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Abstract

There is ample evidence that the number of players can have an impor-
tant impact on the cooperation and coordination behavior of people facing
social dilemmas. With extremely few exceptions, the literature on coop-
eration assumes common knowledge about who is a player and how many
players are involved in a certain situation. In this paper, we argue that
this assumption is overly restrictive, and not even very common in real-
world cooperation problems. We show theoretically and experimentally
that uncertainty about the number of players in a Volunteer’s Dilemma
increases cooperation compared to a situation with a certain number of
players. We identify additional behavioral mechanisms amplifying and
impairing the effect.

1 Introduction

Modern societies become increasingly dispersed, and networks of social inter-
action that are commonly taken for granted are constantly replaced by more
anonymous and short-lived social encounters. Even though those now diminish-
ing close-knit groups have been identified as the nucleus of cooperative environ-
ments (Coleman), (1994; Putnam)| (1995)), the prevalence of cooperative behavior
in modern societies is surprisingly high. People take care of refugees after hu-
manitarian crises and natural disasters. Programmers provide others with open
source software. Interested writers publish articles on Wikipedia, and activists
take part in risky political campaigns. Even more surprising these outbursts of
collective action often happen in fairly unstructured, spontaneous, and rapidly
changing environments. Very naturally, individual information about personal
costs and benefits, ties between actors, or the dimensions of problems entailed
in the system is limited in those grassroot endeavors. We will refer to this mul-
tifaceted and rather blurred perception of the environment as enwvironmental
uncertainty.

Perhaps most importantly, we often have no or only partial information
about how many other individuals are willing and able to engage. While we
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may have an intuition about the number of other potential “volunteers”, the
exact number is usually unknown. This population uncertainty, which is a par-
ticular flavor of environmental uncertainty, has profound consequences for the
nature of strategic interaction. In his seminal theoretical contribution to the
understanding of population uncertainty, Myerson| (1998) shows that assuming
common knowledge about group sizes is by no means an innocent assumption
(see also Myersonl 2000): relaxing this assumption has profound consequences
for predicted behavior. [Myerson| (1998, 2000) develops the general class of Pois-
son games to study population uncertainty in large groups. This class of games
has received considerable attention in political science, where it is used to model
voter decisions when the number of voters is unknown (Nunez,|2010) or to model
macro-economic outcomes, e.g., when the number of innovators is unknown
(Makris, [2008; Milchtaich), 2004)E| While population uncertainty has been stud-
ied in many contexts, the literature on cooperation is surprisingly mute on this
issue. With very few exeptions, it assumes common knowledge about who is a
player and how many players are involved in a certain situation.

The goal of this paper is therefore to analyze the effect of population uncer-
tainty on cooperation, both theoretically and experimentally.

We introduce population uncertainty to the Volunteer’s Dilemma (Diek-
mann, [1985), a well-known coordinate-to-cooperate game. In the Volunteer’s
Dilemma, a group of people can enjoy the benefits of cooperation if at least
one group member volunteers to provide a public good. Providing the good,
however, is associated with an indivisible cost, which is smaller than the gains
every member of the group receives. Effects of different (certain) group sizes
are well understood in the Volunteer’s Dilemma (e.g., [Franzen| [1995}; |Goeree
et al., |2017)), which makes it particularly suitable for the study of population
uncertainty.

In our experiment, we compare volunteering behavior under a certain group
size (CERTAIN) with volunteering behavior under uncertain group size where
the mean of the group size is identical to the certain group size. We consider
two uncertainty treatments where we vary the variance of the distribution of
possible groups sizes. Further, we vary the costs of volunteering in order to
study interaction effects between group size uncertainty and incentives.

Our game-theoretical model of these coordinate-to-cooperate situations pre-
dicts a higher cooperation rate under population uncertainty (see Section .
However, population uncertainty may have additional psychological effects, which
would have consequences for the direction of the effect. Kerr| (1989) finds that
perceived self-efficacy is decreasing in larger groups, which then leads to lower
levels of cooperation in social dilemmas. Since population uncertainty might
lead to a downward biased perception of the population size, this is likely to
mitigate cooperation in some situations.

Consequently, the perception of the probability of oneself “making a dif-
ference” or being “critical” (Rapoport}, |1987) is paramount to understanding

3Population uncertainty is studied more thoroughly in other contexts. In auctions (e.g.,
see Harstad et al., |1990) population uncertainty is shown to increase bids by and large, even
though there are situations where this is reversed. This increase can at least in part be traced
back to individual risk preferences (e.g., [Haviv and Milchtaichl [2012)). Moreover, population
uncertainty influences equilibrium spending in contests theoretically and experimentally (Lim
and Matros, 2009} |Boosey et al.l [2016)). Further, even very well known economic results like
the optimal pricing behavior in a Bertrand competition change with population uncertainty
(Ritzberger} 2009)).



cooperation and coordination under population uncertainty. We have good rea-
sons to believe that in fact the perceived and not the objective criticality plays
the decisive role to explain coordination and cooperation under population un-
certainty (Chen et al., [1996).

We model perceived criticality as a direct consequence of pessimistic beliefs
about objective probabilitiesﬂ We thus go beyond the work of
and , who provide suggestive evidence that population uncertainty
has a negative effect on perceived criticality, but do not model the perceived
criticality as a direct consequence of pessimism. Their prediction is experimen-
tally corroborated by , who shows that cooperation rates are indeed
lower in a sequential threshold public-goods game with an uncertain group size.
In contrast, our model predicts higher cooperation rates under population un-
certainty. However, the fundamental difference between their setup and ours
lies in the fact that in their case, successful cooperation requires more than one
person.

The evidence for public-goods and common-pool resource games is less con-
clusive. Cooperation in linear public-goods experiments decreases under popu-
lation uncertainty , but is not affected in the non-linear counterpart
(Toannou and Makris, 2015)). In contrast to these findings, the exploitation of
a common-pool resource decreases under population uncertainty
, which may in part be explained by a convergence of diverse sharing norms
to the equal division rule (Kwaadsteniet et al., 2008).

Our results show that population uncertainty indeed fosters cooperation (see
Section . This contrasts with many findings on the more general topic of
environmental uncertainty, where uncertainty usually leads to a reduction of
cooperation levels (e.g. Rapoport et al., 1992; [Van Dijk et al., [2004). Further,
we find an interesting effect suggesting that many subjects are only willing to
contribute if others also do, even though one cooperator is sufficient and efficient.
Finally, we find evidence that population uncertainty shifts actions away from
self-regarding motives to pro-social motives and that population uncertainty
shifts the normative perspective of what is appropriate to do.

2 Theory

2.1 The Volunteer’s Dilemma

The Volunteer’s Dilemma (VOD) is an N-player coordination problem intro-
duced by Diekmann| (1985). The usual cover story goes that N players, who
all know of each other, face a problem in which one person has to cooperate
(volunteer) to do something at some cost ¢ > 0 (e.g., bring a corkscrew to a
barbecue in the park), such that everyone can enjoy some benefits b > ¢ (e.g.,
a nice glass of Chardonnay on a mild summer evening). The VOD thus consti-
tutes a coordination problem in which everyone would be willing to cooperate
if no one else cooperates (in the end it is not too much trouble to search for the
corkscrew). However, everyone would prefer someone else to cooperate.

4Mansour et al|(2006) provides evidence for pessimistic beliefs in simple coin toss exper-
iments. (2004) also shows that some subjects abstained from investing in a threshold
public good out of fear that the group size would be too small.




The payoffs of the decision makers in the VOD depend on whether they
cooperate or defect and on the decision of the N — 1 other subjects.

Number of other cooperators

own choice | 0 1 2 ... N
cooperate | b—c b—c b—c ... b—c
defect 0 b b e b

Table 1: Payoffs in the Volunteer’s Dilemma where b > ¢ > 0

In the standard form with NV players, the VOD has N + 1 Nash equilibria:
N equilibria in pure strategies where only one player cooperates and one in
mixed strategies. The pure strategy equilibria are obviously hard to coordinate
on in a fully symmetric setup without communication. The mixed strategy
Nash equilibrium cooperation is feasible but inefﬁcientﬂ The symmetric mixed
strategy Nash equilibrium (MSNE) p* (where p is the probability to cooperate)
is given by:

c 1

p=1- () M

It is easy to see that p* is decreasing in N. How does the MSNE change if
we introduce population uncertainty? We are not aware of any studies manipu-
lating population uncertainty in a volunteer’s dilemma. However, [Weesie| (1994)
proposes a game theoretical model with incomplete information about the costs
and benefits of other players in the VOD. This model could be extended to the
VOD with population uncertainty if one allows benefits to be lower than the
costs. In contrast, in our theoretical model, we focus on population uncertainty
in the actual number of players in the group. That is, costs and benefits are
common knowledge and constant across players.

2.2 The Volunteer’s Dilemma under Population Uncer-
tainty

We extend the analysis of the game by allowing the number of players to be
stochastic. More precisely, players make their decision without knowing the
actual group size. The distribution of the number of players n is common
knowledge. n is drawn from a discrete probability distribution h which can be
defined as a vector (h(1), ..., h(N) with h(n) being the probability of having n
players in the group and N being the highest possible number of players (with
N being arbitrarily large).

We are interested in the effect of population uncertainty on behavior. There
are no asymmetric equilibria as in the standard VOD. The reason is that there
is some positive probability that the designated volunteer is just not present in
the game (will not come to the barbecue). Thus, we focus on symmetric MSNE.

The symmetric MSNE cooperation rate p* is given as the solution to the
following equation:

¢ N
=Y hm - p) 2

n=1

5See |Goeree et al|(2017) for a discussion on quantal response equilibria in the VOD.



where h describes the probability density of the distribution of the number of
players with h(n) being the probability of having n players in the group (see
Appendix for the full derivation).

We compare Nash equilibria under two distributions of group size where one
distribution is more uncertain than the other. We use the notion of the mean-
preserving spread. That is, let f and g be two distribution functions where f is
a mean-preserving spread of g, then we say f is more uncertain than g.

Proposition 1 (Volunteering under population uncertainty):
In the Volunteer’s Dilemma, given fixed benefits and costs and given
two distributions of the population size, f and g, and let f be a
mean-preserving spread of g. The MSNE probability to cooperate
is (weakly) higher under f compared to g.

The proof of this proposition as well as a graph visualizing this proposition
is provided in the Appendix.

As can be seen from the above equation , the cost-benefit ratio directly de-
termines the equilibrium probability to cooperate. We provide a further propo-
sition describing the interaction between population uncertainty and the cost-
benefit structure on the MSNE (the proof can also be found in the appendix).
With

Proposition 2 (Incentives and population uncertainty): In the
Volunteer’s Dilemma, given two distributions of the population, f
and g: If f is a mean-preserving spread of g and f(1) > ¢, then

c c

there exists some () s.t. the difference p3}(3) — pj(7) is decreasing

M C C 8 M M M (9 C 2
in £ for £ > () and increasing in ¢ for § < (§).

2.3 Hypotheses

In order to test our propositions empirically, we will focus on a subgroup of
distribution functions and provide comparative statics for the values chosen in
our experiment. In particular, we analyze a situation where the distribution of
the number of players is given by a low, high, and median point, and each of
the possibilities has the same probability. That is, h(N. — s) = %, h(N.) = %,
h(Nc+s) = 1, and h(n) = 0 for all other n where s determines the spread of the
distribution. The following graphs show the numerical predictions for different
cost-benefit ratios for the two spreads that we consider in this experiment (s = 1,
s =2, N. = 3), as well as for the conditions where the number of players is
certain (s =0, N, = 3).

In this setup, we are able to test three hypotheses based on the two propo-
sitions. First, we test the general reaction to a change in volunteering cost, i.e.,
the cost-benefit ratio which is independent of whether the population size is
certain or uncertain.

Hypothesis 1 The cooperation rate is decreasing in c/b.

In our experiment, we increase the spread of the distribution and keep the
mean constant. Thus, using proposition 1, we arrive at the following hypothesis:

Hypothesis 2 An increase in the uncertainty of the group size leads to an
increase in the cooperation rate.



Finally, we expect an interaction effect between population uncertainty and
the cost-benefit ratio, as is shown in proposition 2. In the setup that we chose,
the critical ratio (%) is actually very low and we will focus on conditions where
the cost-benefit ratio is always higher than this critical value (see e.g., Figure
. Reformulating proposition 2 for our setup and for all cases where we predict
no ceiling effects:

Hypothesis 3 There is a positive interaction effect between uncertainty and a
decrease in the cost-benefit ratio on the cooperation rate.
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Figure 1: Predicted cooperation rates for different cost/benefit ratios and lev-
els of population uncertainty. The fractions labeling the lines display the
cost /benefit ratio.

2.4 Criticality

There are many reasonable arguments why deviations from the Nash equilib-
rium might occur. We focus on one key behavioral mechanism based on the
literature. Perceived criticality, in contrast to actual criticality, is seen as a
driving factor of behavior in setups with environmental uncertainty (Au et al.,
1998). In contrast to the literature, we develop perceived criticality implicitly
as a consequence of a biased perception of the environment. We assume that
decision makers have pessimistic beliefs about the number of players (see [Au
(2004) and Mansour et al. (2006)), which is modeled by an increased proba-
bility weight on the lower end of the distribution function. Importantly, from
this it follows that perceived criticality only has an influence under population
uncertainty. Assuming pessimistic, but common, beliefs about the group size,
we arrive at the following hypothesis (the theoretical derivation can be found in
the Appendix).

Hypothesis 4 Perceived criticality is higher than actual criticality under pop-
ulation uncertainty, but not if the population size is certain.

Then, the impact on the predicted cooperation rate is as follows.

Hypothesis 5 Observed volunteering rates are higher than predicted by the
MSNE, but only under population uncertainty.



3 Experimental Design

Subjects in our experiment play a one-shot Volunteer’s Dilemma with popu-
lation uncertainty, as described aboveﬂ In our Volunteer’s Dilemma setting,
subjects simultaneously decide about whether they want to cooperate (volun-
teer) or defect (not volunteer). As long as at least one subject cooperates, every
subject in the group receives a benefit (b = 10 €) and if no one cooperates,
each subject receives 0 €. Each cooperator carries a cost ¢, which is one of
our treatment variables. The instructions framed the experiments as a decision
about contributing to a project. The full instructions can be found in Appendix
A4 Subjects received a show-up fee of 4 €.

We use a 3x2 factorial design where we vary the distribution of the group
size (CERTAIN, LOW UNCERTAINTY, HIGH UNCERTAINTY) and the cost-benefit
ratio of cooperation (LOW, HIGH).

In order to make meaningful comparisons and to have enough power to detect
differences, we focus on small group sizes where, according to the theory, the
effect should be more prominent. Further, we want to test whether the extent
of the population uncertainty (i.e., the spread of the distribution) plays a role.

Thus, in the CERTAIN conditions, subjects play in a group of 3 and learn this
before they make their decision. In the LOW UNCERTAINTY condition, subjects
know that the group size is either 2, 3, or 4, each with equal probability, but
they learn the actual group size only after they make their decision. That is,
they decide under population uncertainty. In the HIGH UNCERTAINTY condition
the group size is either 1, 3, or 5, each with equal probability.

Further, the theory predicts a stronger reaction to incentives under popula-
tion uncertainty. To test this, we keep the benefits constant, but compare two
cost conditions. For this we choose two cost-benefit values for which we expect
a clear effect of population uncertainty and where the interaction effect should
be sizeable, but at the same time we avoid ceiling effects as described by the
condition in Proposition 2. Consequently, in the LOW COST treatment we set
¢ =4, and in the HIGH COST treatment, we set ¢ = 5 (compare figure .

Table [2] shows the experimental treatments together with the mixed Nash
equilibrium predictions for these treatments and shows that the expected dif-
ferences are indeed sizeable.

The procedure for creating the groups of different sizes in the treatments
with population uncertainty is critical. For the LOW UNCERTAINTY treatment,
24 subjects are invited to a session at the same time. Then, the group size
is randomly determined (2, 3, or 4), and then all the subjects in the session
are evenly distributed into groups of the randomly selected size. Subjects learn
about the selected group size only after making their decision. For the HIGH
UNCERTAINTY treatment, 15 subjects participate in each session and the proce-
dure is identical to the procedure in the LOW UNCERTAINTY condition, but now
with group sizes of 1, 3, or 5 subjects.

Before starting the experiment, the participants answered a set of 8 questions

6Playing repeatedly would give subjects a better chance at converging to the equilibrium
prediction. Depending on the feedback after each round, repeated play might be highly
complex. Choices might depend not only on past actions of others, but also on the draw of
the group size. While this might lead to interesting dynamics, this is beyond the scope of this
paper. The one-shot experiment gives us the cleanest data, given that we are focusing on the
effect of population uncertainty.



predicted
volunteering rate N  avg. earnings

low costs

CERTAIN .36 72 11.3€
LOW UNCERTAINTY .39 72 12.0€
HIGH UNCERTAINTY .08 75 9.9€
high costs

CERTAIN .29 72 10.4€
LOW UNCERTAINTY 31 72 9.3€
HIGH UNCERTAINTY .39 75 9.5€

Table 2: Treatments and symmetric MSNE predictions. Earnings include earn-
ings from the experiment, show-up fee, and earnings from the risk-elicitation
task.

about the rules of the game. Each of theses questions were answered correctly
at the first attempt with only very few exceptions.

3.1 Main measures

Volunteering Choice Our main dependent variable will be the rate of coop-
eration. In order to obtain clearer insights into the strategic behavior of subjects
and to increase statistical power, we provide subjects with a randomization de-
vice similar to Shachat| (2002)). Subjects choose the probability with which they
want to cooperate by choosing the number of blue balls in a virtual urn with
100 balls. Afterwards, one of the 100 balls is chosen randomly and determines
the choice of the subject, i.e., the subject cooperates if a blue ball is chosen.
This allows us to determine whether decisions are the result of a mixed or pure
strategy and also simplifies the elicitation of some of the further measuresm

Perceived Criticality The measure of perceived criticality was elicited after
the volunteering choice. We asked subjects to imagine 100 identical situations
and to state the number of times that they believe no one else in their group
would cooperate. We chose not to incentivize this task, which would have re-
quired extensive explanation and some simulation during the experiment. More-
over, non-incentivized belief-elicitation tasks have recently been shown to be
no worse or even better than their incentivized counterparts (Bellemare et al.,
2012]).

3.2 Additional measures

Since behavior under population uncertainty is not well understood, we use
further measures that will improve our understanding of behavior in these sit-
uations and uncover underlying motives. These measures are not incentivized

"This method has the advantage that we can directly elicit individual mixed strategies
instead of only obtaining treatment averages (Shachat} 2002). Importantly, our results seem
to be robust qualitatively to the choice method. The corresponding data from a pilot study
allowing only binary choices are available from the authors on request.



(apart from the risk preference task) in order to simplify the experiment and
prevent hedging possibilities between the main choice and, e.g., the belief task.

First Order Action Beliefs To measure first order action beliefs, we asked
the subjects to state the share of other players who volunteer with a probability
of 0-10%, 10-20%, and so on. We designed a histogram-based measure, where
the participants would move bars in a histogram up and down (see Appendix
for a screenshot of the task). This gave them a visual representation of
their beliefs. Just like the criticality measure, this measure was not incentivized.

Normative beliefs We measure normative beliefs by asking subjects what
they think would be the appropriate probability to cooperate (i.e., the number
of blue balls to put in the urn).

Risk Preferences Risk preferences where elicited with the Bomb Risk Ellic-
itation Task (Crosetto and Filippin, |2013). Subjects could earn up to 3.15€ in
this incentivized measureEI Actual earnings from this task were between 0€ and
2.50€.

Underlying Motives Our final measure was a self-stated questionnaire com-
prised of 8 items. These items asked for potential underlying motives on a
7-point Likert scale. See Table [d]in the Appendix for the exact wording of the
items.

3.3 Participants

Subjects were recruited using hroot (Bock et all |2014). The experiment was
conducted at the BonnEconLab at the University of Bonn and implemented in
oTree (Chen et al., [2016). In total, 438 (75 in each of the HIGH UNCERTAINTY
treatments and 72 in the other treatments, ~ 59% female) subjects took part
in the experiment from a wide range of different fields of study.

4 Results

We will structure this section according to the hypotheses we derived in the
theory part. After that, we will present the results of an exploratory analysis of
further underlying motives.

4.1 Testing hypotheses

Result 1 Lower costs of cooperation do not increase the probability to volunteer.

Hypothesis [1| predicts a negative relationship between the cost/benefit-ratio
and cooperative choices. We do not find evidence in favor of this hypothesis. A
Mann-Whitney test shows no systematic statistical differences between the cost
conditions in the different uncertainty conditions (low vs. high costs: CERTAIN p
= .71; LOW UNCERTAINTY p = .63; HIGH UNCERTAINTY p = .16, see also Figure

8We use the pre-programmed tool by [Holzmeister and Pfurtscheller| (2016)) with 8 x 8 boxes
and a payment of 0.05€ for each box.



. The difference is also small and statistically insignificant when pooling across
all high-cost conditions with all low-cost conditions (.51 vs. .53, Mann-Whitney,
p = .54). Since there is no statistical difference between the different cost
conditions, we will from now on pool the data for those analyses which do not
explicitly state the costs.
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Figure 2: Average volunteering rates (a) and distribution of volunteering deci-
sions (b). The error bars in (a) represent 95%-confidence intervals.

Result 2 Population uncertainty increases the probability to volunteer.

Hypothesis [2| predicted higher cooperation rates under population uncer-
tainty. This hypothesis is clearly confirmed by our data. Volunteering rates
are higher in LOW UNCERTAINTY than in CERTAIN (.53 vs. .41, Mann-Whitney,
p < 0.001), and higher in HIGH UNCERTAINTY than in CERTAIN (.61 vs. .41,
Mann-Whitney, p < 0.001). This result is also confirmed by the fractional
logit model (1) in Table (3] which is commonly used to model proportions in a
regression framework (Papke and Wooldridge, [2008).

The difference between the two uncertain treatments is less pronounced. As
predicted, the cooperation rates in HIGH UNCERTAINTY are higher than in Low
UNCERTAINTY. However, this difference is only weakly significant (.53 vs. .61,
Mann-Whitney, p = .0971). A Wald-test comparing the two uncertainty treat-
ments in Table [3|(2) leads to the same conclusion (p = .0829). This is in contrast
to the predicted values, which led us to expect a small difference between CER-
TAIN and LOW UNCERTAINTY, but a big difference between LOW UNCERTAINTY
and HIGH UNCERTAINTY. It suggests that the mere existence of population
uncertainty influences behaviour more than the degree of uncertainty.

Result 3 There is no interaction between the costs of cooperation and the degree
of population uncertainty on cooperation behavior.

Hypothesis [3| predicts that people react more strongly to cost differences
under higher population uncertainty. We therefore compare the differences-
in-differences in high- and low-cost situations between the different uncertainty
conditions. Our results, however, cannot confirm the predicted interaction effect

10



Table 3: Fractional logit regression estimating the probability to volunteer.

(1) (2) (3) (4)
LOW UNCERTAINTY 0.118** 0.107+ 0.107" 0.101*
(2.65) (1.71) (1.73) (2.09)
HIGH UNCERTAINTY 0.193***  0.210***  0.215*** 0.139**
(4.53) (3.53) (3.69) (3.07)
high costs -0.0143 -0.00218 0.0622
(-0.23) (-0.03) (1.29)
LOW UNCERTAINTY X high costs 0.0219 0.00431 -0.0842
(0.25) (0.05) (-1.26)
HIGH UNCERTAINTY X high costs -0.0360 -0.0573 -0.0899
(-0.42) (-0.68) (-1.45)
subj. criticality -0.00238**  -0.00229***
(-3.17) (-3.86)
pro-social 0.203***
(11.20)
pro-self -0.113***
(-5.39)
Observations 438 438 438 438
Pseudo R? 0.018 0.019 0.028 0.238

2 statistics in parentheses
+ p < .10, * p < .05, ** p < .01, *** p < .001

Note Estimates show average marginal effects. LOW UNCERTAINTY and HIGH UNCERTAINTY
are dummy variables indicating the corresponding uncertainty conditions. HIGH COSTS is
a dummy taking “1” for the conditions with a high cost-benefit ratio. Perceived criticality
stems from our measure of criticality and takes values from 0 to 100. Pro-social and Pro-self
are the two factors obtained from the exploratory factor analysis.

11



of costs and population uncertainty. The two cost/uncertainty interaction terms
in model (2) in Table [3|are not statistically different from zero, and a Wald-test
shows that they are not different from each other either (p = .50).

Result 4 Volunteering rates are higher than suggested by the mized Nash equi-
librium.

The average volunteering rates are substantially higher than predicted by
the mixed Nash equilibrium. The differences are statistically significant in all
treatments apart from the low-cost CERTAIN and HIGH-UNCERTAINTY treatment.
Table[5]in the Appendix shows the results of the corresponding t-tests. Pooling
the cost-conditions, differences are significant at the 5% level for all degrees of
uncertainty. In fact, volunteering decisions of individuals hardly ever match the
predicted volunteering rates. In total, only 31 or 7.1 % out of the 438 subjects
played a strategy that is within +/ — 5%-points of the Nash prediction. One
explanation is that approximately 45% of subjects play “pure strategies” (100
or 0 balls in the urn). Further, many subjects choose to volunteer with a 50%
probability. There is also a clear difference between treatments in terms of pure
strategies, as can be seen from the cdf in Figure . In CERTAIN, about 32%
of players defect (0 balls in the urn) compared to 22% in LOW UNCERTAINTY
and 11% in HIGH UNCERTAINTY. On the other hand, 52% cooperate fully (100
balls in the urn) in CERTAIN, compared to 53% in LOW UNCERTAINTY and 60%
in HIGH UNCERTAINTY.

Criticality

Based on our behavioral hypotheses, we expected a higher cooperation rate
than predicted by perceived criticality to increase the cooperation rates beyond
the point predictions of the mixed Nash equilibrium. While the above result
is in line with Hypothesis [f] for the uncertain treatments, we also find higher
cooperation for the CERTAIN treatment. Now we will show how this links to
criticality. Our measure of perceived criticality asks subjects to state in how
many of 100 identical situations they believe that no one else would volunteer.
A higher value thus corresponds to a higher perceived criticality.

First, we look at the difference between perceived and objective criticality
across treatments. We calculated the objective criticality as the probability that
a subject is the only volunteer in a groupEI The confidence intervals for these
proportions are calculated as Agresti-Coull intervals. Figure [3] shows that the
objective criticality is the lowest in the LOW UNCERTAINTY treatment, where
subjects were on average critical in about 26% of the cases. In the CERTAIN
treatment they are critical in about 34.4%, and in the high uncertainty treatment
they are critical in 39.3%, of the cases.

Result 5 Perceived criticality is higher than the objective criticality. There is
no difference in perceived criticality between treatments.

OThis probability is calculated as £ >>2_; (1—(1—#*)Nr~1), where 4! depicts the estimated
probability to volunteer in treatment ¢, and N, are the potential number of group members
(e.g., 2, 3, and 4 in the LOW UNCERTAINTY treatment).
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Figure 3: Perceived and objective criticality across treatments (a), and the
distribution of perceived criticality (b). The perceived criticality was elicited by
asking for the number of times no other participant would volunteer if the game
was repeated 100 times. The objective criticality was calculated as a function
of the observed volunteering rates.

Perceived criticality in all treatments is higher than the objective critical-
itym This difference is statistically significant in the CERTAIN and the LOW UN-
CERTAINTY treatment, but not in the HIGH UNCERTAINTY treatment (p < 0.05,
see Table in the Appendix). This is in contrast to Hypothesis 4} in that there
is also a difference for the certain treatment and that we find no differences in
perceived criticality between the treatments (all comparisons, Mann-Whitney,
p>0.1).

This result is somehow confirmed when analyzing corresponding beliefs. Sub-
jects expect others to be more cooperative in the uncertain treatments than in
the certain treatments, though this difference is only statistically significant in
the HIGH UNCERTAINTY case (LOW UNCERTAINTY vS. CERTAIN, 47.1 vs. 45.35,
Mann-Whitney p > 0.1, HIGH UNCERTAINTY vs. CERTAIN, 50.75 vs. 45.35,
Mann-Whitney p = 0.0042). Moreover, beliefs are more optimistic in HIGH
UNCERTAINTY compared to LOW UNCERTAINTY (Mann-Whitney, p = 0.07).

Result 6 Perceived criticality has a negative effect on cooperation.

As can be seen from column (3) in Table [3] criticality influences behavior in
an unexpected direction. The higher the perceived criticality, the less willing
subjects are to cooperate.

This surprising finding is not simply an artifact of our criticality measure, as
we can see from the independently measured first-order action beliefs. Beliefs
match the distributions of choices quite well (see Figure |§| in the Appendix).

10Tn contrast to our assumptions, pessimism about the group size does not seem to influ-
ence the results. As a simple measure we ask subjects in the uncertain conditions to state
their belief about the realized number of other players in their group. First, we do not find
evidence for overall pessimism in these treatment with most people expecting the average
group size. Second, there is no correlation between pessimistic beliefs and perceived critical-
ity (Spearman,p = 0.0085, p > 0.1).
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Again, we find the same unexpected link between beliefs and choices. The
more cooperative subjects believe others to be, the more likely they are to
volunteer themselves. Column (5) in Table [3|in the Appendix shows the cor-
responding results of a fractional logit regression controlling for the treatment
and the beliefs.

Overall this shows that indeed perceived criticality seems to play a crucial
role for cooperation behavior, but in a different way than expected.

4.2 Exploratory analysis

So far, we have isolated some of the driving factors by looking at structural
factors and beliefs and testing our hypothesis. The variance in the data that we
can explain with theses factors is still far from 1 (see Table[3)). We therefore also
administered an 8-item questionnaire designed to measure plausible underlying
motives. An exploratory factor component analysis reveals that 7 of the 8 items
can be separated into two factors (see table in the Appendix for the wording of
the questionaire and details on the factor analysis). The additive index of these 7
items reaches satisfactory reliability as indicated by a Cronbach’s « of 0.63. The
first factor can be broadly described as pro-social. It includes preferences for
social efficiency, a feeling of duty, and the desire for the project to be successful.
The second factor can be described as pro-self. It is a combination of the aversion
to being taken advantage of and the preference that others take over the costs
of providing the public good.

Including these self-stated factors in the regression sharply increases the
adjusted R? and adds two strong predictors for behavior. While pro-sociality
increases volunteering, self-serving preferences have the expected opposite effect
(see column (4) in Table [3).

Result 7 Subjects state motives more in line with efficiency under population
uncertainty and with self-serving motives when group size is certain.

Interestingly, these factors seem to be influenced by population uncertainty.
This is surprising since these questions and motives suggest stemming from fixed
preferences and should not be influenced by the treatment variation. Higher
population uncertainty correlates positively with the pro-social factor (Spear-
man, p = 0.1327, p < 0.0054), resulting in a negative correlation with the
pro-self factor (Spearman, p = —0.1380, p = 0.0038). We can therefore specu-
late that population uncertainty leads to a focus on social efficiency aspects of
the decision and away from selfish aspects.

This finding is in line with our measure of normative beliefs. Subjects state
that the appropriate probability to cooperate is higher in the uncertainty con-
ditions compared to the condition with certain group size, although only sig-
nificantly at the 10-percent level (LOW UNCERTAINTY vs. CERTAIN, 59.99 vs.
53.71, Mann-Whitney p = 0.0650, HIGH UNCERTAINTY vs. CERTAIN, 60.29 vs.
53.71, Mann-Whitney p = 0.0530). However, this result seems to be driven
by the high-cost condition (see Table [8|in the Appendix). Subjects stating a
higher value, i.e., subject who find a higher cooperation rate more appropriate
also contribute more themselves (see Table |§| in the Appendix)

14



5 Discussion

In this paper, we show theoretically and experimentally that population un-
certainty influences behavior in a coordinate-to-cooperate dilemma. The the-
oretical result holds for all comparisons where one group size distribution is
obtained by a mean-preserving spread from another distribution. In the exper-
iment, we provide evidence in line with the theory for a range of the group size
that is quite common in the literature. We find that higher population uncer-
tainty leads to more cooperative choices. However, the degree of the uncertainty
seems to play less of a role compared to the pure effect of the population being
uncertain. However, cooperation in all our treatments is substantially higher
than predicted by theory. There is no significant difference between our cost
conditions, even though there is a clear difference in the predicted rates and in
earlier studies. It is possible that more extreme cost differences might lead to
stronger effects. We further elicited the participants’ perceived criticality, that
is, how likely they think it is their own choice that makes a difference. This per-
ceived criticality is on average far above their objective criticality. However, in
contrast to our hypothesis, we find no difference in perceived criticality between
certain and the uncertain conditions.

Surprisingly, criticality influences choices in the reverse way than expected.
Subjects who perceive themselves as more critical actually cooperate less. A
similar effect can be found when looking at first-order action beliefs. The more
strongly somebody believes in the cooperativeness of others, the more they co-
operate themselves. The association between perceived criticality, beliefs, and
choices is in line with the notion of conditional cooperation: subjects cooper-
ate when they expect others to cooperate as well. However, the Volunteer’s
Dilemma is an extremely unexpected and puzzling example for this kind of be-
havior. Already one cooperator is sufficient and efficient to provide the collective
good, and one would therefore expect a negative correlation between beliefs and
choices.

We are confident that this behavior cannot be explained by mere confusion.
We took great care in explaining the setup and subjects seemed to have no prob-
lem in answering the control questions. Moreover, the beliefs about behavior of
the other players are surprisingly accurate, suggesting that behavior seems not
to be driven by a fundamentally false perception of the environment.

One explanation for the puzzle might be normative behavior. Indeed we find
that subjects’ cooperation behavior correlates strongly with what they state as
appropriate behavior. Thus, as long as the utility from adhering to the norm is
high enough, subjects might prefer to cooperate if they think others cooperate
as well (e.g., Lopez-Pérez, 2008). Sources of this norm-following behavior might
also be found in other social preferences, e.g., a high degree of inequity aversion.

An exploratory factor analysis of our questionnaire data reveals a further
potential mechanism. The two factors obtained — roughly capturing pro-self and
pro-social motives — are highly predictive of behavior. The explained variance
tenfolds if these two variables are included in our regression.

Moreover, these factors as well as the stated appropriate behavior are influ-
enced by population uncertainty. An increase in population uncertainty seems
to shift behavioral factors away from pro-self and in the direction of pro-social
motives. This is in line with studies on shifting norms based on cues in the
environment (Lindenberg, 2012; Rutkowski et al., [1983)) and would explain the
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observed treatment differences quite well. We would like to respect that these
results are based on an exploratory analysis and require rigorous testing in other
environments also which would be beyond the scope of this paper.

All the results are based on one-shot interaction. This gives us a clear test
of population uncertainty and avoids reputation effects. However, in a repeated
setting, one could study whether cooperation rates approach theoretical levels
over time. Given the complexity of the repeated interaction in a situation where
the number of players in each round is uncertain, this might lead to interesting
dynamics. To study these dynamics is a natural next step.

Finally, our results are of importance not only for the Volunteer’s Dilemma
and other coordination games, but for the literature on cooperation in particular.
We believe that the situation of population uncertainty is often the rule rather
than the exception. This has rarely been acknowledged by the literature so
far. If our results also hold in other contexts, cooperation is higher under
population uncertainty, and this would mean that we usually underestimate
cooperative behavior. The fact that the results in a relatively simple setting
are already influenced by population uncertainty suggests that results in more
complex situations might be influenced as well. Population uncertainty might
not only lead to a simple level effect of cooperation, but could interact with
taken-for-granted effects (e.g., the punishment in the public-goods game). Our
results provide an important first step towards exploring these questions.
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A Appendix
A.1 Proofs

Proposition 1

Recall the structure of the game, where b > c.

Number of other cooperators

own choice ‘ 0 1 2 - N-1
cooperate | b—c b—c b—c ... b—c
defect 0 b b ... b

We define x; as the action of player i with i € {C, D}. We assume that the
number of players N is a random variable with support on {1, ..., N} where N
is some fixed maximum number of players.

Proposition 1 (Volunteering under population uncertainty):
In the Volunteer’s Dilemma, given fixed benefits and costs and given
two distributions of the population size, f and g, and let f be a
mean-preserving spread of g. The MSNE probability to cooperate
is (weakly) higher under f compared to g.

To prove the theorem, we will compare the optimal choice under two prob-
ability functions f and g with f # g, where the random value N can take N
possible values, with n € N = {1,..., N}, where f(n) is the probability of N
taking the value n under distribution f (g(n) is defined accordingly). Further,
we assume that f is a mean-preserving spread of g (fimps9)-

Given that all other players play the symmetric mixed Nash equilibrium
strategy p* (where p is the probability to cooperate) every player in the game
must be indifferent between cooperation and defection in order to establish the
Nash equilibrium.

U(C) = U(D) (3)
b—c=0bProb(X_;,>0)= b (1— Prob(X_; =0)) 4)

where X _; is the number of other cooperators. This reduces to the following
equation:

g = Prob(X_; = 0). (5)
Let
Prob(X_;=0)=P, =Y h(n)(1-p)"", (6)
n61\7

where h represents the corresponding distribution function (f or g in our
case) and Py defines the probability to cooperate under that distribution func-
tion. Now we compare the right-hand side of equation @ under the two distri-
bution functions.

We need to show that:
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Pr=>3 fn)(1-p)" "> gm)(1-p)" " =P, (7)

neN nenN

Note that (1—p)"~! is convex and decreasing in n (for p < 1). From f,,sg it
follows that g second order stochastically dominates f and thus: » 5 f(n)u(n) <
> nen 9(n)u(n) for every concave function u(n). Conversely we get > 5 g(n)e(n) <
> nen f(n)e(n) for any convex function c(n) = —u(n). If we set c(n) :=
(1 —p)"~! we get the above inequation ([7):

Pf > Pg. (

o
=

The following graph helps to visualize the last step of the proof.

10§
08F N .
06
N ) ..
04F .

02r ~o

I I I
0.2 04 0.6 0.8 10

Figure 4: Prob(X_; = 0) dependent on p for some distribution functions f, g, e
with f(1) = g(1) =0 and e(1) >0

Note that 56% < 0. Now let p; be the mixed strategy Nash equilibrium
under probability distribution h, solving equation (5)) (under the condition that
p* € [0,1]). Thus, from condition it follows directly that p} > pj. The equal
sign holds for cases where § is small and g(1) > 0 and f(1) > 0s.t. p; =1 =p}
(compare P, in the above graph). g.e.d.

Proposition 2

Let pjy($) be the MSNE cooperation rate under distribution h when the cost-
benefit ratio is equal to 7.

Proposition 2 Incentives and population uncertainty): In the
Volunteer’s Dilemma, given two distributions of the population, f
and g: If f is a mean-preserving spread of g and f(1) > { then there
exists some (£) s.t. the difference p}(%)A— py(3) is decreasing in §

for § > (%) and increasing in § for § < (§).

Let us write P, = Py (p) to show the connection between P, and p for a given
distribution h. First, note that P,(0) = 1 and P,(1) = h(1) (the probability
of being alone), as can be seen in figure (). Further, P,(p) is decreasing and
convex in p. Taking the result above, we know that Py > P, if fy,psg. It is thus
easy to see that there is some (3) where A(f,g,§) = p}(§) — py(§) is maximal

b
and p3((3)) < 1 s.t. the difference is decreasing for § > () and increasing
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for § < (%) Note that, if f(1) > 0, then A(f,g, ) is largest at f(1), that is,

c

A(f,g,7) is decreasing in . g.e.d.

Criticality

We model pessimism as first-order dominance. That is, the pessimistic distri-
bution function (denote this by f,) of the group size is first-order stochastically
dominated by the actual distribution function (f,). It follows that for any value
of p (the cooperation rate of all others), the perceived criticality, i.e., the proba-
bility that no one else is cooperating, is higher under the pessimistic distribution
function (Hypothesis 4).

10f
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Figure 5: Prob(X_; = 0) dependent on p for an actual and biased distribution
function

Since f, first-order stochastically dominates f,,, f, is also second-order stochas-
tically dominated by f,. Thus, similar to the proof of proposition 1 it follows
that the symmetric MSNE rate of cooperation is higher under pessimistic beliefs
(Hypothesis 5).
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A.2 Questionnaire

Volunteering was framed as contributing to a project. The following question-
naire was administered at the end of the experiment.

We use a principal factor model with oblimin rotation. We retain two factors
following |Osborne and Costello| (2009). The results presented in this paper are
qualitatively the same for alternative methods of the factor analysis. Also, note
that item 8 cannot be clearly captured by the two factors. Including this item
separately in the regression or retaining more factors does not change the result
and the coefficient is positive and significant for that item.
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A.3 Further statistical analysis
A.3.1 Nash Predictions

observed (fi/s.e.) predicted p (two-sided t-test)

low costs

CERTAIN 42/.042 .36 15
LOW UNCERTAINTY .52/.046 .39 <.01
HIGH UNCERTAINTY .63/.042 .58 22
high costs

CERTAIN 41/.046 .29 <.05
LOW UNCERTAINTY .53/.044 31 <.0001
HIGH UNCERTAINTY .58/.039 .39 <.0001

Table 5: Comparing the volunteering rate predicted by the mixed Nash equi-
librium to observed choices with a two-sided t-test.
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A.3.2 Criticality

The following analyses provide further evidence on the differences in perceived
and objective criticality accross treatments.

LOW UNCERTAINTY HIGH UNCERTAINTY

low cost

CERTAIN (.43) .9984 .325
LOW UNCERTAINTY (.43) .5107
HIGH UNCERTAINTY (.45)

high cost

CERTAIN (.48) .0546 .0728
LOW UNCERTAINTY (.41) .7959

HIGH UNCERTAINTY (.41)

Table 6: T-test of the treatment differences in perceived criticality. The values
in the cells display p-values for the test between the row and the column (e.g.,
CERTAIN vs. LOW UNCERTAINTY in the low-cost condition, p = .9984). The
values in parenthesis display the average level of perceived criticality.

actual (fi/s.e.) perceived (ji/s.e.) p (two-sided test of proportions)

CERTAIN .45/.042 .34/.04 .049
LOW UNCERTAINTY .42/.041 .26/.04 <.01
HIGH UNCERTAINTY .43/.041 .39/04 48

Table 7: Comparing perceived to actual criticality with a test of proportions.
The actual criticality is calculated as %Zle(l — (1 —9")Nr=1) where o' is the
average probability to volunteer in treatment ¢, and N, is the potential number
of players (e.g., 2, 3, and 4 in LOW UNCERTAINTY)

A.3.3 Appropriate contribution

LOW UNCERTAINTY HIGH UNCERTAINTY

low cost

CERTAIN (0.58) .6184 .8298
LOW UNCERTAINTY (0.60) .4889
HIGH UNCERTAINTY (0.57)

high cost

CERTAIN (0.50) .0174 .0019
LOW UNCERTAINTY (0.60) .3294

HIGH UNCERTAINTY (0.64)

Table 8: T-test (two-sided) of the treatment differences in appropriate contri-
bution. The values in the cells display p-values for the test between the row and
the column (e.g., CERTAIN vs. LOW UNCERTAINTY in the low-cost condition, p
= .6184). The values in parenthesis display the average level.
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A.3.4 Beliefs
certain low uncertainty high uncertainty
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Figure 6: ECDF for first-order action beliefs compared observed choices (top)
and differences between the average beliefs and the observed choices (bottom).
Error bars in the bottom panel display 95% confidence intervals. The data for
the empirical volunteering rate was binned to intervals of 10%. The data for
the beliefs was elicited in bins of 10%.
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A.3.5 Additional regression results

Table 9: Fractional logit regression estimating the probability to volunteer.

(1) (2) (3) (4) (5) (6)
LOW UNCERTAINTY 0.118** 0.107+ 0.101* 0.0998* 0.0942* 0.0865*
(2.65) (1.71) (2.09) (2.11) (2.11) (1.98)
HIGH UNCERTAINTY 0.193***  0.210*** 0.139** 0.133** 0.145%** 0.134**
(4.53) (3.53) (3.07) (2.99) (3.48) (3.27)
high costs -0.0190 -0.0143 0.0622 0.0635 0.0764% 0.0673
(-0.54) (-0.23) (1.29) (1.31) (1.72) (1.54)
LOW UNCERTAINTY X
high costs 0.0219 -0.0842 -0.0849 -0.0932 -0.0689
(0.25) (-1.26) (-1.28) (-1.47) (-1.12)
HIGH UNCERTAINTY X
high costs -0.0360 -0.0899 -0.100 -0.122* -0.104*
(-0.42) (-1.45) (-1.64) (-2.09) (-1.78)
subj. criticality -0.00229***  -0.00154*  -0.00143* -0.00136*
(-3.86) (-2.41) (-2.35) (-2.26)
pro-social 0.203*** 0.192*** 0.174*** 0.171***
(11.20) (10.63) (9.62) (8.97)
pro-self -0.113*** -0.113*** -0.110*** -0.110***
(-5.39) (-5.63) (-5.70) (-5.87)
1st-order beliefs 0.00289* 0.00133 0.00121
(2.51) (1.20) (1.10)
appropriate 0.00273***  0.00273***
(4.88) (5.09)
risk-seeking 0.00106
(1.01)
Controls yes
Observations 438 438 438 438 438 438
Pseudo R? 0.019 0.019 0.238 0.245 0.264 0.273

z statistics in parentheses

+ p < .10, * p < .05, ** p < .01, *** p < .001

Note Estimates show average marginal effects. LOW UNCERTAINTY and HIGH UNCERTAINTY are dummy-
variables indicating the corresponding uncertainty conditions. HIGH COSTS is a dummy taking “1” for the
conditions with a high cost-benefit ratio. Perceived criticality stems from our measure of criticality and takes
values from 0 to 100. Belief is the average belief in the belief task, taking values between 0 and 100. Risk
is the number of boxes in the BRET risk task. More boxes indicate higher risk tolerance. Pro-social and
Pro-self are the two factors obtained from the exploratory factor analysis. Appropriate states the normative
belief (0-100). Controls entails age, gender and field of study.
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A.3.6 Belief measure

The picture shows a screenshot of the original belief task as faced by subjects.
Subjects are asked to decide how many of 100 other participants would select
a choice (number of blue balls out of 100 in the urn) in the corresponding bins.
The bars thus had to add up to 100.

values

29

24

19 |
16| 12

—0— —0— —0— —0— —0—

0-10 11-20 21-30 31-40 41-50 51-60 61-70 71-80 81-90 91-100

Figure 7: Belief elicitation task.
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A.4 Instructions

These are the instructions for the CERTAIN treatment with low costs. The dif-
ferences to the other treatments are marked in brackets.

Instructions

In this experiment, you will work with a random number of other participants on
a project. You will learn the number of participants later on. Every participant
decides for himself about whether he wants to contribute to the project or not.
All participants make this decision simultaneously and without knowing the
decision of the other participants.

The project counts as successful if at least one of the participants con-
tributes to the project. In this case, each participant receives 10 €independent
of whether they contributed themselves to the project or not. Contributions of
more than one person do not increase the amount of 10 €.

Every participant contributing to the project carries cost of 5 €[4 €] in-
dependent of the number of other participants who contribute. Contributing
participants are deducted costs of 5 €[4 €] of their 10 €such that they receive
10 €-5 €[4 €]=5 €[6 €].

If no participant contributes to the project, all participants receive a payoff
of 0 €.

See the following overview of your possible payments.

If you did contribute 10 €- 5€[4 €] =5 €][6 €]
If you did not contribute 10 € if someone else contributed
0€ if no one else contributed

These payments are the same for all other participants.

Later the computer will decide about the actual number of participants.

The number of other participants who can also contribute to the project will
be randomly determined by the computer.[ With equal probability you will be
working together with one, two or three [no one, two, or four| particpants. That
is, in total 2, 3, or 4 [1, 3, or 5] participants will work on the project.]

You will learn the number of other participants on the screen before making
your decision. [The number of other participants will be revealed on the screen
after you make your decision].

Thus, when making your decision, you know the number, but not the deci-
sions of the other participants. [Thus, when making your decision, you know
neither the number, nor the decisions of the other participants.] These instruc-
tions will also be visible on the decision screen.

Your decision will be made with the help of a virtual urn. You can fill
this urn with a total of 100 green or blue balls. Here the blue balls stand for
contributing and the green balls for non-contributing.

After you have determined the number of blue and green balls in the urn the
computer will randomly draw one ball from the urn. That ball then determines
your choice. Thus, if you want to contribute for sure, just put 100 blue balls
in the urn. If you do not want to contribute at all, put 100 green balls in the
urn. If you want to contribute with probability X %, just put X blue balls in
the urn. All other participants make their decisions in the same way, each with
his own urn, from which one ball will then be drawn.
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