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Abstract

Evidence from public good game experiments holds the promise of instructive and cost-
effective insights to inform environmental policy-making, for example on climate change
mitigation. To fulfill the promise, such evidence needs to demonstrate generalizability to
the specific policy context. This paper examines whether and under which conditions such
evidence generalizes to voluntary mitigation decisions. We observe each participant in
two different decision tasks: a real giving task in which contributions are used to directly
reduce CO2 emissions and a public good game. Through two treatment variations, we
explore two potential shifters of generalizability in a within-subjects design: the structural
resemblance of contribution incentives between the tasks and the role of the subject pool,
students and non-students. Our findings suggest that cooperation in public good games is
linked to voluntary mitigation behavior, albeit not in a uniform way. For a standard set of
parameters, behavior in both tasks is uncorrelated. Greater structural resemblance of the
public goods game leads to sizable correlations, especially for student subjects.
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1 Introduction

Economists typically treat climate change mitigation as a public goods problem (Nordhaus,

1991). Consequently, most theoretical models of voluntary mitigation efforts predict that free-

riding is the dominant individual behavior. Empirically, however, public good game (PGG)

experiments and other social preference tasks have amassed convergent evidence that free-

riding may be less prevalent in social dilemmas than predicted (Ledyard, 1995; Zelmer, 2003;

Chaudhuri, 2011; Vesterlund, 2014). Does this experimental evidence give reason to rethink the

premises of climate policies that are designed with large-scale free-riding in mind? And more

generally, can PGG and variants thereof serve as a reliable testbed for predicting behavioral

responses to climate change policies?

A number of recent papers tentatively argue that findings from PGG experiments could provide

important insights into mitigation behavior and policies in the real world (Shogren and Taylor,

2008; Venkatachalam, 2008; Brekke and Johansson-Stenman, 2008; Gowdy, 2008; Gsottbauer

and van den Bergh, 2011; Carlsson and Johansson-Stenman, 2012). In the same spirit, some

experimental studies on public good provision have been framed or interpreted with an explicit

reference to mitigation decisions (e.g., Milinski et al., 2006, 2008; Tavoni et al., 2011; Brick and

Visser, 2015). Such experiments present a theoretically appealing method for obtaining causal

evidence at low cost. However, whether or not such PGG experiments can truly provide the de-

sired valuable insights crucially depends on their generalizability (Levitt and List, 2007), i.e., the

degree to which generic behavior, based on observing subjects in an abstract lab task, transfers

to the specific context of mitigation decisions. Whether and under which conditions behavior in

a PGG experiment generalizes to voluntary mitigation choices is, at heart, an empirical question.

In the present paper, we take a first step towards providing an answer.

Concerns that subjects’ behavior in abstract game forms under controlled conditions in the

laboratory may not generalize to individual behavior in context-rich situations outside the lab

are not new. But their recent recurrence in the context of whether social preferences elicited

using standard experimental designs are predictive beyond the lab (Levitt and List, 2007), is

particularly relevant for issues of public goods provision such as voluntary mitigation choices.1

Evidence on generalizability in this context is mixed: The extent to which cooperation in PGG

correlates with a broader set of pro-social preferences (Blanco et al., 2011; Peysakhovich et al.,

2014) and, more importantly, the extent to which it generalizes to cooperative behavior beyond

the laboratory (Benz and Meier, 2008; Laury and Taylor, 2008; de Oliveira et al., 2011; Voors

et al., 2012) varies substantially across studies. On the basis of available evidence, generaliz-

ability of behavior in the PGG to voluntary mitigation choices can therefore neither be ruled in

nor out.

The climate context, to which one hopes to generalize PGG evidence, provides additional rea-

sons for concern. It could be argued that the deliberately abstract format of the PGG does

not capture context-specific preferences (e.g., risk- or time-preferences), beliefs (e.g., regard-

1Levitt and List(2007) describe a number of situational factors, present in a typical lab experiment, that might
reduce its predictive power for field behavior. For instance, they discuss the extent of scrutiny, the activation of
specific norms, or the context in which the decision is embedded as important shift parameters. Their concerns,
arguably, carry more weight for experiments conducted in order to inform policy makers than for experiments
that try to falsify a theory (Schram, 2005; Sturm and Weimann, 2006; Kessler and Vesterlund, 2015).
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ing the expected damages from climate change), or attitudes (e.g., regarding the importance

of pro-environmental behavior) that, at least in theory, should also shape voluntary mitiga-

tion decisions. On the other hand, the experimental paradigm of the PGG can accommodate

considerable variation in design features. For instance, a greater resemblance to voluntary mit-

igation decisions might result from simple changes to design parameters such as the group size

or the productivity of the experimental public good. If such variations are able to capture most

of the relevant drivers of mitigation decisions, then generalizability may be accomplishable at

acceptable cost.

This paper brings new experimental evidence to two of the issues raised above. First, we examine

whether estimates of generic cooperative preferences derived from behavior in a PGG experiment

can explain a significant portion of individual mitigation behavior, as opposed to unobserved

idiosyncratic motives. Such explanatory power of sufficient size is an important prerequisite

for a high level of generalizability (Al-Ubaydli and List, 2015). The empirical problem is that

the totality of individual mitigation behavior, just like the totality of an individual’s charitable

behavior towards others, is not observable for the researcher.2 Following other examples in the

literature (Benz and Meier, 2008; Laury and Taylor, 2008; de Oliveira et al., 2011; Voors et al.,

2012), we approximate the ideal test by conducting a laboratory experiment in which we observe

each participant in two contribution situations: A public goods game and a real giving task in

which contributions are used to reduce CO2 emissions.

The second issue that we examine within this framework is whether abstract PGG experiments

can be implemented in a way that increases the generalizability of its output in the direction of

voluntary mitigation choices. We do so by experimentally varying two central design features

of how PGG evidence is generated, namely its parameter structure and the subject pool. The

systematic variation of PGG parameters, in particular group size, marginal per-capita return

(MPCR), and payoff symmetry, allows us to test whether generalizability varies with different

degrees of structural resemblance between PGG contribution incentives and voluntary mitigation

incentives. The comparison of behavior across two samples, one a sample of students and one

recruited from the general population, allows us to test whether generalizability in a climate

context perhaps hinges on subject pool. It is well know that student samples, which account

for the majority of PGG evidence, share only a limited range of individual attributes with the

general population. As a result, the extent to which the behavior of the former allows conclusions

about the latter is a matter of ongoing discussion (Gächter et al., 2004; List, 2004; Carpenter

et al., 2008; Thöni et al., 2012; Anderson et al., 2013; Falk et al., 2013; Belot et al., 2015) and

at the same time the source of uncertainty over its generalizability to mitigation actions.

Our results suggest that PGG behavior can be indicative of voluntary mitigation decisions, but

not in a uniform fashion. Instead, the potential for generalizability crucially depends on the way

the PGG is designed and conducted. In a benchmark case employing common PGG parameters,

the correlation between contributions in both task is small and insignificant. This result holds

2Under ideal conditions, the researcher would observe two separate decisions by the same individual: Con-
tribution choices in a standard PGG and revealed preferences for voluntary CO2 mitigation in a field context.
The latter would require observing the totality of economic decisions that potentially involve a direct or indirect
mitigation of CO2 emissions. In a fossil-fuel economy, this is true for almost all economic decisions. Accu-
rate measurement of the aggregate pure mitigation effort at the level of the individual is therefore empirically
daunting, particularly if this measurement should also be obtained in an unintrusive fashion
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irrespective of the subject pool. A low correlation indicates that there exist idiosyncratic drivers

of mitigation behavior that remain unobserved in standard PGG. Yet, when PGG parameters

resemble more closely the incentive structure underlying voluntary climate change mitigation,

correlations - especially those for student subjects - become significant and sometimes sizable.

Thus, by implementing simple design changes, some of the apparent differences in individual

behavior disappear. This points towards a cost-effective and feasible way of improving current

insights into the institutional mechanisms affecting voluntary mitigation behavior that can be

gained via laboratory experiments. On the other hand, switching to a subject pool of non-

students has more ambiguous effects. In line with previous results, we find that on average,

non-students contribute more in both tasks. However, as indicated by strongly reduced correla-

tions, the degree of generalizability is much lower within this more heterogeneous sample. This

underlines the existence of a trade-off between representativeness and generalizability unless the

apparatus of the experimental design or the sample size are significantly enlarged - at a cost.

The remainder of the paper is organized in the following way: Section 2 discusses our research

question in relation to the existing literature. In Section 3, we describe the experimental set-up

and the characteristics of our subject pool. Section 4 contains the analyses and core results.

Section 5 concludes with a discussion of our findings.

2 Related Literature

There are several studies that examine issues of generalizability, both regarding the relationship

of social preferences measured in different abstract lab tasks (e.g., Public Good Game; Dictator

Game; Trust Game) and regarding the predictive power of cooperative behavior observed in

PGG towards contributions made to a variety of naturally occurring public goods. We follow

these studies in their common methodology of employing a within-subjects design.

So far only few studies have analyzed how cooperation in public good games corresponds to

social preferences elicited in other abstract tasks. Overall, these studies arrive at mixed results.

Blanco et al. (2011) find that contributions made in a standard PGG are significantly correlated

with responders’ behavior in a sequential prisoners dilemma, but not to other-regarding choices

made in ultimatum or dictator games. In an online experiment, Peysakhovich et al. (2014) find

stronger evidence that an individual’s propensity to contribute in a one-shot public good game

spills over to other abstract game formats. More cooperative subjects are shown to be signifi-

cantly more likely to give higher amounts in a dictator game and to reciprocate trusting behavior

more strongly in a trust game. They furthermore find that more cooperative subjects are also

more prone to help the experimenters after the actual experiment, by voluntarily completing

an additional questionnaire. Finally, in Galizzi and Navarro Martinez (2015) public good game

behavior is moderately, but significantly correlated with behavior in trust and dictator games.3

This first strand of literature highlights that the same individual can behave quite differently

even in related abstract social preference tasks, in which idiosyncratic motives should be largely

absent.

3They, however, detect no significant relationship with helping or donation behavior in five different field
situations which are randomly administered subsequent to the actual experimental sessions.
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A second strand of literature addresses the same basic question as our paper by investigating the

relationship between contributions observed in a laboratory public goods game and contributions

to a naturally occurring public good. As in our experiment, these studies largely lack a direct

and unintrusive measure of cooperation in the field.4 Instead, they observe contributions to

a naturally occurring public good through eliciting choices in a modified dictator game (Eckel

and Grossman, 1996). Benz and Meier (2008) investigate the correlation between students’

charitable giving in a laboratory setting and their charitable giving in an university fund-raiser.

Within a low-income neighborhood, de Oliveira et al. (2011) explore whether subjects who

display other-regarding preferences in a linear public goods game also give to local charities.

Voors et al. (2012) compare the behavior of subsistence farmers in a linear public goods game

to the amount they contribute to a real community public good. Closest to our own question,

Laury and Taylor (2008) investigate student behavior in a variety of the linear public good game

and their contributions to a local environmental public good. These studies have brought forth

mixed results: some of them find a significant correlation between contributions in the abstract

and specific context (Benz and Meier, 2008), whereas others suggest a more moderate (Laury

and Taylor, 2008; de Oliveira et al., 2011) or even insignificant (Voors et al., 2012) relationship.

In a comprehensive literature review, Galizzi and Navarro Martinez (2015) similarly conclude

that results vary greatly across studies according to their context (e.g., the real public good

offered) and design (e.g., the subject pool under study or the experimental procedures used to

assess generic cooperation rates).

In light of the literature reviewed above, the extent to which existing findings are transferable to

the specific context of voluntary climate change mitigation is not clear. Several design differences

plausibly limit transferability: First, all of the studies above use a particular local public good,

while climate change mitigation is a global and intergenerational public good. Second, each of

these four studies was conducted with a specific subject pool of either students or aid recipients.

This puts into question whether they are sufficiently representative for reaching conclusions

about the behavior of broader segments of the population relevant in a climate policy context.

Third, each of these studies - with the exception of Laury and Taylor (2008) - uses one specific

set of parameters when assessing generic preferences for cooperation within a PGG.

These plausible limitations to transferability inform important design choices in our experiment,

with a view to answering the questions raised in the introduction. Our design employs a task

directly linked to the reduction of CO2 emissions. Furthermore, we use an unified design in

which we observe behavior of two different subject pools: One convenience sample of students

and a group of subjects that more closely covers demographic attributes of everyday decision-

makers. Finally, our design identifies to what degree the correlation between the two tasks

depends on the parameter choice in the PGG. These design elements are well suited to provide

answers to our research questions with their focus on generalizability to voluntary mitigation.5

4A notable exception is Fehr and Leibbrandt (2011), in which the overexploitation of a fishery resource is
related to behavior in a public good experiment.

5Note, however, that the design is explicitly not intended to resolve the broader controversy (Levitt and List,
2007, 2009; Falk and Heckman, 2009; Kessler and Vesterlund, 2015; Camerer, 2015) on whether social-preferences
assessed in abstract lab tasks are generally externally valid, in any chosen context.
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3 Experimental design and implementation

Questions of generalizability from one experimental task to another are typically addressed by a

within-subjects design (Benz and Meier, 2008; Laury and Taylor, 2008; de Oliveira et al., 2011;

Blanco et al., 2011; Voors et al., 2012; Peysakhovich et al., 2014). Therefore, we observe for each

subject choices in a context-free decision task and in a task related to climate change mitigation.

Participants are informed in the initial instructions that there would be several consecutive tasks

in which they could earn real money. In Task I we assess individual contributions to the real

public good of climate change mitigation. In the subsequent Task II, subjects take ten one-shot

public good decisions in which we vary experimental parameters along three dimensions (Goeree

et al., 2002).6 In the following, we describe each of the decision tasks in more detail.

3.1 Task I: The real contribution task

To observe contributions to climate change mitigation in a lab setting, we employ a real giving

task (Eckel and Grossman, 1996) in which individual contributions are used to reduce global

CO2 emissions. The transparent and verifiable reduction is executed by retiring emission permits

from the EU ETS (Löschel et al., 2013; Diederich and Goeschl, 2014).7 Prior to reaching the

first decision screen, subjects were informed that they had received 10e as a reward for taking

part in the experiment. Subsequently, they were given the choice to contribute any share of

these 10e (in steps of 1e) towards a common account that would be used by the experimenters

to reduce global CO2 emissions.

Before subjects could select their preferred contribution level on the decision screen, they re-

ceived a short and neutral description of the public good on an information screen. Thereby we

ensured that each subject would have at least the same level of information about greenhouse

gas emissions and the procedure by which the emission reductions would be executed by the ex-

perimenters. They were also informed about the amount of CO2 that could be reduced for each

1e-contribution. In order to render the choice tangible, the instructions related this amount to

every-day consumption decisions, expressed in terms of two common activities (car travel; use

of personal computer) and the average CO2 emissions of a German citizen. The instructions

also confirmed the public good character of CO2 mitigation by explaining that the particular

location of CO2 reductions would not affect the mitigation of global climate change and by

pointing out the temporal delay between the reduction of CO2 emissions in the atmosphere and

the resulting beneficial impacts on climate change.

To avoid potential anchoring effects we made sure that no examples of provision levels were given

to subjects before they could select their own contribution. Lastly, participants were informed

that documentation from the German Emission Trading Registry would be publicly posted

immediately following the last experimental session that would certify that their contributions

had been used for the verified emissions reductions.

6All subjects in the experiment completed the two tasks in this order. We do not explicitly account for order
effects, as Laury and Taylor (2008) find no evidence for such effects in a setting comparable to ours. Furthermore,
in a small scale pilot of our study (N=30) we find no evidence for order effects.

7Obviously, outcomes from Task I are only a proxy for actual field behavior. But they seem to capture, at
least to some degree, environmental preferences, since they are significantly correlated with stated donations to
environmental organizations.
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3.2 Task II: The laboratory public goods game

The average rate of cooperation in PGG has been found to be responsive to changes in ex-

perimental parameters such as the group size, the marginal per capita return (MPCR), or the

symmetry of payoffs (Isaac and Walker, 1988; Goeree et al., 2002; Nosenzo et al., 2015). We

hypothesize on this basis that the choice of these parameters affects the degree of generalizabil-

ity. To test this proposition, we employed a variant of the standard public goods game (Goeree

et al., 2002): Subjects were anonymously and randomly matched into groups of varying size

and completed ten independent one-shot contribution decisions without feedback, displayed on

one common decision screen.8 In each of these decisions participants had to choose how many

tokens from their initial endowment they wanted to invest into a public account. Depending

on the total number of tokens invested, every public account produced payoffs determined by a

distinct combination of MPCR, group size, and payoff symmetry. Table 1 summarizes the ten

decisions. In the ’benchmark’ or ’reference’ case (Decision f), we set the parameters to those

used in most existing public good experiments: The group of participants is small, with three

members, the payoff structure for investments in the experimental public good is symmetric

across participants, and the MPCR is 0.4. In the nine other decisions, the parameter constel-

lation systematically shifted the contribution incentives such that they structurally resembled,

to greater or lesser degree, those present in voluntary mitigation decisions. In contrast to the

benchmark case, the contribution incentives there are characterized by the fact that the ’group

of players’ is large, the MPCR is small, and payoffs are asymmetric.

The general payoff structure for individual i is summarized by the following expression:

πit = v(ω − xit) +mint
t xit +mext

t

Nt−1∑
j

xjt;∀i = 1, ..., 12/15;∀t = 1, ..., 10 (1)

where v is the value of a token kept and ω is the initial endowment of tokens. t is a subscript

denoting each decision and xit is individuals i’s contribution to the public account. mint
t and

mext
t are the internal and external value of a token invested in the public account, respectively.

For each token subjects invest in the public account they receive mint
t and transfer mext

t to every

other group member. Cases where mint
t = mext

t are therefore equivalent to a linear PGG with

symmetric payoffs. Nt denotes the number of subjects within a group.

In each decision, tokens remaining in the private account yielded a payoff of v = 20 Eurocent and

subjects were initially endowed with 20 tokens. As the internal returns are always smaller than

v, free-riding is a dominant individual strategy. From the group’s perspective, it is efficient to

contribute the full endowment. Decisions a-d feature parameters that structurally resemble those

for voluntary mitigation decisions (small MPCR, larger group size, and asymmetric payoffs) more

than those of the benchmark decision f and decisions g-j.9

8This screen also contained two additional decisions, not analyzed in this paper. These decisions only served
as a robustness check, as they used parameters for which there was no conflict between individual and group
interest, and hence, did not resemble a standard public goods problem.

9The emphasis here is on structural resemblance. Numerically, of course, the largest feasible group size in a
typical lab experiment is still much smaller than the number of beneficiaries of climate change mitigation. The
largest group we observe consists of all participants present in a given session, which were either 12 or 15. As
a consequence, the lowest MPCR feasible under this constraint is, arguably, still far higher than the potential
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Table 1: Parameterization of the 10 PGG Decisions

Decision Group Size (N) Internal Return (mint
t ) External Return (mext

t ) MPCR Symmetry

a 12/15 2 2 0.10 Symmetric

b 12/15 3 2 0.10 Advantageous Asymmetric

c 12/15 2 3 0.15 Disadvantageous Asymmetric

d 12/15 4 4 0.20 Symmetric

e 3 8 6 0.33 Advantageous Asymmetric

f 3 8 8 0.4 Symmetric

g 12/15 2 9 0.42 Disadvantageous Asymmetric

h 3 12 8 0.46 Advantageous Asymmetric

i 3 8 12 0.53 Disadvantageous Asymmetric

j 3 16 16 0.80 Symmetric

Notes: This table shows the parameters used in decisions a-j. In-
ternal and external returns are displayed as Eurocent per token
contributed to the public account. Decision f is used and marked
as reference case, as it is characterized by a combination of pa-
rameters that is common in most public good experiments. The
MPCR for each decision is calculated by the following formula:
1

Nv
(mint

t + (N − 1)mext
t )

To minimize potential bias due to confusion (Houser and Kurzban, 2002; Ferraro and Vossler,

2010), subjects had to go through hypothetical payoff calculations for themselves and other

group members, prior to entering the decision screen. In these calculations, there was no pre-

specified contribution level to avoid setting a standard. At the end of the experiment, one

decision was picked randomly with equal probabilities and payed out to the participants. This

randomization of payoffs (Starmer and Sugden, 1991) has the advantage that subjects cannot

condition their behavior in a given decision on their other choices.

3.3 Recruitment and sample characteristics

Participant were recruited from two distinct pools. We compare students to non-students in

order to analyze, whether the prior focus on student subjects influences the conclusions that

can be drawn from existing experiments. To recruit from the general population, we used

advertisements in two different local newspapers.10 As a further recruitment tool, notices about

the experiment were posted in all neighborhoods and public places of the city of Heidelberg.

Prospective participants contacted a research assistant for further information and were invited

to a session.11 The student sample was recruited from the standard subject pool using ORSEE

(Greiner, 2015). To keep the two distinct subject pools comparable in terms of their experience

with economic experiments, only subjects who had not taken part in previous studies were

included in the experiment. Naturally, both subject pools consist of self-selected subjects. While

this is standard practice in almost all economic experiments, there are some concerns that the

use of self-selected subjects could overestimate the prevalence of other-regarding preferences

(Levitt and List, 2007). Empirically, these concerns have not been confirmed, so far (Anderson

et al., 2013; Exadaktylos et al., 2013).

MPCR from avoiding 1 Ton of CO2.
10The ”Rhein-Neckar-Zeitung” is sold at a price of 1,40 e and has a daily readership of 88.649 within the

Heidelberg region. The ”Wochen-Kurier” is distributed for free to all households in the Heidelberg region with
a run of 74.000 copies.

11The research assistant assured that subjects would be able to use a computer. The response rate to the differ-
ent recruitment methods was comparable and no significant differences can be found with respect to demographic
attributes or behavior.
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Overall, we recruit 135 subjects for the experiment: 92 from the general population and 43 from

the student population. Table 2 gives an overview over the demographic attributes used in the

analyses below. The two samples differ significantly with respect to socio-demographics directly

related to the student status such as age, income, assets, or number of children. Apart from

that, the two pools do not differ significantly regarding their education, stated risk aversion,

or stated concern about the consequences of climate change. Obviously, despite being more

diverse, the non-student participants in our study are also a convenience sample, but one with

a somewhat higher resemblance to the average population.

Table 2: Demographic attributes of different subpopulations

Demographics Total Student Non-Student

N=135 N=43 N=92

Age (Years) 40.91 (18.76) 22.83 (3.01) 49.36 (16.96)

Gender (1=male) 0.37 0.41 0.35

Individual Net Income (Euro) 1050.83 (902.74) 613.15 (228.59) 1253.65 (1020.73)

Assets (1=Yes) 0.25 0.02 0.36

Education (Years) 14.22 (2.67) 13.86 (1.95) 14.40 (2.94)

Household Size (#) 2.02 (1.44) 1.85 (1.22) 2.10 (1.54)

Has Children (1 = yes) 0.39 0.09 0.53

Stated Risk Aversion (Scale 1 - 11) 4.31 (2.72) 4.27 (2.72) 4.32 (2.73)

Concern Climate Change (Scale 1-7) 5.13 (1.77) 5.04 (1.57) 5.17 (1.87)

Notes: Income is self reported. Assets are coded as a dummy vari-
able that takes the value of one if subjects state that they own
either a flat or a house. Risk aversion is self reported based on a
question adapted from the German social survey (G-SOEP) (”How
do you see yourself: are you in general a person fully prepared to
take risks or do you try to avoid taking risks?”). Concerns about
climate change are assessed by a questionnaire item (”On a scale
of 1-7: How concerned are you about the consequences of climate
change”)

3.4 Experimental procedures

All ten sessions took place at the Heidelberg University Economics Computer Lab using z-Tree

(Fischbacher, 2007). There were either 12 or 15 participants per session. At the beginning of

a session, participants were seated at one of the available computer terminals, separated by a

divider. A printed version of instructions explaining general procedures was handed out and read

to subjects before they could begin with the actual decision tasks. All other instructions were

fully computerized. Communication between participants was not allowed at any point of the

experiment, while questions addressed at the experimenter were answered quietly. All sessions

were conducted under full anonymity. Furthermore, communication before the experiment was

held at a minimum due to a separate check-in room that reduced common waiting times. In

the check-in room subjects also generated a personal code. They were informed up-front that

this personal code had the purpose to guarantee their anonymity during the experiment and

anonymous payment at the end of a session: Experimenters provided sealed envelopes with

earning receipts, only distinguishable by the subjects’ personal code. The payment itself was

conducted in a different room by a research assistant who was not present at any time of the
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experimental sessions. With this payment procedure subjects could be assured that their overall

earnings and identity would not be revealed to the experimenter at the end of the session.

Sessions lasted around 75 minutes. Average payment was 17.65e and ranged from 2.68e to

26.00e 12.

4 Results

4.1 Observed behavior

Figure 1: Box-plots of contributions across tasks and subject pools

Notes: The top row shows the fraction of endowment contributed to
climate change mitigation in the real giving task. The bottom row
displays for each decision in the PGG the fraction of endowment
contributed to the public account. The black line indicates median
contributions. The lower and upper quartiles are marked by the
gray box and whiskers are used to display values within 1.5 times
the interquartile range. Outliers from this range are displayed as a
dot.

Figure 1 gives a first overview over the distribution of contributions in Task I and Task II.

The box-plots in the top panel show the fraction of the initial endowment contributed to cli-

mate change mitigation during Task I separately for the two different subject pools. The two

diagrams in the bottom panel contain information on contribution behavior in Task II. Each

box summarizes data for one of the ten distinct public good decisions. In the left diagram we

show data for student subjects and in the right one data for non-students. The benchmark case

(Decision f) is depicted in a different color.

Median and mean contributions are positive in both tasks and for most parameters values in Task

12This value includes earnings from incentivised follow-up questions that are not part of the analysis.
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II, contributions in Task I and Task II fall into a similar range.13 Overall, average contributions

in Task I are slightly lower than in Task II, especially for high MPCR decisions.

In line with previous findings (Gächter et al., 2004; List, 2004; Carpenter et al., 2008; Thöni et al.,

2012; Anderson et al., 2013; Falk et al., 2013; Belot et al., 2015), student subjects contribute a

lower fraction of their initial endowment. Both for the abstract public good decisions in Task II

(Mann-Whitney Rank-Sum Test: p < 0.05 for each decision) and contributions to climate change

mitigation in Task I (Mann-Whitney Rank-Sum Test: p < 0.05) this difference is statistically

significant. Furthermore, in both tasks a more compressed interquartile range suggest that

students’ contributions are less dispersed. This observation is also supported by significance

tests, which reject the hypothesis of equal variances both for average contributions in Task II

(Levene’s Robust Test; p < 0.05) and contributions in Task I (Levene’s Robust Test; p < 0.001).

In Task II, the contribution average varies substantially across decisions a-j. In line with pre-

vious findings, contributions increase with rising returns from the public good (Goeree et al.,

2002). This positive relationship is more pronounced for students than for non-students. Regres-

sion results14 confirm that the fraction of endowment contributed increases significantly with

group size (β1 = 0.021; p < 0.001) and internal (β2 = 0.030; p < 0.001) or external returns

(β3 = 0.013; p < 0.001). The observation that behavior in Task II depends on the choice of

parameters provides a first indication that this design choice could also influence the degree of

generalizability from one task to another.

4.2 Individual Behavior: The role of experimental parameters

In this section we study behavior at the individual level to analyze whether and under which

conditions PGG experiments capture the main motivational drivers underlying voluntarily car-

bon emissions reductions, as observed in the real giving task. We answer these two related

questions by successively exploring the within-subjects relationship between behavior in Task I

and Task II at different levels of aggregation across individuals and Task II decisions. At each

of these levels, a high correlation would suggest that contextual factors play a negligible role

and behavior in both tasks is driven by generic preferences that favor cooperation.

Result 1: There is no significant correlation between average contributions in the

abstract public good game and contributions to the real public good of climate change

mitigation.

For a simplified first analysis of the relationship between the two tasks, we follow Laury and

Taylor (2008) and initially ignore the variation of parameters between the different decisions of

Task II. To broadly summarize contribution behavior, we calculate the mean over the ten distinct

public good decisions ( 1
T

∑T=10
t xit). Across all decisions, the average participant contributed

33.85 percent (Median: 32 percent) of his initial endowment to the public account. This average

value is close to the cooperation rate (29 percent) reported in Laury and Taylor (2008), who

13This observation is also supported by non-parametric significance tests (Sign Rank Test: p < 0.05) that find
significant differences between the tasks for only two out of ten decisions.

14We estimate a random effects tobit model controlling for the student status and the set of demographic
attributes listed in table 2. Full results are shown in the Appendix table 8.
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use a similar PGG design. In comparison, average contributions to climate change mitigation

in Task I are only slightly lower at 27.48 percent (Median: 10 percent).

Similar average behavior across tasks need not reflect similar individual behavior. This is, in

fact, the main message of figure 2. It shows a bubble plot of realized choices, with the percentage

of endowment spent by each individual across all decisions in Task II on the x-axis and that

spent in Task I on the y-axis. Visual inspection of the bubble plot does not hint at an association

between the size of contributions in the two tasks. The same conclusion arises when employing a

relative instead of the absolute scale of contributions: For no more than a quarter of participants

do contributions fall into the same quintile in both tasks. The largest overlap can be found within

the bottom quintile, a result mostly driven by consistent free-riders. The descriptive results are

corroborated by the small and insignificant correlation between contributions in Task I and

average contributions in Task II (r = 0.1303; p = 0.132). In contrast to Laury and Taylor

(2008), therefore, behavior in the two distinct tasks in our experiment is only loosely related

when the analysis relies on the average decision in Task II.

Figure 2: Scatterplot of average contributions in the PGG and real giving task.

Notes:Bubble plot with frequency weights. The size of the bubbles
is proportional to the frequency of a pair of contribution choices.

Result 2: Correlations are higher when the MPCR in Task II is low, groupsize is

large, or payoffs are asymmetric.

We now move on to explore the correlation structure at a lower level of aggregation of Task

II decisions. Thereby we aim to assess how changes in the incentive structure across the ten

PGG decisions affect the correlation between contributions made in Task II and Task I. For

each decision, table 3 displays the corresponding correlation coefficients for the pooled sample

of students and non-students.
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Our analysis proceeds in two steps. We first examine the results for decision f. By the choice

of parameters (Columns 1-3), this benchmark case is representative for standard public good

games. Therefore, decision f is most informative regarding the question to what degree findings

from the existing PGG literature readily transfer to the context of climate change. Comparing

Task I and decision f of Task II, we find that behavior in the two tasks is not significantly

correlated (r = 0.1404; p = 0.1043). This cautions against immediate transferability from PGG

results to the climate policy context.

As a second step, we turn to the nine other decisions of Task II. Table 3 reports on the correla-

tions. We now see that the relationship between contributions in Task I and Task II strengthens

slightly for those Task II decisions that structurally resemble voluntary mitigation decisions:

When the MPCR is lower and groups larger than in the benchmark case, we find contribu-

tion behavior that is significantly correlated across tasks. The highest significant correlation is

reported for decision c, in which there was a low MPCR, a high group size, and an asymme-

try of payoffs.15 Conversely, for those decisions in which the MPCR increases relative to the

benchmark case, correlation coefficients drop to a highly insignificant size. Taken together, this

decision-wise analysis raises the possibility that simple adjustments in experimental parame-

ters of the PGG to structurally resemble the specific choice context can make an important

contribution towards generalizability.

Table 3: Decision-wise correlations between Task I and Task II

(0) (1) (2) (3) (4)

Decision Group Size Symmetic MPCR Correlation Pooled Sample

a Large Yes 0.1 0.0985

b Large No 0.1 0.1822**

c Large No 0.15 0.2003**

d Large Yes 0.2 0.0737

e Small No 0.33 0.1713**

f Small Yes 0.4 0.1404

g Large No 0.42 0.0446

h Small No 0.46 0.0956

i Small No 0.53 0.0042

j Small Yes 0.8 0.0491

Notes: Decision f constitutes the benchmark case.
* p < 0.10, ** p < 0.05, *** p < 0.01

To further evaluate the potential for generalizability, we now turn to the size of the significant

correlation coefficients in table 3. Interpreting their strength requires some point of reference.

We propose two reference categories: Correlations between PGG contributions and other ab-

stract tasks that elicit social preferences and pairwise correlations across Task II decisions. The

first is a plausible upper limit for the size of correlations between Task I and Task II contribu-

tions since behavior in structurally similar games (e.g., a public goods game and a prisoner’s

15These findings continue to hold, when we adjust p-values to address concerns regarding multiple testing. We
employ the method of Dubey, which accounts for the fact that behavior in Task II is highly correlated across
decisions. A detailed description of this method can be found in Sankoh et al. (1997)
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dilemma) should be more highly correlated than that across structurally less similar decisions.

Based on the results of the literature reviewed in Section 2, we find that the degree of general-

izability from Task II to Task I is not smaller than that of PGG contributions to behavior in

a number of other context-free social preference tasks. The significant correlations in table 3

squarely fall into the range [r = 0.07;r = 0.41] reported in Blanco et al. (2011) and Peysakhovich

et al. (2014).16

The second reference category, pairwise correlations across single decisions of Task II, relies on

data generated by our own experiment and is a more restrictive measure. With the general task

structure constant within that task, all variance in individual behavior across single decisions

should only reflect changes in experimental parameters. Comparing correlations, we find that

the relationship between Task II and Task I is much weaker than that between decisions under

changing contribution incentives within Task II. Overall, subjects behave highly consistently

across all ten PGG decisions (Cronbach’s α = 0.94) and correlations between single pairs of

decisions range from r = 0.43 to r = 0.85.17 Even when contribution incentives strongly differ

as, e.g., between decisions b and j, the respective correlation coefficient is larger than any

correlation shown in table 3. This apparent difference in size is further corroborated by formal

statistical testing: a test for correlated correlation coefficients, as described in Steiger (1980) and

Meng et al. (1992), shows that even the highest observed correlation between Task I and Task

II (Decision c) is significantly smaller than any correlation observed across different decisions of

Task II.

There are at least two potential explanations for the moderate size of correlations in table 3.

One is that even the MPCRs in decisions a-d are not sufficiently low to reflect the actual in-

centives underlying voluntary climate change mitigation efforts in Task I. If so, participants

would see Task I and Task II as generally equivalent and the differences in individual behavior

between tasks would solely reflect differences in the experimental parameters. In light of the

high behavioral consistency throughout Task II, despite substantial parameters changes, such

reasoning can only provide a partial explanation of the moderate correlations between tasks. An-

other potential explanation is that context-specific factors influence individual behavior beyond

a generic preference for cooperation. This reasoning is supported by the observation that even

when the same participant faces very similar contribution conditions (i.e., sharing money with

fellow students in a PGG and a sequential prisoners dilemma), there is only limited evidence

for identical behavior at the individual level (Blanco et al., 2011).

Result 3: Extensive-margin behavior generalizes better than average behavior. A

variation of experimental parameters has little impact on the correlation between

free-riding in Tasks I and II.

So far, we have analyzed behavioral consistency based on comparisons between the (average)

amounts contributed to the respective public goods. There is reason to believe, however, that

extensive-margin decisions (whether or not to contribute at all) could be determined by different

16The fact, that even for these more comparable contribution tasks some correlations are weak to negligible
mirrors findings from social psychology (Ross and Nisbett, 2011) which underline that individual behavior is
often strongly influenced by situational factors and only to a limited degree attributable to stable traits.

17A full correlation table can be found in the Appendix table 6.
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factors than the subsequent decision about the size of the contribution (Bergstrom et al., 1986;

Smith et al., 1995; Kotchen and Moore, 2007). If so, the previous analysis could have overlooked

an aspect of Task II that indeed generalizes to Task I. We therefore repeat the main steps of

the previous analysis, now examining extensive-margin behavior.

A first, rough summary measure of the extensive margin is the percentage of decisions in which

subjects contribute zero tokens in Task II. Based on this measure, 12.6 percent of subjects

are categorized as strict free-riders because they never contribute to the public account. By

comparison, 39.3 percent of subjects do not contribute to the public good of climate change

mitigation in Task I. While these mean rates of free-riding differ substantially, we now find

evidence for similar behavior at the individual level: Free-riding in the two tasks is correlated in

a weakly significant way (rs = 0.1521; p = 0.0783) when looking at all Task II decisions. There,

59 percent of strict free-riders also do not contribute in the mitigation task. The evidence

becomes stronger when we look at distinct decisions within Task II. For the benchmark case,

we find a significant correlation (rs = 0.1992; p < 0.05) between individual free-riding behavior

in decision f and in the mitigation task. For eight out of ten decisions there is a significant

(p < 0.05) positive correlation in the narrow range from rs = 0.1905 to rs = 0.2573. The

smallest insignificant correlation rs = 0.1153 is again found in decision j which is characterized

by the highest MPCR.18

4.3 The role of subject pool

A considerable number of studies have examined whether conducting experiments with a conve-

nience sample of students affects the conclusions that can be drawn from economic experiments

on social preferences (Gächter et al., 2004; List, 2004; Carpenter et al., 2008; Thöni et al., 2012;

Anderson et al., 2013; Falk et al., 2013; Belot et al., 2015). The main concern is that students

share only a limited range of individual attributes with the general population and, hence, could

lack an important determinant of population behavior. It is subject to an ongoing discussion

whether this concern mainly applies to level effects (e.g., in our case the size of contributions)

or also to treatment effects (Harrison and List, 2004). Figure 1 clearly shows that the average

student contributes significantly less in both tasks than the average non-student. Thus, our

results conform to prior evidence that the behavior of students can be seen as a lower bound

for the extent of pro-sociality one can expect among a more heterogeneous population. But

does this significant level effect also imply that more could be learned about voluntary mitiga-

tion decisions from conducting a conventional PGG experiment with participants from a more

diverse, and therefore more policy relevant, study population? This would only be the case if

behavior from PGGs transferred equally well to the mitigation context for students and non-

students. The mixed results of the studies reviewed in Section 2 raise the possibility that this is

not necessarily the case. For instance, some of the studies - especially those drawing on student

subjects (Laury and Taylor, 2008; Benz and Meier, 2008) - have found significant correlations

while studies conducted among a more diverse population (Voors et al., 2012) have not detected

a significant relationship. Yet, as each of these studies observes contributions to a specific real

18A full table containing decision-wise correlations for free-riding can be found in the Appendix table 7.
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public good, it is unclear whether their opposing results indeed arise from systematic differ-

ences between their respective subject pools. By contrast, we observe participants drawn from

two distinct subject pools interacting with the same public good. Hence, we can analyze if

correlations differ between those two subject pools.

Result 4: For student subjects, behavior in the PGG is more strongly correlated

with behavior in the real giving task than for non-student subjects.

When breaking down our prior analysis by student status, we find that the results reported

above are mainly driven by the consistent choices of students. The correlation between average

contributions in the PGG and contributions in Task I is slightly larger, yet still insignificant, for

students (r = 0.1531; p = 0.3288). For non-students this correlation is negligible (r = 0.0312;

p =0.7196). As shown in table 4, this disparity is not driven by a single PGG decision. Instead,

irrespective of the parametrization, for non-students all correlations are very low.

Table 4: Decision-wise correlations between Task I and Task II

(0) (1) (2) (3) (4) (5)

Decision Group Size Symmetric MPCR Correlation Non-Students Correlation Students

a Large Yes 0.1 0.0027 0.1689

b Large No 0.1 0.1081 0.3723**

c Large No 0.15 0.1319 0.3516**

d Large Yes 0.2 -0.0184 0.2939*

e Small No 0.33 0.0906 0.2964*

f Small Yes 0.4 0.0827 0.1455

g Large No 0.42 -0.0074 0.0570

h Small No 0.46 0.0242 0.1880

i Small No 0.53 -0.0452 0.1308

j Small Yes 0.8 -0.0719 0.1376

Notes: Decision f is the benchmark case. For student subjects we
exclude one apparent outlier shown in figure 1. Including this outlier
reduces correlation in size.
* p < 0.10, ** p < 0.05, *** p < 0.01

For students, however, there are significant correlations for some of the decisions in Task II.

The choice of experimental parameters again influences the strength of these correlations. Only

when the MPCR is smaller or the group size is larger than in the benchmark case of decision

f, correlations are sizable. This difference between subject pools is robust to accounting for the

higher demographic heterogeneity among non-student subjects. By calculating partial correla-

tion coefficients, which hold constant the set of observed characteristics contained in table 2, we

still find significant correlations only for student subjects.19

An additional analysis of free-riding behavior mirrors these findings. Only students display

a (borderline) significant correlation when averaging over all ten decisions (rs = 0.2967; p =

0.0534) of the PGG. Students who free-ride in Task I, on average contribute a significantly

smaller fraction of their endowment in Task II (13.35 percent vs. 27.05 percent; Mann-Whitney

19Alternative robustness checks yield equivalent results. In a SURE framework, using the same demographic
controls, Breusch-Pagan tests reject the hypothesis that residuals are independent for three out of four decisions
shown to be significantly correlated in table 4 for student subjects. For non-students this hypothesis cannot be
rejected for any decision.
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Rank-Sum Test: p = 0.01). These results do not carry over to non-students. For them, the

correlation between average free-riding in the abstract task and contributing zero in the real

contribution task is negligible (rs = 0.0511; p = 0.6287). Similarly, free-riding in the real

contribution task is unrelated to average contributions in Task II. A decision-wise analysis of

free-riding retains the previous result that the correlation structure is largely unaffected by the

choice of parameters. For students there is a significant correlation for almost every decision

(rs = 0.28 to rs = 0.39), while non-students reveal no significant correlation for any single

decision.20

4.4 The joint role of task format and individual characteristics

The sections above have highlighted how both the experimental parameters in the PGG and

the choice of the subject pool can influence the degree to which results on contribution behavior

are readily transferable to the context of voluntary climate change mitigation. In this section

we expand these previous results along two dimensions. First, we explore the joint role of

subject-pool effects and task format. Second, we look at key attributes beyond student status

that could account for subject pool effects. This second step might help to identify specific

segments of the population for which PGG behavior is particularly generalizable. If possible,

this characterization could provide some guidance when targeting specific study populations,

for which one can expect results to be meaningfully interpretable in the mitigation context.

Result 5: Quantitatively, subject pool effects outweigh the effect of game parame-

ters in explaining individual consistency. These differences cannot be attributed to

observable characteristics.

As a first step, we define a measure of individual behavioral consistency. By our stylized defini-

tion, a pair of choices would count as perfectly consistent if a decision-maker selected identical

actions in an identical setting. As a simple measure that conforms with this definition, we calcu-

late the absolute difference between the fractions of endowment contributed in Task I and Task

II and subtract it from one. Clearly, whether or not a given decision maker indeed perceives

choices in Task I and Task II as equivalent could depend on context specific factors (e.g., game

parameters and framing), individual characteristics determining his preferences in each task, and

the interaction of these factors (Furr and Funder, 2004). Applied to our experiment, if behavior

in both tasks was driven by exactly the same set of individual characteristics and contextual

factors did not matter, our measure would be one for the same individual. In contrast, if for the

two tasks these factors worked in opposite directions, the measure would tend towards zero.

Figure 3 displays the distribution of this consistency measure for the two distinct subject pools.

From left to right, we show three different averages: One average across all ten decisions of Task

I, another only for low MPCR (< 0.4) decisions, and the third only for high MPCR (≥ 0.4)

decisions.21 The figure reveals similar patterns as the previous sections, but also highlights the

extent of individual heterogeneity. A considerable share of participants conform to our definition

20A full table containing decision-wise correlations for free-riding can be found in the Appendix table 7.
21Each of these average measures is calculated according the following formula using the notation introduced
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Figure 3: Distribution of average consistency

Notes: Histogram displaying the distribution of different average
consistency measures by subject pool.

of ”perfect consistency”. Across the three panels, between 15 and 40 percent of subjects select

almost identical contributions in both tasks. Comparing the middle panel to those to its left

and right shows that identical choices are most common among students taking the low MPCR

decisions. Consistent free-riding accounts for more than half of this fraction. However, especially

among non-students, there is also a large group of subjects who reach only a low to medium

level of consistency.

In a more refined analysis, we now check whether this heterogeneity can be linked to the variation

of individual attributes and contextual factors. The resulting regression model makes use of the

full panel structure of our data. For each individual we observe ten decision-wise consistency

measures, which is our dependent variable (1−|xit

ω − gi|). Across all 1,350 observed realizations

of this variable, we find 118 instances of perfect inconsistency and 335 instances of perfect

consistency. The largest part (63.5 percent) of consistent decisions are by subjects who free-ride

in both tasks, followed by subjects who contribute half of their endowment (23.9 percent) and

full contributors (5.3 percent). This conforms with the findings of others, stating that free-

riding is the most stable individual behavior within the same task, across different cooperation

tasks and across time (Brosig et al., 2007; Ubeda, 2014). To quantify to what degree behavioral

differences in the two tasks are driven by parameter choices and to what degree they are linked

to individual characteristics, we estimate different specifications of a random effects tobit model

in Section 3, with gi denoting the fraction of endowment contributed by individual i in Task I:

czi = 1−
1

T

T∑
t

|
xit

ω
− gi| (2)
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shown in table 5.

Table 5: Differences in behavior, Task Format and Individual Characteristics

(1) (2) (3)

Consistency Consistency Consistency

MPCR -0.218**** -0.310**** -0.219****

(-6.17) (-4.91) (-6.16)

Non-Student (1=Yes) -0.233*** -0.282**** -0.242**

(-3.07) (-3.49) (-2.31)

Non-Student*MPCR 0.134*

(1.77)

Age (Years) 0.003

(0.93)

Male (1=Yes) -0.101

(-1.27)

Assets (1=Yes) 0.035

(0.34)

Years of Education 0.011

(0.86)

Household Size -0.019

(-0.69)

Parent (1=Yes) -0.230**

(-2.07)

Stated Risk Aversion (1-11) -0.004

(-0.32)

Fear Climate Change (1-7) -0.009

(-0.44)

Constant 0.982**** 1.016**** 0.915****

(15.26) (15.10) (3.70)

Observations 1350 1350 1320

Individuals 135 135 132

Chi2 47.23 50.35 56.06

* p < 0.10, ** p < 0.05, *** p < 0.01, **** p < 0.001

Notes: Random effects tobit maximum likelihood estimation to ac-
count for censoring from below (0) and above (1). z statistics in
parentheses. For each specification the dependent variable is one
minus the absolute difference between behavior in Task I and Task
II in percentage terms.

In the first specification we jointly estimate the effect of an exogenous variation of the MPCR

and moving from a student to a non-student sample. Increasing the MPCR inflates contribution

differences between Task I and Task II significantly. Furthermore, for a given MPCR, students

display more behavioral consistency than non-students. Quantitatively, the increase in consis-

tency caused by reducing the MPCR from the highest (0.8) to the lowest (0.1) parameterization

amounts to approximately two thirds of the effect observed when switching from a non-student

to a student subject pool. In specification 2 we show that changes in the MPCR affect stu-

dents and non-students differently. The weakly significant interaction term indicates that a

ceteris paribus reduction of the MPCR increases the consistency of students more strongly than
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that of non-students. In other words, students react more strongly to changes in contextual

factors. In practice, this would mean that a PGG would have to be adapted more strongly

when administered to non-students compared to students in order to achieve a similar effect on

generalizability. Using only the student status to differentiate between the two subject pools

masks a number of individual characteristics that could drive behavioral differences in the two

tasks. Thus, specification 3 contains additional controls for individual characteristics. Some of

these characteristics, such as gender (Croson and Gneezy, 2009) or age (List, 2004) have been

included because they have been shown to influence contribution behavior in standard PGG.

Other characteristics such as risk preferences, parenthood, or the fear of climate change could

be especially relevant for the decision to contribute to climate change mitigation (Löschel et al.,

2013; Diederich and Goeschl, 2014). Thus, these two groups of variables are plausible corre-

lates of context specific preferences in either Task II or Task I. However, with the exception

of being a parent, the included characteristics provide no additional information for individual

consistency. As the student dummy remains significant and nearly unchanged in size, despite

the further control variables, there are likely unobserved individual characteristics that underlie

subject-pool differences. Overall, the regression results point out that moving to a more diverse

subject pool but retaining the standard task format of a PGG does not necessarily increase the

generalizability of results in our context. Subject-pool specific differences have a larger impact

on the overall consistency than differences in the parameterization for the range of values we

observe.

5 Discussion and conclusion

In the past decades, experiments have started to play an increasingly important role in economic

research. In line with this development, there is also a growing interest in drawing on experi-

mental methods and evidence to illuminate concrete policy debates, such as those surrounding

climate change mitigation (Bohm, 2003). We agree that in this regard much could be learned

from experiments, as they offer a cheap and feasible way to gain insights into the behavioral

responses to novel policies within a controlled environment. But for experiments motivated

by specific policy issues, generalizability becomes a central issue (Schram, 2005; Sturm and

Weimann, 2006).

Our analysis highlights that heterogeneity in mitigation decisions is indeed partly attributable

to generic cooperative preferences, but also depends on idiosyncratic factors. Of course, for

policy advice the main advantage of experiments lies in their ability to isolate the effects of

a particular treatment variation on behavior. Given that in our experiment a considerable

fraction of individual mitigation decisions are driven by latent variables not observed in the

PGG (especially when using standard parameters), it is not obvious whether treatment effects

would be highly transferable between these two settings, in a quantitative and maybe even in a

qualitative sense.22 Clearly, this does not mean that such concerns materialize necessarily for

22As highlighted by Kessler and Vesterlund (2015), a discussion about qualitative transferability might be
more fruitful. However, even for qualitative treatment effects with an unknown underlying causal mechanism
(Heckman and Smith, 1995; Imai et al., 2011) the potential for transferability is hard to assess, because it is not
clear which latent factors (common or idiosyncratic) link the treatment variable to the outcome.
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all treatment effects of interest. For instance, the qualitative predictions regarding the effects

of providing social information have been largely unaffected by the setting under which they

were obtained, be it for contributions in abstract laboratory PGG tasks (Bardsley, 2000), in

different field settings (Alpizar et al., 2008; Shang and Croson, 2009), or in the specific context

of mitigation decisions (Allcott, 2011).

Importantly, we do not see our finding as discarding the application of (abstract or context-

specific) experiments to questions of climate change policy. Rather to the contrary, they call

for more experimentation, in the spirit of the arguments raised in Falk and Heckman (2009).

Only by obtaining further experimental evidence one can shed additional light on the conditions

under which one can safely assume a high level of generalizability. We make a first step into

this direction within our own framework and explore two potential shifters of generalizability.

Our first treatment variation suggests that the link between PGG behavior and mitigation

decisions can be strengthened by bringing the experimental parameters closer to the context of

interest. For PGG with a low MPCR the correlation between behavior in both tasks increases,

sometimes even substantially. Consequently, in the limit, the best laboratory equivalent to

individual mitigation behavior might well turn out to be the standard dictator game in which

the dictator’s private return of contributing is zero. So far, there is only limited experimental

evidence on contribution behavior from PGG under conditions of very low MPCR (Weimann

et al., 2012). While some general patterns persist, there is also some emerging evidence that

well known mechanisms for fostering cooperation such as peer-punishment (Xu et al., 2013) are

much less effective given a reduced MPCR. Further research in this direction could be of great

interest for those who wish to study the behavioral mechanisms of cooperation in the context

of climate change.

From our second treatment variation we derive more ambivalent conclusions, regarding questions

of generalizability. If it was a central aim to make statements about the level of cooperation,

the use of a convenience student sample could be somewhat misleading. We replicate earlier

findings that student behavior is only a lower bound for the cooperative behavior that can

be expected in a population with broader demographic heterogeneity. On the other hand, we

show that students are more responsive to changes in experimental parameters (or conversely

less responsive to differences between the tasks) and consequently display a higher consistency

between the different decision tasks. Thus, sampling from the general population, with the

aim to draw from a more representative subject pool might impose stronger demands on the

experimental design. The higher diversity of the subject pool might not only call for a larger

sample size but also for additional treatment variations.

Clearly, our experiment is only a first step towards understanding generalizability in the narrow

context of climate change mitigation. The larger question, namely whether social preference

tasks are generally external valid, cannot be resolved on its basis as our results are, by design,

context-dependent. A relevant extension of our design would replace Task I with an actual

measurement of voluntary mitigation behavior in a field environment. Such a measure would

differ from Task I along several dimensions. Mitigation decisions outside the lab context require

individuals to use their own money instead of an experimental endowment, are not scrutinized

by an experimenter but instead (in some cases) by the social environment and are often bundled
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with other attributes of a consumption decision. Each of these shift parameters reduces the

artificiality of Task I relative to Task II. It is left for further research to assess how this would

affect conclusions about generalizability.
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A. Löschel, B. Sturm, and C. Vogt. The demand for climate protection Empirical evidence

from Germany. Economics Letters, 118(3):415–418, 2013.

X.-L. Meng, R. Rosenthal, and D. B. Rubin. Comparing correlated correlation coefficients.

Psychological Bulletin, 111(1):172, 1992.

M. Milinski, D. Semmann, H.-J. Krambeck, and J. Marotzke. Stabilizing the earths climate

is not a losing game: Supporting evidence from public goods experiments. PNAS, 103(11):

3994–3998, 2006.

M. Milinski, R. D. Sommerfeld, H.-J. Krambeck, F. A. Reed, and J. Marotzke. The collective-

risk social dilemma and the prevention of simulated dangerous climate change. PNAS, 105

(7):2291–2294, 2008.

W. D. Nordhaus. To slow or not to slow: The economics of the greenhouse effect. The Economic

Journal, pages 920–937, 1991.

D. Nosenzo, S. Quercia, and M. Sefton. Cooperation in small groups: The effect of group size.

Experimental Economics, 18(1):4–14, 2015.

A. Peysakhovich, M. A. Nowak, and D. G. Rand. Humans display a cooperative phenotype that

is domain general and temporally stable. Nat Commun, 5, 2014.

L. Ross and R. E. Nisbett. The person and the situation: Perspectives of social psychology.

Pinter & Martin Publishers, 2011.

A. J. Sankoh, M. F. Huque, and S. D. Dubey. Some comments on frequently used multiple

endpoint adjustment methods in clinical trials. Statistics in Medicine, 16(22):2529–2542,

1997.

A. Schram. Artificiality: The tension between internal and external validity in economic exper-

iments. Journal of Economic Methodology, 12(2):225–237, 2005.

J. Shang and R. Croson. A field experiment in charitable contribution: The impact of social

information on the voluntary provision of public goods. The Economic Journal, 119(540):

1422–1439, 2009.

J. F. Shogren and L. O. Taylor. On behavioral-environmental economics. Review of Environ-

mental Economics and Policy, 2(1):26–44, 2008.

V. H. Smith, M. R. Kehoe, and M. E. Cremer. The private provision of public goods: Altruism

and voluntary giving. Journal of Public Economics, 58(1):107–126, 1995.

26



C. Starmer and R. Sugden. Does the random-lottery incentive system elicit true preferences?

An experimental investigation. American Economic Review, 81(4):971–78, 1991.

J. H. Steiger. Tests for comparing elements of a correlation matrix. Psychological Bulletin, 87

(2):245, 1980.

B. Sturm and J. Weimann. Experiments in environmental economics and some close relatives.

Journal of Economic Surveys, 20(3):419–457, 2006.

A. Tavoni, A. Dannenberg, G. Kallis, and A. Löschel. Inequality, communication, and the
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6 Appendix: Supplementary tables and regressions

6.1 Correlation table task II: Decision a.-j.

Table 6 contains the correlation coefficients for each pair of decisions made in task Task II.

Table 6: Correlation Matrix of Task II decisions

Decisions a b c d e f g h i j

a 1.000

b 0.681 1.000

c 0.697 0.849 1.000

d 0.706 0.731 0.696 1.000

e 0.674 0.716 0.701 0.642 1.000

f 0.617 0.691 0.598 0.696 0.758 1.000

g 0.658 0.626 0.572 0.749 0.516 0.611 1.000

h 0.587 0.564 0.480 0.613 0.597 0.655 0.691 1.000

i 0.555 0.494 0.528 0.583 0.579 0.559 0.613 0.721 1.000

j 0.467 0.431 0.436 0.544 0.469 0.504 0.588 0.762 0.625 1.000

6.2 Correlations free-riding

Table 7 contains Spearman correlation coefficients between free-riding in Task I and Task II.

For the pooled sample (4) there are significant correlations for eight out of ten Task II decisions.

These mainly reflect consistent free-riding among student subjects (6).

Table 7: Spearman correlations between free-riding in the real and in the abstract context for all 10
decisions

(0) (1) (2) (3) (4) (5) (6)

Decision Group Size Symmetry MPCR Correlation Correlation Non-Students Correlation Students

a Large Sym 0.1 0.2085** 0.1196 0.3486**

b Large Asym 0.1 0.1924** 0.0919 0.3603**

c Large Asym 0.15 0.2221*** 0.1196 0.3908***

d Large Sym 0.2 0.2573*** 0.1738 0.3841**

e Small Asym 0.33 0.1261 0.0067 0.3072**

f Small Sym 0.4 0.1992** 0.13 0.2969*

g Large Asym 0.42 0.2051** 0.1201 0.3341**

h Small Asym 0.46 0.1905** 0.0378 0.3841**

i Small Asym 0.53 0.2133** 0.11 0.3812**

j Small Sym 0.8 0.1153 -0.0045 0.2861*

Notes: Decision f constitutes the benchmark case.
* p < 0.10, ** p < 0.05, *** p < 0.01

6.3 Regression results task II

Table 8 displays results from a random effects tobit regression with the fraction of endowment

contributed as the dependent variable. The most basic specification (1) corroborates a posi-

tive and significant relationship between contributions and the internal return, external return,

group size in each decision of Task II. Furthermore, non-students contribute higher amounts.

These relationships are robust to controlling for further demographic variables and attitudes in

specification (2).
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Table 8: Contributions Abstract Public Good Game and Demographic Variables

(1) (2)

Contributions Contributions

Non-Student (1=Yes) 0.333**** 0.225*

(3.93) (1.94)

Internal Return 0.029**** 0.029****

(6.98) (6.88)

External Return 0.012**** 0.013****

(3.89) (4.04)

Group Size 0.021**** 0.021****

(5.79) (5.80)

Age (Years) 0.007*

(1.82)

Male (1=Yes) -0.031

(-0.36)

Assets (1=Yes) -0.245**

(-2.46)

Years of Education -0.008

(-0.57)

Household Size 0.017

(0.56)

Number of Children 0.049

(1.00)

Fear Climate Change (1-7) -0.036

(-1.51)

Constant -0.424**** -0.304

(-4.82) (-1.12)

Observations 1350 1320

Individuals 1350 1320

Prob > Chi2 0.000 0.000

* p < 0.10, ** p < 0.05, *** p < 0.01, **** p < 0.001

Notes: Random effects tobit maximum likelihood estimation to account for
censoring from below (0) and above (1). z statistics in parentheses.

29


