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Abstract: Groupware is an e�ective form of media for knowledge sharing and active open communication.
One remaining important issue is how to design groupware in which vast amounts of beneficial content are
provided and active discussion is facilitated. The behavior of information in such a medium resembles public-
goods games because users voluntarily post beneficial information that creates media values. Many studies
on such games have shown the e�ects of rewards or punishments in promoting cooperative behavior. In this
paper we show what types of incentive systems of rewards and punishments promote and maintain e�ective
information behaviors or cooperative regimes in actual groupware. Our agent- based simulation demonstrates
that a meta-reward system in which rewarders can gain other benefits for their own reward actions will prob-
ably encourage cooperation. Counterintuitively , our simulation also demonstrates that a system that applies
sanctioning functionsdoesnotnecessarily promote cooperation. Interestingly a first-order reward systemwith-
out any second-order incentives impedes the formation of cooperative regimes while this is not the case with
first-order punishment systemswithout second-order incentives. These findingsmay elucidate how successful
groupware operates.
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Introduction

1.1 Groupware iso�ene�ectively employed for sharing information inmany typesofgroups suchascompaniesand
organizations. Some communication tools including Yammer 1 and Slack 2 provide advantages for knowledge
sharing in systemdevelopment. Whenusing these tools usersmust actively provide in- formation to the system.
However their users have little incentive to provide information through the media because they benefit from
such knowledge as free-riders. According to a previous survey (Yamamoto&Kanbe 2008) several bad examples
of groupware or enterprise SNSs have been adopted for sharing knowledge in certain firms.

1.2 Although knowledge sharing amongmembers of an organization is an important issue for knowledgemanage-
ment , organizational knowledge can also be considered a public good as discussed in previous work (Cabrera
& Cabrera 2002). In order to overcome such a social dilemma it is necessary to appropriately design group-
ware as an infrastructure of the knowledge-sharing system. Our challenge is significant becausewe propose an
operational model for groupware while most related studies focus on case studies.

1.3 These observations support the idea that these tools are regarded as public-goods games (Fulk et al. 1996,
2004). Using this analogy cooperative behavior in public-goods games corresponds to providing e�ective in-
formation on groupware and non-cooperative or defecting behavior corresponds to not providing them. Non-
cooperative regimes are dominant among rational participants in public-goods games. This theory suggests
that actual groupware might provide incentives to encourage cooperative behaviors because it has appropri-
ate knowledge.

1.4 The managers of successful groupware could employ a system in which content providers would get such re-
sponses as comments and feedback from other users. This system corresponds to providing rewards in public-
goods games. Rewardmechanisms can be analyzed asmeta-reward gameswhich are related tometa-sanction
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games (Hirahara et al. 2014) 3 . While previous works have shown that meta-reward games e�ectively provide
information in socialmediameta-sanctiongameswhichare anextensionofmeta- rewardgames includea func-
tion that promotes cooperation not only by reward systems but also by punishment systems. On the one hand
it seems unrealistic to punish information non-providers in social media. On the other hand it does seem pos-
sible to punish non-cooperators in a knowledge-sharing site or groupware. What is the most e�ective system
for robustly promoting cooperation in any sanction system including reward and punishment?

1.5 In this paper we addressed that question by modeling a groupware system as a meta-sanction game and sim-
ulating its complete configuration. Although previous studies theoretically show that meta-reward games ef-
fectively provide information in social media no analysis has been made of the punishment aspect of meta-
sanction games.

RelatedWorks

2.1 Studies on groupware o�en point out that it is an e�ective tool for managing knowledge (Ferreira & Du Plessis
2009; Yamamoto&Kanbe2008; Leonardi et al. 2013;Majchrzak et al. 2013; deAlvarengaNeto&Choo2011). Such
groupwareaswikis knowledge repositorySlackandYammerare e�ective formsofmedia for knowledge sharing
and active open communication. Thom et al. (2011) tested the e�ectiveness of a Q & A system and Cross et al.
(2002) supported participants who wanted to collaborate by visualizing the analysis of a social network. The
negative side of groupware has also been pointed out (Gibbs et al. 2013; Wang & Kobsa 2009) privacy concerns.
While earlier work (Fulk et al. 1996, 2004; Leonardi et al. 2013) argued that information behaviors in groupware
resemble a feature of public goods few studies of such behaviors have regarded them as public-goods games.

2.2 Many researchers continue to focus on the evolution of cooperation in public-goods games. Somehave granted
su�icient ability to those playing public-goods games to remember their direct experiences (Fehr et al. 2002)
or indirect experiences (Nowak & Sigmund 2005) using tags (Riolo et al. 2001) or reputation systems (Ohtsuki
& Iwasa 2007). They insist that such additive information generates cooperative regimes due to (in)direct reci-
procity. Other works have focused on the interaction of players. Spatial structure (Helbing et al. 2010) and net-
work structure (Nakamaru* & Iwasa 2005; Hirahara et al. 2014) imposed on players are alternatives that encour-
age cooperation. Another group which gave players other choices in addition to contributing or doing nothing
proposed a loner who does not participate in the game (Hauert et al. 2002; Sasaki et al. 2007) or a malicious
prankster who destroys public goods (Arenas et al. 2011).

2.3 Other researchers (Axelrod 1986; Nowak 2012) have devised another sort of game that promotes cooper- ation
by explicitly incentivizing players. Rewards and penalties are important incentives for the evolution of cooper-
ation (Balliet et al. 2011). Our approach integrates such positive incentives as rewards and such negative ones
as penalties into a system that promotes cooperation.

2.4 Galan & Izquierdo (2005) exposed the vulnerability of the metanorm game proposed by Axelrod (1986). They
demonstrated its dynamics with di�erent types of selectionmechanisms and concluded thatmeta-norms can-
not be sustained in wide parameter spaces for long runs. While this work mathematically analyzed the evo-
lutionary stable states (ESS) of the system they also showed by computer simulation that such ESSs are not
necessarily stable for super-long runs through mutations. Although they argued in a pioneering and counter-
intuitive way for the vulnerability of meta-norms they only treated punishment andmeta-punishment systems
as defections. However as Rand et al. (2009) clearly showed the analysis of both reward and punishment sys-
tems must be considered. We address a meta-sanction game that integrates reward punishment meta-reward
and meta-punishment (Toriumi et al. 2012; Hirahara et al. 2014). Using this game we capture a bird’s eye view
of the e�ect of meta-sanctions (rewards and punishments) on the evolution of cooperation. Our work compre-
hensively analyzes the e�ect of meta-sanction systems while Galan & Izquierdo (2005) scrutinized punishment
systems.

Groupware Model as Meta-Sanction Games

Public-goods games

3.1 Generally the information behaviors in groupware consist of accepting knowledge posted by users and letting
other members access it. The users who browse the knowledge get benefits but the users who post it incur
both making and posting costs. Here providing appropriate knowledge is defined as cooperative behavior C
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Figure 1: Meta-sanction game

and providing inappropriate knowledge is defined as non-providing behavior (defective behavior) D. When
users make and post appropriate knowledge they incur costs. Let k0 be the cost for C let ρ0 be the benefit for
browsing the knowledge and let N0 be the number of other users who provide appropriate knowledge. For
simplicity in our modelD users provide nothing without any cost and the other users get nothing. The payo�
of the cooperators is represented as −κ0 + ρ0N0, and the expected payo� of the defectors is represented as
ρ0N0.

3.2 Letus compare thepayo�sof the cooperators and thenon-cooperatorswhenN0 > 0. Since thenon-cooperator
does not pay κ0 , she always has a higher payo� than a cooperator. This situation does not change even when
N0 = 0, because the new cooperator s payo� is−κ0 if a non-cooperator changes her strategy. Consequently
all of the players choose non-cooperative behaviors and N0 becomes saturated at 0. Therefore information
behaviors in groupware resemble a kind of public-goods game.

Meta-sanction games

3.3 A sanction system is a scheme that promotes cooperation in public-goods games. Rewarding cooperators and
punishing non-cooperators are external incentives for players who cooperate in the games.

3.4 We regard groupware as a sanction system that gives rewards andpunishments. First consider a reward system.
In some cases groupware users who provide knowledge might obtain rewards. Next we consider users who
browse knowledgewithout providing it or free-riding. Such usersmight be punishedwhen they do not provide
any knowledge. A punishment system also works as an external incentive system that allows users to provide
appropriate knowledge. We clarify the essential mechanism of providing appropriate knowledge in groupware
by developing a model that is an extension of both public-goods andmeta-sanction games.

3.5 We employ ameta-sanction game (Toriumi et al. 2012; Hirahara et al. 2014) as a generalizedmodel of the sanc-
tions in public-goods games. This scheme is an extension of Axelrod s metanorm game (Axelrod 1986) and de-
vises not only punishments of defects but also the configurations ofmeta-sanctions includingpunishments and
rewards.

3.6 The following six systems are the sanctions in our meta-sanction game:

• Punishment of defectors (System P)

• Reward for cooperators (System R)

• Punishment of free-riders who punish defectors (System PP)

• Reward for punishers who punish defectors (System PR)

• Punishment of non-rewarding of cooperators (System RP)

• Reward for rewarders who compensate cooperators (System RR)

JASSS, 19(4) 6, 2016 http://jasss.soc.surrey.ac.uk/19/4/6.html Doi: 10.18564/jasss.3166



Figure 2: 25 possible configurations of meta-sanction games

3.7 Since those who playmeta-sanction games incur costs and accrue benefits for their actions we set parameters.
Asmentioned in Section 3.1 a cooperator pays k0 in a public-goods game and all of the players receive ρ0 . κp is
the cost when performing System P and κr is the cost when performing System R. Likewise κpp, κpr, κrp, and
κrr are the costs when performing Systems PP PR RP and RR. The benefits of sanctions ρp , ρr , ρpp , ρpr , ρrp,
and ρrr are defined using the same rule. Since these costs and benefits include not only pecuniarymatters but
also psychological aspects κt < ρt is possible. On a Q& A system in groupware for example an answermight be
quite valuable for the questioner even if it is trivial for the respondent. In this caseκr < ρr , is satisfied because
respondent’s cost κr is less than questioner’s benefit ρr4.

Basic framework of meta-sanction game

3.8 As shown in Figure 1 a meta-sanction game has trilaminar parts that consist of the part of a public-goods game
in which the player strategies are defect and cooperate. In a first-order sanction game the player strategies are
punishing defectors and rewarding cooperators. In part of a second-order sanction game the player strategies
are punishing free-riders for using first-order sanctions and rewarding first-order sanction performers.

3.9 A meta-sanction game can be understood through various types of games that restrict the possible sanctions.
For example it has a reward system (SystemR) that players can use to reward cooperators. Not all of the players
necessarily reward others if a game has System R. If the players are not allowed to punish the defectors in a
game the game does not have a punishment system (System P).

3.10 We define all 25 possible configurations of meta-sanction games in Figure 2. The name of the game type rep-
resents the system name of the deepest level of sanctions. System B is defined as a game with both Systems P
and R at the same level of sanctions. For example the PB+R-type game has Systems P, R, PP, and PR.

3.11 Unfortunately not all combinations of the six systems in the meta-sanction game are feasible. For example
neither System PP nor PR can be included in the game if it does not have System P conversely the game must
have System P when it includes System PP or PR.
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Groupware Simulation using Meta-sanction Games

4.1 In this sectionwedevelopandsimulateanagent-basedgroupwaremodelusingmeta-sanctiongames todemon-
strate the dominant conditions in cooperative regimes.

Simulation overview

4.2 We set a model that consists of N agents as users in a groupware system. The simulation flow proceeded as
follows.

1. Public-goods gamephase: Each agent plays the public-goods gameandeither provides beneficial knowl-
edge (cooperation= C) or does nothing (defect= D).

2. First-order sanctions phase: Each agent decides whether to perform first-order sanctions on the actions
of all other agents in the public-goods game phase. When the game has System R each agent has an
opportunity to give reward (R) to the cooperators. When the gamehas SystemP it also has anopportunity
to punish non-cooperators (P).

3. Second-order sanctions phase: Each agent decides whether to perform second-order sanctions on the
actions of all other agents in the first-order sanction phase. If the game has System RR each agent has
an opportunity to reward first-order rewarders (RR). If the game has System PR each agent also has an
opportunity to reward first-order punishers (PR). Moreover the punishment of non-rewarders (RP) is pos-
sible if the game has System RP while the punishment of non-punishers (PP) is possible if the game has
System PP.

4. Learning phase: Each agent evolves his own strategy as explained below.

4.3 Each agent repeatedly plays the meta-sanction game and evolves its own strategy to maximize profit in the
learning phase. By analyzing our model we clarified what types of game structures are likely to facilitate coop-
eration.

Agent model

Parameters of agent strategies

4.4 Let ai (i = 1, . . . , N ) be the agents in the simulation. All agents have two parameters that describe their strate-
gies. Cooperation rate bi is the probability that an agent posts appropriate content in the groupware and reac-
tion rate ri is the probability that an agent gives a prosocial sanction (reward or punishment) to another user
who is randomly chosen. In the public-goods gamephase each agent cooperates based on the probability of its
behavior rate (the probability of non-cooperation is defined as 1 − bi ). In the first-order sanction phase each
agent performs its sanction with the probability of its reaction rate (the probability of non-performing is also
1− ri). In the second-order sanction phase each agent also performs its sanction using the probability of its re-
action rate aswell as in the first-order phasewhere the probability of non-performing is 1−ri. To overcome the
higher-order social dilemma we assume a correlation between the first- and second-order sanctions. Kiyonari
& Barclay (2008) experimentally established a linkage between them in a one-shot public-goods game. There-
fore like Axelrod (1986) we set the parameter value of the first-order sanctions equal to that of the second-order
ones.

Agent payo�s

4.5 Players pay costs and get benefits as a consequence of the game. Let N0 be the number of cooperators. The
payo�s of public-goods game (ui0) are

ui0 =

{
ρ0N0κ0 if cooperator,
ρ0N0 if defector.

(1)
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4.6 In the first- and second-order sanction games each agent aj gives one proper sanction τ of possible sanction
behaviors P, R, P P, P R, RP, RR to every other agent with probability rj . If giving a sanction aj pays the cost for
giving it to ai , who receives a fine or a benefit. The payo�s of ai and aj are

uiτ = ρτ (2)

ujτ = κτ (3)

4.7 Summing up each agent ai’s total payo� ui , in every simulation step is calculated as

ρ0 = Nc − γi0κ0 +
∑
t

ρτNτ −
∑
τ

γitκτ (4)

whereNτ is the number of agents who give sanction τ to ai and γiτ is the number of sanction behaviors of ai.

Evolution process

4.8 In our model an agent learning function in the fourth phase is represented using an evolutionary algorithm.
Although many evolution algorithms have been tested (Galan & Izquierdo 2005) we employ roulette selection
as a selection mechanism because it is one of the most basic selection methods.

4.9 Eachagentai has anopportunity to change strategyparameters bi and ri. Agentai randomly selects twoparent
agents among the others by roulette selection as in the following algorithm. The probability that aj is randomly
chosen by ai is defined as

pj =
(uj − umin)

2 + ε∑
κ6=i(uk − umin + ε)2

(5)

where umin is the minimum value of all agents profits and ε is set to 0.0001 to avoid division by zero. This
probability function shows that a strategy with a higher payo� tends to spread in the next generation. Next the
strategy parameters are converted to bit arrays as in Axelrod (1986)’s procedure. Finally ai is updated using a
uniform crossover technique with a 1%mutation rate to maintain the diversity of the strategy space.

Installing intermediate parameters

4.10 According to pioneering work on meta-sanction games (Hirahara et al. 2014) cooperation rates depend on the
parameters for player costs andbenefits. Herewe confirm the cooperation rates and the parameters in all game
types.

4.11 Theparameters defined in Section 3.2 areκ0, ρ0,κρ,κr,κρρ,κρr,κrp,κrr, ρp, ρr, ρpp, ρpr, ρrp, and ρrr. Since
we cannot analyze all of themwe analyze themusing two new intermediate parametersµ and δ. We defined all
of the parameters as follows using µ, δ:

κ0 = 1, ρ0 = µκ0, (6)

κ1 = δκ0, ρ1 = µκ1, (7)

and
κ2 = δκ1, ρ2 = µκ2, (8)

µ is an incentive cost-e�ect ratio,which represents theproportionof apenaltyor reward that incentive receivers
payor receive relative to its cost, and δ is adiscount factorof the costson the incentive level. By controlling these
intermediate parameters, analyzing the cooperation rates in each game type is extremely easy.

Simulation Results and Discussion

Parameter settings

5.1 We ran simulation scenarios by controllingµ and δ, whichwere respectively changed at 0.1 steps between 0 to 2
and0 to 1. All of the simulation lengthswere 1000 steps, andwe ran 100episodes for each scenario. Cooperation
rate CR is calculated as the averages of agent cooperation rates bi at the 1000th step to evaluate each scenario.
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Figure 3: Cooperation ratios of 1,000,000 steps with (µ, δ) = (1.5, 0.8)

Figure 4: Cooperation rates of PP-type games

The number of agents is fixed to 20 in all simulations. The initial values of parameters bi, ri of each agent are
set to the following by the uniform random distributions of [0 - 1].

5.2 Figure 3 shows the cooperation ratios of the long generations with (µ, δ) = (1.5, 0.8). A�er verifying that runs
of 1000 steps are satisfactory for the system to reach equilibria we set the simulation steps to 1000.

Influence of incentive cost/e�ect ratio and discount factor of costs

5.3 First we confirmed the influence of incentive cost/e�ect ratio µ and discount factor of costs δ. Figures 4 and 5
show the cooperation rates (CR) with respect to the values of µ and δ in PP- and PB+RB-type games. The X- Y-
and Z-axes of these figures are δ, µ and CR.

5.4 As defined above in PP-type games, which have the same structure as Axelrod (1986)’smetanorm game, agents
are permitted to punish defecting agents as first-order sanctions andnon-punishers as second-order sanctions.

5.5 The PB+RB-type game in Figure 5 is the most complex system of meta-sanction games. Both figures demon-
strate that the cooperation rates basically have positive correlations toµ and δ. Cooperative regimes cannot be
dominant if the values of these two intermediate parameters are too small in the framework of meta-sanction
games.

Influence of game types

5.6 We tested the game types in which cooperators are dominant. Table 7 shows the maximum values of the co-
operation rates in each game type when µ and δ move in the range described in Section 5.2. For example in P
P -type games the maximum cooperation rate is 0.985 which is reached when µ = 2.0 and δ = 0.7. In R-type
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Figure 5: Cooperation rates of PB+RB-type games

Figure 6: Maximum cooperation rate in each game type

games themaximumcooperation rate is 0.140 and thus the game cannot reach cooperative regimes despite the
values of µ and δ.

5.7 The table shows that some game types (None, P, R, B, PP+R, PR+R, and PB+R) never facilitate cooperation. We
can also derive which second-order sanctions are necessary for facilitating cooperative regimes. The table also
indicates the importance of following the first-order rewards. This is because games with first-order rewards
and without second-order sanctions of rewards (e.g. PB+R-type games) cannot become cooperative regimes
even though other games can achieve this with the same systems except for the first-order rewards (e.g. PB-
type games). These mechanisms are discussed in Section .

Robustness of cooperative regimes

5.8 We confirmed the robustness of the cooperative regimes using 231 simulation scenarios when µ and δ change
as explained in Section 5.2.

5.9 Table 9 shows the proportion of scenarios that achieveCR > 0.9. The game types with Systems PR and RR are
important because their robustness rates for cooperation exceed 25% (Table 9). In other words these games
can reach cooperative regimes even ifµ and δ are relatively small. The table also shows that the rate of PB-type
games is close to that of PR-type games as with the relationship of Systems RB and RR suggesting that Systems
PR and RR are critical for robust cooperation.

5.10 Figures 7 and 8 show a PR-type gamewhich is highly robust for cooperation and a PP-type gamewhich ismildly
robust for cooperation. In a PR-type game small µ and δ values are likely to facilitate cooperation. Cooperative
regimes can be achieved at low cost in the game because µ denotes the cost/benefit ratios for sanctions. From
the figure we find that in P R games cooperation becomes dominant even when µ and δ are low. Notice that µ
shows the cost and profit ratio. The ability of a smallerµ to facilitate cooperation indicates that in such systems
a cooperative society can be formed at relatively smaller cost.

5.11 These insights highlight the importance of selecting the sanction system to be employed for groupware man-
agement. A system has di�erent µ and δ thresholds if it can reach cooperative regimes. A groupware designer
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Figure 7: Cooperation rate in PR-type games

Figure 8: Cooperation rate in PP-type games

Figure 9: Robustness check in each game type

favors a simple system with low costs. Therefore we evaluate whether an RR system that adopts many actual
examples of social media (Toriumi et al. 2012) is relatively suitable from this viewpoint.

Discussion

Disturbance by reward system

6.1 Generally more complex sanction systems promote cooperative regimes. Our results however do not support
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Figure 10: Changes in cooperation and reaction rates in PB+R-type games

this expectation which we discuss using PP +R, PR+R, and PB +R type games.

6.2 In these games even though agents can reward the cooperative behaviors of other users second-order sanc-
tions are not permitted for rewarding behaviors. As shown in Table 6 cooperation is never dominant under any
condition. Surprisingly even though thePP ,PR, andPB typegamesare simpler theplayers in themcan reach
cooperative behaviors. Furthermore a policy that allows rewards for cooperation but prohibits meta-sanctions
for rewards inhibits cooperation.

6.3 Next we explain our mechanism. Figure 8 shows the relationship of the cooperation and reaction rates in an
episode of a PB+R-type game where the parameters are as e�ective as in Section when µ = 2.0 and δ = 1.0.
In the initial steps the reaction rates rise to 1.0 and the cooperation rates follow them. At the 50th step however
they begin to decline and finally reach 0.0 and the cooperation rates follow them. This situation continues to
the end of the simulation.

6.4 Why does the reaction rate increase at the beginning? This is because in the initial simulation period the coop-
eration rate is near 0.5 and thus half of the agents are not cooperating in the public-goods game. If an agent
with a high reaction rate detects a non-cooperator that non-cooperator must pay punishment cost κP . The
game permits second-order sanctions where the agent has a chance to receive reward ρPR while an agent with
a low reaction rate may be punished and pay ρPP . Since agents with high reaction rates have an advantage
non-cooperators cannot survive most sanctions and a cooperative regime is established.

6.5 In this game however a cooperative regime confers an advantage on agents with low reaction rates because
they must reward the other agents with κR costs. Meta-rewards for these rewards are also prohibited and do
not increase their (first-order) rewards. Therefore the learning process supports agents with low reaction rates.
At that time a mutant occasionally becomes a defector and the agent receives no punishment. Consequently
the cooperative regime disappears.

6.6 PB+R-type games are less likely to facilitate cooperation PB-type games are more likely to facilitate it. This is
because the former games have System R in which agents can reward cooperators and cooperation rates are
allowed to decrease. This result is critical because a more complex system does not necessarily improve the
cooperative regimes. Accordingly a system designer must carefully choose and construct a sanction system
that achieves cooperative and active groupware.

Applying groupware

6.7 According to previous social media analyses (Toriumi et al. 2012; Hirahara et al. 2014) RR-type games would be
e�ective in meta-sanction games. Facebook is an appropriate example because it employs first- and second-
order reward systems. Providing comments from users to other user posts corresponds to first-order rewards
while pushing Like! buttons corresponds to second-order rewards.

6.8 Our findings suggest that PR+RR-type games are more likely to facilitate cooperation than RR-type games and
thus groupware that adopts the former type is more e�ective thanmore complex systems such as PB+RB from
the viewpoint of cost/profit ratios. Few groupware approaches have implemented this finding which suggests
a new path for groupware designers.
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Conclusion

7.1 In this paper we demonstrated a model of information behaviors in groupware using a meta-sanction game
and an agent-based simulation and also theoretically analyzed the necessary conditions for facilitating cooper-
ative and active behaviors. Our simulation shows that some game types promote cooperative regimes and that
second-order sanctions are not a su�icient condition for cooperation. For example a PB-type game 5 can reach
cooperative regimes and be activated prosocially because groupware users have opportunities to give first-
order punishments to other users inappropriate behaviors (providing inadequate knowledge or free-riding)
meta-punishments for shirking first-order punishments and meta-rewards for performing first-order punish-
ments. However a PB+R-type game cannot reach cooperative regimes in which participants in a groupware
haveopportunities for first-order punishments,meta-punishmentsmeta-rewards aswell as PB-typegamesand
first-order rewards for the appropriate behaviors of other users. This result suggests that groupware designers
must design their systems carefully.

7.2 In future extensions wemust relax the parameter restrictions. In this paper for simplicity we adopted two inter-
mediate parameters to analyze all of the configurations of ameta-sanction game. Wemight sensitively analyze
the conditions for cooperative regimes by assigning degrees of freedom to the parameters.

7.3 The present version of our model does not consider antisocial punishment or retaliation. However several ex-
perimental studies (Herrmann et al. 2008; Rand & Nowak 2011) have shown that such behaviors are commonly
observed in real public-goods games. Although our model can be extended to capture these behaviors as pun-
ishing cooperators or (meta-) punishing punishers an analysis of this factor remains a future work.

Notes

1Yammer is a freemium enterprise-type social networking service for private communication within organi-
zations https://www.yammer.com/

2Slack is a cloud-based team collaboration tool https://slack.com/
3This game is extended to the original version of the previously proposedmetanorm game (Axelrod 1986).
4In this case the question corresponds to cooperation in public-goods game C and the answer is first-order

reward R
5Ameta-sanctiongameallowspunishments for cooperation rewards forperformingpunishmentsandmeta-

punishments for non-punishments.
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