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Many common pool resources (CPRs) have tipping points—stock levels below which the 
resource is permanently damaged or destroyed—but the specific levels at which these 
thresholds are crossed are rarely known with certainty. We model a CPR in which 
uncertainty simultaneously creates a Prisoner’s Dilemma and a Coordination Game. This 
model highlights a novel mechanism through which uncertainty incentivizes the overuse 
of a CPR. In the model, two Nash Equilibria exist, both of which lead to a Tragedy of the 
Commons, but one is an inferior solution because it leads to assured resource destruction. 
We use a single-period laboratory experiment to investigate the effects of uncertain tipping 
points on constituents’ resource extraction decisions. Experimental results suggest that 
uncertainty reduces coordination in this type of CPR setting and increases the likelihood of 
resource destruction. We also find that tax and fine policies reduce consumption rates and 
prevent resource destruction.

© 2017 Elsevier Inc. All rights reserved.

1. Introduction

Allocating scarce natural resources in the absence of clearly defined property rights can be a contentious and complicated 
process, particularly when those resources are depletable or destructible. Consequently, common pool resources (CPRs) 
are a well-documented source of both political turmoil (Adams et al., 2003) and economic inefficiency (Gordon, 1954;
Hardin, 1968). While traditional conceptualizations of CPRs create inefficiency by incentivizing marginal overextraction and 
rent dissipation, there is another feature that complicates the incentive structure of resource consumers. Specifically, many 
natural resources also have tipping points—stock levels at which the resource is permanently damaged or destroyed—that 
lead to severe personal or communal losses when they are exceeded. The specific locations of these thresholds are rarely 
known with certainty. For example, fishermen and scientists may agree that sufficiently depleting fish stocks will cause 
a fishery to collapse, but the exact level at which the population crashes is largely unknown (Botsford et al., 1997). This 
paper extends the existing literature on CPRs by developing a theoretical model of resource extraction when individuals 
share a CPR with an uncertain threshold. Natural experiments with exogenously determined threshold uncertainty shocks 
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and policies rarely exist. Because of this, and consistent with previous investigations (Ostrom, 2006), we use a laboratory 
experiment to examine the impact of uncertainty on consumption decisions.

A theoretical model highlights the existence of two Nash Equilibria in these settings: one in which marginal overcon-
sumption dissipates rents and threatens resource stocks, and one in which individuals behave as if the resource will be 
destroyed with certainty because they anticipate others doing the same. Thus, individuals make one decision if they believe 
the resource will likely survive and a different decision if they believe it will be destroyed. For example, fishermen may har-
vest at levels that keep a fish stock healthy, even if the stock is below the level of maximum economic yield. This strategy 
reflects some amount of rent dissipation or risk of resource collapse since the stock is marginally overfished. However, as 
uncertainty—in both the ecosystem and the consumption rates of others—increases, fishermen may be more likely to catch 
as much as possible because they anticipate that fishery collapse is inevitable.

For clarity, we refer to the first Nash Equilibrium (NE) as the partially defect NE—where defect refers to a deviation from 
the socially optimal solution and partially refers to the fact that the resource may survive. The second NE will be referred 
to as the fully defect NE, because individuals do not choose the socially optimal outcome nor do they coordinate on the 
partially defect NE, and thus, end up with a lower expected payoff because the resource is destroyed with certainty. Note 
that both NE are inferior to the socially optimal levels of resource extraction, which will be referred to as the SOR solution. 
The presence of both NE captures an important feature of many CPR systems that has not been given significant attention 
in the literature.

CPR settings have traditionally been characterized as having two main features: 1) the payoff to each individual acting in 
her self-interest is higher than the payoff for acting in the interest of the group, and 2) all individuals receive a lower payoff 
when everyone acts in their own self-interest (Dawes, 1980). The model used in this experiment is consistent with Dawes’s 
definition, but it distinguishes between two underlying causes of overextraction: 1) the classic Prisoner’s Dilemma in which 
marginal overextraction occurs because individuals do not account for the external costs imposed on others (partially defect 
NE), and 2) a deliberate exhaustion in which a coordination problem can lead to a suboptimal NE and resource collapse 
(fully defect NE).

Experimental studies have found that uncertainty increases the instances of collective action failures in many contexts 
(Wit et al., 2004; McBride, 2010; Anderies et al., 2013; Aflaki, 2013), including the standard rent dissipation problem (Walker 
et al., 1990), probabilistic degradation or destruction (Blanco et al., 2015; Walker and Gardner, 1992), nonpoint source 
pollution (Poe et al., 2004), varying degrees of externalities (Suter et al., 2012), and unknown thresholds or tipping points 
(Budescu et al., 1990). While many of these studies conclude that increased uncertainty leads to overconsumption (Biel and 
Gärling, 1995; Gärling et al., 1998; Rapoport et al., 1992), they do not capture a key feature of many CPR settings—the 
existence of two distinct NE: one in which the resource survives and one in which it is destroyed. Notable exceptions are 
Barrett and Dannenberg (2012) and Dannenberg et al. (2015), who investigate constituents’ contribution decisions in the 
context of public good provision under threshold uncertainty. Their model is particularly relevant to our setup because it 
creates a similar incentive structure in which both an inferior NE and superior NE exist, but neither equilibrium is located at 
the socially optimal solution. They conclude that public good contributions decrease with uncertainty, which increases the 
likelihood of ending up at the inferior NE. While their modeling framework is related to ours, previous research suggests 
that both the framing of a social dilemma as a CPR or Public Good (or in some other form) and the framing of the actual 
decision (e.g., as contribution, taking, etc.) may have implications for participants’ decisions (see, for example, Van Dijk and 
Wilke, 2000; Apesteguia and Maier-Rigaud, 2006; Cherry et al., 2013a, 2013b).

To better understand the underlying social dilemma associated with real-world renewable CPRs, we investigate not only 
the effect of uncertainty on how much individuals choose to extract, but also its impact on which NE individuals choose: 
the partially defect NE or the fully defect NE. To accomplish this task, we develop a CPR model featuring both NE and generate 
data from a laboratory experiment to answer the following questions:

1) Does threshold uncertainty incentivize overextraction of a CPR relative to the SOR solution?
2) If uncertainty incentivizes overextraction, is it driven by marginal overuse, an increase in the probability that individuals 

choose to fully defect, or both?
3) How effective are tax and fine policies at improving efficiency in a CPR setting with threshold uncertainty?

Our experiment systematically manipulates the magnitude of threshold uncertainty in the context of a CPR and tests 
how these changes affect individual and group consumption decisions. As part of the experiment, individuals are randomly 
assigned heterogeneous payoff and damage functions, placed in four-person groups, and tasked with requesting tokens from 
a group account. If the sum of the group’s consumption is greater than the number of tokens available, each player suffers 
a substantial loss. Their consumption decisions are observed under three levels of uncertainty (certainty, low uncertainty, 
and high uncertainty) and three policy settings (no regulation, excise taxes, and a fine).

Our results are consistent with previous findings that increased threshold uncertainty leads to increased consumption, 
but our contribution is to demonstrate that this phenomenon can occur because some individuals give up on preserving the 
resource entirely (i.e., choose the fully defect NE). We find that, ceteris paribus, threshold uncertainty has little effect on the 
request rates of individuals who act as if the resource will not be destroyed with certainty; however, it significantly increases 
the probability that individuals choose the fully defect NE and destroy the resource with certainty. This finding suggests that 
a key reason for overextraction in the presence of uncertainty may not be the omission of external costs in the individual’s 
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extraction decision, but rather a discrete shift in which each resource user defects from the better equilibrium to minimize 
the possible damage to herself caused by the myopic decisions of others. Our results suggest that accurately identifying 
resource tipping points can significantly reduce the chances that individuals deliberately exhaust a resource, and that when 
such scientific knowledge is unavailable, it may be valuable to introduce policies that discourage defecting.

We also consider the effectiveness of an excise tax and a lump-sum fine. While both significantly increase economic 
efficiency in the experiment, the tax proves to be more effective. We attribute this to the underlying mechanisms through 
which the policies affect behavior. Both the tax and fine increase the expected marginal cost of resource extraction; however, 
only the tax can eliminate the fully defect NE. With the fine in place individuals who believe resource destruction is certain 
still have the incentive to ignore the impact of their consumption on others and extract as much as possible.

This paper is composed of five sections. The next section provides context and outlines our theoretical model, Section 3
details the experiment, Section 4 reports our results, and Section 5 concludes.

2. CPR model and predictions

Our model is an extension of work first proposed in the 1980s; Messick et al. (1988) developed a simplified setup to 
investigate the inefficiencies created by social and threshold uncertainty in a CPR setting. This model was further developed 
in Budescu et al. (1990, 1995), and Aflaki (2013). While their experiments provide insights into the nature of uncertainty 
in a CPR, their setup eliminates the motivation of individuals to request a positive amount if they expect a threshold to 
be exceeded (fully defect NE), because the payoff for requesting zero and the payoff for requesting as much as possible are 
equivalent. Thus, their model creates a Coordination Game in which once a solution is reached, no single player has an 
incentive to marginally extract more. More recently, Botelho et al. (2014) used a similar setup in a dynamic setting and 
found that increased levels of uncertainty may lead to quicker depletion of a resource stock, but players may also adopt 
strategy paths that guarantee the threshold will not be exceeded.

Our setup uses a single-period model but allows for choices similar to those of the dynamic game. Using a single-period 
game allows for more observations, and can be a tool when time and money constraints are binding. Moreover, a single-
period model reduces complexity for experiment participants and makes analysis more tractable—many dynamic games 
have an infinite (or very large) number of NE.

In our experiment, constituents make a single extraction decision. Two symmetric NE exist, one in which individuals 
partially defect from the SOR solution and one in which they fully defect and destroy the resource with certainty. The decision 
to partially defect from the SOR solution is akin to the defect strategy in a Prisoner’s Dilemma, whereas the choice between 
partially and fully defecting is one of coordination. An in-depth discussion of our model and its solutions is presented below.

2.1. Basic setup

We use a single-period, non-cooperative, n-person model similar to the one developed by Budescu et al. (1990, 1995). 
We build upon their model in three significant ways in order to capture key features of many CPR settings: we 1) in-
troduce a lump-sum damage amount to reflect resource collapse, 2) incorporate decreasing marginal returns to individual 
payoff functions, and 3) utilize a two-step optimization framework to analyze individual behavior. These modifications cre-
ate significant changes in the incentive structure of resource constituents and provide insight into the possible motivations 
underlying overconsumption decisions in a CPR setting.

Each individual j ( j = 1, 2, . . . , n) requests a specific number of tokens and receives a payoff based on the amount 
they request as well as the actions of others. Individual j receives b j(r j) dollars for requesting r j tokens. For the general 
theoretical model, we assume that b j(r j) is twice differentiable and concave. If the total group request exceeds the threshold 
of available tokens, an individual’s total payoff is reduced by D j . The total number of tokens requested by the group is 
denoted R = ∑n

j=1 r j , while the total number of tokens requested by other individuals is R− j = R − r j . The threshold under 
which the group must stay in order to avoid incurring the lump-sum damage is a random variable ( X̃ ), uniformly distributed 
between a lower (α) and upper (β) bound.

Each individual’s total payoff function is therefore:

π j(r j; R− j) =
{

b j(r j) if R ≤ X

b j(r j) − D j if R > X
(1)

where X , absent the tilde, denotes a particular realization of the threshold.

2.2. Individual’s decision problem

We assume that each of the n individuals maximizes her total expected payoff given uncertainty about the threshold 
and assuming the actions of others are exogenous. Note, however, that because of the piecewise nature of the uniform 
distribution function, the expected payoff function is kinked across three segments, or
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E
[
π j(r j; R− j)

] =
⎧⎨
⎩

b j(r j) if r j ≤ α − R− j

b j(r j) − D j(R− j+r j−α)

β−α if α − R− j < r j < β − R− j

b j(r j) − D j if r j ≥ β − R− j

(2)

Similar to Hanemann (1984) we take advantage of this discontinuity and model the individual’s choice of r j utilizing a 
two-stage maximization framework. In the first stage, we consider the optimal request of each individual, conditional on 
being constrained to one of three subsets of possible requests:

Pk=1 = {r j ∈R
+ : r j ≤ α − R− j}

Pk=2 = {r j ∈R
+ : α < r j + R− j < β}

Pk=3 = {r j ∈R
+ : r j ≥ β − R− j}

(3)

For expositional purposes we refer to Pk=1 as the “safe zone,” Pk=2 as the “uncertain zone,” and Pk=3 as the “destruction 
zone.”

In the second stage, we consider each individual’s “discrete choice” of which “zone” is optimal for them to select. This 
two-stage approach allows us to distinguish between the underlying motivations of resource constituents. Specifically, it 
allows us to separately identify the standard overconsumption problem from one created by individuals’ strategic behavior 
to exhaust the resource.

Along these lines, the individual’s first-stage optimal request level, conditional on being restricted to subset Pk , is the 
solution to the following problem:

max
r j

E
[
π j(r j; R− j)

]
s.t. r j ∈ Pk (4)

Let r j,k denote the optimal request conditional on being restricted to subset Pk . A solution exists for all Pk that are 
not empty. For k = 1, the solution is characterized by setting the marginal benefit of an additional unit equal to zero, 
b′

j(r j,k=1; R− j) = 0, if there exists an r j ∈ P1 that satisfies that condition, otherwise r j,k=1 = α − R− j . For k = 2, the 

solution is characterized by b′
j(r j,k=2; R− j) = D j

β−α if such an r j,k=2 exists.1 For k = 3, the solution is characterized by 
b′

j(r j,k=3; R− j) = 0.
The second stage of the optimization problem for each individual involves deciding which zone to choose. Denote 

π j,k(R− j) as the maximum level of profit the individual can achieve conditional on the requests of others and being re-
stricted to subset Pk; then, the individual’s second-stage problem can be written as:

max
γ j,k

∑
k

γ j,kπ j,k(R− j) (5)

where γ j,k ∈ {0, 1} and 
∑

k γ j,k = 1.2 γ j,k represents the discrete choice made by each individual.
The solution to this problem is a set of γ j,k̃ such that:

γ j,k̃ =
{

1 if π j,k̃(R− j) ≥ π j,k(R− j) ∀k �= k̃

0 otherwise
(6)

A NE exists if every player cannot improve their payoff unilaterally by changing r j or γ j,k̃ . The model is parameterized for 
the experiment such that two such NE exist in each uncertainty (and certainty) treatment.

2.3. Social planner’s decision problem

The social planner’s problem is similar to the individual’s problem in that she faces the same threshold uncertainty, 
represented by X̃ ∼ U (α, β). In calculating her solution, however, she accounts for the total damage incurred by the group, 
while the individual is only concerned with the damage she incurs. Thus, the social planner’s problem is to choose a set of 
request levels that maximize the total expected payoff, which is defined as:

E
[
π(r1,2...n)

] =

⎧⎪⎪⎨
⎪⎪⎩

∑n
j=1 b j(r j) if R ≤ α∑n
j=1 b j(r j) − (

∑n
j=1 D j)(R−α)

β−α if α < R < β∑n
j=1 b j(r j) − ∑n

j=1 D j if R ≥ β

(7)

1 D j
β−α represents the expected marginal cost associated with increasing r j between α and β .

2 Note that ∑k γk can be greater than one if two πk are equal. However, we ignore this special case given that it is not a possibility for the parame-
ters/functions chosen for this experiment.
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The social planner’s continuous solution, conditional on discrete choices, is as follows: For k = 1, the social planner’s solution 
is characterized by setting the marginal benefit of an additional unit equal to zero for all users, b′

j(r
sp
j,k=1) = 0 ∀ j, if there 

exists an r1,...,n ∈ P1 that satisfies that condition, otherwise b′
j(r

sp
j,k=1) = b′

− j(r
sp
− j,k=1) ∀ j and R = α. For k = 2, the solution 

is characterized by b′
j(r

sp
j,k=2) = b_′

j(r
sp
− j,k=2) =

∑n
i=1 Di
β−α ∀ j. For k = 3, the solution is characterized by b′

j(r
sp
j,k=3) = 0 ∀ j. It is 

possible to show that the social planner’s optimal total request level, Rsp , will never be larger than the sum of individual 
requests at either the partially defect NE or fully defect NE. While this result is generally true, the proceeding exposition 
focuses only on the cases relevant to our experiment.

The second-stage optimization problem and its solution are similar to above, such that, defining the social planner payoff 
for discrete choice, k̃ as π sp

k̃
, the discrete choice social planner solution is characterized by:

γ
sp

k̃
=

{
1 if π

sp

k̃
≥ π

sp
k ∀k �= k̃

0 otherwise
(8)

2.4. Individual and social planner solutions under low and high uncertainty

Many possible cases exist in the general formulation of this problem, and it can be shown that the effect of uncertainty 
under the general formulation is ambiguous. We focus on specific cases that possess characteristics consistent with CPR 
settings. These cases have two NE and are defined by the following features: 1) there exists one symmetric NE in the 
uncertain zone (the partially defect NE) 2), there exists one symmetric NE in the destruction zone (the fully defect NE), 
3) both NE have lower expected payoffs than the social planner’s solution,3 4) the fully defect NE is socially inferior to 
the partially defect NE, and 5) conditional on others fully defecting, no individual who fully defects would unilaterally change 
to partial defect, and conditional on others partially defecting, no individual who partially defects would unilaterally change 
to fully defect. Within this subset of the general problem, we identify one case where the SOR solution is characterized by 
γ

sp
1 = 1 such that the continuous choice solution is characterized by b′

j(r
sp
j,k=1) = b_′

j(r
sp
− j,k=1) ∀ j and Rsp = α (the low 

uncertainty treatment), and one case where γ sp
2 = 1 such that the optimal continuous-choice solution is characterized by 

b′
j(r

sp
j,k=2) = b′

j(r
sp
− j,k=2) =

∑n
i=1 Di
β−α ∀ j and α < Rsp ≤ β (the high uncertainty treatment). These results imply that the social 

planner will not accept any probability of destroying the resource in the low uncertainty case, but will accept some risk in 
the high uncertainty case.

These cases were chosen because they correspond to many real-world CPR settings and allow for meaningful analysis. 
For example, it is reasonable that the social planner would ensure resource survival, or that she is willing to accept some 
probability of destruction. However, if the socially optimal solution is to exhaust the resource (γ sp

3 = 1), there would be no 
social dilemma. We also acknowledge that under the general set-up, it is possible that no NE exist, but these cases would 
not allow for meaningful analysis. The cases of interest also implicitly assume that individuals have the ability to cross the 
resource threshold (β is sufficiently small) and that resource survival creates more value than destruction—both assumptions 
are consistent with most CPR settings. Limiting our analysis to only these cases of interest, it is possible to investigate how 
uncertainty affects both the discrete and continuous choice, and how the NE compare to the SOR solution. First, we examine 
the effect of uncertainty on token requests.

Because this analysis is limited to cases where two NE exist, we cannot theoretically identify the effect of increasing 
uncertainty on individuals’ discrete choices. The partially defect NE is superior to the fully defect NE in every treatment, but 
the nature of a Coordination Game does not allow us to determine which NE will be reached ex ante. Therefore, picking 
one discrete-choice NE over the other is a behavioral question and is tested using data from a laboratory experiment. 
However, this ambiguity does not exist for the continuous choice given a particular discrete choice. For example, conditional 
on (γ j,2 = 1), individuals will request such that b′

j(r
N E
j,k=2) = D j

β−α . Because damage is constant, increasing β − α decreases 
the right-hand side of the equation. Given the concavity of b j(r j), requests must increase to satisfy the equality. Thus, 
conditional on the discrete choice to partially defect, increasing uncertainty increases consumption. These theoretical results 
are empirically tested across the low and high uncertainty treatments.

2.5. Comparing the individual and social planner solutions

It is also possible to compare individual NE solutions to that of the social planner and to show that, for the cases of 
interest, individuals have an incentive to overconsume. To compare the social planner and individual decisions, note that if 
both solutions are in the uncertain zone (γ j,2 = 1, γ sp

2 = 1) an individual’s request solution is characterized by b′
j(r

N E
j,k=2) =

D j
β−α , whereas the social planner’s solution is characterized by b′

j(r
sp
j,k=2) =

∑
j D j

β−α . This implies that, b′
j(r

sp
j,k=2) > b′

j(r
N E
j,k=2). 

Given the concavity of the payoff function, it follows that rN E
j,k=2 > rsp

j,k=2 and a social dilemma exists if individuals pick the 

3 Note that under the certainty treatment, the SOR solution is one of the possible Nash Equilibria.
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partially defect NE. Moreover, this disparity in perceived marginal cost between the individual and social planner makes it 
possible that the social planner solution is to remain in the safe zone γ sp

1 = 1 when the NE discrete solution is γ j,2 = 2, 
which will be the case if π j,2(Rsp

− j) ≥ π j,1(Rsp
− j) for any individual. These incentives create a Prisoner’s Dilemma for the 

continuous choice and a Coordination Game when choosing the NE (the discrete choice).

2.6. Designing optimal tax and fine policies

Given the discrepancy between the individual NE and the SOR solution, policies may enhance the value derived from the 
resource. We consider two potential policies, including both a constant tax per unit requested as well as a fee paid by all 
if R exceeds the realized threshold, X . The optimal policy to address this CPR dilemma requires two things. First, it must 
induce individuals to pick the correct discrete choice, γ j,k , and second, given that choice, it must also induce all individuals 
to request the same number of tokens as the social planner, r N E

j,k = rsp
j,k ∀ j. If the social planner’s discrete solution is γ sp

1 = 1, 
then the solution is characterized by Rsp = α and b′

j(r j,k=1) = b_′
j(r_ j,k=1) ∀ j. To ensure a solution, a policy must dictate 

π j,1 > π j,2, π j,3 for all players in addition to ensuring that rN E
j,k=1 = rsp

j,k=1 ∀ j. If instead, the social planner’s solution 

is γ sp
2 = 1, then the solution is characterized by α < Rsp < β and policy must induce the solution, b′

j(r j) =
∑n

i=1 D j
β−α and 

π j,2 > π j,1, π j,3 for all players. We ignore the case where the social planner’s solution is γ3, since this solution would 
denote the absence of any social dilemma. Importantly, while a tax is charged per unit extracted, the fine is a lump-sum 
charge that only occurs if the threshold is exceeded.

The optimal tax in this setup depends on the specific equilibrium locations. In the simplest case, where the individual and 
the social planner problems both have solutions in the uncertain zone (the high uncertainty treatment), taxes are set such 
that tax = [

∑n
j=1 D_ j

β−α ]. When the social planner solution is below the uncertain zone (the low uncertainty treatment), the tax 

must be set differently since the social planner solution in this case is b′
j(r

sp
j,k=1) <

∑
D j

β−α . If the tax were set at the previous 

level, [
∑n

j=1 D_ j

β−α ], individuals would be over taxed. In this case, it is optimal to set the tax such that tax = b′
j(r

sp
j,k=1) −

D j
β−α . In 

either case, an excise tax increases the marginal cost of extraction regardless of discrete choice, and it therefore effectively 
eliminates the fully defect NE and moves the partially defect NE to coincide with the SOR solution under both uncertainty 
treatments. The fine also shifts the partially defect NE to coincide with the SOR solution; however, it does not eliminate the 
fully defect NE since it only increases expected marginal value in the uncertain zone. Theoretically, the fine is equivalent to 
increasing the size of D j to 

∑n
j=1 D j , and thus is set as f ine = ∑n

j=1 D_ j . Because taxes increase marginal cost regardless 
of the discrete choice, they should lead to a reduction in total consumption. Fines, by comparison, only affect marginal cost 
in the uncertain zone, and may not induce efficient discrete choices, and thus, may not decrease consumption.

3. Experimental setup

To test these theoretical predictions, an experiment was used in which policies and resource threshold uncertainty could 
be exogenously introduced and varied. The experiment was conducted at Colorado State University with 96 participants 
who received an average payment of $27.4 It was conducted in the spring and fall semesters of 2015, using z-Tree (Fis-
chbacher, 2007). The experiment consisted of six sessions—one session of 20 students, four with 16, and one with 12. Just 
over half of these participants (52%) were female, their average age was approximately 20 years, and the most common 
fields of study were “Other” (28%), Agricultural Sciences (24%), and Economics (13.5%). A full list of participant summary 
statistics is presented in Appendix A.

3.1. Experimental design and procedures

Prior to each session, participants were provided a set of instructions and asked to follow along as instructions were read 
aloud.5 After instructions were completed, students were given a questionnaire to gauge and clarify their understanding of 
the experiment. At the beginning of the experiment, individuals were provided with a table showing their actual payoff 
per token requested as well as the damage amount they would incur if the sum of token requests surpassed the threshold. 
Half of the players in each group were assigned a low-productivity payoff schedule, in which the payoff per token was 
less than that of high-productivity participants (parameterization described in the following subsection). Individuals did 
not know others’ true payoffs, only that they were heterogeneous and that individuals who receive higher payoffs per 
token also suffer larger damages when the threshold is exceeded. Heterogeneous payoff and damage functions were used to 
represent real-world settings in which resource users have differing levels of productivity (see Appendix C for a discussion 
of implications this experimental design feature may have for our results). Also consistent with many real-world settings, 

4 To avoid income effects, we randomly chose one round in each session to be payoff-relevant. A current debate about the appropriateness of “pay one” 
or “pay all” approaches is summarized in Charness et al. (2016).

5 See Appendix B for a complete exposition of the instructions seen by experiment participants.
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Table 1
Uncertainty range by treatment.

α β Uncertainty range

Certainty 18 18 0
Low uncertainty 12 24 12
High uncertainty 8 28 20

Table 2
Payoff schedule and damage amount for each user.

Marginal payoff per token

Tokens requested 0 1 2 3 4 5 6 7 8 9 10
Low productivity . $11.00 $7.50 $4.50 $2.80 $1.75 $0.90 $0.10 −$0.50 −$1.20 −$1.75
High productivity . $13.00 $9.50 $6.50 $4.80 $3.75 $2.90 $2.10 $1.40 $0.80 $0.25
Damage Low productivity: $16 High productivity: $30

we did not reveal the requests of other individuals in a group, and instead elected to only inform individuals if their group 
stayed below or exceeded the threshold.

In each session, individuals participated in 12 rounds made up of 8 static periods.6 The 9 rounds of interest in this 
analysis differ by policy and uncertainty treatment, while the 8 periods within a round remained identical to one another 
except in group composition. We employed a “stranger” design (Andreoni, 1988), with groups of four (two low-productivity 
and two high-productivity) randomly changing their composition in each period.

At the start of each round, participants were informed about the level of uncertainty and the policy treatment for that 
round. Then, players independently requested specific numbers of tokens. After each player made a request, a payoff screen 
was displayed with key information from the period. This screen informed participants of how much they requested, if the 
group exceeded the threshold, the total money paid for potential damage and policy payments, and their net payoff for the 
period.

By introducing three uncertainty treatment levels and three policies, we can compare the instances of defecting under 
each permutation of policy and uncertainty level. The ordering of each policy and uncertainty treatment varied across 
sessions so that it would be possible to test for treatment ordering effects, which do not appear to be significant in our 
results.7

This experimental design allows us to systematically examine the relationship between threshold uncertainty and re-
source constituents’ consumption and equilibrium choice. Note that the experiment was parameterized to have an easily 
identifiable fully defect NE token choice for each participant. The fully defect NE corresponds to the token amount at which 
marginal benefit equals zero on a participant’s payoff table.

3.2. Model parameterization for the experiment

For the experiment, a group size of four is used to allow for symmetry and to create group dynamics that may not be 
present in a bilateral game. D j and b j(r j) are unchanged for each participant across each treatment to help with under-
standing. Thus, the only parameters that change across uncertainty treatments are those associated with the uncertainty 
range (α and β), although E[ X̃] remains constant throughout the experiment (18). α and β were chosen to reflect three 
uncertainty treatments: certainty, low uncertainty, and high uncertainty. The specific uncertainty parameterization of each 
treatment is presented in Table 1.

The payoff functions for the experiment participants were parameterized to represent high- and low-productivity re-
source extractors. Table 2 presents the payoffs associated with different levels of requests made by each user type. Notice 
that the high-productivity user has a higher payoff associated with each level of request and faces a larger damage penalty 
if the group exceeds the resource threshold, reflecting larger losses to high-productivity users from resource collapse.

The model was parameterized such that both the partially and fully defect NE exist in both uncertainty treatments. 
The individual partially defect NE is in the uncertainty zone under both low and high uncertainty, and the payoff from 
that equilibrium is always higher than that of the fully defect NE. Fig. 1, which will be explained in more detail in the 
next section, illustrates the expected payoff of high-productivity users, conditional on others’ request rates under each 
uncertainty treatment, and the numeric solutions to every treatment is presented in Appendix C. Note that while the token 
request rates are continuous, the NE choice is discrete. Also note that the individually optimal request rate depends on the 

6 While students participated in 12 rounds, only 9 are used in this paper. The rounds with the Certainty-varying treatment were omitted from this 
analysis because they were used to answer a different question that will be analyzed in future work. The omitted rounds had different realizations of the 
threshold which were known to the participants and therefore cannot be compared to our uncertainty treatments. For example, in the context of this paper, 
there is not a meaningful way to compare a known threshold of 8 to the expected threshold of 18 under our uncertainty treatment.

7 A schematic of the experiment, the order of treatments and a series of tests for ordering effects are presented in Appendix D.
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Fig. 1. Total expected payoff of high-productivity user under low and high uncertainty across policy treatments.

choices of others, and there may be a significant loss if an individual requests consistent with a partially defect NE while 
others in the group choose the fully defect NE.

3.3. Policy parameterization

Each of the three uncertainty treatments are investigated under two policies: an excise tax on extraction and a fine 
for exceeding the threshold. The optimal tax in the high uncertainty treatment is set such that tax = [

∑n
j=1 D_ j

β−α ], or $4.67 
for low-productivity users and $1.78 for high-productivity users. In the low uncertainty treatment, the tax is set to tax =
b′

j(r
sp
j,k=1) − D j

β−α , or $3.80 for low-productivity users and $3.10 for high-productivity users. The fine is set as the total 
damage others would incur if the threshold is exceeded. Numerically, this results in a $76 fine for low-productivity users 
and a $62 fine for high-productivity users. Under this parameterization, conditional on other group members fully defecting
and pushing the group into the destruction zone, no single individual can unilaterally improve their expected payoffs by 
decreasing requests. In fact, if an individual chooses to partially defect when others in the group choose to fully defect, that 
individual would suffer substantial losses because she would incur both the damage and the fine without gaining the extra 
benefit from extracting rN E

j,k=3.
To visualize the decisions of resource constituents, Fig. 1 graphically illustrates the key features and solutions of the 

model. Each panel illustrates the expected payoff, π j(r j; R− j), of a high-productivity user conditional on three different 
request combinations of others in the group: 1) others choose the requests consistent with the partially defect NE (labeled 
R P D

− j ), 2) others choose requests consistent with the fully defect NE (labeled R F D
− j ), or 3) others choose requests consistent 

with the SOR solution (labeled RSOR
− j ). Row one presents these payoffs for the low uncertainty treatment and row 2 presents 

them for high uncertainty. Requesting additional tokens along the same curve can be thought of as the continuous choice 
whereas moving from one curve to the other represents a shift in all other users’ discrete strategies. For example, in Panel 1, 
the optimal choice, given that everyone else requests consistent with the partially defect NE, is to also partially defect and 
request 6 tokens ($15.45). Accordingly, if everyone else fully defects, then expected payoff is highest when the individual 
also fully defects ($15.00). If other users instead request tokens consistent with the SOR solution, the optimal solution for the 
individual is still to partially defect. This incentive reflects the Prisoner’s Dilemma aspect of the CPR; because at the SOR 
solution, each user has an incentive to extract more, thus moving the group from π j(r j; RSOR) to π j(r j; R P D).
− j − j
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Table 3
Mean token requests by treatment and productivity type.

Productivity No policy Tax Fine

Low High Difference 
(high-low)

Low High Difference 
(high-low)

Low High Difference 
(high-low)

Certainty 4.49 4.75 0.26∗∗ 3.44 4.32 0.88∗∗∗ 4.12 4.12 0.00
(0.99) (1.75) (0.10) (0.93) (1.05) (0.72) (0.93) (1.02) (0.07)

Low uncertainty 4.64 5.51 0.87∗∗∗ 2.65 4.58 1.93∗∗∗ 3.58 3.71 0.13
(1.57) (2.67) (0.16) (1.17) (1.65) (0.10) (1.18) (1.24) (0.09)

High uncertainty 4.78 5.42 0.64∗∗∗ 2.96 3.47 0.51∗∗∗ 3.51 3.37 −0.14
(1.83) (2.74) (0.17) (1.00) (1.54) (0.09) (1.34) (1.73) (0.11)

Standard deviation is reported in parentheses.
∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1 denotes significance level of mean request difference across types as determined by a t-test.

In Column 1 of Fig. 1 (Panels 1 and 4), we see that without a policy, both NE exist and the partially defect NE is slightly 
superior to the fully defect NE. However, both NE are still inferior to the social planner’s solution. In Column 2 (Panels 2 
and 5), we observe that the introduction of a tax eliminates the fully defect NE, such that the only NE that exists is one 
consistent with the SOR solution. Column three (Panels 3 and 6) presents expected payoff functions when a fine is in place. 
There are a number of interesting features for this treatment. Note that the fully defect NE is not eliminated, even though it 
has substantially lower payoffs than the partially defect NE. While the fine does not eliminate the fully defect NE, it increases 
the expected damage such that the partially defect request rate aligns with the SOR solution. Thus, conditionally on partially 
defecting, the fine should induce optimal request rates among resource constituents.

Fig. 1 also makes clear that there is a cost of conditioning one’s choice on the incorrect assumption about what others 
are choosing. For example, in Panel 4, if the individual believes other group members will partially defect, she would request 
7 tokens to maximize expected payoff at $15.55. However, if the group actually fully defects her expected payoff would drop 
to $12.55; the individual would have been better off fully defecting (requesting 10) with an expected payoff of $15.00—less 
than the partially defect NE payoff, but higher than individually picking that strategy when everyone else chooses to fully 
defect. This incentive reflects the Coordination Game imbedded in the model. In the extreme case, the presence of a fine 
under low uncertainty, an individual may choose the SOR solution (now also the partially defect NE) anticipating that others 
to do the same. If others choose this NE, then the expected payoff is over $33.80. However, if other players choose the fully 
defect NE, the payoff for the player choosing the partially defect NE decreases by approximately $90 to −$58.20. Thus, an 
individual’s choice will be influenced by her belief about the group’s choice of NE, which may be affected by the level of 
threshold uncertainty.

4. Experimental results

Table 3 summarizes the total number of tokens requested across each of the uncertainty and policy treatments for low 
and high-productivity users. Consistent with theoretical predictions, and providing evidence that participants understood the 
experiment, low-productivity users requested fewer tokens than high-productivity users and total requests fell when the tax 
and fine policies were in place. The effect of the policies appears to be larger when the resource threshold is uncertain.

To summarize the prevalence of threshold exceedance in the experiment, Fig. 2 illustrates the proportion of periods in 
which the threshold was exceeded (Panel A) and the proportion of individual requests consistent with the fully defect NE
(Panel B). For this analysis, the fully defect NE choice is defined with a binary variable that takes the value of 1 if a participant 
requests tokens such that b′

j(r j) = 0, and 0 otherwise.8

Without a policy, the threshold was exceeded 37.5% of the time when the threshold was known with certainty, 58.9% 
in the low uncertainty treatment, and 52.1% in the high uncertainty treatment (Fig. 2, Panel A). Further, without policies 
individuals chose to fully defect 5.6% of the time under the certainty treatment, 16.0% of the time under the low uncertainty 
treatment, and 15.5% of the time under the high uncertainty treatment (Fig. 2, Panel B).

By comparison, when a tax or fine is introduced, the instances of exceeding the threshold are almost entirely eliminated 
in the certainty treatment, significantly reduced in the low uncertainty treatment, and brought in-line with the SOR solution
in the high uncertainty treatment.9 With policies, we also observe a substantial decrease in the instances of fully defecting
in every uncertainty treatment (Fig. 2, Panel B).

Throughout the remainder of this section we turn to a conditional analysis to explore if uncertainty increases token 
requests, and if so, we disentangle the effect of uncertainty on marginal increases in requests from the effect of a change 
in the probability of choosing to fully defect. The dependent variable in each of the models estimated, y jtcs , is either the 
number of tokens requested or a binary variable meant to represent the choice to fully defect by individual j in period t , 
round c, and session s of the experiment. We model the number of tokens or the discrete choice as a function of several 

8 We also defined fully defect as any request within one token of the actual fully defect request rate and ran the same analysis presented below with no 
qualitative change in results. Results from these models can be provided upon request.

9 Note that there is a 0.25 probability of resource destruction at the SOR solution in the high uncertainty treatment.
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Fig. 2. Panel A illustrates the proportion of periods where the threshold was exceeded under each policy and uncertainty scenario. The dotted line in 
Panel A denotes the socially optimal expected number of threshold exceedances. Panel B illustrates the proportion of individual requests consistent with 
the fully defect NE under each policy and uncertainty scenario. A dotted line is not included in Panel B, because it is never socially optimal to fully defect.

independent variables that are specific to model periods but apply to all individuals within a period. First, xtcs is a vector 
of dummy variables for each policy treatment observed in period t , round c, and session s of the experiment. Tax and fine 
dummy variables take a value of 1 if that policy is in place and 0 otherwise. wtcs is a vector of dummy variables indicating 
the uncertainty treatment, ρtcs is a vector of policy-uncertainty interaction dummies and z j is a dummy variable for risk 
aversion where z j = 1 if an individual is risk averse and z j = 0 otherwise.10 If ε jtcs is an idiosyncratic error term, our 
econometric models can be written as:

y jtcs = f
(
β0 j + x′

tcsβ1 + w ′
tcsβ2 + ρ ′

tcsβ3 + z′
jβ4 + ε jtcs

)
(9)

The coefficient vectors of interest include β1, β2, and β3, which represent the effects of policy and uncertainty treatments 
on the dependent variable (token request of fully defecting). β0 j is a potentially individual-specific intercept. Equation (9)
is used to estimate the effect of each treatment on both the discrete and continuous choices. A variety of alternative 
specifications are presented throughout the results section. In all cases, fixed and random effects are included at the subject 
level. Following Cherry et al. (2013a, 2013b), we present standard errors clustered at the subject level.11

4.1. The effect of uncertainty on token requests and the probability that participants choose the fully defect NE

Equation (9) is used to estimate the effect of introducing uncertainty on the number of tokens requested by each in-
dividual (OLS, both pooled and with individual fixed effects). Table 4 presents the results of Equation (9) for experimental 
periods when no policies are in place and y jtcs is defined as the total number of tokens requested by individual j in period 
t , round c, and session s of the experiment. In Columns 2 and 4, only observations for subjects that did not choose the fully 
defect NE are included in the sample.

Consistent with past research (Budescu et al., 1995; Rapoport et al., 1992; Walker and Gardner, 1992), we find that the 
presence of uncertainty has a positive and statistically significant effect on the number of tokens requested. However, the 
effect of uncertainty on token requests is not statistically different from zero when focusing only on those participants who 
chose not to fully defect.

We now utilize Equation (9) to estimate the effect of uncertainty on the probability that individuals choose to fully 
defect. Table 5 presents coefficient estimates using only periods when no policies are in place and y jtcs is defined as being 
equal to 1 if individual j in period t , round c, and session s of the experiment chose to fully defect. If the individual does 
not fully defect, y jtcs = 0. Three alternative specifications were estimated to test for robustness: logit, logit random-effects 
(logit RE), and OLS with individual fixed effects (FE). The logit random-effects model (Column 2) is the preferred model 
for estimating the impacts of policy and uncertainty because it utilizes the panel structure of the data while constraining 
predicted probabilities to be between zero and one.

Positive and significant coefficients on both uncertainty treatments indicate that the probability of fully defecting is sig-
nificantly increased by the presence of threshold uncertainty. However, there is no significant difference in effect across low 

10 Risk preferences were included as a dummy variable because the marginal effect of a Likert scale is often problematic (Jamieson, 2004). However, 
qualitative results remain very similar when risk preferences are included in the regressions as a continuous variable and can be provided upon request.
11 The results are robust across a wide range of approaches including calculating the standard errors using White’s estimator and when clustering at the 

session level. The later includes, for the Fixed Effects and Pooled models, the bootstrapping approach developed by Esarey and Menger (2015) for samples 
with a small number of clusters.
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Table 4
Token requests without policies.

Variables (1) (2) (3) (4)
All 
participants 
(Pooled)

Partially 
defect only 
(Pooled)

All 
participants 
(FE)

Partially 
defect only 
(FE)

Low uncertainty 0.456∗∗∗ −0.0173 0.456∗∗∗ 0.0560
(0.166) (0.111) (0.166) (0.116)

High uncertainty 0.480∗∗∗ 0.0975 0.480∗∗∗ 0.129
(0.169) (0.147) (0.169) (0.143)

Risk aversion −0.298 −0.309
(0.327) (0.250)

Constant 4.833∗∗∗ 4.581∗∗∗ 4.618∗∗∗ 4.327∗∗∗
(0.247) (0.199) (0.101) (0.0740)

Observations 2,304 2,019 2,304 2,019
# of participants 96 96 96 96
R-squared 0.016 0.010 0.021 0.002

Standard errors (in parentheses) are clustered at the subject level ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

Table 5
Decision to fully defect.

Variables (1) (2) (3)
Logit Logit RE FE

Low uncertainty 0.124∗∗∗ 0.118∗∗∗ 0.104∗∗∗
(0.0356) (0.0330) (0.0278)

High uncertainty 0.120∗∗∗ 0.113∗∗∗ 0.0990∗∗∗
(0.0321) (0.0296) (0.0238)

Risk aversion 0.0180 0.00627
(0.0387) (0.0361)

Constant 0.0560∗∗∗
(0.0152)

Observations 2,304 2,304 2,304
# of participants 96 96 96
R-squared .02

Standard errors (in parentheses) are clustered at the subject level.
Logit models are reported as average marginal effects.
∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

uncertainty and high uncertainty.12 This suggests that moving from a world of certainty to one in which uncertainty exists 
around the resource threshold increases the chances of fully defecting, but the probability of fully defecting does not increase 
further with greater uncertainty.

Interestingly, risk aversion appears to have little effect on the number of tokens requested (Table 4, Columns 1 and 2) 
or the decision to fully defect (Table 5, Columns 1 and 2), even though theory suggests that extreme risk aversion should 
induce individuals to fully defect (see Appendix E for analysis of the impact of risk aversion). In general, extremely risk averse 
participants may choose to request fewer tokens to decrease the probability of incurring a loss, but they may also fully defect
in order to prevent the severe personal loss that would occur if they partially defect but the resource is destroyed. When the 
partially defect NE creates an outcome in which the resource has some probability of destruction, resource constituents with 
strong risk aversion may intentionally destroy the resource to eliminate threshold uncertainty as well as the uncertainty 
around others’ decisions to fully defect.

Taken together, the results presented in Tables 4 and 5 suggest that the increase in requests associated with the intro-
duction of an uncertain threshold is largely driven by an increase in the number of participants who decide to fully defect. 
This result can be seen through statistically significant impacts of uncertainty on the probability of fully defecting but no 
impact of uncertainty on the number of tokens requested, conditional on not fully defecting. Making this distinction is im-
portant because it highlights a mechanism through which uncertainty increases the use of a CPR. When examining only the 
average effect of uncertainty, this mechanism remains hidden. The increase in average request under uncertainty obscures 
the underlying mechanism behind the CPR dilemma seen here: individuals are more likely to fully defect and choose assured 
resource destruction over a risky, but preferred NE. Viewing the social dilemma as a discrete shift rather than a simple rent 
dissipation problem has significant implications for the causes of and solutions to CPR problems.

12 All coefficients comparisons presented herein were conducted using a Wald test. The finding that two coefficients were not significantly different refers 
to the 0.10 level. Unless noted otherwise, the reported result is consistent across each of the specifications presented.
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Table 6
Token requests including policies.

Variables (1) (2)
All participants (FE) Partially defect only (FE)

Low uncertainty 0.456∗∗∗ 0.0284
(0.166) (0.114)

High uncertainty 0.480∗∗∗ 0.117
(0.169) (0.145)

Tax −0.737∗∗∗ −0.525∗∗∗
(0.113) (0.0935)

Fine −0.497∗∗∗ −0.298∗∗∗
(0.0970) (0.0676)

Tax∗ low uncertainty −0.724∗∗∗ −0.305∗∗
(0.175) (0.146)

Tax∗ high uncertainty −1.148∗∗∗ −0.805∗∗∗
(0.164) (0.146)

Fine∗ low uncertainty −0.931∗∗∗ −0.536∗∗∗
(0.173) (0.113)

Fine∗ high uncertainty −1.165∗∗∗ −0.845∗∗∗
(0.182) (0.146)

Constant 4.618∗∗∗ 4.377∗∗∗
(0.0791) (0.0636)

Observations 6,912 6,586
# of participants 96 96
R-squared 0.193 0.143

Standard errors (in parentheses) are clustered at the subject level.
∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

4.2. The effect of policies on token requests and the probability that participants choose the fully defect NE

Our results strongly suggest that uncertainty leads to overconsumption relative to the social optimum not just because 
individuals do not account for the damage additional token requests impose on others, but also because it increases the 
likelihood that they choose to fully defect. The theoretical model also suggests that policies such as a tax per token requested 
or a fine for threshold exceedance may improve the efficiency of outcomes. Empirical evidence of their effectiveness is 
presented in Tables 6 and 7.

We begin by estimating Equation (9), including observations from both policy and no-policy periods, as well as controls 
for each policy conditional on the level of uncertainty. Table 6 presents the results of this analysis, where the dependent 
variable, y jtcs , is defined as the total number of tokens requested by each individual in a given period.

Consistent with the analysis presented in Table 4, the results suggest that uncertainty leads to an increase in total 
requests when considering all rounds, but does not have a statistically significant effect when conditioning on the decision 
to not fully defect. The tax has a greater impact on requests than the fine when the threshold is certain (difference significant 
at .05). This result is consistent with theoretical predictions that the fine does not eliminate the fully defect NE. Both the tax 
and the fine are less effective at reducing request when we restrict the sample to only those individuals who do not fully 
defect (both with and without uncertainty). This is not surprising, given that this specification does not capture the effect of 
each policy on the decision to fully defect.

Interestingly, the difference between the effect of the tax and fine under uncertainty is not statistically different from 
zero in either the full sample or when restricting it to only those who do not fully defect. Using just the observations that 
do not fully defect, this result is expected because both policies are parameterized to incentivize the SOR solution. In the 
case of the full sample, this result is somewhat surprising because the fine does not eliminate the fully defect NE. This 
equivalency could be due to two counteracting effects. First, the certainty of the tax provides a strong incentive to reduce 
requests. On the other hand, conditional on exceeding the threshold, the magnitude of the fine is significantly larger than 
the total amount of taxes paid, assuming individuals choose the SOR solution. This effect, which depends on risk preferences, 
may result in a greater reduction in token requests in response to the fine. These two counteracting effects could explain 
the equivalency of the fine and tax policies in practice despite the theoretical difference between the policies’ ability to 
eliminate the fully defect NE.

Finally, we examine if the policies reduce the probability of fully defecting. Table 7 presents coefficient estimates corre-
sponding to the discrete choice for the full sample including controls for the various levels of uncertainty and policies. First 
note that the impact of uncertainty on the probability that individuals choose to fully defect is still positive and statisti-
cally significant. Consistent with theory, the tax has a greater negative impact (relative to the fine) on the probability that 
individuals choose to fully defect across all three models. This difference is statistically significant at the 10% level under 
the certain and low uncertainty treatments (for the Logit and Logit RE models), but not statistically different under the 
high uncertainty treatment. The tax is also more effective because it more effectively differentiates token requests across 
productivity types (Table 3).
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Table 7
Decision to fully defect including policies.

Variables (1) (2) (3)
Logit Logit RE FE

Low uncertainty 0.124∗∗∗ 0.115∗∗∗ 0.104∗∗∗
(0.0356) (0.0320) (0.0278)

High uncertainty 0.120∗∗∗ 0.111∗∗∗ 0.0990∗∗∗
(0.0321) (0.0286) (0.0238)

Tax −0.331∗∗∗ −0.265∗∗∗ −0.0534∗∗∗
(0.0871) (0.0641) (0.0157)

Fine −0.214∗∗ −0.175∗∗ −0.0482∗∗∗
(0.106) (0.0832) (0.0178)

Tax∗ low uncertainty −0.0808 −0.0820 −0.103∗∗∗
(0.0967) (0.0757) (0.0277)

Tax∗ high uncertainty −0.0222 −0.0356 −0.0951∗∗∗
(0.0854) (0.0662) (0.0233)

Fine∗ low uncertainty −0.0329 −0.0432 −0.0937∗∗∗
(0.119) (0.0959) (0.0315)

Fine∗ high uncertainty −0.0548 −0.0599 −0.0924∗∗∗
(0.107) (0.0848) (0.0255)

Risk aversion 0.0223 0.0122
(0.0347) (0.0333)

Constant 0.0560∗∗∗
(0.0135)

Observations 6,912 6,912 6,912
# of participants 96 96 96
R-squared 0.090

Standard errors (in parentheses) are clustered at the subject level.
Logit models are reported as average marginal effects
∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.

In summary, our experimental results suggest that uncertainty in a resource threshold incentivizes individuals to use a 
CPR more intensely. This effect is driven by uncertainty’s impact on the probability that individuals choose the fully defect 
NE. Taxes on resource use as well as fines for resource destruction can be effective at decreasing the probability that an 
individual knowingly exceeds a resource threshold and the experimental evidence suggests that a tax is more efficient 
because it incentivizes reduced resource use while better differentiating the behavior of high and low-productivity resource 
constituents. These results suggest that, when considering effective CPR management, resource managers should construct 
policies that address both marginal overextraction and the discrete decision to cross resource thresholds because of the 
possibility that other users will do the same.

5. Conclusion and discussion

The theoretical and empirical results presented here suggest that the destruction of CPRs may result from a discrete 
choice to exhaust the resource as well as a failure to internalize the full costs of resource extraction. When uncertainty 
around a resource’s ecological or physical tipping point exists, individuals are more likely to ignore potential resource degra-
dation even when the corresponding consumption decisions lead to inferior outcomes and assured resource destruction. We 
find that while uncertainty causes individuals to more frequently choose the NE that results in certain resource destruction, 
it has little effect on those individuals who do not choose the fully defect NE. In addition, taxes and fines for resource extrac-
tion decrease the probability that individuals choose to exhaust the resource under the assumption that resource collapse is 
inevitable. Even though a fine may not eliminate the fully defect NE, its presence does significantly improve the chances that 
individuals coordinate to keep the resource healthy.

Previous studies have found that threshold uncertainty leads to increased consumption. Our results do not contradict 
these findings, but they suggest that the increase in consumption under uncertainty is partially driven by resource con-
stituents’ decisions to “rationally give up” and ignore impacts on resource stocks in anticipation that others will do the 
same. Our main contribution is to distinguish CPR over-use incentives in a context of threshold uncertainty—a distinction 
that is important from a behavioral and policy perspective. If little is known about a resource, users may take the mindset 
that it is likely to be destroyed regardless of their choices. In this context, the rational way to use the resource is to myopi-
cally maximize net value, ignoring any true impact on the resource. In this way, CPR dilemmas in the presence of tipping 
points create both a Prisoner’s Dilemma and a coordination problem.

This research has several policy-relevant implications. First, regulation of CPRs with uncertain tipping points through 
taxes and fines has the potential to improve efficiency. This improvement comes through both marginal decreases in ex-
traction as well as deterring individuals from choosing to deliberately cross a resource threshold. When strict tax and fine 
policies are politically infeasible, there may still be significant gains from interventions that eliminate the ability (or desire) 
of resource constituents to choose the fully defect NE.
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In settings where outside policies are unlikely to be adopted and local institutions do not exist or lack the capacity to 
design and implement conservation policies, better information about the resource may provide an opportunity to improve 
the sustainability of that resource over time and increase the value obtained from scarce natural resources, even if the 
first-best solution cannot be reached. Reducing or re-characterizing uncertainty to affect public perception (and actions) has 
been explored in the field of climate science, where “identifying and reducing scientific uncertainty about climate change 
is a dominant theme of many scientific assessment[s]” (Shackley and Wynne, 1996). Climate scientists have chosen to 
largely focus public information campaigns on exact thresholds because such precise goals can encourage coordination.13

As with greenhouse gas emissions, decreasing scientific uncertainty may change resource extraction behavior even without 
implementing additional policies. In this way, improving the physical understanding of vulnerable CPR systems can avoid 
resource exhaustion and enhance the livelihoods of people who depend on the resource.

While there are some shortcomings associated with condensing a time-dependent CPR scenario into a single-period 
experiment, our setup maintains much of the incentive structure present in CPR settings. Moreover, setting up this repeated 
static game allows us to easily differentiate between discrete choices in the presence of threshold uncertainty.

Given the strong effect of threshold uncertainty on individual decisions to choose the fully defect NE, our results suggest 
the need to consider this feature in future CPR modeling whenever such uncertainty exists. Future work in this area should 
evaluate the interaction of social and threshold uncertainty within this framework, the introduction of other types of policies 
such as communication, and the effect of changes in relative superiority on NE choice. Additionally, future work should 
include a rigorous investigation of individuals’ beliefs about others and a thorough exploration into the behavioral and 
psychological components that cause individuals to “rationally give up” on conserving common pool resources.
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