Tyeendon’t buy the card and this
period’s profit is O for you.

At the end of each period you will see an "outcaueeen®, on which there is a list that
contains for all previous periods the followinganhation: your bid, the nominal value of the
card, whether you have bought the card or not tlaagrofit.

At the end the experiment all profits of each pefall be added up and paid to you. The
exchange rate of points earned in the experimé¢atinros is the following:

2.5 Points = 0.01 €.

Some examples to be worked on before the start oap 1

Assume you bid 128 and the card’s nominal vali@®isHow much do you earn?

Assume you bid 767 and the card’s nominal value260. How much do you earn?

Assume you bid 791 and the card’s nominal vali@®isHow much do you earn?
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Instructions for part 2

Roles of buyers and sellers
Part 2 is similar to part 1. However, in this phere will be buyers and sellers of cards. The
task that each role has to perform is explainedvbel

Number of periods
Part 2 has 30 periods.

Fixed pairs and how to assign roles

It is important in this part that at the beginnofgt, fixed pairs of buyers and sellers will be
formed. These pairs will remain fixed throughoud thhole part Z he fixed pairs have a

strong influence on the profits from this part (see more on this at the end of the instructions
for part 2!).

At the beginning of part 2 you will have an optimnexchange messages with the partner in
your pair. For this purpose, we have installedrstant-messaging-program in the software.
In order to use it, you have to write your messatgethe empty row at the bottom of your
screen, and then you have to push “Enter” to sewnd mmessage to your partner. Once you
send you send a message, it is shown on your pargweeen and on your screen (above the
empty row). Note that no other participant in them can see your message.

You can send any message you like, expect foralt@afing limitations:
* Please do not reveal your identity. This also idekiinformation that allows your
personal identification.
» Please do not use any abusive language.

Before you can start using the instant-messagingrpm, you'll receive some information
about the partner in your pair. More precisely, ydae informed about his or her age,
gender, field of study, population of hometown, king status, experience with economic
experiments and the profit in part 1.

At the end of the 5 minutes of chatting in theamstmessaging-program, you need to indicate
whether you would prefer to be buyer or sellenrié person in a pair indicates a preference
for being in the role of buyer, and the other pensalicates a preference for the role of seller,
then the roles will be assigned exactly as prefieoeboth members of the pair. If this is not
the case, then roles will be assigned randomly.

Before period 21 and 31 you will again have 5 masiutme to exchange messages with your
partner. Roles may not be changed in the courseramunication before these periods,
however. As soon as the periods start, no furtbemgunication is possible.

Interaction of buyers and sellers

In each period there will be an interaction betwaduyer and a seller, in which they decide
about buying, or respectively selling, a cdtds very important to note that you will never
interact with the partner in your team! This means that if you are a buyer, for example, yo
will never trade with the seller in your pair, avide versa.

In each period, it will be randomly determined whimuyer will interact with which seller
(taking care of the limitation that interaction kit pairs is impossible). In each period it is
equally likely to interact with any of the partiaipts in the opposite role of yours. Recall that
the interaction always takes place with someonm faadifferent pair.
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How to buy a card in each period

Buyers are in the same situation as all particpamre in part 1 of the experiment. In each
period you can bid in the role of buyer for a carde card’s nominal value will be
determined randomly as in part 1. To rememberntmainal value may be 90, 600, or 1,200,
with equal probability.

In each period, you have to submit a bid as amertaumber from 0 to 2,000, including both
0 and 2,000. The card’s nominal value will be deieed and revealed after you have placed
your bid.

As thebuyer, you get annitial endowment of 10 €for part 2, and aseller you get2 € This
endowment will be added to the profit in the fppstiod of part 2. However, please note the
rules for determining payoffs within pairs at thedeof this set of instructions!

Selling a card in each period and profits of the dker

In the role of seller you are the owner of the dhat can be sold in each period and for which
the buyer places a bid. You can earn money indleeaf seller if you sell the card to the
buyer. You will be informed about the card’s nonivaue (either 90, 600, or 1,200) and the
buyer’s bid before you decide whether or not tbysmlir card. If you sell the card, thgou

earn the buyer’s bid minus the card’s nominal valueFor example, if the card has a
nominal value of 600 and the buyer has bid 712) ffue1 earn 112 points if you sell the card.
Assume that the card had a nominal value of 6@0btlyer bid 457 and you sold it, then you
lose 143 points. Whenever you don’t sell the ctreln you don’t earn anything in this period,
but you also don’t lose anything.

Profits from buying a card
As in part 1, a buyer gets 150% of the card’s nainmalue if the seller sold it to him or her.
Once the seller has sold the card, the buyer hiasytat.

An example:
Assume that in the role of buyer you have bid 7d1s and that the realized nominal value
is 600:

1. If the seller sells the card, then the buyer e&aB8&points (=600 * 1,5 - 712)

2. If the seller does not sell the card, then the begens zero.

Feedback

At the end of each period you will see an “outcaoeeen” on which you'll see for all
previous periods of part 2 the following informattigdhe card’s nominal value, the buyer’s
bid, whether the seller has sold the card, and paouiit.

Rules for profits within pairs

At the end of the experiment, all profits from egehiod of part 2 will be added up. Then the
profits of the buyer and the seller within a paill e summed and both members of the pair
will receive exactly one half of the joint profit®m part 2. This includes also sharing the
initial endowments from the beginning of part 2eTéxchange rate is again:

2.5points = 0.01 €.
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Table A.1. Demographic data collected at the enghaf 1 of the experiment.

Variable Coding

Age 0=18 years or younger; 1=19 years; 2=20 yed+2l years
4=22 years; 5=23 years; 6=24 years; 7=25 yearst §eaArs oI
older.

Gender 1=female; O=male.

Field of study

O=economics and business; l=medicrepolitical science

3=psychology; 4=sociology; 5=other.

Population of hometown

O=under 5.000; 1=5.000 to.0aQ®@ 2=10.000 to 25.00(
3=25.000 to 50.000; 4=50.000 to 100.000; 5=100t60%00.000;
6=more than 500.000.

Working status

O=Full time student; 1=Full timedgat plus part time worke
2=Full time student and full time worker; 3=Parné& student
4=Part time student and part time worker; 5=Pametistuden
and full time worker; 6=neither student nor workéts=No

student, but part time worker; 8=No student, buttfone worker.

(s

[

Experience with O=never participated before; 1=1 to 3 times parated; 2=4 tC
experiments 10 times participated; 3=11 to 20 times particidae=more thar
20 times participated.

Math grade in hight Grades range from 1 to 5 (in integers). “1” is Hest grade, “5’
school leaving examthe worst.

(“Matura”)

German grade in high-Grades range from 1 to 5 (in integers). “1” is best grade, “5’
school leaving examthe worst.

(“Matura”)
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