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Abstract. This paper analyzes a two-person, two-stage model of sequential exploration
where both information and payoff externalities exist and tests the derived hypotheses in
the laboratory. We theoretically show that, even when agents are self-interested and
perfectly rational, the information externality induces an encouragement effect: a positive
effect of first player exploration on the optimality of the second player exploring as well.
When agents have other-regarding preferences and imperfectly optimize, the encour-
agement effect is strongest. The explorative nature of the game raises the expected surplus
compared with a payoff equivalent public goods game. We empirically confirm our main
theoretical predictions using a novel experimental paradigm. Our findings are relevant for
motivating and managing groups and teams innovating not only for private but also and
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1. Introduction

Innovation plays a central role in the production of
public goods, and positive payoff externalities play a
central role in collaborative production of research
and innovation. Today, we observe a great need for
new ideas that can help us meaningfully address the
problems of poor or declining educational systems,
unequal access to affordable healthcare, imminent en-
vironmental challenges, international terrorism, social
fragmentation, and the chronic offending in low-income
urban neighborhoods to name but a few. Furthermore,
in many research-intensive environments, the outcome
of exploration comprises a shared or public benefit ac-
crued by all research team members. One promising
trend in the provision of innovations with a public good
benefit is the rise of spontaneous, voluntary, often
uncoordinated yet joint search contributions by in-
dividuals, groups, or organizations. Search is decen-
tralized and distributed, but knowledge is freely
revealed or shared. More specifically, agents privately
incur costly exploration efforts in search of a solution,
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the benefits of which accrue to all and cannot be pri-
vately appropriated. Furthermore, they share and update
information about solutions that are potentially still
feasible and about others that have been tested and
abandoned during the search process. Thus, incentive
design in such settings must deal with not only dynamic
free riding but also, the inherent process of learning or
information sharing and externalities. With very few
exceptions, previous work on the voluntary provision of
public goods deals with situations that are static or in-
volve limited exogenous uncertainty' about the out-
come of the contributions to public goods. This work
has provided invaluable insights into the drivers of
private contributions to a public good, such as the
importance of other-regarding preferences or re-
ciprocal fairness norms in sequential public good
provision, which generates a complementarity be-
tween the actions of early and late movers (Camerer
2003, Giith et al. 2007, Levati et al. 2007, Cappelen
et al. 2015). By contrast, we specifically account for
the uncertainty of a public good discovery and the
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complementarity driven by the informational and
other-regarding preference channel, and we thus shift
focus to the dynamics of searching for a public good.

In this paper, we provide a model of how teams
of agents (more specifically pairs of individuals) se-
quentially and voluntarily explore for the public good
in the following circumstances: when effort is pri-
vately costly but cannot be directly contracted on,
when the value of the discovery or public benefit is
known (and shared), when a finite number of possible
solutions exists, and when exploration is open (in-
formation is shared). For real-life scenarios captured
by the model, we can consider two problem solvers
who take turns in finding a solution to a particular
problem and can find it only by pursuing one of a
given number of equally promising alternatives. They
can be employees who are expected to improvise in
order to make their peers feel more engaged at work,
research teams in search of a solution to a theoretical
modeling or empirical specification problem, or in-
dustry experts, say in telecommunications, in search
of anew international standard. The key contribution
of our model is to deliver sharpened insight into the
strategic considerations that determine individual ex-
ploration decisions. Furthermore, our simple model lends
itself not only to an analysis with self-interested and per-
fectly rational agents but also, to an analysis with agents
who imperfectly optimize and/or hold other-regarding
preferences. Using this structural model, we incorporate
both informational and other-regarding complementar-
ities, and exploiting an experimental design that allows
disentangling of the two, we test to what extent the in-
formational channel causally effects outcomes.

Our main results, both theoretical and experimental,
are as follows. In our simple exploration game (EG), as
in more complex strategic bandit models (Bolton and
Harris 1999, Horner and Skrzypacz 2016), the in-
formation externality induces an informational en-
couragement: a positive effect of first player exploration
on the optimality of the second player exploring as well.
The novelty here is that we show that the expected
occurrence and size of the encouragement effect not
only depend on the value of the public good benefits
butalso, depend on the assumptions that we make about
the agents’ rationality. As long as we assume perfect
rationality and self-interested preferences, which we
do in the baseline model, the encouragement effect is
only at play within a limited range of public benefit
values. Intuitively, for a specific range of fairly low
values of the public good benefit, only exploration by
the first player can trigger the second player to ex-
plore as well. In the subgame perfect equilibrium
(SPE) of our baseline model, we thus expect (in the-
ory) the first player’s exploration to be nonmonotonic
in the value of the public good. After we allow for
imperfect optimization or other-regarding preferences,”

which the extensive empirical and laboratory litera-
ture on strategic interactions and public goods pro-
vision, respectively, suggests may matter in our setting,
the existence of an encouragement effect readily
extends to all possible values of the public good.
Moreover, the encouragement effect in this behav-
ioral model is largest when agents both imperfectly
optimize and care about each other’s payoffs, be-
cause an informational effect and an other-regarding
encouragement effect then coexist.” Together, our first
set of theoretical predictions underscores the importance
of information sharing as a nonmonetary channel that
motivates exploration and highlights the critical role
of social preferences for team exploration outcomes.

Next, to pin down the causal effect of the un-
certainty of the outcome (that is, the informational
encouragement effect) on individual contributions,
we theoretically compare equilibrium outcomes for
the baseline as well as the behavioral model of joint
exploration with those of a payoff-equivalent, canonical
voluntary public goods provision game (PGG) that lacks
the explorative nature. In this payoff equivalent game,
the total value of the public good is the same as in the
EG, and thereby, also the myopic incentives to con-
tribute coincide in the two games. Yet, when it comes to
dynamic incentives, the other-regarding encourage-
ment appears both in the EG and the PGG, but the in-
formational encouragement affects choices only in the
EG. Comparing individual and aggregate expected
outcomes in the EG with those in the PGG allows us to
sharply identify the effect of the informational exter-
nality and thus, strengthen the internal validity of our
main results. We establish theoretically that the ex-
pected surplus in the exploration game is weakly greater
than in the payoff-equivalent PGG. Uncertainty in the
public goods production process thus raises expected
overall contributions.

Finally, our experimental results, based on the
analysis of 13,760 individual exploration decisions in a
computerized laboratory environment, broadly con-
firm our main theoretical predictions. Observed be-
haviors in the laboratory are in fact best explained by the
behavioral version of our exploration model, where we
allow players to imperfectly optimize and hold other-
regarding preferences. Furthermore, we show that ex-
pected aggregate contributions in the EG consistently
exceed expected aggregate contributions in the payoff
equivalent PGG, and we find strong empirical support
for the informational encouragement effect.

The stylized PGG and EG allow us to deliver
sharpened insight into interactions within teams or
groups with certain and uncertain public benefit
outcomes, respectively, reliant on noncontractible,
costly individual efforts with a limited set of in-
dependent alternatives. In some settings, there is a
clear connection between EG and PGG, because team
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or group members can be organized to either follow
relatively more certain but lower-return routines or
share information regarding coordinated attempts to
try out new approaches with an opportunity to realize
a higher return. The setting can be a research-intensive
environment, a cooperative, or a work team—say, ap-
plied econometricians at a middle-tier department,
where departmental funding is contingent on the
number of publications only, triggering the econo-
metricians to use linear regression methods to publish
high quantities in lower-tier journals, or where de-
partmental funding is contingent on publication in
top journals only, triggering the econometricians to
interact, present to each other state-of-the-art iden-
tification methods that help each to find the best
identification method for his or her respective applied
research problem, and occasionally publish in top
journals. Thus, the EG can be seen as a model of high-
impact, breakthrough innovation (exploration), whereas
the PGG can be usefully thought of as a model of generic
incremental innovation or simply, exploitation.4

To the extent that our results are externally valid,
the most direct out-of-sample implications of our
results relate to situations in which motivating public
goods provision is an important concern. Business
leaders, for instance, who value opportunities for
their employees to collaboratively work on projects
that can transform team productivity or job satis-
faction, let alone tackle societal challenges at large,
are well advised to emphasize the inevitable un-
certainty in these production processes (especially if
the number of feasible solution is or can be made lim-
ited), to find ways to enhance the overall value of
the public good created, and to promote informa-
tion sharing and the dynamic nature of the discovery
process. These strategies can induce more efficient
outcomes.” These strategies can also be applied by
public sector leaders: for instance, school principals
who wish to encourage teachers to jointly search for
approaches that effectively improve say parental en-
gagement or community associations that wish to en-
courage their members to jointly search for approaches
that enhance local social cohesion.

This paper is related to four strands of literature.
First, our paper builds on a simple model of in-
teractive search by Fershtman and Rubinstein (1997).
We adapt this modeling framework to capture a
situation where exploration is open (information is
shared) and benefits in the event of discovery are
public (nonrival and nonexcludable). This befits our
focus on voluntary and joint search for the public
good, and we extend the model to allow for imperfect
optimization and other-regarding preferences by
relaxing standard assumptions in two relevant di-
rections as suggested by the empirical and laboratory
literature. There is a vast theoretical literature on

search, with seminal papers by Stigler (1961) and
McCall (1970) who study fixed sample and sequential
search, respectively, and analyze search that is carried
out by individuals in isolation from each other. We
study search where team members explore sequen-
tially one after another, and the benefits of search are
public accruing to the entire team.®

Second, our paper is related to the literature on
moral hazard in teams (Holmstrom 1982), especially
the theoretical analyses of sequential effort provision
by Strausz (1999) and Winter (2006, 2009). The latter
two works study the strategic incentives of team
members when late movers observe the effort of early
movers and efforts are complementary.” Winter
(2009) shows how higher exogenous rewards can
lead to lower efforts (the so-called incentive reversal
effect), and our result regarding the nonmonotonicity
of exploration in the exploration game with subgame
perfect equilibrium and with self-interest motivation
canreally be seen as a corollary of his finding. Many of
these theoretical setups have also been studied ex-
perimentally (see Plott and Smith 2008, part 6.1;
Brown et al. 2011; and Klor et al. 2014, for instance).
Relative to this literature, the key contribution of our
paper is twofold. First, we develop a sequential,
strategic model of search in teams where the returns
of costly individual search efforts are uncertain.
Second, our model is simple enough to lend itself not
only to an analysis of perfect rationality but also, to
imperfect optimization and other-regarding preferences
as well as to an experimental study in the laboratory.

Third, our model can also be recast as a model of
strategic experimentation. In this literature, the paper
most related to ours is Bonatti and Horner (2011).
They study a strategic bandit model where each of
two team members must choose between costly ex-
ploration and a safe activity and similarly, where both
informational and payoff externalities coexist. They
consider the so-called good news model, where ex-
ploration efforts are strategic substitutes. However,
in a bad news model, the exploration efforts are
typically strategic complements as pointed out by
Horner and Skrzypacz (2016) in a private goods
setting.® This is more in line with our setup. Our
model is a much simpler finite alternative model. In
fact, in that regard, the exploration game is reminiscent
of optimal search (Weitzman 1979) and recombinant
innovation (Weitzman 1998), where old ideas can be
reconfigured in new ways to make new ideas, much
in the spirit of the way that agricultural scientists
develop plant varieties by crosspollinating existing
plant varieties.” Our theoretical and experimental
setup also puts far fewer cognitive demands on lab-
oratory participants than the canonical, multiarm
bandit problems. Hence, this class of models is more
amenable to laboratory testing and the incorporation
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of imperfections and other-regarding preferences into
the theoretical analysis of strategic exploration. By using
such a model, we promote the methodological ideals of
Samuelson (2005) by exploiting the interplay between
theory and experiments in order to advance human
understanding of economic phenomena.'’ We further
make it easier for experimental participants to un-
derstand the setting by using intuitive and visually
appealing video instructions to explain the experi-
mental design. The video instruction itself constitutes
a methodological contribution to the experimental
literature. In an independent experimental study of
the bandit exploration model, Halac et al. (2016) and
Deck and Kimbrough (2017) use similar approaches.
The novel exploration paradigm contributes to the
experimental literature on innovation (see Ederer and
Manso 2013, for instance, and Boudreau and Lakhani
2016 and Briiggemann and Bizer 2016 for two recent
review articles).

Fourth, our paper ties into the literature on the vol-
untary provision of public goods, collective action, and
prosocial behaviors originally studied by Olson (1965)
in a self-regarding model and by Becker (1974) with
altruistic preferences.'’ Our paper is most closely
related to the work by McBride (2006) on the discrete
version of the public goods game with symmetric
uncertainty about the contribution threshold. In a
self-regarding model, McBride (2006) finds, like us,
that uncertainties in the public good provision en-
vironment may induce nonmonotonicities. However,
in his model, the encouragement effect does not arise.
More generally, our paper shifts attention away from
uncertainty about others” degree of altruism, contri-
bution costs, or valuations of the public good (Palfrey
and Rosenthal 1991, Anderson et al. 1998) to un-
certainty inherent in the production process itself
and as emphasized by Admati and Perry (1991) and
Compte and Jehiel (2003, 2004), to the sequentiality
and dynamic strategic interdependency of individ-
ual contributions.

The rest of the paper is organized as follows.
Section 2 presents the game-theoretic model of ex-
ploration for the public good. Section 3 explains the
experimental procedure and data. Section 4 contains
the experimental analysis, and Section 5 concludes.

2. Theory
2.1. Basic Model of Exploration with
Sequential Moves

Consider a simple two-stage, two-player exploration
game with two partners (be it two employees, two
coauthors, or two industry experts). There is a finite
product space (of locations) and a unique public good
(thatis, treasure) in a single location within that space.
The partners take turns to contribute to the explo-
ration of the product space, and each can contribute

by checking in one location whether the treasure is
located there. Let K denote the number of locations. Ex
ante, each location is likely to hold the treasure with
probability 1/K, and thus, without loss of generality,
an action of player i can be denoted by a binary action
a; € {0,1}, where 0 indicates no contribution.

The valuation of the public good (that is, treasure
size for i, a;, with i =1,2) is ex ante known, non-
excludable, and obtained if and only if the public
good is found (or a breakthrough is made). Without
loss of generality, we can assume that a1 = a = a; and
let the asymmetries between the players be reflected
in the contribution costs. The cost of contributing, c;, is
borne by the relevant agent. Not contributing implies
zero cost. Assume that ¢y > ¢p, which isin line with the
optimal incentive mechanism of Winter (2006)."* The
player in stage 2 can learn from the exploration of her
partner in stage 1. The model assumes complete and
perfect information (observable effort and outcomes),
though no coordination device exists. We seek the
subgame perfect equilibria of the game under dif-
ferent treasure size or public good value regimes."”

2.1.1. Subgame Perfect Equilibrium of the Exploration
Game. Let us solve the SPE of the model by using
backward induction. In stage 2, if the treasure has not
been found, then it is optimal for player 2 to explore iff

o <alY,

where Y < K is the number of alternatives that have a
positive probability of containing a treasure in the
second stage. We call this player 2’s myopic incentive
to explore. Because the second stage is the last, the
myopic incentive is also player 2’s total incentive to
explore. Likewise, player 1’s myopic incentive to
contribute is captured by a/K —c;. The myopic in-
centive to contribute is all that player 1 needs to
consider if player 2’s choice is not affected by that of
player 1. There are two such cases.

First, if ¢; < a/K < a/(K - 1), then player 2’s con-
tribution cost is so low that player 2 finds it optimal to
contribute regardless of whether player 1 contributes
or not (provided that the public good is not found by
player 1). Second, if ¢; > a/(K—1) > a/K, then player 2’s
cost of contribution is so high that player 2 finds it
suboptimal to contribute whether player 1 contrib-
utes or not. Yet, player 1, unlike player 2, needs to also
consider dynamic effects of her choice on the con-
tribution incentives of player 2 (that is, a potential
encouragement effect. The encouragement effect is
relevant, and player 1’s contribution may affect the
incentives of player 2 if a/K < ¢; < /(K —1). Player 1
then prefers to contribute if

)0 o
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where 0 <0 <1 is player 1’s discount factor. The
above inequality can in equivalent terms be written
simply as

o <(1+5)%, ?)

capturing the simple intuition that, by contributing
herself, she gets another contribution for free as an
optimal reaction by player 2. We summarize these
conditions and their behavioral implications for per-
fectly rational self-interested players in Proposition 1.

Proposition 1. Let ¢; > ¢;. Let ay = ap = a. Conditional
on the prize not having been found in the first stage, on the
equilibrium path,

e neither player contributes
oK -1)},

e both players contribute when max{%,cz(K -1} <
a < Ko,

e only player 2 contributes when c,K < a < 1K, and

® both players contribute when 1K < a.

aK

when o < max{{,

This proposition reveals that player 1’s equilibrium
contribution decision is nonmonotonic in @ owing to
the encouragement effect, which is defined as the
impact of player 1’s contribution decision on player 2’s
contribution decision. Intuitively, when the value of
the public good is very low, neither player finds it in
his or her best interest to contribute. For somewhat
higher values of the public good, neither player’s
myopic incentives to contribute are sufficient, but the
dynamic encouragement effect triggers player 1 to
explore and encourages player 2 to contribute as well
if player 1 does not find the public good. Then, for
even higher values of the public good, it is a dominant
strategy for player 2 to contribute. Player 1 knows this
and free rides on player 2’s contribution. Finally, after
the value of the public good is so high thateven player1’s
myopic incentive dictates to contribute, then both
players find it optimal to contribute. The basic in-
tuition behind this result is precisely the same as the
argument of Horner and Skrzypacz (2016, pp. 2-3) for
why the privately optimal best response to the op-
ponent’s simple cutoff contribution strategy in a two-
player bad news Poisson bandit model cannot be a
simple cutoff strategy; rather, it involves ranges of op-
timal encouragement and free riding, corresponding to
bullets 2 and 3, respectively, in the above proposition.
Thus, our model allows us to test the basic encour-
agement intuition (Bolton and Harris 1999) of the
strategic experimentation models in a considerably
simpler framework, which is easily understood by the
participants of our experiment.

Figure 1 illustrates the core theoretical insights by
using a simple numerical example. Let K = 4, ¢; = 200,
c1 =300, and 6 =1. Then, neither explore when
a < 600. Both contribute when 600 < & < 800. Only

Figure 1. (Color online) Theoretical Predictions in the
Exploration Game, SPE, and Self-Interest

Expected €500 00 €1000 €1400
contributions [ = ] [ 2 ] [ ] [ s 1
1,75 r;z———————————:
I Total
I expected
I contributions
- 1 r___I in equilibrium
First-best |
total |
expected |
contributions h Treasure
size
400 600 800 1200

Treasure sizes used in the experiment

player 2 contributes when 800 < « < 1,200, and both
players contribute when « > 1,200. Notice that the
expected total contributions are 1.75 units when both
contribute, because player 2 contributes only when
the treasure is not found in that case (that is, with
probability 3/4).

2.1.2. Subgame Perfect Equilibrium of the Voluntary
Public Goods Game. The standard voluntary public
goods game in its sequential two-player binary choice
form is formally nested in our exploration game. To
derive the standard voluntary public goods game
from our exploration game, the value of the public
good is distributed evenly over the entire finite prod-
uct space so that, in each location, the value of the
public good is the same and equals apcc = a/K. Thus,
in the standard public goods version of the game,
1/Kth of the value of the unique treasure in the ex-
ploration game is produced for each individual con-
tribution made in the standard game, and this value
is produced with certainty for each contribution that
costs c1 for player 1 and ¢, for player 2. Indeed, in the
canonical voluntary public goods game, every in-
dividual contribution generates a public good with
certainty with a marginal per capita return of a/K. In
our special case where only a single contribution can
be madeby each player and choices are sequential, the
standard voluntary public goods game is in fact a
sequential prisoner’s dilemma. The reaction functions
and SPE for the sequential prisoner’s dilemma game
are very well known. Let us sketch the derivation here
for purposes of comparison with the exploration
game. Let a/K denote the public good produced for
eachindividual contribution made. Then, player i will
find it optimal to contribute to the production of a
public good iff

¢ <a/K. (3)

Player 1’s equilibrium contribution decision is mono-
tonically increasing in «a/K. Player 1 can no longer
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Figure 2. (Color online) Theoretical Predictions in the
Public Goods Game, SPE, and Self-Interest
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exert an influence on player 2’s decision. The in-
formation externality, which is a distinct characteristic
of the exploration game, disappears in the voluntary
public goods game and with it, the encouragement
effect. Thus, each player’s myopic incentive dictates
the optimal choices, and each player thus (generi-
cally) has a dominant strategy independent of the
other player’s choice.

Intuitively, when the value of the public good is
very low, neither player finds it in his or her best
interest to contribute. For higher values of the public
good, ¢ < apgg < ¢y, it is a dominant strategy for
player 2 to contribute, and likewise, player 1 has a
dominant strategy to free ride on player 2’s contri-
bution. Finally, after the value of the public good
exceeds player 1’s cost, then both players have a
dominant strategy to contribute.'*

As illustrated in Figure 2, the equilibrium level of
contributions to the production of the public good is
closer to first best in the exploration game than in the
public goods game. In particular, when a/K < ¢, < af
(K—-1) and ¢; < a(l +06)/K, both players will con-
tribute in the EG (if the treasure is not found by
player 1), but neither will contribute in the PGG.

From a welfare perspective, it is optimal that player i
contributes if ¢; < (2a)/K, and this is true both in the
EG and the standard PGG. Thus, the welfare prop-
erties of the two games coincide. Likewise, the my-
opic incentives in the two games are the same. The
only difference is the presence/absence of the en-
couragement effect, and this property in regard to the

Figure 3. Logical Connections Between SPE Hypotheses

efficiency of equilibrium play drives a wedge between
the two games.

2.1.3. Comparison of the SPE Predictions. That the
encouragement effect appears in the EG but not in the
PGG yields two testable theoretical predictions."®
These are the predictions that we have preregistered
on the Open Science Framework platform at https://
osf.io/ (name: exploration in partnership).

We summarize the main SPE hypotheses below.

1. SPE contribution hypothesis. Aggregate contri-
butions across player types and treasure sizes will be
weakly higher in the exploration game than in the public
goods game. This prediction is primarily driven by first
players contributing more in the exploration game
compared with the public goods game when facing the
second lowest treasure size.

2. SPEencouragement effect. Player 2 will on average
contribute more than player 1 in the public goods
game, and for a limited range of treasure sizes, the
wedge between player 1’s and player 2’s exploration
efforts will be smaller in the exploration game than in
the public goods game.

3. SPE nonmonotonicity hypothesis. In the exploration
game, player 1’s contributions will be nonmonotonic
in treasure size. In the public goods game, player 1’s
contributions are monotonic in treasure size.

A key intuition behind all of these theoretical
predictions is that there is an informational encour-
agement effect present in the relevant range of the
value of the public benefit in the exploration game,
contrary to the public goods game. Player 1 can face
an implicit threat that his failure to contribute will
trigger player 2 to not contribute as well. In reverse,
there is also an implicit promise that his contribution
will trigger player 2 to contribute as well (if the
treasure is not found). Equivalently, the uncertainty
in the production process of the public good invokes a
complementarity between the two players’ contri-
bution decisions. As a result, aggregate equilibrium
contributions or contributions to the public good are
weakly higher in the exploration game than in the
public goods game (Figure 3).

As a final remark, we illustrate that the self-interested,
risk-neutral subgame-perfect equilibrium predicts that
total surplus is weakly closer to first best in the EG than

Contribution hypothesis

Informational encouragement effect

Non-monotonicity hypothesis
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in the PGG for every treasure size when assuming arg =
4apcc = 4a (that is, that for risk-neutral players, the
myopic incentive to contribute is the same in EG and
PGG at each threshold treasure size) (see Section 2.1.2).
Consider the following levels of treasure size: VERY
LOW (apgs < 100 and agc < 400), VERY LOW (100 <
apge < 150 and 400 < apg < 600), LOW (150 < apgg <
200 and 600 < agg < 800), HIGH (200 < apcc < 300
and 800 < agg < 1,200), and VERY HIGH (apcc > 300
and agg > 1,200). Notice that these treasure size levels
cover the entire space of potential treasure sizes.
Looking at the predicted contributions of player 1 and
player 2 in Section 2, it is easy to calculate the expected
total surplus in SPE. This latter is listed in the middle
column of Table 1 for each treasure size class and for
both the PGG and the EG. The first best contribution
levels are even more straightforward to calculate: for
a given number of treasures and options left, a player
should contribute if two times the expected treasure
size (each player receives the treasure value, and thus,
the gross surplus equals 2« if the treasure is found) is
greater than the private cost. Thus, in the PGG, player i
should contribute iff 2apgc > ¢; (how we break the ties
does not matter here). In the EG, player i should
contribute if 2arg/Y — c;, where Y is the number of
alternatives that have a positive probability of con-
taining a treasure. Thus, in the EG, player 1 should
contribute if agc/2 > 300. Player 2’s first best contri-
bution depends on whether player 1 contributed and
whether a treasure was found. If player 1 contributed
and found the treasure, then player 2 should not
contribute. If player 1 contributed and did not find a
treasure, player 2 should contribute iff in addition
2agc/3 > 200. If player 1 did not contribute, then
player 2 should contribute iff apg/2 > 200. The im-
plied first best surplus is calculated in the rightmost
column of Table 1. One can immediately see that the
social surplus is weakly higher in the EG than in the

Table 1. Expected Total Surplus

Surplus at SPE Surplus at First Best

VERY LOW
PGG 0 0
EG 0 0
VERY LOW
PGG 0 2a - 200
EG 0 2a — 200
LOW
PGG 0 4a - 500
EG 4a — 450 4a — 450
HIGH
PGG 2a - 200 4a - 500
EG 2a - 200 4a — 450
VERY HIGH
PGG 4a — 500 4a - 500
EG 4a — 450 4a — 450

PGG at all levels of treasure size. Thus, from the
perspective of social surplus, the EG is predicted to
reach a higher level of efficiency than the PGG.

2.2. Behavioral Model of Sequential Exploration
Our basic model so far assumes that each player
chooses the action with the highest payoff for sure
(people always perfectly optimize) and only considers
his or her own payoffs (people are selfish). In this
section, we relax these two assumptions. We extend our
model to allow people to imperfectly optimize and
have social preferences.

2.2.1. Imperfect Optimization. While providing a use-
ful benchmark for understanding choice behavior in
our setting, the subgame perfect Nash equilibrium also
presumes strong rationality assumptions about the
capacity of implementing the optimal strategy with
certainty. Real behaviors, however, are typically error
prone. In our setting, players might make errors and
understand that others also make erroneous choices.

This notion of bounded rationality'® can be for-
mally incorporated into our setup by deriving the
logit quantal response equilibrium (QRE) (McKelvey
and Palfrey 1998) instead of the SPE.'” In the logit
QRE, the choice probabilities reflect rationality in the
sense that they are inversely related to the opportu-
nity costs of the choices, and the implied choice
probabilities are correctly anticipated by the agents.
Although better strategies are more likely to be
played than worse strategies, there is no guarantee
that best response strategies and actions are played
with certainty, and this fact is understood by all
players. This relatively small departure from perfect
rationality has been found to produce predictions
that better fit data from laboratory experiments
(Anderson et al. 1998, Goeree and Holt 2000, Goeree
et al. 2010).

In the logit quantal response model, the choice
probabilities are proportional to the exponentials of
the expected utilities, v;, of the actions given the be-
liefs about the opponent’s behavior. Let us denote the
expectation of playeriabout the action profile g; of the
other player by b]’ﬁ(aj). In the quantal response equi-
librium, player i chooses action g; with probability

bi(a) = exp((1 “)(Z”fg’l{éj)vi(ai'aj))) -
S exp((1/4) (g b)orla, @)

This formulation allows for considering both erratic
decision making by self-interested agents (replace v;
with 1t;, the pecuniary payoff of /) and other-regarding
agents (use a more general value function v; as we do
in Section 2.2.2 below).




5868

von Essen, Huysentruyt, and Miettinen: Exploration in Teams
Management Science, 2020, vol. 66, no. 12, pp. 5861-5885, © 2020 INFORMS

Taking the ratio of choice probabilities of two
different actions a; and a; (the odds ratio) yields

biar) _ (110 (20 i(w)oi(ar ) .
bi(a}) exp((l/y) (Z,Z] I;;(aj)vi(a;’,aj))) '

and thus, the ratio of choice probabilities is proportional
to the ratio of exponentials of expected utilities. Ex-
pectations and choice probabilities must coincide in
equilibrium, and thus, El] = b;forj # i. Thenovel feature
is noise, which increases in the noise parameter . As
u approaches infinity, the choices are entirely ran-
dom. As u tends to zero (from above), the choice
probabilities converge to a Nash equilibrium of the
game. Thus, with u tending to zero and v; replaced
with 7;, we are back in the analysis of Section 2.1. The
log of the odds ratio of choice probabilities in the QRE
model is merely

(1/1) ;Z’;(”i)vi(“;r“i) - ;Z’ﬁ(ﬂf)vi(“i'/af) . (6)

and therefore, it perfectly linearly reflects the ex-
pected payoff difference between choosing the two
actions given the expected behavior of others.

In the sequel, we denote the probability of con-
tributing or the contribution rate of player i by b;. The
probability of not contributing is thus 1 —b;. More-
over, we denote by by(e) the contribution rate of player 2
in the contingency e.

The amount of contributions b; + b, (in probability
mass terms) with imperfectly optimizing selfish
players in the exploration game is, as in SPE, weakly
greater than in the public goods game when aggre-
gating over treasure sizes. The informational en-
couragement effect now appears for all treasure sizes
(or values of the public good) in the exploration game,
and yet, it continues to be absent in the public goods
game. The intuition for this result is that now, for any
given configuration of parameter values, both of
player 2’s actions (to contribute or not) occur with
positive probability, and given the information ex-
ternality, contribution by player 1 always increases
the payoff of contribution to player 2. Furthermore,
for sufficiently large u, the informational encour-
agement effect is now increasing in treasure size.
Intuitively, when the stakes are higher, player 2 has
more to gain following contribution by player 1. In
Online Appendix A, we present the formal analysis of
the contribution behaviors in the QRE for the public
goods and exploration games with selfish players.

2.2.2. Other-regarding Preferences. The behavioral
and experimental economics literature on voluntary

public goods provision in environments where there
isno exogenous uncertainty provides a lot of evidence
that other-regarding preferences must be invoked
to understand the empirical contribution patterns.
Although our focus is on understanding the impli-
cations of the informational encouragement effect,
other-regarding preferences are likely to play a role.
We thus want to understand the role in this context
and in the end, be able to isolate the residual effect of
the information channel when the other-regarding
channel is controlled for. We, therefore, incorporate
a more general model of preferences that embeds
difference aversion and social welfare preferences as
parsimonious and tractable special cases. This more
general model also nests purely selfish preferences as
alimiting case. We allow for people not only to be self-
interested but also, to care about social efficiency and
inequity by integrating the goal function in a gener-
alized version of the social welfare model by Charness
and Rabin (2002).*° In our setting, this goal function
can be written in the following form:

(1 - P) ’ 77:'(611', ﬂj) tp- nj(a]-, ai)
U‘(IZ‘ aA) - if n[(ﬂi,ﬂj) > n]'(ﬂj,ﬂz')
T -0 ) + o el

otherwise

for i=1,2, where p and ¢ may be negative, 0, or
positive and p > ¢.*' The parameters p and o allow for
a range of different distributional preferences that
rely solely on the outcomes and not on any notion of
reciprocity. For instance, when 1> p >0 >0, then
these parameter values capture social welfare con-
cerns, whereas when 1 > p > 0 > o, these parameter
values correspond to inequity or difference aversion.
Irrespective of the specific distributional preferences
that we consider, p is always understood to be greater
than ¢ (Charness and Rabin 2002).%

2.2.3. Second Player Incentives and the Encouragement
Effect. Let us consider first the public goods game. In
the public goods game, every player’s contribution
yields a marginal per capita return of apcc = a/K, an
ex ante fixed and certain value of public good. Suppose
first that player 1 did not contribute. Then, player 2’s
payoff equals

[24

K (1-o0)c

apcc = (L—0)ex =
if she contributes and 0 otherwise. Notice that the
parameter o indicates player2’s concern for player 1 if
the payoff of player 2 is lower than that of player 1.
Parameter 0 appears here, because player 1 did not
contribute (a1 = 0), and therefore, player 2’s payoff
falls short of that of player 1 if the player 2 contributes.
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In this case, the proportion of choice probabilities
between contributing and not contributing equals

baar =0) o
T Rrp— ?bztm —0) - exp((l/y) (E -(1- o)cz)), (7)

and thelog of the odds ratio between contributing and
not contributing (7) is thus merely

(1/n) (g - (1 = 0)ca). (8)

Suppose next that player 1 did contribute. Then,
player 2’s payoff equals

2apce — (1 - p)ez — per = 2% —(1-p)c2 — pcy

if she also contributes and
o
apgG — pPC1 = % —pa

if she does not. Notice that the parameter p indicates
player 2’s concern for player 1 if the payoff of player 2
is higher than that of player 1. Parameter p appears
here, because player 1 contributed and has a higher
contribution cost than player 2. Therefore, player 2’s
payoffis higher than that of player 1 whether player 2
contributes or not. The log of the odds ratio between
contribution and free riding is thus

(/) (= (1= p)ez)- ©)

In the public goods game, the only difference be-
tween expressions (8) and (9) is the behavioral other-
regarding parameter terms in front of player 2’s
contribution cost. Because p > g, we thus establish
that an other-regarding player 2 is more likely to
contribute if player 1 also contributed. By contrast,
a selfish player 2’s contribution decision (when o =
p =0) remains unaffected by player 1’s contribu-
tion choice in the standard public goods game (that
is, the public goods game). In sum, we find that
an other-regarding encouragement effect now appears
even in the public goods game in opposition to the
analysis of Section 2.1, provided that player 2 holds
social preferences.

Consider next the exploration game. The analysis
unfolds as in the public goods game: the other-
regarding encouragement effect appears because of
the second player’s higher weight on the first player’s
welfare when the first player has contributed and
thus, falls behind the second player in terms of payoff.
Yet, unlike in the public goods game, first player
contribution influences second player incentives also
through an information channel. If the first player
contributes and fails to find the treasure, then the
second player has a higher chance of finding the

treasure. Thus, the equation that describes the log
odds of second player contribution to no contribution
probabilities now reads

(1/u) (& -(1- p)Cz) (10)

instead of (9). The second player log odds in the ex-
ploration game in the case that the first player does
not contribute coincide with those in the public goods
game: that is, (8).

Equations (8)—(10) allow us to decompose the total
encouragement effect (10)—(8) into an informational
effect (10)—(9) and an other-regarding effect (9)—(8).
The greater these differences are, the greater the
corresponding encouragement effects are. Clearly, en-
couragement should be stronger in the exploration game,
because the information channel only appears there.

2.2.4. First Player and Aggregate Behavior. In the
behavioral model, the other-regarding and infor-
mational encouragement effects influence second
player behavior in a more continuous manner than in
SPE theory, where agents are perfectly rational and
self-interested. Independently of the treasure size,
the second player will be more likely to contribute if
the first player contributes (conditional on the trea-
sure not being found) (see Online Appendix A for a
formal analysis). The dynamic incentive effect will
thus influence first player incentives to contribute at all
treasure sizes, not just at the second lowest treasure size.
One can show that, when parameters y, p, and o are
sufficiently close to zero (and thus, players are almost
perfectly rational and self-interested), the nonmono-
tonicity of the first player behavior still appears.
However, when y is sufficiently high, the predicted
first player behavior is monotone in treasure size (see
the proof in Online Appendix A). The horizontal lines
in Figures 4 and 5 in Section 3.5 depict the first player
and second player contribution probabilities, re-
spectively, for each treasure size in the two games for
a representative agent model with parameter values
u =18, p =0, and o = —1/6. First mover behavior is
monotone in treasure size in EG. The figures also
show that contributions are, on aggregate, higher in
the EG than in PGG. For the case u =18, p =0, and
0 = —1/6, the expected total contributions equal 0.76
and 0.94 in the PGG and the EG, respectively. Moreover,
one can derive a more general condition such that
contribution rates in the EG are larger than in the PGG.
Proposition A.4 in Online Appendix A shows that, quite
generally, contributions in the EG are higher than in the
PGG. It is natural to think that participants differ in
characteristics relevant for 1, p, and o, and thus, a
model allowing for heterogeneity in this respect
would be more realistic. Yet, as will be illustrated in
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Figure 4. (Color online) First Player Contributions
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Section 4, we lack individual-level variation to em-
pirically test such a model.

2.2.5. Behavioral Predictions. A straightforward com-
parison between the QRE for the exploration and
public goods games, now allowing for a more general
model of individual preferences, yields three distinct
sets of testable theoretical predictions.

The following hypotheses consider the logit quan-
tal response equilibrium for the exploration game
(uncertainty) and the voluntary public goods game
(certainty) with players who care about their own

Figure 5. (Color online) Second Player Contributions
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1. Behavioral contribution hypothesis. The aggregate
contributions will be weakly higher in the exploration
game than in the public goods game.*

2. Behavioral encouragement effect. In the explora-
tion game, regardless of treasure size, the second
player is more likely to contribute if the first player
contributed but did not find a treasure compared
with if the first player did not contribute, and this
difference is higher than its counterpart in the public
goods game.”*

m . I I

Lowest

Second Lowest

Second Highest
Treasure size

Highest

Observed behavior:

| I rublic goods game

Exploration game

Behavioral predictions
With p=18, p=0, 0=-1/6

PGG

EG



von Essen, Huysentruyt, and Miettinen: Exploration in Teams
Management Science, 2020, vol. 66, no. 12, pp. 5861-5885, © 2020 INFORMS

5871

3. Behavioral monotonicity hypothesis. The contribu-
tion of the first player increases with the treasure size in
the exploration game (because of stochasticity in second
mover responses to first mover behavior).*”

The behavioral analysis of Section 2.2 distinguishes
the informational encouragement effect (compare
Equations (10) and (9)) and other-regarding encour-
agement effects (compare Equations (9) and (8)). An
other-regarding encouragement effect occurs in the
public goods game provided that player 2 holds other-
regarding preferences: player 2 reacts to the contribution
by player 1 by increasing the probability of contributing.
The informational behavioral effect occurs in the ex-
ploration game owing to the fact that first player con-
tribution without finding the treasure increases the
second player’s chances of finding the treasure and
thus, the probability of contributing. This informational
effect, unlike in the SPE model, occurs for all treasure
sizes in the exploration game. By subtracting the other-
regarding behavioral encouragement effect from the
informational behavioral encouragement effect, we can
identify whether the informational effect plays a sig-
nificant role or whether the encouragement is mainly
driven by the other-regarding effect previously identi-
fied in the literature. The monotonicity effect merely
notes that now, in the behavioral model, encouragement
occurs for all treasure sizes; for sufficiently high level of
randomness in second player behavior, the encour-
agement will increase in treasure size, and even first
mover behavior will be monotone in treasure size.
Notice also that, given first player behavior and the
outcome of first player search, the probability of second
player contribution is increasing in treasure size. Yet, of
course, the more likely the first mover contribution in the
EG is, the more likely it is that the treasure will be found,
in which case the second player has fairly weak in-
centives to contribute. Thus, if the first mover proba-
bility of contribution increases drastically as the treasure
size increases, then the unconditional probability of
second player contribution may even fall.

Table 2 displays the testable theoretical predictions
from both the SPE and behavioral models. We use the
term B to denote the contribution by the respective
players 1 and 2 facing the four different treasure sizes
in the two games.

3. Study Design and Data

To test our hypotheses, we set up a laboratory experi-
ment. We ran the experiment at the Cognition and Be-
havior Laboratory (Aarhus University, Denmark), the
Aalto Choice Tank (Aalto University, Helsinki, Finland),
and the Centre for Experimental Studies and Research
(Bedriftekonomisk Institutt Norwegian Business
School, Oslo, Norway) during fall 2014 to spring 2016.
In total, 436 subjects were recruited using identical
recruitment procedures.”® Each subject completed a
10-minute online survey at least five days before
participating in the laboratory experiment. The lab-
oratory session lasted on average 70 minutes. A 6.10
USD (United States dollar) participation fee and
subsequent earnings, which averaged 7 USD, were
paid in private at the end of the laboratory session.?”

3.1. Online Survey

After signing up for the two-part study, participants
could enter the online survey directly. At the outset,
participants faced five questions so as to create an
anonymous personal identifier. Later, participants
used this identifier to sign into the laboratory ex-
periment. This procedure allowed us to ensure the
anonymity of the participants when merging their
answers from the survey with their answers from the
laboratory experiment. In the online survey, we
measured social value orientation (SVO), risk pref-
erences, and cognitive reasoning style. Social value
orientation was measured using the SVO Slider
Measure (Murphy et al. 2011), which is a six-item
questionnaire where each question consists of a
choice of one of nine possible allocations of money
between oneself and another anonymous participant.

Table 2. Testable Theoretical Predictions from the SPE and Behavioral Model

Hypothesis SPE Behavioral
Contribution hypothesis Beg > Bpaa Beg > Bpaa
Encouragement effect for all «

Byrcroo(ar =1,Y =K—-1) >
By kG 700(a1 = 0)

B1,£G,700 > B1,£G 500

B1,£G,1,000 < B1,£G,700
B1,£G,1,400 > B1,EG,1,000

Nonmonotonicity hypothesis

BZ,EG/a(al = 1,Y =K- 1) >
By kGalar = 0)

B1,£6,700 > B1,EG 500
B1,£6,1,000 > B1,£G,700
B1,EG,400 > B1,EG,1,000

Notes. Bjg. refers to the contribution rate of player i in game ¢ when the treasure size is a. Bygq(e)
specifies the (second player) contribution rate conditional on endogenous event e. EG refers to the
exploration game, and PGG refers to the public goods game. Bgg = Zle(l/ 4 X Birgs00 +1/4 X Bipcro0 +
1/4 % Bi,EG,],OOO +1/4 % Bi,EG,],4OO) and similarly, for Bpgg.
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We used experimental currency units (ECUs) as
currency in the online survey, and after the study was
completed, they were converted to the local currency,
with an exchange rate of 30 ECU = 1.14 USD. At the
start of the laboratory experiment, we randomly se-
lected in public one of the six SVO questions to be
subject to payment. To measure risk aversion, we
relied on two measures. The first measure was the
Gneezy and Potters (1997) investment task. The
participants were given 60 ECU and could invest any
amount between 0 and 60 in a lottery with a two-
thirds probability of getting nothing and a one-third
probability of winning two and a half times the
amount invested. At the laboratory experiment, we
also publicly announced whether the investment task
was a success or a failure in the laboratory. We
publicly showed the participants three cards with
letters A-C that we placed in an empty urn and
shuffled. We invited one of the participants to draw
one of the three cards from the urn. If the A card was
drawn, each participant won two and a half times
the amount that he or she had invested. We com-
plemented this risk measure with a hypothetical
question asking the participant to rate his or her
general risk taking on a scale from 0 to 10, with 0 being
risk averse and 10 being risk loving (Dohmen et al.
2011). To measure cognitive reasoning style, we used
the cognitive reflection task (CRT) (Frederick 2005),
which consists of three questions, without incentives.
Finally, we asked the participants about their gender.
The full questionnaire is in Online Appendix D.

3.2. Laboratory Experiment
The laboratory experiment was an internet-based
game grogrammed for the purpose of this experi-
ment.”® The participants in each session were ran-
domly assigned a game type-specific code on paper
(both the exploration game and the public goods
game were run in parallel in each session to ensure
control for day of the week or hour of the day and
other session effects) (see Levitt and List 2011). The
software also randomly assigned each player to one of
the two player types. On a few occasions, very few
students signed up. Here, we randomly assigned par-
ticipants to player types within sessions and random-
ized game type played in these sessions. We control for
this in the analysis of Section 4.4. The participants
played 32 rounds of either the sequential public goods
or the sequential exploration game as either player 1
or player 2. They all encountered four levels of treasure
sizes: that is, eight rounds of each treasure size. Most
participants faced the treasure sizes in ascending order.
To study order effects, we let a few randomly drawn
sessions face another treasure size order.

Before the laboratory experiment started, we made
two random draws in public to establish the rewards

tied to choices made in the online survey.”” Next, we
used streamed video instructions to facilitate the
understanding of the laboratory game. In a simple
way, the video described how the game rounds
proceeded, how tournament incentives operated, and
how we carried out the matching.’® The participants
then logged in to the game using the game type-
specific codes and the anonymous unique identi-
fiers that they had created at the onset of the online
survey. The participants faced written instructions
and control questions (see Online Appendix D). At any
time of the experiment, the participants could revisit
the instructions. On having correctly completed the
control questions, the first game round could start.

At the beginning of the first game round, each
participant received an endowment of 12,000 points.
The participant’s tally of points was visible and
updated automatically while playing according to the
outcome of each game round. In the instructions, we
informed the participants to collect as many points as
possible across the game rounds. The number of
rounds was, however, unknown to the participants.
In each session, the first and second players with the
highest numbers of points in the public goods and
exploration game, respectively, received a monetary
prize of 13.68 USD. Each game round started with
player 1 seeing four closed chests. In addition, the
screen contained information on the participant’s
current number of points, the cost of contributing, the
counterpart’s cost of contributing, the size of the
treasure (the treasure sizes were 500, 700, 1,000, and
1,400 points in the exploration game and 125,175, 250,
and 350 in the public good game), and the number of
treasures left to explore. There was no information
about other participants” current tally of points. The
cost of contributing was kept constant throughout the
session, and it always higher for player 1 than for
player 2 (300 versus 200 points). See Figure B.1 in
Online Appendix B for an image of the decision
screen. Player 1 knew that player 2 would observe his
or her choice before making his or her own choice.
Participants playing the public goods game knew that
there is a treasure of known size in each chest. In the
exploration game, participants knew that only one of
four chests contains a treasure. Each size of the
treasure in the exploration game was four times the
corresponding size in the public goods game, thus
keeping the expected total treasure value and the my-
opic incentive to contribute equally across game types.

Player 1 then had to decide whether to pay to opena
chest or not. Conditioned on player 1’s choice, player
2 had the same choice to make. When the second
player had made his or her choice, both players re-
ceived feedback on the outcome of the game. Before
each new round of the game, the participant was
randomly rematched with another participant of the



von Essen, Huysentruyt, and Miettinen: Exploration in Teams
Management Science, 2020, vol. 66, no. 12, pp. 5861-5885, © 2020 INFORMS

5873

opposite player type within the same game type.
When a participant had completed 32 rounds, the
screen informed him or her of his or her total number
of points. Finally, we announced the anonymous
personal identifiers of the first and the second player
winners publicly. A research assistant at each labo-
ratory asked the participants for their anonymous
personal identifier, found the individual specific
amount of ECU that they had earned in both parts of
the study, converted these into euros, added the
show-up fee of 5 euros, and noted this on a separate
piece of paper. Aarhus University then transferred
the money to the participants” bank accounts. At
Aalto University in Helsinki and BI Norwegian Busi-
ness School in Oslo, the participants then received the
earnings immediately in cash.

3.3. The Incentive Scheme
Players 1 and 2 were by design incentivized to work as a
team, butneutral language was used. Each participantin
a given player role was incentivized to compete against
the other participants in that role in the group with the
same game type but not against the participants in the
opposing role that she was matched with. We expected
such tournament incentives to (i) induce more self-
interested behavior relative to a monetary compensa-
tion that is directly proportional to the tally of collected
points, (ii) afford greater control over the self-interested
encouragement threshold, and thus, (iii) produce a more
favorable setting for the hypothesized nonmonotonicity
effect to arise. To see this, consider a first mover who
compares herself with the other first movers in the
matching group and who has other-regarding prefer-
ences of the Charness and Rabin (2002, p. 851) form
with the purely Rawlsian formulation (that is, 6 = 1).
Now, if she earns the highest tally of points, she wins
13.68 USD, and her utility equals (1 —A)13.68 + A0,
where A captures how much she cares about pursuing
the social welfare versus her self-interest. However,
if she is not the player with the highest tally of
points, then she earns 0 euros, and her utility equals
(1 -A)0+ A0 = 0. Thus, the strength of the preference
for winning depends on the unobserved parameter A.
Independently of the value of A, the winning outcome
gives a higher payoff than the losing outcome, and
every losing outcome gives the same payoff in-
dependently of the identity of the winner. The tour-
nament scheme implemented is thus designed to
strengthen the incentive to behave as if self-interested
and to downplay other-regarding motivation. It can
easily be shown that this holds for all parameterizations
of the outcome-based (consequentialist) versions of the
Charness and Rabin (2002) model.

To ensure that the winner-takes-it-all part of the
incentive scheme does not create the differences in
contribution between the EG and the PGG, we ran

an extra experiment in spring 2019. In particular, we
wanted to test the contribution hypothesis in a design
without the winner-takes-it-all part of the incentive
scheme. In these additional sessions, the experimental
design of the EG and PGG remained the same except
that now participants were paid according to the total
number of collected points. We introduced a con-
version rate between the collected points and actual
payoff that matched expectations in the main ex-
periment so as be able to sharply identify the effect of
the incentive scheme alone. In Norway, we used a
conversion rate of 0.01, where 17,000 points trans-
lated into 170 NOK (Norwegian crown), and in Fin-
land, we used a conversion rate of 0.001, where 1,700
points translated into 17 euros. The written instructions
for this experiment are in Online Appendix E.

Before running the extra experiment, we calculated
the optimal sample size needed to credibly detect an
effect size for the contribution hypothesis. We thus
assumed that the true effect size is the effect size of the
contribution hypothesis in the main study.’’ More-
over, we assumed a power of 0.8 and a significance
level (given that we aimed to test only one hypothesis)
of 0.05. In this case, the optimal sample size is 36
participants in each of the two groups (EG and PGG).
We ran two sessions in Oslo, Norway, and one session
in Helsinki, Finland. A total of 54 participants com-
pleted the extra experiment. We then reestimated
Table 4 using the data from the extra experiment (that
is, with no group tournament incentives). The results
are similar to those in our main study, which suggests
that the group tournament incentive scheme is not the
cause of the found differences in contribution be-
tween the two game types. See Online Appendix B,
Table B.1.%

3.4. Ethics and Registration of Study

Because the data from the study are never connected
to identifying information, the project was not consid-
ered for full ethical review according to current
legislation in Denmark, Finland, and Norway. At
Aarhus University, Denmark, the project underwent
an informal ethical review process by the Cognition
and Behavior Laboratory Ethical Advisory Board.”
In addition, before running the analyses but after the
experimental data collection, we registered the SPE
part of our study design and suggested analysis at the
Open Science Foundation (registration name: explo-
ration in partnership). In some cases, the analysis be-
low deviates from the originally foreseen specification.
We then report this and comment on this in the limi-
tations section.

3.5. Data
A total of 430 participants completed both the online
survey and the laboratory session. Each participant
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Table 3. Descriptive Statistics of Online Survey Variables Across Game Types

n® Mean Median Standard deviation Max  Min
Public goods game
Gender (1 if woman, 0 otherwise) 190 0.55 1 0.50 1 0
Risky investment choice 183  33.05 30 19.14 60 0
Risk question 186 5.90 6 2.14 10 2
CRT score 186 1.94 2 1.08 3 0
Social value orientation 186  26.75 31 13.39 45 -9
Exploration game
Gender (1 if woman, 0 otherwise) 239 0.55 1 0.50 1 0
Risky investment choice 230 33.83 30 19.21 60 0
Risk question 231 5.70 6 2.16 10 1
CRT score 231 1.94 2 1.06 3 0
Social value orientation 231  28.12 33 13.09 61 -16
Observations 430

?Some participants did not answer all of the survey questions; the numbers of observations, therefore, vary.

completed 32 game rounds of play, implying a total of
13,760 observations overall. Table 3 displays a sum-
mary of the main variables from the online survey
across the two game types separately. We confirm in
Table B.2 in Online Appendix B that none of the
variables differ significantly by type of game. About
half of our sample consisted of women, and partici-
pants were on average neither risk averse nor risk
loving. The average CRT score was 1.87 (standard
deviation: 1.10), and 60% of the sample answered cor-
rectly all three questions of the CRT.** The average SVO
angle in our sample equaled 28° (standard deviation:
13.09). Following Murphy et al. (2011), the average
participant should thus be classified as prosocial.
Table B.2 in Online Appendix B shows the random-
ization check. None of the observable variables differ
by game type.

Figures 4 and 5 show the raw results for first and
second player contributions across the four treasure
sizes; the darker bars depict average contributions in
the public goods game, whereas the lighter bars de-
pict those in the exploration game. We find that first
player contribution increases with treasure size, and
hence, it does not support the SPE nonmonotonicity
hypothesis. Rather, observed effects between game
types and other qualitative patterns in our data can be
better explained with a QRE model that allows for
other-regarding preferences. To illustrate this, we
have superimposed theoretical predictions of first
and second player behavior on the observed fre-
quencies for the respective players using parameter
values y =18, p=0,and o = -1/6.%°

3.6. Significance Level and Multiple Comparisons

The more null hypotheses that we test, the larger the
probability of getting false rejections. When design-
ing our experiment and calculating the sample
size, we unfortunately did not take into account the
multiple hypotheses testing. This section and the

corrections were completed post hoc after reflecting
on insightful comments from the editor and two
referees. Before running the analyses but after the
collection of the data, we preregistered three hy-
potheses and tests from SPE hypotheses. In post hoc
correction for multiple comparison, we focused on
part of these tests. The other tests we consider more
exploratory, and we apply a conventional signifi-
cance level of 0.05.

Simple adjustment for multiple corrections post
hoc, such as Bonferroni, might increase the proba-
bility of type Il error and reduce the power to detect an
effect. We, therefore, used List et al. (2016) for a more
sophisticated procedure of correction. This method
does, however, not perfectly apply to our setting. We
ran the correction code for the comparisons of the
contributions between the groups that we random-
ized (type of game and player) using average con-
tribution for each individual. Our results still hold for
such a correction as shown in Table B.3 in Online
Appendix B. Asacomplementary method, wealsoused
a simple post-Bonferroni correction of the 39 regression
coefficient tests that we present in Tables 4-7, implying
an « of 0.05/39 = 0.0012. Revisiting Tables 4-7, our

Table 4. ordinary Least Square Regression (OLS):
Differences in Contributions Across Player Types

(O] ) ®)

Exploration game 0.244%* 0.244%* 0.155%**
(0.022) (0.022) (0.025)

First player -0.030 —-0.129%**
(0.022) (0.031)

First player x Exploration game 0.178***
(0.043)

Constant 0.387*** 0.402** 0.4527**
(0.016) (0.017) (0.017)
Observations 13,760 13,760 13,760

Note. Robust standard errors are clustered on session and individual.
*p < 0.05; **p < 0.01; **p < 0.001.
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Table 5. Second Player Contributions

)

@ ®) 4)

Lowest Second lowest Second highest Highest
First player behavior 0.068 0.245%** 0.135%** -0.016
(0.035) (0.038) (0.038) (0.031)
Exploration game 0.286%** 0.343%** -0.076 —0.172%
(0.026) (0.030) (0.039) (0.039)
Encouragement (interaction) 0.233*** 0.226%** 0.188*** 0.248***
(0.048) (0.048) (0.048) (0.044)
Constant 0.103*** 0.0717*** 0.695%** 0.861***
(0.012) (0.011) (0.026) (0.025)
Observations 3,198 3,006 3,010 3,030

Note. OLS has robust standard errors clustered on session and individual.

*p < 0.05; **p < 0.01; **p < 0.001.

results remain qualitatively the same. In the figures
below, we now apply the corrected a to construct the
error bars.

4. Results

To ease the readers’ comprehension, we present our
results in the order of our main testable hypotheses
summarized in Table 3 and not in the order of pre-
registered plan versus post hoc analysis. This makes
some of our results exploratory in nature, and they
should be interpreted as such. Our results are con-
sistent with the assumption that people imperfectly
optimize and care not only about their own payoffs
but also, about others” payoffs. Our analyses suggest
the relevance of a behavioral model of sequential
exploration for the public good.

4.1. Contribution Hypothesis

We start by analyzing how individual contribution
behavior varies across game type (public goods
versus exploration game). As an additional step, we
look at contribution differences between player
types. We estimate the following basic equation:

big=Vig+P1Gig+PoTig+PGXTg+e,  (11)

where bl,g denotes whether individual 7 contributes or
not during game round g (b, = 1 if player  contrib-
utes and 0 otherwise), T denotes player type (taking
the value 1 if the individual is a first player and 0
otherwise), G denotes the game type (equaling 1 if the
game is the exploration game and 0 otherwise), and ¢
is the error term. Table 4 reports the regression results
derived using a linear probability model with robust
standard errors clustered by individual and session.*®
Column (1) of Table 4 reports the regressions results
for game type, and column (2) of Table 4 reports for
both game and player type. Aggregate contribution
was about 24 percentage points larger (p < 0.001) in
the exploration game compared with the public goods
game. These results are consistent with the contri-
bution hypothesis predicted by both the SPE and be-
havioral models. Overall, there is no significant dif-
ference between first and second players’ exploration
behavior.

Column (3) of Table 4 further includes the in-
teraction term between game type and player type.
Now, the first coefficient estimate reveals that, rela-
tive to the public goods game, a second player was 15
percentage points more likely to contribute in the
exploration game (p < 0.001) than in the public goods

Table 6. Second Player Contributions—Individualistic Players

@

@) ®G) *)

Lowest Second lowest Second highest Highest
First player behavior 0.015 0.125* 0.119* —-0.045
(0.038) (0.049) (0.058) (0.051)
Exploration game 0.311%** 0.309*** 0.014 —0.156***
(0.046) (0.055) (0.068) (0.065)
Encouragement (interaction) 0.247** 0.386*** 0.120 0.297***
(0.076) (0.075) (0.074) (0.071)
Constant 0.092*** 0.076*** 0.701*** 0.853***
(0.017) (0.019) (0.047) (0.044)
Adjusted R?
Observations 905 857 854 904

Note. OLS has robust standard errors clustered on individual.

*p < 0.05; **p < 0.01; ***p < 0.001.
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Table 7. Second Player Contributions—Prosocial Players

)

@ ®) @)

Lowest Second lowest Second highest Highest
First player behavior 0.099* 0.280%** 0.133** —0.005
(0.048) (0.047) (0.047) (0.041)
Exploration game 0.2977** 0.357*** —0.124* —0.199***
(0.033) (0.037) (0.049) (0.050)
Encouragement (interaction) 0.2397%** 0.193** 0.223*** 0.2471%
(0.063) (0.059) (0.060) (0.057)
Constant 0.109*** 0.072#** 0.705%** 0.872%**
(0.016) (0.014) (0.031) (0.030)
Adjusted R?
Observations 2,157 2,025 2,034 2,007

Note. OLS has robust standard errors clustered on individual.

*p < 0.05; *p < 0.01; **p < 0.001.

game. The marginal effect of player type in the ex-
ploration game displays no such gap (8 =-0.049, p =
0.101). The second coefficient shows that, in the public
goods game, the first player was on average about 13
percentage points less likely to contribute than the
second player. This finding reflects the fact that player1’s
cost of contributing is higher than that of player 2.
The first player thus has a larger myopic incentive to
free ride. The interaction term suggests that the dif-
ferences between player types is 18 percentage points
larger in the public goods game compared with the
exploration game. Taken together, these results con-
firm the contribution hypothesis, and the observed
qualitative patterns indicate a possible encour-
agement effect.””

4.2. Encouragement Effect

To test the encouragement hypothesis, we begin by
examining player 2’s contribution behavior in the
public goods game and exploration game sepa-
rately. Figure 6 reveals that, in the PGG, the share of
second players who contributed was always greater

Figure 6. (Color online) Public Goods Game: Second Player
Contribution Conditional on First Player Contribution

Public goods game

1 1
ﬁl -JII

Second Lowest Second Highest Highest
Treasure size
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2
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Share of Exploration (opening a box)

0
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Lowest

l I First player did not explore First player explored

Note. Error bars based on Bonferroni-corrected p-value of 0.0012.

when the first player contributed than when she
did not, except in the highest treasure size. This finding
is consistent with the other-regarding encourage-
ment effect.

Table 3 shows that the average values of the SVO
angle measure equaled 27 and 28 for the respective
subsamples: that is, subjects who played the public
goods game and those who played the exploration
game. The standard deviation was 13 in both groups.
Had a subject consistently been self-regarding, the
angle measure would yield a value of eight. Thus, our
subjects seem predominantly other regarding. Notice
that the SVO measure is a unitary measure. The other-
regarding QRE predictions of our model, however,
incorporate regard for the other player when there is
disadvantageous versus advantageous inequality.
Therefore, we developed a protocol that delivers an
estimate of p and ¢ for each individual using the SVO
six slider questions (see Online Appendix C for a
detailed description). The results show that, for the
vast majority of our participants, p > 0.5and ¢ > 0. In
all, 96.5% of the participants had preferences p > ¢.%®

Figure 7. (Color online) Exploration Game: Second Player
Contribution Conditional on First Player Contribution

Exploration game
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Note. Error bars based on Bonferroni-corrected p-value of 0.0012.
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This suggests that the other-regarding encourage-
ment effect should be controlled for. However, given
that we lack variation in our individual measures to
estimate individual-level differential effects of pand o
on contribution propensities, an other-regarding rep-
resentative agent model is a good approximation.

We next turn to the analysis of player 2’s decisions
in the exploration game. Figure 7 shows that, when
the first player did not contribute, the second player
choice probabilities are consistent with what is op-
timal from a self-interest perspective in the sense that
the observed contribution rate is below 50% when the
contribution is suboptimal, and it is above 50% when
the contribution is optimal. Notice that this was true
also for the patterns in Figure 6 for the public good
game. However, the choices are closer to the boundaries
of the private optimum in the PGG, whereas they are
closer to 50% in the EG. This may be because of the fact
that, in the EG, one needs to calculate the gross expected
benefit in the EG, whereas it is explicitly given in the
PGG. The extra cognitive effort required in the EG may
increase the level of noise in behavior and reduce the
responsiveness to incentives.

Figure 7 also shows that those in the role of player 2
were more likely to contribute for all treasure sizes
except the highest following a contribution by player 1
than following no contribution. This result is consis-
tent with the informational encouragement effect,
which is expected to occur in both the SPE and
behavioral model of the exploration game: that is,
the SPE informational encouragement effect (for
the second lowest treasure size) and the QRE in-
formational encouragement effect (for all treasure
sizes), respectively. That the encouragement occurs for
all treasure sizes is inconsistent with the informational
encouragement in SPE and consistent with the infor-
mational encouragement in the behavioral model.
However, given the prosocial character of the partici-
pants in our sample, these discrepancies in contribu-
tion decisions are possibly also driven by an other-
regarding encouragement effect.

We then disentangle the informational encour-
agement effect from the other-regarding effect. To this
end, we exploit the panel structure of our data and
estimate an equation of a similar form as Equation (11).
Now, B, corresponds to the contribution decision of
second player 1 during game round g. Let G again
denote the game type (equaling one if the game is the
exploration game and zero otherwise) and T denote
the contribution decision taken by player 1. Variable T
is defined differently depending on which game
type we consider. In the EG, the variable takes on the
value 1 if the first player contributed but did not find
a treasure (a; = 1,Y = 3) and 0 if the first player did
not contribute (a1 = 0). In the PGG, the variable equals 1

if the first player contributed (21 =1,Y =3) and 0 if
the first player did not contribute (a; = 0). In the ex-
ploration game, the difference in second player
contribution rate when the first player did not find
a treasure versus when the first player did not con-
tribute reflects a combination of all encouragement
effects discussed. In the public goods game, however,
the difference can only capture a potential other-
regarding encouragement effect. The estimated co-
efficient of the interaction term G x T in Equation (11)
can now be interpreted as a measure of the in-
formational encouragement effect:*’

Informational
total

= (Beg(@1 =1,Y = 3) = Beg(a = 0))) (12)

other-regarding

= (Brgg(a1 =1,Y =3) = Bpgg(a1 = 0)).

Table 5 presents OLS regression results by treasure
size. The first coefficient in each regression is an es-
timate of the other-regarding encouragement effect
in the public goods game. This other-regarding en-
couragement effect is positive and significant, though
it disappears for the highest treasure size. One
plausible explanation for this is that, for the highest
treasure size, the self-interest motive to contribute
outweighs any behavioral considerations. The second
coefficient in each regression captures the difference
between second player contributions in the explora-
tion game and the public goods game when the first
player did not contribute. The positive coefficients at
the two lowest treasure sizes and the negative ones at
the two highest ones are likely to reflect the fact that
it is simply easier to grasp the privately optimal be-
havior in the PGG where the gross benefit is explic-
itly given, than in the EG, where each participant must
calculate the expected benefit based on the treasure size
and the number of alternatives to explore. Therefore,
behavior is closer to the private optimum in the PGG
than in the EG (not to contribute for the two lowest and
to contribute for the two highest when the first player
did not contribute). The third coefficient estimates
correspond to the value of the informational encour-
agement effect. We find that this effect is statistically
significant and positive, lending support to the im-
portance of the informational encouragement effect,
which is not documented in the experimental litera-
ture before.*

4.3. Nonmonotonicity Hypothesis
The encouragement effect and the nonmonotonicity
hypotheses are closely linked. We continue to estimate
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the nonmonotonicity by looking at player 1 behavior
and player 2 behavior across the treasure sizes in the
respective games.

Figures 4 and 5 present the average share of con-
tributions of player 1 and 2, respectively, by treasure
size. These raw averages indicate that individual
contribution rate was monotonically increasing in
treasure size. Tables B.6 and B.7 in Online Appendix B
show the preregistered analysis of the contribution
gap between pairwise treasure sizes across game
types for the first and second players, respectively.
Figures 4 and 5 as well as Tables B.6 and B.7 in Online
Appendix B do not fully support the nonmonotonicity
hypothesis. Despite there being empirical support for
encouragement, greater rewards seem to invoke a hig-
her contribution rate. These results cast doubts on the
relevance of the SPE game-theoretic predictions in our
setting. They lend support to a QRE model with other-
regarding preferences for the exploration and public
goods games.

In sum, our results empirically confirm the contri-
bution hypothesis: aggregate contribution rate is sig-
nificantly greater in the exploration than in the public
goods game. Consistent with this hypothesis, we also
establish that, relative to the public goods game, second
players contribute significantly more in the exploration
game. Also, we find support for the encouragement
hypothesis. We decompose the encouragement effect
into two parts: the other-regarding encouragement
effect, which is positive and significant, is already
documented widely in the existing literature; the in-
formational encouragement effect, which is also found
to be positive and significant, is novel to the literature.
However, we do not find indications of a nonmonotonic
relationship between first player contribution rate and
treasure size. This implies that we do not find an en-
couragement in the very narrow meaning of the defi-
nition (that is, according to the SPE model). This SPE
model would predict a nonmonotonicity and incentive
reversal owing to the range where the first player
should contribute in order to encourage the second
player to contribute for a lower treasure size and free
ride when she knows that the second player’s in-
centives to contribute are sufficient.

4.4. Additional Analyses: Social Value Orientation,
Risk Aversion, and Cognitive Ability
The main results favor further exploring other-
regarding preferences. We thus use the measures of
preferences that we elicited in the online survey be-
fore the experiment. The covariates that we collected
are orthogonal to the treatment status and should
not affect the results in the regressions. Including
them in the regression does not change our results (see
Table B.9 in Online Appendix B). To examine whether
there are heterogeneous effects, Table 6 shows the

encouragement effect for the subsample of individ-
ualistic participants, and Table 7 shows the encour-
agement effect for the prosocial part of the sample.
In line with the theoretical prediction, the encour-
agement effect driven by other-regarding prefer-
ences (first coefficient) is much less pronounced
among individualistic individuals compared with
prosocial individuals. This lends support to a model
with behavioral preferences.

In Table 8, we tried to understand whether the
degree of prosociality mattered for contributions in
the two games. We also performed a similar analysis
forrisk aversion and cognitive ability, but we failed to
detect any difference between the risk averse and the
risk neutral on the one hand and the deliberative and
the intuitive thinkers on the other hand. Unfortunately,
none of these individual characteristics help us further
explain differences in contributions.

4.5. Robustness

To assess the robustness of our results, we conduct
a number of additional tests. First, we estimate Equa-
tion (11), including dummy variables, for each of the
32 rounds (Table B.10 in Online Appendix B).

Second, in 13 of the 36 sessions, we had randomly
assigned the game types between sessions instead of
within sessions. To test that this does not affect our
results, we estimate Equation (11) again using only
the sample where we randomly assigned participants
to game type within the session. This subsample
comprises 334 participants. The results are qualita-
tively similar (see Table B.11 in Online Appendix B).

Third, we tested whether the order in which we
presented the treasure sizes affects contributions
when shifting from one treasure size to another. On
average, the first players facing an ascending order
seem to contribute between 12% and 10% more than
first players facing another order. However, this or-
der effect does not change our results regarding the
gap in contribution rates between the exploration and
public goods game when comparing treasure sizes
(that is, our main results remain). See Table B.12 in
Online Appendix B.

Fourth, participants played eight rounds with each
treasure size. To account for possible learning, we
look at contributions in the last four rounds of play for
each treasure size. This implies that we cut our sample
in half. Table B.13 in Online Appendix B shows
similar patterns as before, with greater contributions
as treasure size increased. Holding treasure size
constant, there is a greater contribution rate in the
exploration game than in the public goods game. For
second players, a large gap in contribution rates be-
tween the exploration game and public goods game
prevailed for the smaller treasure sizes only.
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Table 8. Contributions and Social Value Orientation (SVO) Angle

)

@) ) 4)

Lowest Second lowest Second highest Highest
Exploration game 0.318%** 0.462%* 0.026 —-0.105**
(0.036) (0.033) (0.041) (0.033)
First player 0.097 0.073 -0.172* -0.109
(0.067) (0.064) (0.083) (0.070)
Social value orientation 0.003* 0.003* 0.001 0.000
(0.001) (0.001) (0.002) (0.001)
Player x SVO -0.004 -0.001 -0.006 0.001
(0.002) (0.003) (0.003) (0.003)
Game type X Player x SVO 0.001 —0.000 0.011*** 0.005**
(0.002) (0.002) (0.002) (0.002)
Constant 0.028 0.034 0.655*** 0.820***
(0.040) (0.035) (0.063) (0.046)
Adjusted R?
Observations 3,344 3,248 3,328 3,392

Note. OLS has robust standard errors clustered on individual.

*p < 0.05; **p < 0.01; **p < 0.001.

Fifth, we take a final corollary result predicted by
our behavioral model to the data in an effort to further
assess the relevance of this model in explaining ob-
served behaviors. Theory predicts that, with positive
probability, player 2 in the exploration game will
contribute even after the treasure was found by player 1.
Figure 8 shows that there was in fact a small share of
second players who contribute even when the trea-
sure had been found. This share equaled about 20% of
participants and was, as predicted, constant across
treasure sizes.

4.6. Limitations

Researchers” ways of conducting quantitative studies
may affect the results and interpretation of findings,
such as the probability of false positives, leading to
difficulties in interpreting research findings. Thisis an
important discussion found across fields (Ioannidis
2005, Gelman and Carlin 2014, Maniadis et al. 2014).

Figure 8. (Color online) Second Player Contribution
Conditional on First Player Finding
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We preregistered hypotheses, variable coding, and
some of the tests, which hopefully to some extent
lessens our degree of freedom as researchers.

Maniadis et al. (2014) show that our prior beliefs
about the hypothesis being true as well as the number
of researchers currently exploring the question in-
fluence the probability of false positives. Using
Maniadis et al. (2014), equation (2), we estimated the
poststudy probability of a true relationship being
reported. When comparing the average contribution
between the exploration game and the public goods
game, we have an effect size of —0.5, which is con-
sidered a medium effect (Cohen 1992). Using an « of
5% and our current sample size, we have a power of
100. Assuming that we are the only team exploring the
research question and considering the following prior
probabilities (10%, 50%, and 70%), the poststudy
probabilities of a true relationship being reported as
true are 69%, 95%, and 98%, respectively. These tests
suggest that our results seem to be of relevance.
However, as Maniadis et al. (2014) point out, future
studies will decrease the probability of reporting false
positives.

When interpreting our results, it should be noted
that we had initially taken only the SPE predictions to
the data. Ex post, because those initial predictions
were only partially validated empirically, we sought
to extend our basic theoretic model and augmented its
realism by allowing people to imperfectly optimize
and hold other-regarding preferences, not only self-
regarding preferences. As it turns out, the game-
theoretic predictions that derive from this fuller
version of our model best predict observed behaviors
in the laboratory experiment. Indeed, Anderson et al.
(1998) and Goeree and Holt (2000, 2001) illustrate the
power of this latter approach, and we reexpress the
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Figure 9. (Color online) Second Player Contributions
Conditional on First Player Not Contributing

Share of Exploration (opening a box)

Second Lowest Second Highest
Treasure size

./l

Lowest

Highest

l I Public goods game Exploration game

recommendation of Goeree and Holt (1999) and
Camerer et al. (2004, footnote 5) that researchers in
future-related theoretical and empirical work give
more consideration to the QRE framework as an
important theoretical benchmark.

Another limitation of our work is that our sample
includes too little variation in the social value orien-
tation (Murphy et al. 2011) that was measured a week
before the actual experiment and also, too little var-
iation in the implied social welfare utility parameters
(Charness and Rabin 2002) p and ¢ (see Online Ap-
pendix C). There was an abundance of subjects with a
tendency to share the earnings 50:50, but there were
few purely selfish or highly altruistic ones. This raises
the importance of deriving the initial hypotheses
within a framework with other-regarding preferences
(and imperfect optimization) (Figure 9).

Our exploration task is extremely simple, whereas
the production function underlying innovation is
admittedly anything but straightforward. With our
design, we are unable to separately identify the role
that sensation seeking may have played in motivating
exploration behaviors. That said, the simple and
clear-cut model allows us to decompose and carefully
study the encouragement phenomenon. The experi-
mental design served the purpose of providing clear
answers for the particular hypotheses and research
questions that we were interested in. Our results are
of course likely to be influenced by the particular
context and design choices that we adopted, and
further research is required to understand to what
extent and when the results generalize.

5. Conclusion

Using a novel experimental paradigm, we explored
the factors that drive an individual’s decision to in-
teractively search for the public good—in particular,
how willingness to search for the public good de-
pends on exploration payoffs and uncertainty in the

public goods’ production process. Our focus is on the
celebrated encouragement effect (first theoretically
identified by Bolton and Harris 1999) and the closely
related incentive reversal effect (first pointed out
by Winter 2009).*' We also study the robustness of
these phenomena by extending them to a behavioral
framework with imperfect optimization (McKelvey
and Palfrey 1998) and other-regarding preferences
(Charness and Rabin 2002).

We have shown that the behavioral patterns in the
experimental data presented broadly conform to the
theoretical predictions of our model of joint explo-
ration under imperfect optimization and with other-
regarding individuals, that contributions to explo-
ration by player 1 motivate contributions by player 2.
This encouragement effect, which we decomposed
into an other-regarding part and an informational
part, is at play for small and large public benefits to
successful exploration and in theory, increases with
the magnitude of the benefits. We provide evidence
that not only establishes the other-regarding effect
but also, establishes the entirely novel informational
effect. Based on the informational effect, we theo-
retically derived that uncertainty in our game raises
rather than decreases the aggregate level of explo-
ration. Our experimental data robustly lend support
to this contribution hypothesis.

Our results underscore the role of uncertainty and
learning in the provision of public goods. Learning or
“open innovation” induces a synergy between in-
dividuals” contribution decisions, which brings equi-
librium innovation closer to the social optimum. Fu-
ture studies in less controlled field settings could
potentially measure and test the social surplus di-
rectly rather than aggregate contributions. In prac-
tice, an organization’s architecture (say, openness
and interaction opportunities in a workspace), pro-
cesses (say, whether interaction and exchange amongst
peers are regularly organized), and culture (say,
whether the organization strongly values openness to
change versus conservation) as well as the rules and
expectations set by external stakeholders (such as rules
set by external funders) can strongly affect whether
agents inside the organization are more likely to exploit
versus explore within a known set of independent al-
ternatives. The insights that we derive from our stylized
model allow us to gain a better understanding of search
in teams or groups, say by academics and scholarly
output (see the example on econometricians and
identification methods in Section 1) or farmers and
biodiversity (say farmers in a co-op and their search
for crop varieties that enhance biodiversity) to name a
few examples.

Our findings are also relevant to studying se-
quential team innovation when individual effort
cannot be observed by the principal and agents are
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rewarded based on joint output or success. As pointed
out theoretically by Strausz (1999) and Winter (2006,
2009), when (at least some) team members can ob-
serve other team members’ effort or the information
structure can be at least partially designed, there are
delicate incentive effects (that is, encouragement and
discouragement) that need to be taken into account
when designing how the team operates.

The experiment of Klor et al. (2014) explicitly con-
trasted team production with simultaneous choices
versus sequential choices. They found significant
nonmonotonicity effects in their sequential treat-
ments. The difference between their design and ours
is that they were not interested in team search per se
but rather, assumed a very explicit complementarity
between inputs, an increasing returns to scale tech-
nology, and asked whether sequential team pro-
duction leads to incentive reversals (that is, non-
monotonicities). There was no exogenous uncertainty
typical of any search process in their design. The key
experimental variation in our study concerns pre-
cisely this certainty versus uncertainty (explorative
nature) of returns to contribution to the public good.
Yet, under subgame perfect Nash equilibrium and
self-interest, the theoretical underpinnings are pre-
cisely the same. Thus, the fact that they observe a
positive “incentive reversal,” whereas we do not see
much evidence of nonmonotonicities suggests that
the contextual differences influence behavior. Effects
similar to ours can be observed in the experiment of
Steiger and Zultan (2014), where experimental vari-
ation concerns the simultaneity versus sequentiality
of choices on the one hand and the complementarity
of effort on the other hand.

The paper can also be seen as contributing to the
understanding of the fundamental nonmonotonicity
aspect in the theoretical multiplayer learning and
experimentation literature in strategic two-arm
bandit models (Horner and Skrzypacz 2016, pp. 2-3),
which lies at the heart of the encouragement effect
theoretically discovered by Bolton and Harris (1999).
In our setup, no exploration broadly corresponds to
the safe arm and exploration to the risky arm. The first
player can influence the second player probability of
exploring (second player belief of high returns) by
exploring. Our paper generally establishes the en-
couragement also empirically. Yet, the encourage-
ment logic operates less perfectly and rationally than
suggested by theory. Because of imperfect optimiza-
tion, there is an encouragement effect not just around
the belief threshold but rather, independently of the
parameter values.

Provided that our results are externally valid, one
important implication of our results is that business
leaders or governments that wish to harness decen-
tralized voluntary search for the public good are well

advised to promote (i) information sharing (for
instance, by investing in improved technological in-
frastructure that can speed up the sharing of in-
formation) and (ii) the development of social pref-
erences amongst its employees or citizens at large (for
instance, through corporate culture or educational
programs).** Interestingly though, the encourage-
ment effect in our model leads even self-interested
individuals to search for the public good. Another
implication is that, by emphasizing the uncertainty
about where the solution to a difficult public goods
problem lies, one can actually elicit greater voluntary
contributions. Hence, when contributions to the
public good can be framed as search contributions,
this will raise and not lower, as one might have
thought, overall contributions and bring aggregate
contributions closer to the social optimum.

Interestingly, a rapidly rising share of experimen-
tation for the public good actually occurs outside of
mainstream organizations. More citizens than ever
are voluntarily stepping up and jointly (openly)
searching for novel ideas and solutions in a bid to
make their societies more sustainable and more in-
clusive (Baldwin and Von Hippel 2011, Harhoff and
Lakhani 2016). Our research suggests that, to enable
these types of collective action, it is recommended
that citizens adequately appreciate in full the benefits
of the public good. Also, by explicating the explor-
ative character of these initiatives, citizens may well
be more, not less, likely to contribute.

Let us finally discuss a few future related research
paths that might prove particularly fruitful. The paper
provides a complementary workhorse model to study
some of the key questions instigated by the theoretical
strategic experimentation literature in a simple setting.43
Generalizations to multiplayer teams or endogenous
ordering of exploration efforts seem straightforward.
A setting where players have a common value for
the good but where they receive private signals about
the payoff to exploration prior to exploring opens a
bridge between the literature of exploration and so-
cial learning (herding). However, if the locations
contain public or private goods of variant values, the
links to the search literature become obvious.**

The framework and methods proposed in this
paper can also be used to study the effects of alter-
native knowledge production technologies or alter-
native incentive schemes on exploration behavior.
For example, what if the knowledge production
function is substitutional (that is, unsuccessful search
lowers the probability of subsequent success), or what
if there is a positive probability that none of the chests
hold a treasure? Then, depending on the precise
parameterization of these production functions, you
could have encouragement or discouragement effects
of not finding a treasure. Or what if the treasure is a
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lottery ticket either at one location (EG) or in all lo-
cations (PGG), which would allow us to control away
the effect of risk aversion? Given different knowledge
production technologies, what is the optimal mix of
private and public benefits to encourage greater ex-
ploration for the good?

It would also be of great interest to take steps away
from the tightly controlled model-like laboratory set-
tings toward more ecologically valid studies on crea-
tivity or innovativeness and to exogenously vary the
uncertainty and the stakes and rewards related to the
process of discovery. This class of studies encompasses
both field experiments in collaboration with firms,
nonprofit organizations, or public sector agencies and
more controlled studies in the laboratory using pro-
tocols established in creativity research (Osborn 1953,
Amabile et al. 1986, Erat and Gneezy 2016).
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Endnotes

1Exceptions include Dickinson (1998), Levati and Morone (2013),
Bjork et al. (2016), and Vesely et al. (2017).

2We operationalize imperfect optimization by means of the QRE
(McKelvey and Palfrey 1998) and other-regarding preferences by
means of the social welfare utility model (Charness and Rabin 2002).
We present our rationale for these modelling choices in our theo-
retical section.

®There are many empirical studies evidencing the other-regarding
preference channel effect (Berg et al. 1995; Clark and Sefton 2001; Falk
et al. 2003, 2008), and various theories have been put forward that
rationalize such patterns. The other-regarding preference channel
is predicted to be active both in the public goods game and in the
exploration game. Yet, the informational encouragement effect ap-
pears in the exploration game only. This effect requires the in-
formation externality channel to operate.

*Compared with the returns from incremental innovation or ex-
ploitation, the returns to breakthrough innovation or exploration are

bigger but systematically less certain (March 1991). See also Ederer
and Manso (2013).

®In their efforts to restore trust in businesses and straightforwardly
build better businesses, many business leaders have sharpened their
focus on purpose (Hollensbe et al. 2014). Our results suggest that this
could be particularly effective if the employees are prosocially mo-
tivated and consequently, feel more engaged at work (Bolino and
Grant 2016)

®In the case of a sequential search for a private good instead of a
public good (keeping the information externality), the encourage-
ment effect no longer occurs when players are self-interested. After
we allow for other-regarding preferences, the encouragement effect
kicks in but matters less than in the public goods case.

"Sequential moves also promote contributions when efforts are not
complementary, but asymmetries across parties typically erode the
benefits or leadership in that case (Giith et al. 2007, Levati et al. 2007,
Cappelen et al. 2015).

8GSee Horner and Skrzypacz (2017, pp. 66-67).

9 Recombinant innovation is pervasive in a wide number fields, such
as genomics, agriculture, drug discovery, materials science, and
particle physics. Weitzman (1998) discusses the example of researchers
at Menlo Park searching for a material that can be carbonized and used
as a filament to produce the “electric candle.” The combinatorial-based
knowledge production function is thus one type of knowledge pro-
duction function that corresponds to our exploration game.

19Gee also Miki (2005) and Gilboa et al. (2014).

" Lindbeck and Weibull (1988) extend Becker’s model to a dynamic
setup.

12 According to Winter (2006), late movers should be given higher-
powered incentives when there exist increasing returns to explora-
tion. The basic intuition is that player 2 faces no implicit threat that his
or her failure to innovate will trigger subsequent agents to shirk as
well. Hence, player 2 should be provided with stronger incentives to
exert effort than player 1.

3 The public good could be interpreted as a project (as in Aghion and
Tirole 1997), a mode of organization, a technological standard for an
industry, a methodological breakthrough in academic collaboration
(as suggested by Bonatti and Hoérner 2011), and so forth.

14 Strictly speaking, the game is a sequential prisoner’s dilemma if and
only if a/K < ¢; < (2a)/K for i =1,2.

5 Even if both the costs and benefits of contributing in the public
goods game were symmetric, then still the exploration game
would yield higher welfare when parameter values satisfy a/K <
c <min{a/(K-1),a(1+0)/K}. In the fully symmetric parameters
case, though, the total amount of contributions in equilibrium is
monotonically increasing in a/K in both the public goods and
exploration game.

"$Instead of considering the subgame perfect Nash equilibria, one can
compare the sets of Nash equilibria in the two games. All Nash
equilibria of the public goods game are also Nash equilibria of the
exploration game, but the Nash equilibrium with encouragement in
the exploration game is never a Nash equilibrium in the public goods
game. Thus, analogs of the listed hypotheses hold for the setwise
comparison as well.

1f the sample is balanced across treasure sizes, the predicted av-
erage number of contributions in the EG equals 1/4x0+1/4x
1.75+1/4x1+1/4 x1.75 = 1.125. In the PGG, the prediction equals
1/4x0+1/4x0+1/4x1+1/4x2=0.75.

'8 See Griine-Yanoff (2007) for an encompassing discussion of the role
of the concept of bounded rationality in economics and psychology.
¥We motivate our decision to study the QRE as follows. In our
experimental setting, participants have ample opportunity to learn
about the population behavior and adapt their behavior accordingly.



von Essen, Huysentruyt, and Miettinen: Exploration in Teams
Management Science, 2020, vol. 66, no. 12, pp. 5861-5885, © 2020 INFORMS

5883

Indeed, the game is played several times in each of the different
public good value specifications: altogether, more than 30 times. The
quantal response model, where players are assumed to have correct
expectations about population behavior, thus strikes us as a more
appropriate solution concept for the behavioral analysis than con-
cepts analyzing inexperienced players (Crawford et al. 2013).
However, models analyzing learning dynamics explicitly (Erev and
Haruvy 2013) seem unnecessarily complicated for our main focus.
The QRE model is a simpler one-parameter model, whereas non-
equilibrium models of strategic thinking and learning models typi-
cally rely on a higher number of parameters.

# Because the novelty and focus in our model and experiment are the
information externality channel and because the well-documented
other-regarding preference channel generates encouragement irre-
spective of the particular model specification, we decided to adopt a
highly simplified consequentialist preference framework, although it
is known to abstract from some important nuances of human be-
havior (Falk et al. 2008). The inequity aversion model of Fehr and
Schmidt (1999), the reciprocity models (Charness and Rabin 2002,
Dufwenberg and Kirchsteiger 2004, Falk and Fischbacher 2006, Cox
et al. 2007), and also, the social esteem model of Ellingsen and
Johannesson (2008) would make very similar predictions as the so-
cial welfare utility model.

' Often, it is assumed that 0 < p < 1/2 so that weight on the other is
never greater than the weight on oneself. Charness and Rabin (2002)
provide very convincing evidence consistent with p > ¢. For sim-
plicity, we abstract from the reciprocity parameter of the original
three-parameter model. Moreover, like Fehr and Schmidt (1999), we
allow even negative values of ¢ and p. Notice indeed that the inequity
aversion model of Fehr and Schmidt (1999) is a special case of this
model with the parameter for aversion for advantageous inequality p
and the parameter for aversion for disadvantageous inequality —o.
The parameters in the model of Fehr and Schmidt (1999) are further
constrained by —o > p > 0.

ZTnitially, our preelicitation of other-regarding preferences using
Murphy et al. (2011) aimed at making individual-specific predictions,
but it turned out that there is too little variation in these across in-
dividuals (see Online Appendix C). According to the results of the
elicitation, the average participant in our study is other regarding,
thus justifying the preference model.

% There exist parameter values such that this happens, and Proposition
A4 in Online Appendix A shows that this holds quite generally.

#This latter is the theoretically predicted other-regarding encour-
agement effect (that is, the difference between Equations (8) and (9)).

5 This holds for u sufficiently high (see Online Appendix A).

%To recruit our subjects, we used Online Recruitment System for
Economic Experiments (Greiner 2015) in Norway and Sona in
Denmark and Finland. The recruitment text included information
about the duration, location, and incentives for both parts of the
study, the online survey, and laboratory experiment. Before run-
ning the experiment, we calculated a rough sample size using List
etal. (2011). We assumed a power of 80% and a significance level of
5%, and to have a minimum detectable effect size of 50%, we
needed at least 64 observations in each group. At the time, we
considered a sample of around 400 participants to be large enough
for the normal distribution and a good approximation for the ¢
distribution. In retrospect, we should have done this more care-
fully and used the effect sizes from previous literature when
calculating the sample size. We, therefore, ran a postpower cal-
culation in line with Gelman and Carlin (2014) for the contribution
hypothesis. When we calculated the postpower analysis, we used
the minimum detectable effect sizes from the results with binary
outcomes in Klor et al. (2014) and Steiger and Zultan (2014) (that is,
20%) and our standard error from Table 4, column (1). The results

indicate that we have do not have a power issue, and the post-
power is high (0.99).

?71f a participant could only complete the online survey, he or she was
paid half the show-up fee of 3.05 USD. In Norway, the average total
earnings in the experiment were 42.18 USD. The higher rate was
applied in order to meet the average earnings requirements of the
local laboratory.

B We thank the programmer Kristaps Dzonsons for his programming
assistance.

®This did not generate uncontrolled variation, because we ran-
domized groups within each session.

% The video instructions were 14 minutes long; visit the following
link to view the video: https://dreambroker.com/channel /1ehcya5t/
77qp05es.

¥ Here, we used the effect size from the experiment run in Oslo.

% Because we did not fully reach the optimal sample size, we con-
ducted a postpower calculation in line with Gelman and Carlin (2014)
to ensure that the result is not biased by issues of low power. Here, we
used the effect size from the contribution hypothesis in the main
experiment and the standard error from the experiment without the
group tournament incentive. The calculation shows that we do not
have a power issue in this test (0.97).

BGee http://bss.au.dk/en/cognition-and-behavior-lab /for-researchers /
procedure-guide/.

% This percentage is higher compared with Frederick (2005), which
can be because of, for example, learning and the fact that the CRT has
become better known over time.

%This model deviates from the self-interested subgame perfect
equilibrium by introducing three new parameters (noise parameter
and two other-regarding preference parameters), and these additional
degrees of freedom increase explanatory power by construction (see
Miettinen et al. 2018 for instance). In this experiment, there are also
qualitative patterns in the data that are consistent with the QRE model
with other-regarding motivation but not with the QRE model with
self-interested individuals or the SPE model with self-interested in-
dividuals. For example, we find that the first player contribution rate
increases with treasure size and that, approximately 20% of the time,
regardless of treasure size, the second player contributes even when
the treasure has already been found by the first player in the ex-
ploration game. Thus, not only is the explanatory power in statistical
terms higher, but also, the observed qualitative treatment effects and
other qualitative patterns can be better explained with a QRE model
that allows for other-regarding preferences.

% Angrist and Pischke 2009, chapters 3.3 and 3.4 support the choice of
the linear specification rather than nonlinear alternatives when a
saturated model with randomized treatments is used in a panel data
setting.

¥ Given our exogenous experimental variation and a saturated
model, the linear probability model is the correct specification
(Angrist and Pischke 2009, sections 3.3 and 3.4). Yet, even changing
the specification to logit does not change our results. If we pool the
data across game rounds and cluster on session, the results stay the
same. See Tables B.4 and B.5 in Online Appendix B.

% Note that, because the slider elicitation method does not involve
interactive choices, it does not allow estimation of the reciprocity
parameter of the Charness and Rabin (2002) model. The second
mover choices in the interactive games are likely to reflect the re-
ciprocation preference, especially if the first mover does not con-
tribute, which thus leads to an incentive of negative reciprocation.

% Gee Table 3 for definitions and explanations of Bg(e).

“f we run a regular OLS regression, dropping the panel structure
and cluster on session, the results stay the same. See Table B.8 in


https://dreambroker.com/channel/1ehcya5t/77qp05es
https://dreambroker.com/channel/1ehcya5t/77qp05es
http://bss.au.dk/en/cognition-and-behavior-lab/for-researchers/procedure-guide/
http://bss.au.dk/en/cognition-and-behavior-lab/for-researchers/procedure-guide/
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Online Appendix B. Notice also that the number of observations in
this table is lower than that in Table 8, for instance, because we have
dropped the second player choices in the EG where the first player
already found the treasure. Had we included those observations, we
could not exploit the decomposition of the encouragement effect, but
rather, the informational effect would be underestimated.

#See also Horner and Skrzypacz (2016).

2Gee Andersson (2015) for an experiment suggesting causal effects of
corporate values on prosocial organizational behavior and Kosse et al.
(2018) for an example of such a program targeted at second grade
children of low-socioeconomic status families.

®The novel experimental framework could, for instance, be used to
study experimentation in a private goods setting as well.

“In fact, as opposed to the purely public good case presented in the
paper, we also considered the case where rewards are purely private
goods (see Online Appendix A.2). One can show that entirely priva-
tizing the discovered good would have implications for the encour-
agement effects both through the other-regarding and through the
informational channel. When ¢ >0 and 3% —c2 >0, then encour-
agement through both channels will be smaller, and thus, contributions
will be reduced. The first mover’s incentive to contribute is now lower,
because there is reason to encourage the other only to the extent that the
first mover is altruistic toward the second mover. In fact, if 0 < 0, the
first mover has no incentive to encourage the second mover, because
she can only lose from the second mover’s finding the treasure.
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