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ABSTRACT

The main aim of this article is to investigate the behavioral consequences of the provision of subject-specific information
in the group effort levels chosen by players in an experimental CPR game. We examine two basic treatments, one with
incomplete information and the other with complete information. In the former, subjects are informed only about their
own individual payoffs and the aggregate extraction effort level of the group, and in the latter they are also informed
about the individual effort levels and payoffs of each subject. Given this setting, the basic question we attempt to answer
is: Will the provision of subject-specific performance information (i.e. individual’s effort levels and payoffs) improve or
worsen the tragedy of the commons (i.e. an exploitation effort level greater than the socially optimum level)? In order to
motivate our hypotheses and explain our experimental results at the individual level, we make use of the theory of
learning in games, which goes beyond standard non-cooperative game theory, allowing us to explore the three basic
benchmarks in the commons context: Nash equilibrium, Pareto efficient, and open access outcomes. We use several
learning and imitation theoretical models that are based on contrasting assumptions about the level of rationality and the
information available to subjects, namely: best response, imitate the average, mix of best response and imitate the
average, imitate the best and follow the exemplary learning rules. Finally, in order to econometrically test the hypotheses
formulated from the theoretical predictions we use a random-effects model to assess the explanatory power of the
different selected behavioral learning and imitation rules.
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Subject-specific Performance Information can worsen the Tragedy of the Commons:
Experimental Evidence

1 Introduction

The standard economic theory on common property resource (henceforth CPR) exploitation
predicts a non-cooperative result in the commons implying the economic over-exploitation of the
resource. In a non-cooperative game theoretic context, this implies that the Nash equilibrium
(henceforth NE) of the CPR game is inefficient, entailing an exploitation effort level greater than
the Pareto efficient (henceforth PE), i.e. where marginal revenue equals marginal cost.' This
economic prediction about CPR use has been empirically tested in practice with field studies and
experimental works recreating the commons setting.”

In particular, the experimental literature on the commons has received increasing attention
from social scientists in the last two decades.” Some laboratory experiments have been mainly
designed to investigate whether experimental results conform to the economic predictions on CPR
exploitation. These studies have concluded that at the aggregate level behavior does approximate
the NE level, being therefore consistent with the basic non-cooperative game theoretic prediction
(Walker et al., 1990: 209; Ostrom et al., 1994). Some studies have also examined what happens
with this basic result when face-to-face communication is allowed, by having, at some point, an
open group discussion before each round of the experiment. These works have shown that repeated
face-to-face communication can be extremely successful in increasing group returns as well as
subjects’ overall performance (Ostrom and Walker, 1991; Ostrom et al., 1994; Sally, 1995; and,
Cardenas, 2000; 2003). In addition to allowing cheap talk, some works have also investigated the
impact of sanctioning in CPR experiments by giving subjects the opportunity to pay a fee in order
to impose a fine on the payoffs received by another player (Ostrom et al., 1992; 1994; Casari and
Plott, 2003). These studies have found that in contrast to what economic theory predicts (no costly
sanctioning in a finitely repeated game), players do sanction, reacting both to the cost of sanctioning
and to the fee-to-fine relationships, and that in general a sanctioning system greatly improves the
efficiency of resource use. Finally, some papers have also assessed the willingness and ability of
subjects to look for and adopt different institutional arrangements designed to improve social
outcomes in a CPR setting (Walker et al., 2000; Cardenas et al., 2000; and Rodriguez-Sickert et al.,
2008). These papers point the importance of collective choice, showing that giving participants the
opportunity of proposing allocation rules can significantly increase efficiency and that the
imposition of external regulatory rules, including external enforcement, can imply a poorer
performance in terms of group returns, as it can crowd out group regarding behavior in favor of
greater self interest.

Specifically, this paper relates to a recent experimental work by Apesteguia (2006), who
analyses the impact of information on players’ decisions regarding the exploitation of a commonly
shared resource, asking the question: Does information matter in the commons? In that article the
author specially investigates the effects of the provision of information about the payoff structure in
the context of a CPR game. He runs two treatments, one with complete information on the payoff
structure and the other with none, the main result of the paper being that aggregate behavior is not
significantly different between the two treatments. In both cases the aggregate effort levels
converge to the NE.

In this work we want to add to the experimental literature on the commons by building upon

' For details about the economic theory on CPR exploitation see, e.g., Gordon (1954), Dasgupta and Heal (1979),
Stevenson (1991) and Seabright (1993).

2 For reviews about CPR field work see, e.g., Ostrom (1990) and Bromley (1992). For a review about CPR experimental
work, see Ostrom (2006).

? It can be noted that some important avenues for research on CPR experiments were pioneered by Elinor Ostrom, who
was awarded the 2009 Nobel Prize in Economics ‘for her analysis of economic governance, especially the commons’.
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and complementing the work of Apesteguia. Particularly, we examine the behavioral consequences
of the provision of subject-specific information on the aggregate effort levels chosen by players in
an experimental CPR game. As did Apesteguia (2006), we consider two basic scenarios, one with
incomplete information, henceforth treatment ‘incomplete’, and another with complete information,
henceforth treatment ‘complete’. In the former, subjects are informed only about their own
individual payoffs and the aggregate extraction effort level of the group, while in the latter they are
also informed about the individual effort levels and payoffs of each subject. Given this setting, the
basic question we attempt to answer is: Will the provision of subject-specific performance
information (i.e. individuals’ effort levels and payoffs) improve or worsen the tragedy of the
commons (i.e. an exploitation effort level greater than the socially optimum level)?

Our paper adds to and complements Apesteguia’s and previous experimental works on the
commons in several respects. First, although the provision of information regarding the payoff
structure is quite relevant in the commons, the information about subject-specific performance, such
as other individuals’ effort levels and payoffs, is also crucial in the decision-making process
frequently faced in the commons, adding a different perspective to the problem. Indeed, additional
information about other players’ actions and profits adds a potential strategic and psychological
component to the analysis, which may well change Apesteguia’s basic result in terms of whether or
not information matters in the commons. In fact, while the results of Apesteguia’s work show that
aggregate behavior is not significantly different between the two treatments, converging in both
cases to the NE effort level, we postulate as a main hypothesis of our paper that in treatment
‘incomplete’ the average aggregate use level will match the NE outcome, but in treatment
‘complete’ the average group effort level will be significantly higher than the NE. In other words,
we expect to prove that more information in the commons can make a difference in terms of
aggregate results.

Second, in order to motivate our hypotheses and explain our experimental results at the
individual level, we make use of the theory of learning in games (see, e.g., Fudenberg and Levine,
1999), which goes beyond standard game theory, allowing us to explore three basic benchmarks in
the commons context: NE, PE and Open Access (henceforth OA) outcomes. The rationality behind
using learning and imitation models to motivate these benchmarks is that decision costs may imply
that although agents have the required information to, for instance, derive best response strategies,
they prefer not doing so because it is too costly. In fact, it can be assumed that agents try to find
strategies, such as imitation rules, that save on cognitive effort and decision costs (Offerman et al.
2002). In particular, unlike Apesteguia (2006), who considers mainly best response dynamics to
explain individual behavior in both treatments, we use several learning and imitation theoretical
models, which are based on contrasting assumptions about the level of rationality and the
information available to subjects, namely: ‘best response’, ‘imitate the average’, mix of ‘best
response’ and ‘imitate the average’, ‘imitate the best’ and ‘follow the exemplary’ learning rules.*

Given the informational requirements of these rules, in treatment ‘incomplete’ agents could
not apply ‘imitate the best” or ‘follow the exemplary’, thus we would expect that in this treatment
players use ‘best response’ or ‘imitate the average’ rules, or a mix of both. As we will show, the
mix of ‘best response’ and ‘imitate the average’ leads towards an aggregate effort level converging
globally to the NE of the constituent CPR game. Furthermore, since the cognitive efforts to apply
‘best response’ are relatively higher than those needed to apply ‘imitate the average’, we would also
expect that the latter is employed more frequently than the former on average.

In treatment ‘complete’, players can also apply ‘best response’ and ‘imitate the average’
rules, or the mix of both, and besides, since subject-specific performance information from all
subjects is now provided, players can also use ‘imitate the best’ and ‘follow the exemplary’. Hence,

* For details about: (i) the ‘best response’ rule see Huck et al. (1999), Huck et al. (2002); and Offerman et al. (2002); (ii)
the ‘imitate the average’ rule see Schlag (1999); Alds-Ferrer and Schlag (2007); (iii) the mixing of ‘best response’ and
‘imitate the average’ rules see Huck et al. (2002); (iv) the ‘imitate the best’ rule see Vega-Redondo (1997), Alos-Ferrer
and Ania (2005); (v) the ‘follow the exemplary’ rule see Offerman et al. (2002).
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for this treatment we could expect that players can be influenced to some extent by the experience
of others when deciding their effort levels. As shown by Vega-Redondo (1997) and Aloés-Ferrer and
Ania (2005), if all subjects follow ‘imitate the best’, the unique stochastically stable state of the
process is the OA outcome of the constituent CPR game, and, as proved by Offerman et al. (2002)
if all subjects use the ‘follow the exemplary’ rule, the unique stochastically stable state of the
process is the PE outcome of the constituent CPR game. Moreover, the ‘imitate the best’ rule can be
used at minimal decision costs in comparison to ‘follow the exemplary’, since subjects receive the
information processed in such a way that the comparison of payoffs across agents and the
identification of the associated use level are straightforward. Hence, we would expect that the
former is employed more frequently than the latter on average.

Finally, in order to econometrically test the hypotheses formulated from the theoretical
predictions we use a random-effects model (see, e.g., Skrondal and Rabe-Hesketh 2004), to assess
the explanatory power of the different selected behavioral learning and imitation rules. One of the
main reasons to use this technique is that each subject repeatedly interacts with the same group of
players throughout the experiment, and therefore, in principle, we need to control within-subject
dependence in effort decisions that may be introduced by unobserved between-subject
heterogeneity. A random-effects model for analyzing subjects’ effort adjustment decisions is further
justified given that the target of inference is the population of players and the interest is in
analyzing potential subject heferogeneity in the employment of the learning and imitation rules.

The paper is structured as follows: Section 2 describes the experimental environment and
the theoretical predictions are introduced in Section 3. In Section 4, we set forward the hypotheses
of the work, and Section 5 presents the experimental results. Finally, a summary of conclusions is
put forward.

2 The Experimental Environment

2.1 The Constituent Game®

Consider a community of 7 =2 appropriators with shared access to a resource that is valuable but
costly to extract, and let [ = <a,...,n} denote the set that indexes appropriators. Each appropriator
i€ has an endowment y that can be invested either in the CPR or in an outside market. The

marginal payoff obtained from the outside market is constant, exogenously given, and equal to w,
while the payoff from investing in the CPR depends on the aggregate group effort and the share of
individual effort on aggregate group effort. The appropriator i’s effort level in the CPR is denoted

by x;, where O<x, < y, and let X be the aggregate effort, defined as the sum of individual

efforts, i.e. X = Y x,. Following the standard formulation of the dynamic of renewable resources,

in which the group harvest is modeled as a parabola (see, e.g., Gordon 1954), the aggregate group

harvest is given by a concave function /H which depends only on the aggregate group effort in the
CPR,

H(X) :=(v-kX)X, (1)
with v>0 and k >0. The resource market is assumed competitive and the selling price is

normalized to unity. Initially, an extra unit invested in the CPR pays more than investing in the
outside market, and it is counterproductive for all individuals to invest all their endowment in the

5 Here we present an operationalized version of the classical static model of the commons that can be found in, inter alia:
Dasgupta and Heal (1979), and Stevenson (1991).



CPR. These assumptions are reflected by the conditions H'(0)=v >w, and
H /(ny) =v —2nyk <0, respectively. As usually assumed, the part of the group harvest, obtained
by each appropriator, is directly proportional to her share of effort in the group effort, i.e.
(xl./ X )H(X ) Since the average harvest H (X )/ X is decreasing in X, it is clear that the

individual harvest of any appropriator not only depends upon her effort, but also upon the effort
introduced by the rest of the community.

Let x = (xl,...,xn) be a vector profile of individual appropriators’ effort levels in the CPR.
The payoff of an appropriator, #, (x), is given by

u(x) = w(y —x )+ (x,/X)HX) = w(y - x )+ x,(v —kX), i EL.2)

Note from (2) that if appropriators invest all their endowment in the outside market by setting
x, =0, they get a payoff of wy, whereas if they invest some of their endowment in the CPR, they
get a payoff W(y - xl.) from the outside market plus a payoff from the CPR that results from the

sale of the amount of harvest obtained by the appropriator. From (2) it is also clear that an increase
in the effort level by one appropriator decreases the share of harvest of all appropriators, thus
imposing a negative externality on other individual payoffs.

Let us determine the conditions that characterize the group effort that maximizes the well-
being of all the appropriators. Define U (X ) as the group payoff function, which is obtained

summing individual payoffs u, (x) across all appropriators,
U(X) = w(ny—X)+H(X), (3)

which is maximized subject to the constraints 0 < X < ny. Given the stated assumptions on /7, and

denoting X as the PE group effort level, the unique solution of this problem is
—wt H'(X )= —w+ - 2k )= 0. @)

According to (4), at the PE group effort level the marginal return from the CPR should equal the
foregone marginal payoffs from the outside market. Note that the solution does not depend on the

endowment parameter as long as it is sufficiently large. The PE aggregate group effort would be
optimal from the point of view of the community if each individual were to invest an equal share of
this effort. Nevertheless, self-motivated individuals would prefer to invest more if all appropriators
choose the PE effort level, since this would increase their own individual payoffs.

In this context, the constituent CPR game can be formally described by

G= {xl,...,xn;ul,...,un } It can be noted that G is a symmetric, non-cooperative static game with
payoffs given by (2). Since this game is symmetric, there exists a symmetric NE at which each
extractor invests xl.* , i€ in the CPR, where

—w+H'(nxf)n+H(nxf Xn—l)/nzxf = —w+(v—2knxi*)n+(v—knxf Xn—l)/n =0,Viel
)

As before, the endowment parameter does not affect the effort incentives if it is sufficiently large,
and in the experiments it can be viewed as a fixed bonus to each subject for participation.
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Comparing the solutions of (5), x; = (v — w)/[(n +1) k], and (4), x; = (v - w)/(an), Viel, we
find that since each appropriator neglects the negative externality of her decisions on the payoffs of

others, the outcome results in suboptimal extraction levels from the group perspective, i.e. x* > x°.
This is the prediction of the classical model of the commons. the level of extraction in a self-
motivated, decentralized choice is inefficient since each appropriator could get higher payoffs if all
were to limit their extraction, but no individual has the unilateral incentives to do so.

Nonetheless, things are much worse in the case where the resource is characterized by open
access, in which the number of appropriators increases into infinity and so individuals neglect the
strategic interactions among them. However, if the number of appropriators is finite but they are
poorly informed about and/or neglect the impact of their effort decisions on the average harvest
(more precisely, if agents assume that G[H (X )/ X ]/Bxl. = ()) then the model implies exactly the
same behavior at the aggregate level. The latter assumption applied to the individual first-order

condition of (2) characterizes the group OA outcome X,
w=v-kX’.(6)

Equation (6) yields the individual open access effort x| = (v - w)/ (nk ), Vi€ 1. This effort level is

clearly higher than the individual NE outcome. Expression (6) states that at the OA outcome the
average foregone payoffs from the outside market equal the average revenues from the CPR, thus
dissipating all the rents from the CPR (for further details, see, e.g., Gordon, 1954; and Stevenson,
1991).

2.2 Design and Procedure®

The experiments conducted in this research follow the classical baseline design proposed in Walker
et al. (1990), in whose study the problem of CPR exploitation is presented as an abstract investment
decision. Eight identical subjects play the constituent CPR game repeatedly for 20 consecutive
rounds. At the beginning of each round, subjects must solve the problem of distributing a set
quantity of 30 tokens between two investment alternatives: a private market and a group market.
The returns for each invested unit in the group market diminish as the total quantity invested by the
group increases. This game characteristic seeks to represent the main problem of CPR exploitation
by incorporating a negative externality into the group market. At the same time, the return per unit
of investment in the private market introduces an opportunity cost for investment in the group
market, which would represent the costs of exploiting the CPR. The specific parameters of the
constituent game G used throughout our experiments correspond to those proposed in the
experimental work of Casari and Plott (2003): consequently, we set n =8, y =30, w=5/2,

v=23/2,and k =1/16.

Two treatments, which differed in the information provided to subjects, were performed
(Table 1 summarizes the experimental design). In treatment ‘incomplete’ each participant
simultaneously makes a decision without knowledge about the individual decisions of the other
subjects. After each round, participants were only informed about the group effort in the last round,
and reminded about their own individual net payoffs and effort levels (this individualized
information was not known by others, hence the name ‘incomplete’). By contrast, treatment
‘complete’ was modified in relation to treatment ‘incomplete’ to enable agents to decide their effort
levels based also on the experience of the population. Specifically, in addition to the information
provided in treatment ‘incomplete’, at the beginning of each round participants were provided with

8 For further details and an alternative analysis see: Salazar and Villena (2005).

5



subject-specific performance information in the earlier rounds, i.e. the complete profile of
individual effort levels and associated payoffs.

The experiments were performed in July 2004 with individuals recruited from a population
of undergraduate students majoring in business and economics at the University of Concepcion,
Chile. Both treatments were conducted using the partner protocol, where each individual is
confronted with the same group of players in each experiment. For each treatment we performed
three sessions with a group of eight individuals in each, making a total of 48 subjects (six groups of
eight individuals each) participating in the experiments. Recruited subjects were allocated randomly
to each group. Communication among individuals was not allowed. Subjects did not know the exact
number of rounds. However, it was common knowledge that experiments would end between
rounds 15 and 25 and that the final round would be announced when two rounds remained.

[TABLE 1 ABOUT HERE]

Experiments followed the standard procedure of previous CPR experiments found in the
economic literature (see, e.g., Plott and Smith, 2004). First, instructions were read aloud and
explained with examples. Second, students were asked to respond to a set of exercises in order to
verify their understanding of the game. Third, two test runs were performed to develop familiarity
with the procedures and rules of the game. These test runs did not affect final gains. Forth, agents in
both treatments were informed about the functional forms of the constituent CPR game G, and were
told that per-round profits would be determined by average gains times the effort level by the agent,
minus extraction costs and plus the fixed bonus. Finally, players knew how many competitors were
in the game, although anonymity was guaranteed.

Participants were paid according to the payoffs obtained through the 20 rounds. The amount
of money received by each participant expressed in Chilean pesos was six times the individual total
gain achieved (where the ‘individual total gain achieved’ corresponds to the sum across rounds of
individual payoffs given by (2) under the specific parameters of the experiment) and was paid
privately in cash at the end of the experiment. Participants knew how total gains were converted to
Chilean pesos before playing the experiment. Expressed in US dollars from July 2004,” in treatment
‘incomplete’ the individual total gain varied from US$ 15.89 to US$ 20.92, with an average gain of
USS$ 17.68, while in treatment ‘complete’ varied from US$ 12.89 to US$ 17.80, with an average
gain of US$ 15.54. Since the OA outcome or even higher investment levels were possible to
emerge, the inclusion of the fixed bonus in each period (derived from the private market) served to
ensure that participants would not be frustrated by low or negative payoffs. For treatments
‘incomplete’ and ‘complete’, experiments lasted on average 2 hours and 2 hours and 30 minutes,
respectively, including the preliminary runs and the awarding of prizes.

3 Theoretical Predictions

In this section we discuss simple theoretical learning and imitation models that are based on
contrasting assumptions about the level of rationality and the information available to subjects.
Moreover, these learning and imitation rules yield three very distinct outcomes: the PE, NE, and
OA profiles. Before the discussion of the learning rules, we summarize the solution of the game
under the proposed parameters.

Consider eight subjects that repeatedly play the static CPR game G . First, from (4) the

individual PE outcome is obtained, which is denoted as xf ,

xt=(v-w)/(@2nk)=9,YiEI (7)

” The monthly average exchange rate at July 2004 was 632.28 Chilean pesos per US dollar.
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with an aggregate effort level X =72 and individual payoffs u; =115.5, Vi€ . Second, from

(5), the unique NE of the stage game, denoted as x: , 1 obtained
x=(- w)/[(n + 1)k]= 16,ViEl (8)

which yields an aggregate effort level X" =128 and individual payoffs u; =91, Vi€ /. Finally,

from (6) the individual OA outcome is obtained, which is denoted as xf s
x’ =(v-w)(nk)=18,YiEI (9)

with an aggregate effort level X° =144 and individual payoffs u; =75, ViE].

We compare the economic performance of the group effort outcomes observed in the
experiments through an efficiency index €, defined as group payoffs minus the group endowment
money, normalized using the maximum possible group payoffs (Casari and Plott, 2003). Formally,
we have:

e(x) = [u(x) - nwy]/[u(xe) - nwy] (10)

with nwy = 600. By definition, the efficiency index at the PE level is 100%, at the NE is 39.5%,

and at the OA outcome is 0% since appropriators exploit the CPR up to a point at which the average
foregone payoff equals the average revenue from the CPR. Table 2 and Figure 1 summarize the
theoretical benchmarks of the constituent game G.

[TABLE 2 ABOUT HERE]

Consider the standard prediction for the repeated CPR game obtained by backward
induction: at each round subjects play the unique symmetric NE of the constituent game x, =16
Vi€, which constitutes the unique subgame-perfect Nash equilibrium. In both treatments
subjects had all the information needed to compute the NE. However, since the information
processing can be too difficult or too costly for subjects in order to behave according to what
prescribes the perfect rationality paradigm, we consider heuristics that subjects may adopt when
confronted with informational and time constraints in an environment in which rationality is
possibly bounded.

[FIGURE 1 ABOUT HERE]

3.1 Best Response Learning

Consistently with our experimental design, let I'= {0,],...,30} denote the choice set of effort

levels. Formally, the ‘best response’ rule states that in round # subject i chooses her effort x; as a
myopic best reply to the group effort chosen by the other subjects in the previous round, denoted as
X :l . Thus, the ‘best response’ rule for subject i €1 maps X :l to the set



BR! = {zEF: w(z.X') = u(2. X5, Vz’EF}.(ll)

Given the functional forms specified for the experiments and the discreteness and finiteness of the
choice set I, we have

{0}, if X' =144

{30}, if X' <84

{72-1x'}if 84 < X';' <144 and X';' is even (12)
{72 ~Ixtt oLl -1ixiy iz} , otherwise,

BR} =1

where in the last case the effort level is chosen from BR; according to some probability distribution
with full support.

The ‘best response’ process defined in (12) yields a Markov chain over the state space re,
whose convergence to a stable equilibrium (the NE profile) cannot be assured globally.® It is well
known that the introduction of inertia’ stabilizes the best response dynamics, as shown by Huck et
al. (1999), whose result can be readily applied to our linear CPR setting. Note that in our
experimental design we did not introduce any inertia. Nevertheless, although the ‘best response’
process can be theoretically unstable, in some previous experimental work there is no empirical
evidence of such instability (see, e.g., Huck et al. 2002).

To behave as a ‘best response’ learner, each subject needs to know the revenue and
opportunity cost functions of the CPR market, the aggregate effort level of the remaining subjects
from the last round, and of course how to compute a best response function. Hence, ‘best response’
is regarded as one of the most sophisticated forms of learning.

3.2 Imitate the Average

The ‘imitate the average’ rule simply states that subjects imitate the average effort level of the other
subjects observed in the last round. As indicated by Bosch-Doménech and Vriend (2003), there are
two important reasons to consider this rule. First, it constitutes a reciprocating strategy in the sense
of ‘giving as good as you get’ (equivalent to a tit-for-tat strategy). Second, as discussed by Huck et
al. (1999), the rule seems reasonable because subjects may assume that while individual choices
may be wrong, the ‘average choice’ cannot be ‘too wrong’. Further reasons for applying this rule
can be a preference for cautious behavior and a taste of conformity.

Neglecting the discreteness of the choice set I', the process is characterized by the set of

difference equations xf = %X :.1, Vi€&I. Solving this system recursively we have

X! =l(x1 + X! )+l(7xl -X' )(—l)t_l Viel (13)
i =g\t -i]Tg i i 7] > .

8 In order to see this, note that if the system under experimentation reaches one state of the absorbing set
a= {(0,...,0),(30,...,30),}, then it will oscillate between both states and will never escape from d .

? Inertia is introduced by assuming that in round ¢ with independent probability @ subject I will stick to her previous
effort x;_l instead of following the best response. Huck et al. (1999) demonstrated that the resulting Markov process

converges globally in finite time to the NE for any 8 € (0, 1).



It should be noted that the process in (13) converges to the average of all initial efforts, and that if
all subjects follow this rule, the process is bounded above and below by the highest and lowest
initial effort levels.

Even though subjects in treatment ‘incomplete’ were not provided with information about
individual effort levels and payoffs of the other players, they could still apply some form of
imitation (for instance, ‘imitate the average’) since they could observe aggregate, and therefore
average, effort levels of the other subjects.

3.3 Mixed Learning

The ‘best response’ and ‘imitate the average’ rules are based on opposite assumptions regarding the
level of rationality and cognitive efforts needed to apply them. Hence, following Huck et al. (2002),
it may be interesting to study some properties at the aggregate level of a learning framework in
which subjects mix the ‘best response’ and ‘imitate the average’ learning rules.'’

Let o be the weight given to the ‘best response’ rule and 1 - the weight given to the
‘imitate the average’ rule. Neglecting the discreteness of the choice set I, the difference equation
that characterizes the mixed learning rule is

| |
x! =a(72—5X:1)+(1—a)7X"1 Viel, (14)

summing up across subjects, we obtain the process for aggregate investments
t 9 1-1
X =576a+(1—5a)X , (15)

and solving this first-order difference equation yields the following proposition.

Proposition 1 The equilibrium point of the dynamical process that characterizes the aggregate
effort level under the mixed learning rule corresponds to the aggregate NE X~ =128 if a = 0.
This equilibrium point is globally stable in the range 0 < a < %.

Hence, at the aggregate level the mixing of the ‘best response’ with ‘imitate the average’ stabilizes
the pure ‘best response’ process if the weight given to the ‘best response’ rule is positive, but not
‘too high’. Note that the mixed learning process can be applied by subjects in both treatments.

3.4 Imitate the Best
In ‘imitate the best’ learning, which is postulated by Vega-Redondo (1997), learning is driven by a

mimicking dynamic: each subject identifies the highest payoff across all subjects in the last round
and then selects her effort level from the set of effort levels that yielded the highest payoff.

Formally, at every round # each subject i chooses her effort level x; from the following set:

IB' = {zEF jEIst.xT =zand w7 zu”, ViEI}, (16)

19 As stated by Huck et al. (2002), the mixed learning model can result more plausibly because some subjects are ‘best
response’ learners and others are imitators. Empirically, this question is addressed formally in the analysis of experimental
results at the individual level.



according to some probability distribution with full support.
Note that any symmetric state s = (z,...,z) is stable under the dynamics in (16). Hence,

Vega-Redondo introduced some perturbation € >0 to the process, whose interpretation is that
subjects either experiment with new strategies or make mistakes'' from time to time. The following
proposition follows directly from the theorem stated in Vega-Redondo (1997) in the context of a
Cournot oligopoly (and more generally from proposition 4 in Alds-Ferrer and Ania, 2005), which
we apply to our CPR setting:

Proposition 2: If all subjects imitate the most successful one, the unique stochastically stable state
of the process is the OA profile, namely x° = (1 8,....1 8) as € — 0.

Hence, if all players mimic the most successful subject, the system converges to the OA
outcome of the constituent CPR game. The intuition is that if average returns of extraction are
higher than foregone unit payoffs, the subject with the highest effort level will have the highest
payoff and her decision will thus be imitated by other subjects up to the point where average returns
equal foregone unit payoffs. From this point, continuing to increase efforts does not increase
payoffs since average returns will be lower than foregone unit payoffs.

To ‘imitate the best’, subjects only need to know individualized information about efforts
and payoffs from the last round. They are not required to know the payoff structure of the game, nor
to have high rationality or calculation capabilities; they only need to be able to compare payoffs and
mimic the most successful effort levels, making ‘imitate the best” one of the simplest learning rules.

3.5 Follow the Exemplary

The ‘follow the exemplary’ rule from Offerman et al. (2002) is based on imitation of the subject
that sets the good example from the perspective of group payoffs. The exemplary subject (or one of
the subjects) is defined as the one whose effort level in the last round would give the highest sum of
payoffs if all subjects had followed it. Consider a learning rule in which the non-exemplary subjects
imitate the effort level chosen by the exemplary subject, while the latter imitates the choice of the
exemplary other subject, i.e. the subject that is exemplary if her own-exemplary effort level is

disregarded."? Formally, at every round # each subject i €/ chooses her use level x! from the set

z€FjEIst.x"7" =zand
FE;:= 1 1 L g > (17)
U(x}' yoers X )z Ul ,x, )VkE], Jok=i

according to some probability distribution with full support.

Consider the introduction of some perturbation € > 0 to the process, whose purpose, as in
‘imitate the best’, is to introduce some dynamics to the system. Then the following proposition
follows from a result stated in Offerman et al. (2002) as applied to our CPR setting:

' States that are in the support of the limit invariant distribution of the process for € —> 0 are known as stochastically
stable states. For a textbook treatment, see, e.g., Fudenberg and Levine (1999).

12 There are variations to this rule that differ in the way the exemplary subject conditions his choice based on those of the
non-exemplary ones, which were used in the literature of experimental economics in a Cournot oligopoly setting (see, e.g.,
Offerman et al. 2002).
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Proposition 3 [f every subject uses the ‘follow the exemplary’ rule, the unique stochastically stable
state of the process is the PE profile, namely x° = (9,...,9) as € = 0.

The intuition is the following: first, the non-exemplary subjects follow the exemplary effort
level, while the exemplary subject will move towards a higher effort compared to the previous
level. Then, the exemplary subject of the previous round will choose her original effort level, since
now she follows. At this state, all subjects are exemplary, hence the resulting symmetric profile will
be maintained until a subject makes a mistake or experiments a new effort level in the direction of
the PE outcome.

In order to ‘follow the exemplary’, subjects need to know subject-specific effort levels, but
not the payoffs. Subjects are not required to know the payoff structure of the game, although they
must be able to determine the effort level from the last round that moves towards the PE outcome.

To sum up, Table 3 presents a summary of the learning and imitation rules, the
informational requirements and the associated theoretical predictions.

[TABLE 3 ABOUT HERE]
4 Hypotheses

In treatment ‘incomplete’ subjects had the information available to apply a learning rule that yields
outcomes towards the NE of the constituent CPR game G, while treatment ‘complete’ may lead
towards the OA outcome through imitation of the most successful subjects. Let us elaborate on
these arguments.

First, recall that in treatment ‘incomplete’ each subject is informed about her individual
effort level and payoffs, and of the group effort level in the last round. Hence, in principle subjects
may behave according to what prescribes the ‘best response’ learning rule since they have the
information to do so. Moreover, it is possible in treatment ‘incomplete’ that to some extent subjects
imitate through ‘imitate the average’. Since subjects cannot ‘imitate the best’ or ‘follow the
exemplary’ because they lack the subject-specific information needed to do so, we can expect that
treatment ‘incomplete’ will involve some mix of ‘best response’ and ‘imitate the average’. As
Proposition 1 states, the mix of ‘best response’ and ‘imitate the average’ leads towards an aggregate
effort level that converges globally to the NE of the constituent CPR game. Thus, we can expect
that treatment ‘incomplete’ yield outcomes close to the NE through some mix of ‘best response’
and ‘imitate the average’. Furthermore, since the cognitive efforts to apply the ‘best response’ rule
are relatively higher than those needed to apply ‘imitate the average’, we can expect that on average
the latter is employed more frequently than the former."

Second, treatment ‘complete’ can be conducive to the use of the same rules discussed
above, plus ‘imitate the best’, and ‘follow the exemplary’ rules, since subject-specific performance
information from all subjects is provided. In this context, it is natural to postulate that subjects are
influenced to some extent by the experience of others when deciding their effort levels. Although
both imitation rules can be applied in treatment ‘complete’, ‘imitate the best’ can be used at
minimal decisions costs in comparison to ‘follow the exemplary’, since subjects receive the
information processed in such a way that the comparison of payoffs across subjects and the
identification of the associated effort levels are straightforward. Further arguments pointing to the
use of ‘imitate the best’, instead of ‘follow the exemplary’, are the potential preferences of players
to ‘beat the opponent’ or to ‘behave spitefully’ (see, e.g., Hamilton 1970, Levine 1998, and Bosch-
Domenech and Vriend 2003) and that agents are boundedly rational (see, e.g., Vega-Redondo
1997). As Propositions 2 and 3 showed, if all subjects follow ‘imitate the best’, the unique

13 Moreover, note from Proposition 1 that this is a necessary condition for convergence to the NE.
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stochastically stable state of the process is the OA outcome, and if all subjects use the ‘follow the
exemplary’ rule, the unique stochastically stable state of the process is the PE outcome.
Consequently, we can expect outcomes ranging from NE to OA in treatment ‘complete’.

Hence, given these conjectures, we formulate the following hypotheses:

Hypothesis 1 In treatment ‘complete’ the average aggregate effort level is systematically different
than the corresponding level in treatment ‘incomplete’.

Hypothesis 2 [n treatment ‘incomplete’ the average aggregate effort level systematically
approaches the NE outcome of the CPR game, while in treatment ‘complete’ the average aggregate
effort approaches some level between the NE and the OA outcomes, such level being systematically
different than these two outcomes.

It should be noted that Hypothesis 1 suggests that there is a systematic difference between
the experimental treatments at the average group effort level that cannot be predicted by standard
non-cooperative game theory arguments. Indeed, since the experimental game is a finitely repeated
one with complete and imperfect information, the unique subgame-perfect Nash equilibrium in both
treatments is the NE of the constituent CPR game played in each round. Thus, we postulate that,
unlike Apesteguia (2006), aggregate behavior is significantly different between both informational
treatments, whenever subject-specific performance information is at stake instead of payoff
structure information. Moreover, Hypothesis 2 is a refinement of Hypothesis 1, since it posits that
the average group effort level in treatment ‘incomplete’ is consistent with the NE, while the
corresponding effort level for treatment ‘complete’, although higher than the NE, is systematically
lower than the OA outcome. This follows since we expect that, in spite of the fact that ‘imitate the
best’ can be an important driver of behavior, subjects can also be influenced by ‘best response’ and
‘imitate the average’, and so a certain balance between the main states of attraction, namely NE and
OA outcomes, can be expected on average.

Hypothesis 1 and Hypothesis 2 were constructed from Propositions 1, 2 and 3, which are in
turn based on theoretical models at the individual level. Hence, we now formulate a hypothesis at
the individual level, consistent with Propositions 1, 2 and 3, regarding the explanatory power of the
learning and imitation rules considered in this work:

Hypothesis 3 In treatment ‘incomplete’ subjects on average mix ‘best response’ with ‘imitate the
average’, while in treatment ‘complete’ subjects on average mix these two rules with ‘imitate the
best’.

5 Experimental Results

We now turn to the experimental analysis of the postulated hypotheses. This section is organized as
follows: First, according to the qualitative hypotheses, we analyze the data at the aggregate level, in
order to assess how the different informational structures affect aggregate use behavior of the
resource. This will provide indirect evidence for the assessment of imitation in addition to
individual learning when information about others' experience is available. Nevertheless, a more
detailed study of the prediction performance of the different learning theories must be based on
analysis of the individual data. Henceforth, we formally study individual data by estimating a
random-effects model to take into account potential heterogeneity in the prediction power of
learning rules.

5.1 Aggregate Behavior Analysis
The average group effort levels for the 20 rounds in our experiments are presented in Figure 2. Here
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it can clearly be seen that the average group effort levels in treatment ‘complete’ are systematically
higher than those in treatment ‘incomplete’ in almost every round. Table 4 reports summary
statistics for aggregate behavior in both treatments, namely average aggregate effort, average
efficiency index, and average Gini coefficient over the entire experiment (20 rounds) and the last 10
rounds, and across all three groups (sessions) in each treatment. The corresponding standard
deviations across rounds are also reported. First, note that the average group effort in treatment
‘incomplete’ (Mean20) is below the NE outcome, while the corresponding effort considering the
last 10 rounds (Meanl0) is interestingly close. Second, note that in treatment ‘complete’ (Mean20
and Meanl0) the average aggregate effort is at a point somewhere between the NE and OA
outcomes.

[FIGURE 2 ABOUT HERE]

Moreover, Table 4 suggests that the average efficiency in treatment ‘complete’ (Effy20 and
Effy10) is lower than in treatment ‘incomplete’, which is remarkably close to the NE efficiency
when considering the last 10 rounds (Effy10). This result follows directly from the seemingly
higher average group effort in treatment ‘complete’. The latter suggests that when information
about individual efforts and payoffs is available to subjects, the resource is exploited at an aggregate
level higher than in treatment ‘incomplete’, thus yielding an even lower efficiency index.
Interestingly, the average Gini index seems to be higher in treatment ‘incomplete’ (Gini20 and
Ginil0) than in treatment ‘complete’, suggesting that in terms of efforts and payoffs, behavior is
more symmetric when subject-specific information is provided. These results suggest that imitation
of the best could significantly explain subjects’ behavior in treatment ‘complete’. We formalize our
findings below.

[TABLE 4 ABOUT HERE]

Regarding the aggregate analysis, it is customary in the experimental literature (see, e.g.,
Huck et al., 1999; and Apesteguia, 2006) to consider one observation per group (the average) in
order to obtain a sample of independent observations. In our setting, this procedure yields a sample
of only three observations per treatment. Hence, in order to obtain statistical significance, we
averaged observations across groups (sessions) by round for each treatment, yielding a time-series
sample of 20 observations per treatment. However, non-independence within samples is expected
given the theoretical discussion in Section 3. Consequently, to formalize the comparison between
treatments we applied the one-sample tests of the mean proposed by Zwiers and von Storch (1995),
which account for serial correlation and are well suited for small samples: (i) the likelihood-ratio
(henceforth LR) test under an AR(1) model, and (ii) the table-lookup (henceforth TL) test, which
offers protection against spurious reject decisions by superior small sample properties.'* These tests
were run, for each treatment, on data from the entire experiment (20 rounds) and the last 10 rounds.

Table 4 suggests that the mean group effort is higher when subject-specific performance
information is provided. According to (two-tailed) LR tests, the mean group average effort in
treatment ‘complete’ is significantly different than in treatment ‘incomplete’ at the 0.1% level for
the entire experiment and at the 5% level for the last 10 rounds. Moreover, the mean group average
effort in treatment ‘complete’ is higher than in treatment ‘incomplete’ since (one-sided) TL tests are
significant at the 1% level for the entire experiment, and almost at the 10% level for the last 10

' The Student’s ¢-test is commonly used with time-series data coming from experiments. However, it is well known that
the effect of the serial correlation in this test is to make comparisons of means liberal (i.e. the actual significance level is
smaller than the specified level). For details, see, e.g., Zwiers and von Storch (1995).

' From a statistical point of view paired tests are adequate in our context since the comparison between treatments is
based on common base times (i.e. rounds). Thus, we use the one-sample version of the LR and TL tests.
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rounds.'® Based on our findings, we can state that the provision of information about individual
efforts and payoffs of others significantly increases average group effort levels compared to the case
in which only the individual's own efforts and payoffs and group use levels are known to subjects.

The hypothesis stating that there is no significant difference between the mean group
average effort in treatment ‘incomplete’ and the group NE cannot be rejected at the 10% level for
the entire experiment, and remarkably, even at the 90% level for the last 10 rounds according to
(two-sided) LR tests. These results are supported by TL tests at the 20% level. Regarding treatment
‘complete’, as suggested by Table 4 one cannot reject the hypothesis that the mean group effort
equals the midpoint between the NE and OA outcomes according to (two-sided) LR tests, even at
the 60% level for the entire experiment and last 10 rounds. Again, these results are supported by
(two-sided) TL tests at the 20% level. Since the data was tested against theoretical benchmarks,
these findings complement those presented above and provide indirect evidence for the learning
theories used in developing the statements in Hypothesis 1 and Hypothesis 2 (in particular, for the
employment of ‘mixed learning’ in treatment ‘incomplete’, and along with ‘imitate the best’ rule in
treatment ‘complete’). Results for (two-sided) one-sample hypothesis testing of the PE, NE,
midpoint, and OA outcomes for the entire experiment are summarized in Table 5.

[TABLE 5 ABOUT HERE]

The statistical analysis presented above, which aims to develop inferences at the treatment
level, can be extended to the session level. Since sessions are independent, the three time-series per
treatment are also independent. Table 6 presents a summary of average group effort levels per
session. For the entire experiment, leaving aside session 1 (or alternatively session 6), it can be
noted that the average group effort point-estimates by session are lower in treatment ‘incomplete’
than in treatment ‘complete’. Likewise, the average group effort point-estimates for the last 10
rounds are systematically lower in treatment ‘incomplete’ compared with treatment ‘complete’.

[TABLE 6 ABOUT HERE]

Table 7 summarizes results for (two-sided) one-sample LR hypothesis testing of the PE,
NE, midpoint, and OA outcomes by session.'® Consider first the sample of 20 rounds. In treatment
‘incomplete’ the mean group effort equals the NE in sessions 1 and 2 at the 30% and 10% levels
respectively, while in session 3 differs at the 5% level. Regarding treatment ‘complete’, in session 4
the mean group equals the midpoint even at the 90% level, while in session 5 differs at the 5% level
but equals the OA outcome at the 70% level. Moreover, in session 6 there is insufficient evidence to
reject any of the theoretical benchmarks at standard levels. Taking into account the last 10 rounds,
the mean group effort equals the NE in each session of treatment ‘incomplete’ at least at the 30%
level. In treatment ‘complete’ the mean differs from the midpoint in session 4 at the 10% level but
not at the 5% level, while differs from the NE at the 2% level. This suggests that the mean group
effort in session 4 is closer to the midpoint benchmark. In session 6 the midpoint outcome cannot be
rejected even at the 90% level. Finally, there is no evidence to reject the NE, midpoint, nor the OA

'® More precisely, the ¢ statistic equals 2.32 and the (linearly interpolated) appropriate critical value for the TL tests equals
2.43 for a one-sided test conducted at the 10% significance level.

"7 The tests used here are based on the assumption of AR(1) processes. Skewness-kurtosis and Shapiro-Francia tests
support the hypothesis of Gaussian errors for the samples of 20 rounds (last 10 rounds) at the 70% level (80%), 90% level
(15%), and 45% level (50%) for the paired, ‘incomplete’, and ‘complete’ time-series respectively. The point-estimates of
the AR coefficients are -0.164, 0.305, and 0.193 (20 rounds) and -0.208, 0.004, and 0.186 (last 10 rounds) respectively.

'8 For simplicity, we report results only for the LR test. The Gaussian assumption cannot be rejected for sessions 1-5
according to skewness-kurtosis and Shapiro-Francia tests at least at the 35% level for the 20 rounds and last 10 rounds. In
session 6 the hypothesis is accepted (rejected) at the 10% (1%) level for the last 10 rounds (20 rounds). In this case the LR
test was conducted using robust standard errors. The AR coefficients are for the entire experiment (last 10 rounds) 0.325
(0.185), 0.543 (-0.052), 0.176 (0.179), -0.041 (-0.588), 0.061 (0.441), and 0.689 (-0.344) for sessions 1-6, respectively.
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outcomes at standard levels in session 5. By comparing the statistics in Table 7 at the group NE and
midpoint outcomes it can be noted that the results at the session level generically agree with those at
the treatment level. Moreover, they also suggest that within-session heterogeneity in mean group
effort levels could be significant (e.g., consider the results from session 5 for the last 10 rounds)."”

[TABLE 7 ABOUT HERE]

Consistent with the findings about the mean group effort levels at the treatment level, the
mean efficiency index differs between treatments since the (two-sided) LR statistic is significant at
the 0.1% and 5% levels for the entire experiment and last 10 rounds, respectively. Likewise, the
appropriate (one-tailed) TL statistic is significant at the 1% level for the 20 rounds, and almost at
the 10% level for the last 10 rounds.” Consequently, the detriment in economic efficiency because
of the higher level of exploitation in treatment ‘complete’ is substantial. In addition, efforts and
payoffs are more symmetric across subjects in treatment ‘complete’ since the (two-sided) LR test
for the mean difference in Gini coefficients is significant at the 1% level for the 20 and last 10
rounds, while the (one-sided) TL statistic is significant at the 1% and 5% levels for the 20 and last
10 rounds, respectively. These results together with those about the ordering of the mean average
group effort across treatments strongly suggest that apparently subjects tried to match the highest
efforts (note that in the CPR game the subject that sets the highest effort obtains the highest payoff
if the group effort is below the OA outcome) when the information needed to do so is available,
even if that behavior resulted in lower individual payoffs.”!

The main findings can be summarized in the following three statements:

Result 1 More information about individual efforts and profits of others yields higher average
aggregate effort levels, i.e., average aggregate effort levels are systematically lower in treatment
‘incomplete’ than in ‘complete’, which is consistent with Hypothesis 1.

Result 2 /n treatment ‘incomplete’ the average group effort level matches the NE, while in
treatment ‘complete’ the corresponding effort level matches the midpoint between the NE and OA
outcomes, which is consistent with Hypothesis 2.

Result 3 4 more equal distribution of efforts and payoffs arises when information about individual
efforts and profits of others is available, a finding that, in conjunction with Result 1 and Result 2,
suggests that subjects do imitate successful subjects to some extent.

The theoretical predictions for ‘imitate the best’ and ‘follow the exemplary’ learning rules
are based on the notion of stochastic stability, and hence, they are valid only for the long run. For an
experiment lasting 20 rounds, one should not attempt to observe a stochastically stable state, as
consistent by the findings of average Gini coefficients higher than zero in both treatments.”
Moreover, we found that the average aggregate effort in treatment ‘complete’ is significantly lower
than the OA outcome, suggesting that if subjects to some extent employ imitation of the successful

% 1t should be noted that comparisons at the treatment level consider the mean of group average effort levels, while at the
session level comparisons take into account the mean of group effort levels. Since we are interested in assessing the main
impact of subject-specific performance information, in this work we deal mostly with inferences about mean outcomes at
the treatment level.

% The critical value for a one-sided test at the 10% level equals 2.61, while the obtained r-statistic equals 2.32.

2! Both skewness-kurtosis and Shapiro-Francia tests support the assumption of Gaussian residuals for the efficiency paired
time-series and Gini index paired time-series at the 70% and 50% level respectively, for both the 20 rounds and last 10
rounds. The point-estimates of the AR coefficients for the efficiency time-series are -0.096 and -0.146, and for the Gini
index time-series are 0.287 and 0.132, for the 20 rounds and last 10 rounds respectively.

2 Formally, from (one-sided) TL tests the null hypothesis in which the mean Gini coefficient equals zero is rejected at the
1% level of statistical significance.
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subject, the latter may not be the only learning mechanism employed by subjects. However, at the
aggregate level, our findings qualitatively support the theoretical results for ‘imitate the best’, since
a change in the aggregate effort towards the OA outcome was found. Note that at the aggregate
level our results also support the theoretical predictions for the ‘mixed learning’ rule. Whether these
findings are valid at the individual level is a question that will be addressed in the following
subsection.

As can be expected after the discussion above, there have not been successful attempts to
establish the PE effort outcome in any group (session). In the 20 rounds for all sessions and
treatments, the group effort level was observed below the midpoint between the group NE and the
group PE outcomes in only five out of 120 rounds. For the 480 individual effort observations for all
sessions in a treatment, in treatment ‘incomplete’ 10.63% were less or equal the individual PE level,
while the corresponding percentage in treatment ‘complete’ was only 4.58%. The latter suggests
that cooperators were rapidly exploited by other subjects, discouraging any attempt to establish the
PE aggregate effort level.

This observation is summarized in the following result.

Result 4 Despite some attempts to reach the PE effort level, these were exploited by other subjects,
even in treatment ‘complete’ where the information required in order to play the ‘follow the
exemplary’ rule was readily provided.

Since experimental data on human subjects usually have an important noise component,
which is consistent with heterogeneous individuals whose presence is a common situation in the
experimental literature (Van Winden et al., 1998), Result 1, Result 2, and Result 3 are quite
remarkable. The analysis at the aggregate level indirectly provided interesting insights that to some
extent shed light on the explanatory performance of the proposed learning and imitation theories
used in the construction of Hypothesis 1 and Hypothesis 2. However, a closer analysis of the effort
decisions is needed to develop an explanation of why the provision of subject-specific performance
information yields higher aggregate resource extraction levels. This question is addressed by the
estimation of a regression model at the individual level.

5.2 Individual Behavior

Given that the target of inference is the population of subjects and the interest is in analyzing
potential subject heterogeneity in the employment of the learning rules, we estimated a random-
effects model for analyzing subjects’ effort adjustment decisions (see, e.g., Huck et al. 1999).

We define the adjustment predicted for subject i in round # by rule » as

yit,r = a;,r _x;_]’ (18)

where af,, denotes the effort level predicted for subject i in round ¢ by learning rule » which takes

values in {‘best response’, ‘imitate the average’, ‘imitate the best’, ‘follow the exemplary’}. Let
Y:, be the subject-mean for subject i by learning rule » across rounds,

20

Vv,

=— "9
ERNTY: Vi, (19)

The purpose of these definitions is clarified in what follows.
In general, in cross-sectional time-series (panel) data, there are two types of effects: (1)
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time-series, or within-subject effects, which measure the expected change in the response of subject
i, if some i’s covariate x is increased by 1; and (2) cross-sectional, or between effects, which
measures the expected difference between the responses of subjects i and j if they differ in some
covariate x by 1. Standard random-effects models assume that within and between effects are equal.
If this is true, these two effects can be pooled to obtain a more efficient common estimator.
However, the estimated within-effect may differ from the estimated between-effect due to omitted
subject-specific explanatory variables (for example, gender). In this case, the within-effect estimator
is inconsistent (see e.g., Skrondal and Rabe-Hesketh, 2004). To address this problem, we follow
Mundlak (1978), and include subject-means (19) in the model. This addition allows differences in
the estimators of within and between-effects, which ensure consistent estimation of within-effects,
but do not ensure consistent estimation of between-effects (see, e.g., Skrondal and Rabe-Hesketh,
2004). Nevertheless, following the experimental literature, we only concerned with the within-effect
estimations of the examined rules (see, e.g., Huck et al. 1999).” Therefore, when appropriate, we
set within and between-effects as equal, in order to get a more efficient estimator; otherwise we
allow for different effects. The specific procedure is resumed below.

Consider the following general level-1 model which accounts for different within and
between-effects of the covariates,

t -1 1 t - 2= 1 t — —
X; =X, =+ ﬁli(yi,BR = )ViBR )"' ﬁliyi,BR + /))Zi(yi,IA —Yiia )"' ﬁZiyi,IA

(20)
1 — 2— 1 — 2 —
+ 5 ()};,IB _yi,IB)+ /331'%,13 + By ()/:,FE = Vi FE )"' /J)4iyi7FE + gir’

where the intercept 3, and slopes /3’(,),. are subject-specific coefficients. The coefficient /3,1, of the

t
ir

mean-centered covariate (y fl.’r) and the coefficient /35 of the subject-mean y,, are the

within and between-effects of learning rule 7, respectively. The level-2 model, which accounts for
potential heterogeneity across subjects in the employment of learning rules, has the intercept and
coefficients of within-effects of covariates as responses,

Boi =Yoo + Cois /3)111' =71+ 8 ﬁzlz =¥y + 8o /5311 =73 +&;;,and ﬁii = Y4+ 8 (21)

where the disturbances § () have a multivariate normal distribution with zero mean and covariance
matrix 1 given the covariates, and 8l.t is a normally distributed residual term with zero mean and
subject-heteroskedastic variance .. The coefficients which were determined separately for each
treatment are the Y., -Ys3» Yas a0d B, Bai. Bi, Bi . along with the elements of the

covariance matrix 1 and the subject-heteroskedastic variances 6, .

Different within and between-effects were assumed in (20) since Hausman tests indicated
misspecification of the standard random-effects models® (p-value <0.000). Therefore, following
Mundlak (1978) we assumed equal within and between-effects for learning rules whose within and
between-effects were equal at the 10% level in (20). Given this yardstick, we allowed different
effects for ‘best response’ and ‘imitate the average’ in treatment ‘incomplete’; and for ‘imitate the
average’, ‘imitate the best’, and ‘follow the exemplary’ in treatment ‘complete’; in the latter

3 Huck et al. (1999) performed a regression at the individual level including subject dummies for intercepts and slopes to
control for individual differences in learning behavior. Thus, their formulation is a fixed-effects model that provides
estimates for within-subject effects of covariates.

# Note that the standard random-effects model results from letting /J)llr = [J’lzr for all rules r in (20).
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. L 1 2 :
treatment we imposed the restriction 3, = fB,; for the ‘best response’ rule. Moreover, a variance-

inflation factor (henceforth VIF) and condition number (henceforth CN) analysis revealed
multicollinearity problems in treatment ‘complete’, due to high correlations among subject-means.”
Since these variables are of no interest for our purposes beyond having a correctly specified model,
we removed the subject-means of ‘imitate the best’ and ‘follow the exemplary’ by setting

/332,. = /542i =0.% After allowing different within and between-effects for the appropriate learning
rules, Hausman tests were no longer significant even at the 90% level.
In treatment ‘incomplete’ we imposed the restriction fB; = Bi = B, = Bi =0 since

subjects had no information to ‘imitate the best’ or ‘follow the exemplary’. Indeed, after estimating
(20-21) including these covariates, we found that they were not significant at any standard statistical
levels. Besides, in treatment ‘complete’ we found some degree of collinearity between the mean-
centered covariates ‘imitate the average’ and ‘following the exemplary’. Nevertheless, the mean
VIF and CN were not large enough to be of concern.”’ Hence, we kept both covariates in order to
avoid potential specification errors.”

We estimated the full model by maximum-likelihood® and progressively obtained a more
compact model regarding the random-effects through LR tests.® The random-slope variance was
not significant for ‘best response’ at the 15% level in treatment ‘incomplete’ and even at the 40%
level in treatment ‘complete’. It was also not significant for ‘imitate the best’ at the 10% level and
for ‘follow the exemplary’ at the 40% level. Moreover, the random-intercept variance in both
treatments was not significant, even at the 40% level. Nevertheless, the random-slope for ‘imitate
the average’ was highly significant in both treatments (p-value <0.000 versus an ordinary linear-
regression model with subject-heteroskedastic residuals). For the sake of simplicity, we present only
the estimated coefficients for this reduced model, which are summarized in Table 8.’

[TABLE 8§ ABOUT HERE]

The coefficients (within-effects) yield an indication of the relative importance of the
learning rules in explaining subjects’ adjustments. In treatment ‘incomplete’ the ‘imitate the
average’ and ‘best response’ rules emerge as important variables. All within-effects have the
expected sign. Interestingly, ‘imitate the average’ seems to be employed on average more
frequently by subjects since (one-tailed) Wald tests indicates that the null hypothesis, in which both
coefficients are equal is rejected, at any standard significance level (p-value <0.000). Since the
same information is needed to apply these rules, this finding may be explained by the differential in

» The VIF’s of the subject-means were 18.94, 23.57, and 11.76, yielding a mean VIF of 9.74. The CN was 21.74, which
is quite high (a common rule of thumb is that multicollinearity is of concern if the mean VIF and CN are equal or greater
than 10 and 15 respectively). Pearson correlations among subject-means were above 0.90.

% After removing these covariates the mean VIF and CN fell to 2.78 and 4.77 respectively. Alternatively, we could have
removed any other pair of subject-means. The results of the estimation appear almost the same.

77 See footnote 25. The VIF’s of the mean-centered covariates for ‘imitate the average’ and ‘follow the exemplary’ are
equal to 4.92 and 4.63 respectively. The Pearson correlation of these variables equals 0.88.

8 Nevertheless, the results remain almost the same after removing the mean-centered ‘follow the exemplary’, except that
the coefficient of ‘imitate the average’ (mean-centered) drops to 0.580, as expected from results in Table 8.

% The model was estimated using GLLAMM (see Skrondal and Rabe-Hesketh, 2004).

3 Here the “naive” p-values are already corrected by division by two (see, e.g., Skrondal and Rabe-Hesketh 2004).

3! In both treatments subject-heteroskedastic level-1 variance (whose estimates are omitted for simplicity) was significant
according to LR tests (p-value <0.000). Both skewness-kurtosis and Shapiro-Francia statistics are significant at the 5%
level in treatment ‘incomplete’, while almost at 10% and 5% respectively in treatment ‘complete’. Hence, we use robust
standard errors based on the Huber-White (sandwich) estimator. Cross-sectional dependence was not significant even at
10% and 20% in treatments ‘incomplete’ and ‘complete’ according to Pesaran’s and Friedman’s statistics (De Hoyos and
Sarafidis, 2006). Serial correlation was not significant even at 70% and 20% levels in treatments ‘incomplete’ and
‘complete’ according to the Wooldridge test.
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cognitive efforts.” Thus, subjects on average adjust efforts mixedly as best response learners who
are driven by absolute payoffs and as imitators of what others do. These findings provide support to
the mixed-learning process that converges theoretically to the NE as stated in Proposition 1, and is
consistent with Result 2 of the aggregate behavior analysis.

In treatment ‘complete’ the ‘best response’, ‘imitate the average’ and ‘imitate the best’
learning rules are significant at any standard levels (p-value <0.000), while the ‘following the
exemplary’ rule is significant at the 5% level.”” Regarding the importance of explaining subjects’
adjustments, (one-tailed) Wald tests indicate that the within-effect of ‘imitate the average’ is
significantly higher than the corresponding effect of ‘imitate the best’, at any standard levels (p-
value <0.000) while the within-effect of ‘imitate the best’ is higher than the effect of ‘best response’
at the 2% level. As in treatment ‘incomplete’, this may be explained by the difference in cognitive
efforts needed to apply these learning rules. Although the estimated coefficient of ‘following the
exemplary’ is considerably less significant than the other within-effects, its negative value may
provide evidence that adjustment is on average against the rule.

Consequently, in treatment ‘complete’ subjects on average seem to complement imitation of
the average and belief learning with imitation of the subject that obtained the highest payoffs when
deciding adjustments. Hence, regarding the ‘imitate the best’ component, there are two basic
alternative explanations for our findings: (1) that subjects do imitate on average the most successful
one when information to do so is available, and (2) that subjects adjust, trying to maximize relative
instead of absolute payoffs, which can also be interpreted as spiteful behavior.** Either way, since
on average the explanatory power of ‘imitate the best’ is higher than that of ‘best response’, it is
expected an average aggregate effort from NE towards the OA outcome, consistent with Result 1
and Result 2. Moreover, since in ‘imitate the best’ subjects mimic the same pattern of behavior, a
lower average Gini coefficient is expected to emerge, consistently with Result 3.

We summarize our main findings in the following statements:

Result 5 The mixed-learning process significantly explains subjects’ adjustments on average in
treatments ‘incomplete’ and ‘complete’. Moreover, the ‘imitate the average’ learning rule provides
the highest explanatory power on average for effort adjustments in both treatments.

Result 6 The ‘imitate the best’ rule significantly explains subjects' adjustments on average in
addition to the mixed-learning process in treatment ‘complete’, suggesting that subjects on average
complement mixed-learning with imitation when subject-specific information is provided, which is
consistent with Hypothesis 3.

Including other covariates in (20) did not add any explanatory power to our model. We
included an adapted version of ‘fictitious play’ (see, e.g., Fudenberg and Levine 1999), in which
subjects play a best response to the average of aggregate efforts of others across previous rounds,
but it was not significant at any standard levels in both treatments. Round dummies (two-way fixed
effects) were jointly not significant according to Wald tests in both treatments at the 10% level. The
modeling of round-heteroskedastic residuals did not prove successful according to LR tests, even at
the 20% level, which seems reasonable since our experiments lasted only 20 rounds. It should also
be noted that, as shown in Section 3, the pure ‘imitate the average’ process theoretically converges

32 Unlike other related studies (e.g. Huck et al. 1999 and 2002) subjects in our experiments did not have a calculator
available to help them determine the best response against the aggregate effort of the remaining players. Of course,
subjects had all the information for making the calculations themselves. In this way, our experiment is similar to treatment
Q in Offerman et al. (2002).

¥ Regarding the collinearity between ‘imitate the average’ and ‘following the exemplary’, the point-estimated sum of
coefficients equals 0.570 and is significant at any standard values (p-value <0.000).

¥ 1t can be shown that if all subjects maximize relative payoffs, then the OA profile x° = (18,..., 18) is a NE of the game
G. For a proof in the context of Cournot oligopoly see, e.g., Doménesh and Vriend (2003).
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to the average of all initial efforts. Since a difference between the distribution of initial efforts
across treatments may interfere with the findings above (for example, if subjects started choosing
effort levels closer to the open access outcome in treatment ‘complete’) we formally tested the
equality of the distribution of initial efforts. According to Mann-Whitney U tests, the null
hypothesis in which both distributions are equal cannot be rejected even at the 70% level. Hence,
the difference between average group effort levels, efficiency levels, and Gini coefficients across
treatments cannot be explained by differences in the distribution of initial efforts.

Two contrasting hypotheses are consistent with the finding of significant coefficients for
‘imitate the average’ and ‘best response’ learning rules in treatment ‘incomplete’, and for these
rules and ‘imitate the best’ in treatment ‘complete’; namely that either a// subjects in each treatment
strictly mix the learning rules (e.g., a mix of ‘imitate the best’ and ‘best response’ in treatment
‘incomplete’), or that some agents purely adopt some learning rules instead of others when deciding
their effort adjustments (e.g., some subjects purely ‘imitate the average’ and others are purely belief
learners). In what follows we address this question formally by examining the estimated random
part of (20-21).

Table 8 indicates that according to LR tests, the variance slope (expressed as standard
deviation) for ‘imitate the average’ is significant at standard levels (p-value <0.000) in both
treatments. This suggests that there is a population of heterogeneous ‘imitators of the average’, thus
yielding a heterogeneous mixed-process learning across subjects. To interpret this result, note that it
is (roughly) expected that 95% of subject slopes for ‘imitate the average’ lies in the range of 0.024
to 0.953 in treatment ‘incomplete’ and in the range of 0.053 to 1.237 in treatment ‘complete’.”
These ranges are fairly wide, indicating that such heterogeneity has practical significance. While it
seems that subjects strongly differ in the adoption of ‘imitate the average’, the employment of the
other learning rules seems to be homogeneous across subjects, since the slope variances for these
rules, as stated before, are not significant, even at the 10% level. The relevant interpretation is that
all subjects are tempted to mimic the most successful subject to the same degree when subject-
specific performance information is available, yielding higher levels of exploitation resource that
emerge when this information is not available.

These findings are summarized in the following statement.

Result 7 In both treatments the experimental data suggest that subjects significantly differ in the
way they ‘imitate the average’, while in treatment ‘complete’ they seem to be homogeneously
influenced by ‘imitate the best’, suggesting that their learning modes are equally sensitive to the
information about others’ performances.

Finally, even if all three examined learning and imitation theories in Table 8 have some
predictive power in explaining effort decisions, subjects adjust on average only incompletely. None
of the basic theoretical learning and imitation rules discussed in this work are able to explain the
observed effort adjustments by themselves, thus revealing the richness and complexity of the
learning process. Moreover, note that while in treatment ‘incomplete’ the intercept is not significant
at any standard level, in treatment ‘complete’ the estimated intercept is positive, significant at the
1% level, and very substantial. This indicates that there are omitted factors other than the basic
learning rules that explain adjustments toward higher effort levels. Nevertheless, our experimental
findings strongly suggest that a simple and plausible (but incomplete) explanation for the
significantly higher average aggregate effort levels in treatment ‘complete’ other than NE is that
subjects imitate the successful subject even if individual, absolute payoffs are reduced in the long
run by doing so.

% These ranges are obtained from the calculation 0.489x1.96x0.237 in treatment ‘incomplete’ and from

0.645 +1.96 x 0.302 in treatment ‘complete’.
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6 Concluding Remarks

In a series of experiments we investigated the behavioral consequences of the provision of
subject-specific performance information in the context of a CPR game. We ran two treatments, one
with ‘incomplete’ information and another with ‘complete’ information. In the former, subjects
were informed only about the aggregate extraction effort level of the group, and in the latter they
were also informed about the individual effort levels and payoffs of each subject. At the aggregate
level, in the ‘incomplete’ information treatment we found that group exploitation efforts equal the
aggregate NE of the constituent CPR game, thus yielding an inefficient use of the resource from the
group perspective, while in the ‘complete’ information treatment we found an even greater
overexploitation level. Our results are in stark contrast and complement those reported in the
experimental work of Apesteguia (2006) regarding the effects of the provision of information about
the payoff structure of the CPR game, since the results of his work show that aggregate behavior is
not significantly different between the two treatments, converging in both cases to the NE effort
level.

In order to motivate our hypotheses and explain our experimental results at the individual
level, we make use of the theory of learning in games, which goes beyond standard non-cooperative
game theory, allowing us to explore the three basic benchmarks in the commons context: NE, PE,
and OA optimum outcomes. We use several learning and imitation theoretical models, which are
based on contrasting assumptions about the level of rationality and the information available to
subjects, namely: ‘best response’, ‘imitate the average’, mix of ‘best response’ and ‘imitate the
average’, ‘imitate the best’ and ‘follow the exemplary’ learning rules.

According to our findings, learning emerges as a composite process in which different
components coexist. In treatment ‘incomplete’ best response dynamics and imitation of the average
rules seem to be important drivers of subjects’ behavior, which is consistent with a finding of an
average group effort level close to NE. By contrast, subjects in treatment ‘complete’, in addition to
the mentioned learning and imitate rules, tend also to mimic the most successful behavior. This kind
of behavior resembles a preference of subjects to ‘beat the opponent’, or alternatively it can imply
that agents are boundedly rational. Either way, this behavior yields outcomes from the NE towards
the OA outcome, consistently with our experimental results, so it provides a reasonable explanation
for the higher average group effort levels in treatment ‘complete’. We also found some evidence
that subjects adjust efforts against ‘follow the exemplary’, and thus against reaching more
cooperative outcomes. Moreover, the results of the random-effects model suggest that subjects are
heterogeneous in the sense that they differ in the way their effort levels are explained by imitation
of the average aggregate effort of others. However, the impact of the provision of subject-specific
information on the learning mode employed by subjects is homogeneous, that is, all subjects are
influenced by imitation of the most successful subject in the same degree when the information to
do so is available. This is an interesting result that deserves more attention in future experimental
research.

Finally, in contrast to Apesteguia’s basic result, it can be inferred from our results that the
provision of information, in this case subject-specific performance information, at the individual
level does make a difference and can indeed worsen the tragedy of the commons.
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1. Table 1: Summary of Experimental Design

Treatment Baseline Information Additional Information

INCOMPLETE Hwi,u,X -

COMPLETE Hw;,u,X X_i, U

Note: information concerns the last round. Subscript —i denotes all other subjects.

Table 2: Benchmarks for the Constituent CPR Game

Benchmarks | x; X U; u £
Pareto efficient | 9 72 115.5 924 100
Nash equilbrum| 16 128 91 728 39.5
Open access 18 144 75 600 O

Note: the efficiency index is expressed in percents.

Table 3: Summary of Learning and Imitation Rules

Learning & Imitation Rules Required Information Prediction (x;, X)
Best Response & Imitate Average X_;, BR; (16,128)
Imitate the Best X_ i, U_j (18,144)
Follow the Exemplary X (9,72)

Note: information concerns the last round. Subscript —i denotes all other subjects.

Table 4: Summary of Group Statistics By Treatment

Treatment | Mean20 Meanl0 Effy20 Effyl0 Gini20 Ginil0
INCOMPLETE | 123.55 127.80 0.448 0.370 0.207 0.213
(14.36) (12.51) (0.28) (0.25) (0.06) (0.06)
COMPLETE | 13498 13720 0.169 0.152 0.119 0.133
(18.56) (12.21) (0.44) (0.32) (0.05) (0.04)

Note: Standard deviations in parentheses.




Table 5: One-sample Tests for Theoretical Benchmarks (two-tailed), 20 rounds

Treatment Incomplete Complete

Null hypothesis Table-lookup’s ¢ Likelihood-ratio | Table-lookup’s ¢ Likelihood-ratio
Social optimum 25.24%H* 11.33%#* 34.76%** 13.71%***

Nash equilibrium | -2.18 2.55 3.85% 5.23%*
Midpoint -6.10%** 7.54%** -0.56 0.25

Open access -10.01%*(+) 9.52%** -4.98%* 7.0 7FE

Note: *, **, *** denotes significance at the 10%, 5%, and 1% level, respectively. (+) significant at 2% level

Table 6: Summary of Group Effort Decisions by Session

Treatment Incomplete Complete

Session 1 2 3 4 5 6

Complete experiment 131.95 118.85 119.85 136.25 145.2 123.5
(12.49) (13.83) (13.45) (11.75) (17.26) (19.59)

Last 10 rounds 132.50 128.3 122.6 133.5 141.6 136.5
(10.92) (8.38) (16.13) (10.62) (15.92) (8.76)

Note: Standard deviations in parentheses.

Table 7: One-sample LR Tests for Theoretical Benchmarks by Session (two-tailed)

Treatment Incomplete Complete

Session 1 2 3 4 5 6
Null hypothesis | Complete experiment (sample size 20)

Social optimum | 10.62*** ¢ 75%** 11.68**% | 16.16***  13.63*** 222
Nash equilibrium | 0.82 2.26 4.08** 5.96%*(+)  7.73%** 0.30
Midpoint 1.22 4.31%* 8. 15%** 0.01 3.86%* 0.89
Open access 5.36%* 5.52%%(+)  10.18*** | 6.17**(+) 0.10 1.44
Null hypothesis | Last 10 rounds (sample size 10)

Social optimum | 6.17%*(+)  11.34%**  6.44%*(+) | 19.56***  3.04%%* 14.96%**
Nash equilibrium | 0.35 0.01 0.97 6.17%*(+) 0.44 7.81%%*
Midpoint 1.10 4.67%* 3.40%* 3.23% 0.00 0.01
Open access 3.96%* 7.70%%* 5.00%* 11.63***  0.60 6.50%*(+)

Note: *, **, *** denotes significance at the 10%, 5%, and 1% level, respectively. (+) significant at 2% level.



Table 8: Maximum Likelihood Estimates for Experimental Data, Robust Standard

Errors

Treatment INCOMPLETE COMPLETE
Parameter Coeflicient Std. Error | Coefficient Std. Error
Fixed part
¥11 [response] 0.159%**  (0.024) | 0.058***  (0.007)
¥22 [average] 0.489***  (0.062) | 0.645***  (0.087)
733 [best] NE NE 0.128***  (0.031)
¥44 [exemplary] NE NE -0.075%*  (0.038)
Yoo [cons] 0.030 (0.077) | 0.310***  (0.025)

1 [mnresponse] | 0.018 (0.021) NE NE
B3, [mnaverage] | -0.041**  (0.018) |-0.056*** (0.021)
Random part
JV 2 [average] | 0.237%** 0.302%**
Observations 456 456
# Subjects 24 24
Obs per Subject 19 19
Log-likelihood -1179.426 -1151.941

Note: *, ** *** denotes significance at the 10%, 5%, and 1% level, resp.



