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Do Wealth Differences Affect Fairness Considerations?

Olivier Armantier®

Résumé / Abstract

L’influence de la richesse relative sur les préoccupations d’équité est analysée dans un jeu de
I’ultimatum dans lequel les participants recoivent d’importantes dotations initiales largement
inégales. Au départ, les sujets démontrent un soucis d’équité. Cependant, avec le temps, leur
comportement s’éloigne de la perfection en sous-jeux ainsi que de I’équité. L estimation d’un
modele structurel d’apprentissage par renforcement montre des signes d’apprentissage autant
chez les sujets qui proposent que chez les receveurs. Les résultats de I’estimation suggérent
que, lorsque guidés par les meilleures réponses possibles et par un sens acquis de ce qui leur
est dd, les sujets riches deviennent plus égoistes, alors que les sujets pauvres, influencés
uniquement par leur expérience personnelle, apprennent a tolérer ce comportement.

Mots clés : apprentissage, économie expérimentale, équité, jeu de
I’ultimatum

The influence of relative wealth on fairness considerations is analyzed in an ultimatum game
experiment in which participants receive large and widely unequal initial endowments.
Subjects initially demonstrate a concern for fairness. With time however, behavior becomes at
odds with both subgame perfection and fairness. Evidence of learning is detected for both
proposers and receivers in the estimation of a structural reinforcement learning model. The
estimation results suggest that, guided by foregone best responses and an acquired sense of
deservingness, rich subjects become more selfish, while poor subjects, influenced only by their
own experience, learn to tolerate this behavior.
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1 Introduction

During the last two decades, experimental economics has clearly demonstrated that
agents do not maximize only their monetary payoffs.? In particular, players in ultimatum
games are willing to sacrifice their own payoffs and often refuse “free money”.®> Such
behavior is widely believed to be motivated by equity or fairness concerns.* Experimental
studies have also established that behavior in ultimatum games may be affected by
learning, as well as cultural, social, psychological and/or environmental factors. The
present paper is an attempt to analyze the influence of one such factor. Namely, a
series of ultimatum game experiments is conducted to try to determine whether fairness
considerations, and in particular their stability over time, are affected by observed wealth
differences between subjects.

The analysis of observed wealth differences in ultimatum games, although challeng-
ing, is important as it may help us better understand the nature of fair behavior. In
particular, it offers the possibility to test the robustness of recently proposed fairness
models compared to the more traditional game theoretic approach constructed around
self-interested agents. In addition, the influence of relative wealth on fairness considera-
tions may have important, and not yet well determined, real life consequences. Indeed,
traditional ultimatum games do not explicitly account for wealth differences that typ-
ically exist between participants in most real life bargaining situations such as wage
negotiations, international trade between developed and less developed countries, or
pre-trial settlements between (e.g.) a patient and a hospital in a malpractice case. The
analysis of wealth differences as one of the determinants of bargaining outcomes and
fairness perception, is therefore of academic and practical interests.

The ultimatum game corresponds to the last round of a two player bargaining process,

2See also Andreoni et al. (2001) or Bewley (1998) for field evidence.
3See Camerer and Thaler (1995), Roth (1995) or Giith (1995) for surveys of the ultimatum game

literature.
4The term “fairness” is used here broadly to mean that agents are not purely self-interested. As

such, it certainly encompasses several theories such as reciprocity, inequality aversion, or altruism.
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in which a proposer offers an ultimatum in the form of a share of a given pie. This
offer can be either accepted or rejected by a receiver. If the offer is accepted, then an
agreement is reached and the pie is shared according to the offer. If the offer is rejected,
then the bargaining process stops and players receive no payoff. If players are assumed
to maximize their own monetary payoff, then subgame perfection predicts that proposers
offer the smallest possible positive portion of the pie and receivers always accept. In
sharp contrast with this theoretic prediction, the following facts have been consistently
observed in ultimatum experiments, independent of the experimental design: most offers
lay between 40% and 50% of the pie; there are almost no offers above 50% and below
15%; the probability of rejection decreases with the offer; and offers below 20% are rarely
accepted.

These experimental results were originally perceived as anomalies since it is tradi-
tionally assumed that the Homo economicus is self-interested (see Camerer and Thaler
1995). In the wake of mounting experimental evidence, some models incorporating static
fairness considerations have been recently developed.® These models are able to organize
a large part of experimental data. However, they do not account for social, psychological,
and learning effects that have be shown to influence behavior in the ultimatum game.
For instance, anonymity (Hoffman et al. 1994), chivalry (Eckel and Grossman 2001),
and deservingness or morally justifiable entitlement (Hoffman et al. 1994, Eckel and
Grossman 1996, Ruffle 1998) have be shown to affect behavior, either toward or away
from the subgame perfect equilibrium. In addition, we shall see in section 2 that evi-
dence of learning has been detected in ultimatum game experiments, thereby challenging

these static models of fairness.®

5See e.g. Rabin (1993), Levine (1998), Fehr and Schimdt (1999), Bolton and Ockenfels (2000), or

Charness and Rabin (2002).
6The traditional fairness and learning models are often opposed, since the formers are in general static

and assume rational but not purely self-interested agents, while the latters are inherently dynamic and
typically involve boundedly rational but self-interested agents. The two approaches however are not
necessarily mutually exclusive. For instance, Cooper and Kraker-Stockman (2002) introduce a learning

model incorporating fairness considerations. Therefore, we will distinguish in the remainder static
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A previously unexplored psychological factor that may affect the outcomes in ul-
timatum games is the observed wealth difference between players. Indeed, one may
expect subjects to act more fairly when it is known that they are wealthier. Alter-
natively, wealth may also provide some bargaining power that will be used to extract
more favorable and possibly more inequitable outcomes. The present paper proposes an
experiment in an attempt to test these hypotheses, and to verify whether behavior is
consistent with fairness in the presence of wealth inequalities. As we shall see however,
the analysis of relative wealth in experimental economics is non-trivial and presents a
number of challenges. The experiment proposed to address these challenges consists in
three treatments. Treatment 0 is similar in nature to the traditional ultimatum exper-
iments. In treatment 1 (respectively 2) proposers (respectively receivers) are initially
endowed with a large amount of money. Then, they play the same ultimatum game
as in treatment (0. The allocation of the endowments by the experimenter is common
knowledge and purely arbitrary. It is therefore difficult to justify it morally. In addition,
the endowment is substantial enough that it can be assumed to create adequately wealth
differences between participants.

In a nutshell, the results are as follows: subjects initially attempt to reach an egalitar-
ian division of their overall earnings (i.e. the initial endowment plus the revenue from the
ultimatum game); with experience however, rich (poor) proposers make smaller (larger)
offers, while rich (poor) receivers are more likely to reject (accept) small offers.” In
other words, the dynamics of behavior not only contrast with previous ultimatum game
experiments, but they are also at odds with both subgame perfection and the notion
that fairness preferences at stable over time. To explain the dynamics of behavior, a
structural reinforcement learning model accounting for experience and foregone best re-
sponses is estimated. The estimation results suggest that both proposers and receivers
learn to adjust their strategies. This result is remarkable since evidence of learning on

the part of receivers has rarely been collected in traditional ultimatum games. The esti-

fairness models, traditional learning models, and mixed models combining learning and fairness.
"To simplify, subjects (not) receiving the large initial endowment will be labelled as “rich” (“poor”).
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mation results also suggest that the evolution of strategies may be essentially explained
by a combination of four factors: first, rich subjects acquire most bargaining power as
their opponents lose their ability to punish greedy behavior; second, the rich players’
learning process is mainly driven by foregone best responses rather than the actual pay-
off received; third, unlike their opponents, the monetary expectations of rich subjects
increase with time; fourth, poor players select their strategies based on their past payoffs
and actions. In other words, the dynamics of behavior in the experiment was affected by
wealth differences, as rich subjects appeared to become more selfish, while poor players
learned to tolerate their opponents increasingly aggressive behavior.

The paper is organized as follows: the related experimental literature is summarized
in section 2; the design of the experiment is presented in section 3, and discussed in
section 4; the experimental outcomes are analyzed in section 5; the general reinforcement
model is briefly explained in section 6; the estimation results are commented in section

7; finally, section 8 concludes.
2 Related Experimental Literature

To the best of our knowledge, the effect of observed wealth differences on the be-
havior of subjects in bargaining experiments has never been explicitly analyzed. Equal
initial endowments, however, are often implicitly provided to experimental subjects in
the form of participation fees.® Such fees usually vary between $3 and $10, which may
represent up to 100% of the pie to be divided in the bargaining game. No significant
treatment effect has been observed in bargaining experiments when participation fees
are equally provided to both parties. Likewise, the evolution of a subject’s (expected)
earnings during repeated ultimatum game experiments has never been found to influ-

ence behavior.® In other words, these experiments suggest that behavior in ultimatum

8See e.g. Ochs and Roth (1989), Roth et al. (1991), Ruffle (1998), Duffy and Feltovich (1999), or

Cooper et al. (2003).
9Note however that recent evidence suggests that cash balances may have an impact on behavior in

other games such as auctions (see e.g. Ham, Kagel and Lehrer 2004).
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games is not affected by traditional absolute wealth effects. Similarly, we shall see that
an econometric analysis of the data collected in the present experiment does not support
the presence of an absolute wealth effect. It may be argued, however, that the partici-
pation fees and/or the typical ultimatum game (expected) earnings may have been too
modest to represent adequately wealth. Although the object of the present paper is to
concentrate on observed wealth differences, it has to be acknowledged that the question
of absolute wealth effects has not been fully resolved.

Wealth differences between participants have rarely been introduced in bargaining
experiments. Giith et al. (1992) tried to induce behavior conforming to subgame perfec-
tion by providing receivers in ultimatum experiments with modest initial endowments.
The data suggested that initial endowments appeared to lower slightly offers, but no sig-
nificant support was provided in favor of either fairness or subgame perfection. However,
the authors concluded that the experimental outcomes may be explained by the combi-
nation of two factors: first, the roles of proposers and receivers were auctioned prior to
the ultimatum game; second, subjects only played one round. In the present paper, posi-
tions are randomly attributed and the experiment consists of 60 periods which provides
ample opportunity to learn. Goeree and Holt (2000) use small asymmetric endowments
in a two stage bargaining model to differentiate fair from random behavior. They find a
prevalence of fair proposals that tend to equalize the overall earnings. Subjects, however,
were not given the opportunity to learn. Finally, Eckel and Grossman (1996) analyze a
dictator game where proposers face “needy” and/or “deserving” responders such as the
American Red Cross.!® The authors find that altruism is more common than usual, but
non-negligible greedy behaviors are still observed. Unlike Eckel and Grossman (1996),
the differences in wealth, and the needs of participants are difficult to justify morally in
the present study.

The first wave of bargaining experiments yielded conflicting results regarding the

importance of learning in ultimatum games. Indeed, Binmore et al. (1985) found an

0The dictator “game” is similar to the ultimatum game except that the receiver has no alternative

but to accept the proposal.
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effect of experience, while Giith and Tietz (1988), as well as Neelin et al. (1988), did
not find any evidence of learning. More recent studies however, clearly indicate that
proposers learn to lower slightly their offers (e.g. Slonim and Roth 1998). On the
other hand, with the notable exception of Cooper et al. (2003), very little evidence of
learning on the part of receivers has been collected. Erev and Roth (1998) argue that
this stylized fact is consistent with the prediction of a choice reinforcement learning
model, since accepting or rejecting small offers provides basically the same amount of
reinforcement. As we shall see in section 5.1, this observation may also be partially
explained by the fact that the receivers’ strategies are typically imperfectly observed in
traditional ultimatum experiments. Finally, note that the presence of learning does not
necessarily contradict the fairness hypothesis (since behavior at the end of the learning
process remains generally consistent with fairness), but it challenges the notion that

fairness preferences may be stable over time.
3 The Experimental Design

We present in this section the different experimental treatments. The main differ-
ences with traditional ultimatum experiments are then discussed in a subsequent section.

The experiment was conducted with volunteers at the State University of New York
at Stony Brook. There were six experimental sessions, two for each treatment, and each
with 60 subjects and 60 rounds. No subject participated in more than one session. Prior
to any session, the pool of 60 subjects was equally divided in two groups of proposers and
receivers. To preserve anonymity, each group was asked by E-mail to meet in a different
laboratory located in separated buildings. A small number of additional subjects were
also invited in each group in order to anticipate any potential withdrawal. At the
beginning of the session, players were assigned to an isolated computer and informed of
their role as receivers or proposers. Subjects remained in the same role for the entire
session. Subjects were told in advance how many rounds would be played, and they
knew that the experiment would not exceed 2 hours. Instructions were then read aloud,

followed by participants’ questions, and two dry runs in which the outcome did not count
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toward the players’ final earnings.!’ The analysis of the data begin with the first round
involving cash payoffs. At the beginning of each round, players were randomly matched
in pairs. To avoid reputation building, the subjects were informed that the assignment
was such that it was not possible to identify the other member of the pair, and no pair
was identical in two successive rounds.!?

The design of treatment 0 is a hybrid between the ultimatum game in strategic and
extensive forms. As further discussed below, this design enables the experimenter to
observe fully the receiver’s strategy, while preserving subgame perfection as a relevant
equilibrium concept. In each round, each proposer and receiver participated in a two
stage game. In stage 1, the proposer makes an offer in cents between 0 and $50 while
the receiver simultaneously announces a minimum acceptable offer (hereafter MAO)
corresponding to the smallest offer he is willing to accept. At the beginning of stage 2, the
proposer’s offer is revealed to the receiver. The receiver is then given the opportunity to
revise his strategy by accepting (rejecting) an offer below (above) the MAO he announced
in stage 1. To promote truthful announcements in stage 1, the revision is only randomly
approved by the computer with probability 0.5. In other words, a receiver could reject
(accept) in stage 2 an offer he originally declared he would accept (reject), but the
revision had only a fifty percent chance of being implemented.

The money is allocated exactly according to the proposer’s offer under two scenarios.
In the first scenario, the offer exceeds the MAQO and either no revision takes place in
stage 2, or a revision to reject the offer is not approved. In the second scenario, a revision
to accept the offer is approved. As we shall see, to ensure that the hybrid and traditional
ultimatum games have the same (subgame) perfect equilibrium, we have to impose that,
although considered accepted, an offer exactly equals to the MAO yields only half of the

offer to the receiver, while the proposer receives his entire share of the proposed division

1 The complete list of instructions are available on the author’s web-site:

http://ms.cc.sunysb.edu/ oarmantier/.
2During the course of the experiment, each proposer was matched twice with each receiver. However,

the one-shot nature of the game was essentially preserved since the probability of playing against a given

player in a given period was negligible.
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(i.e. $50 minus his offer). In such cases, the receiver could still revise his strategy by
rejecting the offer in stage 2, in order to try to deprive both players of their payoffs.3
Finally, in all situations not previously mentioned, neither players receives any money
for this round.

After choices are made, both members of the pair are informed of each others actions
(offer, MAO and possible revision) and payoffs. In addition, the computer screen dis-
played the subject’s own history of plays for the last five rounds. A random mechanism
was used to pay subjects. Namely, a round and six pairs of subjects who were matched
during that round were drawn randomly. Each selected player was paid in cash the
amount of money earned during the selected round. In addition, every subject received
$5 just to participate. However, the implementation of the random mechanism and the
information provided to subjects differed in sessions 1 and 2. In session 1, every subject
was informed of the random-payment method, and the selection process was carried out
and revealed to all at the end of the session. In session 2, the random draw took place
at the beginning of the session. The subjects not selected were explained the random-
payment mechanism, but were not informed that the draw already took place, and that
others had been selected. In other words, the non-selected subjects in session 2 played
exactly under the same information structure as subjects in session 1. In contrast, the
instructions given to subjects chosen at the beginning of session 2 specified that one the
60 rounds they were about to play would count for real money. However, they were not
made aware of the random-payment mechanism, and therefore, they did not know that

some of the other participants would only receive the participation fee.'* As explained

13Given the wide range of offers and MAOQOs available to subjects, a situation in which the proposer’s

offer equal the receiver’s MAO never arose in the subsequent experiments.
HGince the selected subjects in session 2 are not specifically told how the other participants are

remunerated, it may be argued that they may not necessarily infer that every subject is paid as they
are. Although plausible, this problem is common to many experimental studies, since the instructions
does not always clearly specify how other participants are remunerated (see e.g. Neelin et al. 1988,
Bolton and Zwick 1995, Straub and Murnighan 1995, or Abbink et al. 2001 for ultimatum game

examples).
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further, this design will allow us to test whether paying for sure the selected participants
in session 2 generates significantly different behaviors.

The experimental design was slightly modified in treatments 1 and 2. The object of
these treatments is to analyze the effect of known wealth differences between proposers
and receivers. This implies that, prior to the ultimatum game, both players should
have positive but unequal levels of wealth. Therefore, the experimental design remained
identical to treatment 0, except that widely unequal endowments were now allocated
at the beginning of each round. Namely, proposers (receivers) received $50 in treat-
ment 1 (2) while receivers (proposers) were given only $10.1% The distribution of initial
endowments, as well as the rules of the game were common knowledge. The payment
method was identical to treatment 0, except that the selected players received their ini-
tial endowments for the randomly chosen round in addition to their earnings from the
ultimatum game. In addition, just like in treatment 0, every subject received $5 just
to participate. Note also that rich players (if selected) received a more than adequate
remuneration for their participation in the experiment, even when the ultimatum game
resulted in a disagreement. The difference in initial endowments is therefore assumed to
represent adequately wealth inequality between players.

Each session lasted approximately an hour and a half. Although no time limit was
imposed on subjects, the length of a round (roughly a minute) was constant within
and across sessions, suggesting that subjects exercised the same amount of introspection
at the beginning and the end of each experiment. On average, the selected proposers
(receivers) earned $22.76 ($17.84) in treatment 0, $75.52 ($22.63) in treatment 1 and
$25.32 ($70.97) in treatment 2.

15The initial endowment should not be confused with an outside option which is allocated only after

a negotiation breakdown (e.g. Binmore et al. 1989 or Kahn and Murnighan 1993).
16These amounts include the initial endowments and the ultimatum game outcomes. However, they

do not include the $5 participation fee given to every subject in each treatment. Note also that the
average per period payoff generated by non-remunerated subjects do not differ significantly from those of
the subjects selected for payment. Indeed, the average per period payoff of a non-remunerated proposer

(receiver) was $23.34 ($17.20) in treatment 0, $74.59 ($22.78) in treatment 1 and $25.43 ($69.58) in
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4 Comments on the Experimental Design

The design of an ultimatum game experiment to analyze relative wealth effects and
learning presents a number of challenges. We now discuss some of the solutions proposed
to address these challenges.

The first challenge consists in artificially creating in a laboratory wealth differences
between subjects. The solution adopted is to provide half of the subjects with an initial
endowment sufficiently large to represent adequately wealth inequality. However, the
potential profits of rich players in the ultimatum game must remain commensurate to
their initial endowment, in order to promote rational-like behavior, and avoid the so
called “satiety effect” (see Friedman and Sunder 1994). Moreover, a pilot experiment
indicated that providing poor subjects with no initial endowment was perceived as too
unfair, which led a substantial number of poor subjects to either refuse to participate in
the experiment, or to act in an apparently random manner.!” It was therefore decided to
conduct the experiment with i) unequal but strictly positive endowments for both types
of subjects, and ii) a large amount of money to be divided in the ultimatum game.'®

The second challenge is to design an experiment that may be financed with a reason-
able research budget. Indeed, it would be extremely costly to provide every subject with
sufficiently large initial endowments to create artificially wealth differences. To address
this problem, a random-payment approach was adopted, in which only 1 out of 5 subjects

received a payment associated with his performance.'® This payment method, however,

treatment 2.
17This pilot experiment already provides some information on the effect of observed wealth inequality

on behavior in the ultimatum game. However, one should be prudent not to extrapolate unreasonably
from this result, as it may be argued that providing poor subjects with no endowment, while their

opponents receive $50, is a too extreme treatment.
8Note however that the random-payment mechanism makes the absolute (but not the relative)

difference between the initial endowments of rich and poor players significantly more modest in expected
terms. As noted later on however, no significant difference may be detected between the plays of subjects

receiving a random or a guaranteed payment (i.e. the selected players in session 2).
19 An alternative approach, adopted for some costly experiments, consists in conducting the exper-
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differs from most repeated ultimatum games where subjects are either paid their cumu-
lative payoffs during the entire session (e.g. Bolton and Zwick 1995 or Abbink et al.
2001), or one round is drawn at random and every subject receives the payoff he earned
for this specific round (e.g. Ochs and Roth 1989 or Slonim and Roth 1998). Although
the payment mechanisms have not been found to generate a significant treatment effect
in ultimatum games, one may still wonder whether the random-payment method may
affect how subjects behave in the experiment.?’ Indeed, a potential drawback of this
method is that subjects may become unmotivated realizing that their decision in each
period has in fact little bearing, on expectation, on their final earnings. Although this
issue has not been fully resolved in experimental economics, Bolle (1990), Straub and
Murnighan (1995), as well as Murnighan and Saxon (1998) found no treatment effect in
ultimatum game experiments when adopting a random-payment method similar to the
one used here.?! Likewise, we shall see in the next section that i) the outcomes observed
in treatment 0 are consistent with previous ultimatum game experiments, and ii) the ac-
tions of subjects receiving a random or a guaranteed payment (i.e. the selected subjects
in session 2) cannot be statistically distinguished. Note also that subjects were allowed
to leave the experiment with the show-up fee of $5 immediately after they were informed
of the payment method, or at any point during the experiment. Only 5 subjects out of
365 decided to do so before the experiment started. Finally, a post-experiment survey,

and a statistical analysis of the data collected did not provide any evidence of boredom,

iment in a country with lower standard of living (see e.g. Slonim and Roth 1998). This approach,

however, raises the question of potential cultural effects.
20Gtarmer and Sugden (1991), as well as Cubitt et al. (1998) find no treatment effect when a randomly

selected period is used to pay subjects. See also Camerer and Hogarth (1999) for an analysis of the

effects of incentives on experimental outcomes.
21Bolle (1990) actually argues that paying experimental subjects large amounts of money with low

probability is preferable to paying them small amounts with certainty. On the other hand, and in
contrast with the present payment method, Sefton (1992) found evidence that providing subjects with
small and random rewards may affect behavior. Moreover, other recent applications in different contexts
of random-payment mechanisms similar to the one adopted in the present paper include Franck and

Schulze (2000), and Fershtman, Gneezy and Verboven (2002).



WEALTH DIFFERENCES AND FAIRNESS 12

lack of motivation, or random behavior on the part of subjects.

The third challenge consists in finding an appropriate balance between conducting a
sufficient number of periods per subject to analyze adequately learning, and preserving
the one-shot nature of the ultimatum game. To avoid reputation building stemming
from rematching the same subjects together, it has been decided to conduct only two
sessions per treatment, each consisting of a large number of periods played by a large
number of subjects. The number of rounds played in the present experiment may appear
large by traditional standards, but it is not unprecedented (see e.g. Winter and Zamir
1997, Duffy and Feltovich 1999, Cooper et al. 2003). Likewise, it is infrequent but not
uncommon to conduct few sessions (see e.g. Ochs and Roth 1989 or Bolton and Zwick
1995 for examples in the ultimatum game literature). However, numerous sessions per
treatment are preferred in general, as it may be argued that the behavior of subjects
interacting within the same session cannot be assumed to be fully independent. Indeed,
with a small pool of symmetric players frequently matched together, the actions of a
participant may have a lasting effect on the behavior of the other subjects, after they
are paired with him, and then with each other. However, the risk of propagation is lower
in the present experiment, as the number of subjects is large, and the same participants
are rarely matched with each other. Note also that the players facing each other in the
ultimatum game (i.e. the proposers and receivers) are not symmetric. Therefore, the
contamination of the proposer’s (respectively receiver’s) population is more difficult in
this context, as it can only be carried out indirectly (e.g. from a proposer, to a receiver,
back to a proposer). In fact, a careful econometric analysis does not provide any evidence
of a systematic dependency in the data collected in each session.??

The fourth challenge consists in designing an experiment producing data that enables
to analyze adequately learning. The overwhelming majority of ultimatum experiments
have been conducted under the extensive form of the game, in which the receivers ob-

serve the offer before making a decision. A drawback of this approach is that it creates

22The outcome of this econometric analysis is available on the author’s web-site at

http://ms.cc.sunysb.edu/~oarmantier/.
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a data imbalance since, unlike the proposer strategy, the receiver’s actions are not ob-
served for all possible offers but only for the actual offer made by the proposer. This
data restriction makes it difficult to analyze properly the dynamics of the strategies for
each type of players, and it prevents in particular the estimation of structural models
such as adjustments or learning models. The implementation of the strategic form of
the game enables one to correct the data imbalance. Indeed, both players’ strategies
are fully observed by the experimenter, as offers and MAOs are stated simultaneously.
However, the timing of the ultimatum game is modified from a two stage game to a
one-shot simultaneous move game. As a consequence, subgame perfection is lost as a so-
lution concept. In addition, Roth (1995) argues that the strategy method may generate
different behaviors, as receivers may regret their choice when they observe the actual
proposer’s offer. In fact, a recent comprehensive study of thirty seven published papers
on ultimatum games, suggests that the strategic implementation may affect behavior by
strenghtning fairness considerations (see Qosterbeck et al. 2003). This study therefore
provides additional support for the hybrid design, as it appears to offer the advantages
of both the strategic and extensive approaches, without some of the obvious drawbacks.
Indeed, both players strategies should be fully observable, since subjects have a strict
incentive to make truthful announcements in stage 1. In particular, the receiver must
reveal his strategy in stage 1 in order to avoid the potential cost associated with the revi-
sion lottery in stage 2. However, receivers also have an incentive to correct any mistake
or regret in stage 2.2 In addition, subgame perfection remains a relevant equilibrium
concept in this two stage game. Indeed, if subjects are self-interested, then receivers
have a strictly dominant strategy consisting in announcing a MAO strictly smaller than
the offer. In addition, an offer equal to the MAO is strictly dominant for proposers.
Therefore, the (subgame) perfect equilibrium consists for proposers to offer the smallest

possible share of the pie in stage 1, and for receivers to accept always this offer by setting

23 As we shall see in section 5.1, however, receivers appear to reveal their true preferences in stage 1,

since they rarely exercised their right to revise their strategy in stage 2.
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a MAO of zero in stage 1, and by accepting any strictly positive offer in stage 2.2 In
other words, the hybrid model has the same (subgame) perfect equilibrium, and the

same equilibrium payoffs as the ultimatum game in extensive form.
5 Experimental Results

The experimental results are summarized in Graphs 0.1 to 2.6 and Tables 1 to 4.
For the analysis to be consistent with previous studies (in which the pie is often $10)
offers and MAOs have been divided by 5. Therefore, the players’ strategies may also be

interpreted as deciles of the total pie.

5.1 Treatment 0

The sole objective when analyzing the experimental outcomes in treatment 0 is to ver-
ify whether the introduction of the design modifications outlined in section 3 created
a significant treatment effect compared to traditional ultimatum games conducted in
extensive form. Several approaches may be considered to address this issue. The most
thorough approach would consist in conducting a control treatment with the traditional
ultimatum game design, and to compare it with alternative treatments in which the
design modifications would be individually or jointly incorporated. The indispensability
of a control treatment may be questioned, since the main behavioral characteristics of
the traditional ultimatum game have been well established in the multiple experiments
conducted over the years. Moreover, we are in fact only interested in knowing whether
the combination of all design modifications produced a significant effect on behavior.
Therefore, we adopted an alternative approach consisting in comparing the outcomes in
a treatment including all the design modifications, with those observed traditionally in
extensive form ultimatum game experiments.

The experimental outcomes in treatment 0 are summarized in the first three columns

24 A proposer may not want to take the risk of making a $0 offer, since it may be rejected in stage 2

by the receiver who is indifferent in this situation between accepting and rejecting the offer.
25Graphs 0.1 to 0.6 are associated with treatment 0. Graphs 1.1 to 1.6 (2.1 to 2.6) are associated

with treatment 1 (2).
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of Table 1. Pooling the data collected in the two sessions over all periods, the average
offer is 4.31 while the average MAO is slightly below with a mean of 3.36 (see Table 1).
These actions resulted in an overall rejection rate of 18%. There are few offers above 6
(4.15%) and below 2 (2.21%). Graph 0.4 shows that offers and MAOs slightly decrease
over time, but they mostly remain within a narrow interval (see also the comparison of
the first and last 10 periods in Table 2).

To confirm this observation, and to test for the presence of a random-payment ef-
fect, we conduct the following regression separately for each sample of proposers and

responders:

(1) SE = <50 + goD,) + (51 + ng,) (t — 1) + 528571 + 5385-71 +v; + €5 5

where ¢ =1, ..., 60 represents the period played; s~ (respectively s°~") is the strategy of
player i (respectively the opponent of player 7) in the previous period; s and s? are set
equal to zero;?® D; is a dummy variable equal to 1 when i is one of the randomly selected
subjects at the beginning of session 2 who knew that one the 60 sessions he was about
to play would count for real money; v; is an individual random-effect parameter with
mean zero and variance aﬁ; and finally, €;; is a traditional error term with mean zero and
variance 02.2” Note that this reduced-form approach captures potential systemic effects
across individuals by exploiting the panel structure of the data to account for possible

correlations between the strategies selected by a subject across time. To gain efficiency,

26The constant term Jy (respectively, &g + g(]) therefore represents the initial propensity of subjects
not selected (respectively, selected) for payment. As a result, we can not only verify whether the random
payment method affected the evolution of behavior, but we can also test whether subjects receiving a

random or a guaranteed payment have similar initial propensities.
2TThe model in 5.1 implicitly assumes that the random-effect v; is uncorrelated with the regressors,

and in particular with s}, the strategy selected by player i in period 1. Following Chamberlain (1984),
we test whether this assumption is reasonable by estimating a correlated-random-effect model under
the constraint v; = d45; + ;, where 7; is a traditional error term. The estimated parameter &, is found
to be insignificant, thereby providing support for the specification in 5.1. This result may be explained
by the fact that an individual’s actions in early periods are highly volatile, and do not constitute a good

predictor for his future behavior.
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the model is estimated with the general method of moment approach developed by
Blundel and Bond (1998).28

Table 2 reports the regressions results for the sample of proposers and receivers
in each treatment. First, note that the dummy variable coefficients (%,E) are not
significantly different from zero in treatment 0, thereby providing no evidence that a
random or a guaranteed payment generate different behaviors.?? Moreover, the estimated
common time trend parameter (6;) is small, but significantly smaller than 0 for each
sample in treatment 0. This suggests that both proposers and receivers slowly adjust
their strategies over time by announcing smaller offers and MAQOs. As noted previously,
the finding of adjustments on the part of receivers is remarkable since it has rarely been
detected in ultimatum experiments, even when subjects participated for a large number
of rounds. This result should be essentially credited to the strategic implementation
of the ultimatum game, as it allows the experimenter to observe fully the receivers’

strategies.®”

Observe also that for both types of players, the standard deviation of
the individual random-effect parameter (o,) is significantly different from zero at a 5%
significance level, although it only accounts for a modest portion of the total variance
(between 8% and 9%). This result therefore provides support for the individual random-

effect specification adopted. Finally, the regression in 5.1 was re-estimated after the

28The specification in 5.1 has been preferred over alternatives on the basis of a test of the over-

identifying restrictions.
To confirm the absence of a random-payment effect, two additional series of tests have been con-

ducted. First, the null hypothesis that the pair (go,gl) is jointly equal to zero is accepted at a 5%
significance level for both types of players. Second, we have also tested whether each subject randomly
selected in session 2 could be individually distinguished from the group of subjects receiving a random
payment. This second series of stricter individual tests still cannot provide conclusive evidence that
random and guaranteed payment generated different behaviors. As we shall see, these result extend

also to treatments 1 and 2.
30In fact, using the same information (i.e. only the proposer’s offer and whether or not this offer

was accepted by the receiver), and the same methodology (i.e. a probit model with individual-random-
effects) as previous extensive form ultimatum game analyses such as Cooper et al. (2003) does not

enable to detect the presence of learning on the part of the receivers in the present experiment.
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dummy variable D; was defined as being equal to 1 when the data was collected in session
2. The results in Table 3 indicates that the dummy variable coefficients (50, &) are not
significantly different from zero. In addition, the null hypothesis Hj : { (go, 31) = (0, 0)}
is accepted at a 5% significance level for both types of players, thereby providing no
evidence of a session effect.

Graph 0.1 indicates that the offers and MAOs are symmetrically distributed around
their modes respectively located in the range 4-5 and 3-4. The analysis of the first and
last 10 periods (Graphs 0.2 and 0.3) confirms the slight decrease of strategies over time.
However, the general shapes of the strategy distributions are essentially preserved.

The evolution of the rejection rate is volatile, and a series of regressions confirms
that it does not exhibit any obvious trend (see Graph 0.5). A plot of the rejection rate
observed in the experiment (Graph 0.1) also indicates that the probability of rejection
decreases rapidly with the offer made.3! For instance, offers above 4 have a 94.2% chance
of being accepted, while offers below 2.5 are rejected 89.0% of the time. Following
Slembeck (1999), let us define a measure of the proposers’ bargaining power as the
income difference (in percentage of the pie) between proposers and receivers. Graph 0.5
indicates that this measure of the proposers bargaining power is slightly positive, and
remains roughly stable over time.

Finally, receivers revise their strategy in stage 2 of the game only 5.9% of the time.??
The curve in Graph 0.6 indicates that most of these revisions (51.6%) occur within the
first 10 periods of plays. The number of revisions as a function of the difference (in dol-

lars) between the offer and the MAO announced in stage 1 is also plotted in Graph 0.6.%3

31The rejection rate for low and high offers should be interpreted with caution through the paper

because they are often based on few observations.
32Tt may be argued that subjects may not wish to revise their strategies in order to remain internally

consistent. This would not fully explained however, why revisions are rather frequent in early periods,
before rapidly declining. Note also that an econometric analysis did not indicate that the outcome of a

revision influenced the probability that an agent may revise his strategy in the future.
33This graph should be read as follows: the highest bar indicates that 58 receivers decided to revise

their strategy in order to accept an offer to divide the $50 they initially declined, that was between $0
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This bar graph is concentrated around zero, indicating that most receivers revise their
strategy when the proposer’s offer is close to the MAO originally announced. Notice,
however, that the revisions are not symmetrically distributed around zero. Indeed, the
five bars to the right, representing the rejections of offers originally accepted, account
only for 1/4 of the total number of revisions. In contrast, 60.7% of the revisions con-
sist of receivers accepting an offer that was between $0 and $5 smaller than the MAO
announced in stage 1. In other words, after a few periods of practice receivers learn to
make few and only small mistakes in stage 1, and they appear to have very few regrets
in stage 2.3

To conclude, the outcomes in treatment 0 appear to be consistent, both qualitatively
and quantitatively, with previous ultimatum game experiments conducted in extensive
form. More specifically, the distribution of offers, the probability of rejection, the dis-
tribution of payoffs, and the evolution of behavior is analogous to what is typically
observed in traditional ultimatum games. In addition, the low rate and the distribu-
tion of strategy revisions suggest that, with experience, the extensive and the hybrid
implementations of the game generate similar behavior. In other words, not only the ex-
perimental design modifications did not change the theoretic predictions, but they also
did not appear to create any significant treatment effect compared to the traditional
extensive form ultimatum game experiment. Nevertheless, it cannot be excluded that in
a different context the two designs may produce different outcomes. To test whether the
hybrid design is in general behaviorally equivalent to the traditional ultimatum game is

beyond the scope of the present paper.

and $1 below the MAO they originally announced. Note also that unlike the other graphs and tables,
Graphs 0.6, 1.6, and 2.6 have not been constructed with the offers and MAOs divided by 5, but with

the actual dollar values.
34The tables, graphs, and econometric estimations in this section are based on the MAO announced,

and they do not account for possible strategy revisions by receivers in stage 2. However, given the small
number and the distribution of the revisions, the tables, graphs and econometric estimations differ only

slightly, and the nature of the results presented is preserved when the revisions are taken into account.
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5.2 Treatment 1: Rich Proposer

The overall average offer (4.22) and MAO (3.18) are slightly smaller than in treatment
0.3° These figures, however, only tell part of the story. Indeed, Table 1 indicates that,
compared to treatment 0, both players strategies are higher (lower) in the first (last)
10 periods. As illustrated in Graph 1.4, and confirmed by regressions of the form (5.1)
(see Table 2), strategies now sharply decrease during the course of the experiment. Note
also that the regressions in Tables 2 and 3 do not provide any evidence suggesting the
presence of a random-payment or a session effect, as the parameters (50,51) are not
significantly different from zero, when tested either separately or jointly. The MAOs
still have a mode in the usual range 3-4 but they are now more uniformly distributed
(Graph 1.1). Note that a substantial number of receivers initially make unusually large
demands (i.e. between 4 and 6 in Graph 1.2). By the end of the session however, most
receivers are willing to accept small offers (i.e. lower than 2 in Graph 1.3). The mode
of the offers remains in the interval 4-5 but larger (smaller) offers are now much more
frequent in the early (late) periods of the game (see Graphs 1.1 to 1.3).

The rejection rate is slightly larger than in treatment 0, but it still does not reveal
any specific trend (Table 1 and Graph 1.5). Graph 1.1 indicates that small offers are
more likely to be accepted than in treatment 0. For instance, offers below 2.5 are now
accepted more than one third of the time. Graph 1.5 also indicates that the bargaining
power is initially on the receiver’s side, but it is increasingly captured by proposers over
time. Finally, the number of revisions made by receivers increases slightly compared to
treatment 0, but its distribution over time and offers remains similar (Graph 1.6).

To confirm the presence of a treatment effect, we adopt an individual random-effect
specification of the form 5.1, in which the dummy variable D; is now set equal to 1

when the data was collected in treatment 0. The regressions are then conducted after

35The data collected in each treatment may not be independent due to individual effects. Therefore,
traditional parametric tests (e.g. t-test) or non-parametric tests (e.g. Mann-Whitney test) cannot be
applied directly. A formal econometric model accounting for individual effects will be introduced next

to test for the presence of a treatment effect.
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merging the two samples of proposers (respectively receivers) in treatments 0 and 1. The
results presented in Table 4 indicate that the dummy parameters 50 (respectively 5Nl) are
significantly smaller (respectively larger) than zero for both proposers and receivers.3®
In other words, compared to treatment 0, rich proposers (poor receivers) are initially
asking less (more) for themselves, but with time, they end up making larger (smaller)

demands.

5.3 Treatment 2: Rich Receiver

The results in treatment 2 are almost a mirror image of those in treatment 1. Compared
to treatment 0, offers and MAOs are initially smaller but they rapidly increase over
time (Table 1 and Graph 2.4). The distribution of offers is now bimodal (Graph 2.1)
with a first mode in the range of 3-4, and a second mode in the range of 6-7. The
first (second) mode is the result of low (high) offers in early (late) periods (see Graphs
2.2 and 2.3). Proposers are now willing to make offers above 6 one third of the time
overall, and a surprising 49.6% of the time during the last 10 periods (Table 1). This is
a striking difference with treatment 0, and behavior observed in traditional ultimatum
game experiments. The distribution of MAOs still has its usual mode in the range 3-4,
but receivers become much more demanding with experience (see Graphs 2.1 to 2.3).
As an illustration, the MAOs of 6 and above increase to 28.5% in the last 10 periods
(Table 1).

The evolution of the rejection rate remains as volatile as in the previous two treat-
ments (Graph 2.5). Graph 2.1, however, indicates that small offers are rejected more
often, while large offers are not always accepted. For instance, offers above 4 are now
rejected 10.6% of the time (versus 5.8% in treatment 0). The initial bargaining power
of proposers shifts rapidly in the receivers’ hands, in sharp contrast with traditional

ultimatum games experiments (Graph 2.5). Moreover, the number and the distribution

36The joint test of the null hypothesis Hy : {(—go,gl) > (0, 0)} is also accepted at the usual signifi-

cance levels.
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of the revisions made by receivers are once again comparable to treatment 0.

The regression results in Table 4 confirm the presence of a treatment effect. Indeed,
compared to treatment 0, the offers and MAOs are significantly smaller in the early
periods, but they become substantially larger by the end of the experiment. Finally, note
that the outcomes of the time trend regressions (5.1) presented in Tables 2 and 3 suggest
that, although no random-payment effect may be detected, proposers in session 2 initially
made slightly, but significantly larger offers than in session 1 (i.e. 50 is significantly
greater than 0). The difference is so modest however (1.7%), that it will be ignored
when estimating the structural model in section 6, where we will pool the data across
the two sessions.?”

Before concluding this section, let us verify whether subjects acted randomly, and
whether behavior was influenced by absolute wealth effects. As explained earlier, it is
possible that the random-payment method, the large initial endowments, and/or the
length of the experiment led some subjects to behave in a random manner. To test
this hypothesis, we consider the regression model in 5.1, and we test the null hypoth-
esis H : {(51 = 51 =0y =03 = 0} by applying the extension to the general method of
moment framework of the Wald test to each sample of proposers and receivers in each
treatment (see e.g. Newey and West 1987). The Wald statistics vary between 49.231
and 57.800 across treatments and types of players, which correspond to p-values ranging
from 5.225E-10 to 8.405E-12. In other words, there is no indication that subjects, and
in particular rich proposers in treatment 1 and rich receivers in treatment 2, acted ran-
domly during the experiment. To verify whether subjects became unmotivated by the
end of the experiment, we test the same hypothesis on the sub-samples collected during
the last ten periods of each treatment. The Wald statistics now vary between 38.460
and 48.543, which correspond to p-values ranging from 9.002E-8 to 7.273E-10. In other
words, we find no evidence that the experimental design generated random like behavior

on the part of subjects, even by the end of the experiment.

37In fact, we will see that the estimation of the model with data from each session does not yield

significantly different estimates.
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To test for the presence of an absolute wealth effect, we introduce in equation 5.1 a
new variable C;, representing subject ¢ expected cash balance at the beginning of period
.3 As argued by Ham, Kagel and Lehrer (2004) however, we may face an endogeneity
problem since C;; is likely to be correlated with the error term ;. To circumvent this
problem, the model is estimated with two additional instrumental variables: 5_;; and
6_Z~,t the strategy and expected cash balance averaged across subject i’s peers (i.e. the
other proposers in the same session and treatment if 4 is a proposer).3® The parameter
associated with C;, is found to be insignificant in all treatments (the p-values vary
between 0.170 and 0.381). Therefore, unlike other games such as auctions, (expected)

cash balances do not appear to influence the dynamics of plays in the present experiment.

5.4 Interpretation of the results

It is usually accepted that subjects’ behavior when they begin an experiment is predomi-
nantly influenced with real life experiences with comparable games (see e.g. Roth 1995).
In real life bargaining situations, agents are typically not anonymous, the game is often
repeated, the outcomes are frequently observed by others, and traditional norms as well
as conventions apply. It has been demonstrated in several experiments that the com-
bination of these factors is likely to generate fair or egalitarian outcomes in ultimatum

games (see e.g. Hoffman et al. 1994, Camerer and Thaler 1995, or Géchter and Falk

38More specifically, C; ; is the sum of all past payoffs and initial endowments accumulated by subject
i up to period ¢, time the probability that one of these (t — 1) periods is randomly selected. Note that as
a result, C;; varies from one period to the next, even when the ultimatum game did not generate any
revenue for player i in the previous period. Finally, the conclusions of the tests presented here remain
unchanged if C;; is defined such as to include i) only the ultimatum game payoffs, ii) the ultimatum
game payoffs, plus only the initial endowment given in period ¢, and iii) the accumulated earnings
instead of the expected revenue (i.e. the accumulated payoffs and initial endowments are not multiplied

by the probability for a round to be selected).
39The variables 3_;; and ﬁ_i,t appear to be appropriate instruments, since the correlation between

Ci: and 5_; 4 varies between 0.29 and 0.44 across treatments and types of players, while the correlation

between C; ; and C_;; varies between 0.68 and 0.85.



WEALTH DIFFERENCES AND FAIRNESS 23

2002). This may therefore explain the wealth egalitarian selection of strategies observed
in the first periods of the different treatments.

On the other hand, the evolution of behavior is at odds with subgame perfection,
and existing fairness models. Indeed, according to subgame perfection, wealth differences
should not affect the players’ decision process. In other words, the behavior of partici-
pants should remain the same across the three treatments. This prediction is strongly
rejected by the data, since we have just established that the introduction of large and
unequal initial endowments creates a significant treatment effect on the dynamics of
plays. It has to be noted however, that behavior in treatment 1 is leaning toward the
game theoretic prediction. This result is remarkable, as it has been notoriously difficult
to induce subjects in ultimatum game experiments to conform to subgame perfection
(see e.g. Weg and Smith 1993).

The predictions of inequality aversion and altruistic models (see e.g. Fehr and
Schimdt 1999 and Bolton and Ockenfels 2000) depend on how wealth differences are
perceived by agents. If the arbitrary distribution of initial endowments is not seen as
unfair by subjects, then behavior should remain constant across treatments. Otherwise,
these models predict that the differences in initial endowments will result in more gen-
erous behaviors on the part of the rich players. More specifically, rich (poor) proposers
should make larger (smaller) offers, and rich (poor) receivers should (not) be willing to
accept small proposals. Such a wealth egalitarian approach appears to be a fair predictor
of initial behavior, as indicated by the distributions of strategies in Graphs 1.2 and 2.2,
and the estimates of Jy in Table 2. Indeed, proposers tend to offer some amounts that
would equalize, or at least reduce the difference between both players total earnings. The
distribution of MAOs in the first periods of plays suggests that the wealth egalitarian
outcome is also initially expected by the receivers. With time however, the experimental
outcomes in treatments 1 and 2 become at odds with the fairness predictions. Indeed,
rich players ask more for themselves, while poor subjects are willing to accept widely
unequal divisions.

The reciprocity approach (see e.g. Rabin 1993) roughly assumes that agents are
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willing to punish hostile behavior, but they are inclined to reward other agents who
intend to reward them. Due to the lack of repeated interactions between the same
subjects, only a weaker version of this model may be tested by looking at the behavior of
receivers. The reciprocity predictions do not appear to be consistent with the dynamics
of behavior observed in the present experiment. Indeed, poor receivers are unfairly
treated after a limited number of periods, but nevertheless, they fail to punish their
opponents as they learn to accept lower offers. In addition, reciprocity suggests that
strategy revisions in stage 2 should be more frequent when the receivers observe unequal
proposals. Such behavior however, is rarely observed since revisions essentially occur at
the beginning of the session, when offers are arguably more equitable.

It has to be noted however that the inequality aversion, altruistic, and reciprocity
models have not been developed to predict how behavior may evolve, since they implic-
itly assume that fairness preferences are stable over time. Therefore, failure to explain
the dynamics of behavior in the experiment should not be seen as a definitive rejection
of fairness models. Indeed, fairness still appears to play a significant role, since offers
and MAOs remain non-negligible, even at the end of each treatment.’® The present
experiment may therefore only suggest that in certain environments fairness preferences
may not be stable over time, and that, following the example of the mixed model pro-
posed by Cooper and Kraker-Stockman (2002), existing static fairness models may need
to be generalized to account for learning and/or other dynamic aspects. To do so how-
ever, one would first need to identify the determinants affecting the stability of fairness
considerations. In the next section, we will estimate a learning model in an attempt to
address this issue.

Before closing this section, let us mention a number of elements revealed through
post-experiment interviews, that provide an insight into the subjects’ motivations when

selecting their strategy. Several authors have suggested that the outcomes in ultimatum

40There is no evidence however that behavior has fully converged by the end of the experiment.
Therefore, one cannot exclude that fairness considerations would decline further, and possibly vanish,

if more periods were to be conducted.
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experiments may be explained by the combination of three factors: a fear of disagreement
on the proposers’ side, an ability for receivers to punish greedy behavior, and a desire
for receivers to prove their “toughness” by rejecting free money. Interviews conducted
after the experiments suggest that these factors may have some explanatory power in
the present context. Indeed, the majority of poor receivers declared that they could not
punish proposers since rejections felt relatively more costly to themselves. Rich receivers,
on the other hand, said that their initial endowments led them to punish proposers by
rejecting free money if their initial demands were not met. Some even added that,
although they understood that the next subject they would be matched with would be
different, they rejected positive and sometime large amount of money to demonstrate
their determination to the proposer. A large number of rich proposers reported that
they did not fear rejection, since they felt satisfied with only the initial endowment even
when the ultimatum game resulted in a disagreement. As a consequence, they were
willing to take some risks by making small offers. On the other hand, poor proposers
felt like they lost their first mover advantage and that they could only acquiesce to the
receivers requests.

It is important to note that these interviews do not explain the evolution of strategies
in the experiment. For instance, were poor receivers willing to accept less money, and
proposers reacted accordingly? Or were rich proposers making smaller offers, which
constrained receivers to lower their demands? These questions are addressed in the next

section by estimating a structural learning model.

6 General Reinforcement Learning Model

6.1 Preliminaries

The object of this section is to present the learning model used to estimate how behavior
evolved in the experiment. A potential drawback of this structural approach however,

is that subjects are assumed to behave according to the learning model considered.
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As we shall see, several competing models of learning have been proposed in recent
years. The strategy adopted therefore consists in estimating a comprehensive structural
model, capturing most relevant features of these learning models, in order to identify
the determinants explaining the dynamic of plays in each treatment.

To analyze learning, we must also decide whether to use a model for continuous or
discrete strategies. In the experiment, players had access to 5,000 different strategies,
since they could make choices in cents between $0 and $50. Focal point strategies, such
as integers, half dollars and offers ending in $.99, were used more frequently but they
accounted only for 16.3% of subjects overall choices. Within the range of strategies se-
lected most often (roughly between $10 and $35 for proposers, and between $5 and $30
for receivers), proposers (receivers) used 1,634 (1,912) different strategies representing
approximately 65% (76%) of the strategies available to them.*! A discrete model would
require to regroup arbitrarily the 5,000 possible strategies into a limited number of clus-
ters. However, Monte Carlo simulations suggest that such arbitrary discretizations may
erase some of the subtle nuances associated with the smooth evolution of behavior ob-
served during the experiment.*?> A continuous model therefore appears more appropriate
to analyze precisely the dynamics of plays.

We adopt the general reinforcement learning approach developed by Armantier (2004).
This model not only explicitly accounts for continuous strategies, but it has also been
shown to capture most relevant aspects of existing learning models. In addition, the
general reinforcement learning model is sufficiently flexible, yet parsimonious, to be con-
sidered for a structural estimation. We now summarize the main features of the model

(more detailed explanations are available in Armantier 2004).

41 These numbers may be explained by the fact that, given the splitting rule imposed in case of a tie,

subjects had an incentive to submit different offers and MAOs.
42This result is consistent with simulations conducted for different games, in which continuous learn-

ing models were found to outperform discrete models to explain the evolution of strategies (see e.g.

Armantier 2004 for an auction example).
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6.2 The model

Before we formalize the general reinforcement learning rule, let us briefly describe the
intuition behind the model. The strategies of an agent are assumed to be randomly
generated. At the end of each period, the agent strategy distribution is updated with
a combination of reinforcement rules, each representing a different form of experien-
tial or observational learning, such as for instance choice reinforcement learning (Bush
and Mosteller 1955, Erev and Roth 1998), imitation (Vega-Redondo 1997, Schlag 1999),
learning direction theory (Selten and Buchta 1999), or reinforcement of unchosen strate-
gies (Camerer and Ho 1999). A reinforcement rule is a continuous function whose shape
depends upon two parameters: a strategy to be reinforced, and a reinforcement factor.
As we shall see, the object of a given reinforcement rule is to modify the strategy distri-
bution in order to make it more or less likely for player ¢ to draw in the future a strategy
around the strategy reinforced, based on the sign and the intensity of the reinforcement
factor.

Let us now formalize the model. At round ¢, player i draws her strategy s! from
a continuous probability density function g!(.) defined over the interval [s,s] = [0, 50].

The strategy distribution of player ¢ evolves according to the following law of motion,

L
. gz'l(s) + kZUZ R(s ‘ mi‘,k’rzl',kﬂ t’ ﬁl)
(2) T (s) = —

! t 3
L+ 37 57 [ R(u [ miy, 7y, t, 8)du

k=11=1

[y

where t is the last period played; R(. | .) denotes the reinforcement rule; s € [s,3s];
mé’k is the strategy reinforced in rule [ by player ¢ at any period £ < t based on a
reinforcement factor rﬁ,k; finally, B is the vector of parameters of the reinforcement rule
I =(1,...,L). The function g;(.), commonly known as the initial propensity, may reflect
players introspection or experience from previous games. How subjects select their initial
strategy distribution is a question that has been briefly discussed in section 5.4. In the
remainder g/ (.) is a given distribution, function of parameters to be estimated.

The basic reinforcement rule R(. | .) adopted here is based on a normal probability
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density function f(. | u¥,o¥ (t)) with mean p¥ and variance of (1),

FQuf | pfsof () = f(s | pf, of (2)) when r{) <0
(3R(5 | mé,k’ré,lc’t’ ﬂl) = f(S | N?a Uzk (t)) when Tzl',k >0
1 when 1}, =0

(4) where pf =mi,, of(t)= (al)(k_t_l) (rf,k)_Q and 0<a<d <a<l

Note that the reinforcement rule in expression (6.2) is always positive, which guarantees
that g/*!(.) is a density function.

As previously explained, the purpose of the reinforcement rule R(.) is to add some
mass to the strategy density gf“(.) around or away from the strategy reinforced, mﬁ-,k,
depending on the reinforcement factor rf,k.‘l?’ For instance, if the reinforcement factor is
positive (negative), then the reinforcement rule has the shape of a (an inverse) normal
density function centered on mé,k; as a result, player 7 is more (less) likely to play strate-
gies around mﬁ,k in the future. As the reinforcement factor Tf,k increases (decreases),
the positive (negative) reinforcement rule becomes more concentrated, and more mass
is added (subtracted) around mé’k. There is no experiential learning when the reinforce-
ment factor is zero, as the strategy distribution stays unchanged. Finally, o¥ (¢) becomes
larger as k moves further away from the current period ¢, which implies that the rein-
forcement rule R(.) becomes flatter and less influential with time. In other words, the
exponent of o! acts as a discount or forgetting parameter that reduces the influence of
past reinforcements.

To illustrate how this general reinforcement learning model captures different forms
of learning, consider the traditional choice reinforcement learning model as presented by
Erev and Roth (1998). Players reinforce every strategy s¥ (Vk < t) they played in the

past based on z¥ the payoff received. In other words, the choice reinforcement learning

rule reinforces at period ¢ each strategy mf’:,fL = s¥ based on the reinforcement factors
riftt = af for any k < t. Similarly, the general reinforcement learning model may

also nest the reinforcement of foregone best responses. In this case, player ¢ partially

43Gee Armantier (2004) for a more detailed explanation of the model’s properties.
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reinforces BR(s* ), the best response in period k to her opponent actual strategy s
based on the profit IT%, this best response would have generated. The parameters of
the rule reinforcing the foregone best strategies from periods k < ¢ are m/}’* = BR(s*,)
and r[iP% = 9FBEIT} b where §%F% > 0 represents the relative effect of foregone payoffs
compared to actual payoffs. Other possible reinforcement rules include (e.g.) imitation
of popular or successful behavior, payoff dependent imitation, direction learning, as well
as other forms of exogenous adjustments (see Armantier 2004 for implementations of
these reinforcement rules).

Erev and Roth (1998) introduced a benchmark, typically representing a “subjective
expected payoff”, to classify payoffs as positive or negative reinforcements. Following
this approach, let us respectively redefine the reinforcement factors in the previous two
examples as 7" = xf — pl and rfiP% = 0%PRIIL, — pl, where p} is the reference point
in period ¢t. This internal reference point is assumed to follow a general law of motion

of the form
(5) pitt =mal+ (1 =)ol

where p} € R is a parameter to be estimated, 0 < v; < 1 (V4 = 1,2), and 2! is the payoff

of player i at period ¢.4*

7 Estimation of the General Reinforcement

Learning Model

7.1 Estimation Procedure

From an econometric perspective learning models have two interesting features. First,
the actions observed during the experiment are neither identically nor independently

distributed, since the strategy distributions are updated individually based on previous

44Note that this law of motion includes as a special case the reference point specification originally

proposed by Erev and Roth (1998), pit! = vzt + (1 — 1) pt.
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periods plays and outcomes. Second, learning models may converge toward a pure strat-
egy equilibrium, in which case the asymptotic strategy distribution ¢f°(.) is degenerate.
These two characteristics are such that the analysis of learning model estimators is non-
trivial and rarely addressed in the literature, with the notable exception of Cabrales and
Garcia-Fontes (1999), Armantier (2000), or Frechette (2003). The Maximum Likelihood
is a popular method to estimate learning models with a finite number of strategies (e.g.
Camerer and Ho 1999, or McKelvey and Palfrey 1995). However, as noted by Stahl
(1996) and Armantier (2000), the application of the Maximum Likelihood to continuous
strategies may be hazardous. Indeed, as behavior converges toward an equilibrium, the
strategy distribution becomes more concentrated, and later observations are much more
influential on the likelihood function. This imbalance may result in a disproportionate
contribution of later observations on the parameter estimate.

To circumvent this convergence problem Armantier (2000) proposes a moment esti-

mator B\ corresponding to an objective function of the form:

©  som() =2 {0 o)+ (147 0) '}

t=1 i=1
where 3 is the parameter vector to be estimated, and nf . (B) is the theoretic moment
of order p = 1,2 of player i’s strategy distribution at period ¢.*> Heuristically, the
objective is to reconcile observations with their theoretical moments conditionally on the
history of plays. Unlike the Maximum Likelihood, this method offers the key advantage
of allocating the same weight in the objective function to any observation even when
strategies converge.

The expression (7.1) requires the derivation of the theoretical moments at each period
and for all bidders. The strategy distributions do not have tractable analytical forms,
and the theoretical moments 7;, (3) are replaced with arbitrary precision by Monte Carlo

simulation estimates, n’\’iit (B). In other words, the estimation method may be interpreted

45Higher moments may be included in the objective function. Monte Carlo simulations, however,

suggest that the first two moments are sufficient in general to obtain precise estimates.
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as a traditional method of simulated moments.*6

Nested learning models are typically compared on the basis of likelihood ratio tests
(e.g. Stahl 2000 or Camerer and Ho 1999). As previously mentioned however, this ap-
proach is not well suited here due to the inadequate properties of the likelihood function.
Instead, we will consider traditional Wald tests based on the unconstrained optimiza-
tion of the objective function (7.1). The Wald test possesses the appropriate asymptotic
properties, since the moment estimator is consistent and asymptotically normally dis-
tributed. The covariance matrix involved in the determination of the test statistic is
evaluated with a Bootstrap technique based on the estimated parameter 3.7

To conclude, it is important to note that the structural estimation procedure i) relies
on individual observations, and ii) fully accounts for the interdependency in the data

under the learning models assumptions.

7.2 Estimation Results

Several learning and adjustment models have been estimated. We first present in this sec-
tion the estimation of a benchmark model which has been found to dominate alternatives.
This model includes the traditional choice reinforcement learning, the reinforcement of
foregone best responses, as well as a dynamic reference point. Alternative learning and
adjustment models will then be compared and tested against this benchmark in the next
section.

Before we proceed, let us discuss how foregone best responses are approximated in the
ultimatum game. At the end of each period, the foregone best response of a proposer
consists in the MAQO announced by the receiver with whom he was matched. In the

rare cases in which a receiver decides to revise his strategy, the proposer’s foregone

46For properties of the method of simulated moments see Gourieroux and Monfort (1995).
4"The Bootstrap is a statistical technique consisting in repeatedly resampling the original data from

the estimated distribution in order to make inferences from the resamples on parameters such as the
standard deviation of the estimated parameters. For details on the Bootstrap technique see Shao and

Tu (1995).
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best response is approximated by his own offer. This approximation has no significant
consequence on the estimated parameters, since revisions are rare and typically occur
when offers and MAOs are close. If the responders only maximize their own profits,
then they always have a (weakly) dominant strategy consisting in announcing a MAO of
zero. As we shall see later on, the experimental data clearly reject any attraction toward
the subgame perfect equilibrium strategy. Instead, we assume that the foregone best
response of a receiver may be represented by the proposer’s offer, since it is the highest
MAO that would have resulted in an agreement. This assumption appears reasonable
for a group of boundedly rational subjects repeatedly playing the ultimatum game, since
it is the best compromise for receivers between reaching an agreement and showing their
determination.8

The positions of the proposers and receivers are not symmetric in the ultimatum
game, and their learning process may therefore differ. Likewise, it has been shown that
the environment in which a game is played may affect the way subjects learn (see e.g.
Armantier 2004). Consequently, we first estimate a general learning model with a spe-
cific set of parameters for proposers and receivers in each of the three treatments. The

vector of parameters to estimate for each treatment is 8; = (8¢%%, BRBR BEP 4); o2)

where j € {p,r} represents the player’s position as proposer or receiver; 7 = oS FF i

S

is the parameter

the parameter of the choice reinforcement model; 3P = (afP®, FFFH)

j
associated with the reinforcement of best responses; 5/ = (pj, Y15, 72,5) is the vector

of coefficients of the reference point law of motion; and (,uj, 0]2-) are the parameters of
the initial strategy distribution function. Proposers (receivers) are initially considered
symmetric, and strategies in period 1 are assumed to be generated from a normal dis-
tribution truncated on [0, 50] with parameters (y;,07) j € {p,r}. The histograms of
both proposers and receivers strategies in the first period of play tend to support this

assumption. Results of the moment estimation method introduced in section 7.1 are

48 Abbink et al. (2003) show that receivers often reject positive offers in anonymous ultimatum games

in order to establish a group reputation for being “tough”.
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presented in Table 5.4° As expected, the first moment of the proposers and receivers ini-
tial propensity distributions (which is slightly different from y; due to the truncation)
is significantly larger (smaller) in treatment 1 (2) than in treatment 0.5 This result
confirms that subjects initially attempt to reach an egalitarian agreement that equalizes
final wealth.

Let us examine first the parameters associated with the choice reinforcement learning
model. The forgetting parameters a§*", j € {p,r}, are close to, but significantly smaller
than one in all three treatments. This confirms that both types of players learn to adjust
their strategies in all three treatments as the result of their own past plays and outcomes.
The values of the forgetting parameters also imply that experiential learning occurs at a
slow pace, as past and recent experience have almost the same influence on the current
strategy selection. The forgetting parameter is, however, significantly larger for receivers
than for proposers, and it is also significantly larger when subjects are rich. Therefore,
the behavior of proposers and poor subjects can potentially change somewhat more
abruptly as the result of new experiences. The fact that proposers and receivers both
appear to learn from their own past plays and outcomes is consistent with previous
studies (see e.g. Slonim and Roth 1998, as well as Cooper et al. 2003).

Let us now turn to the estimation of the parameters associated with the reinforcement

of best strategies. The pair (&fBR, @;RBR

), j € {p,r}, is only significantly different from
zero for rich subjects, and for proposers in treatment 0. In other words, the foregone
best responses act as an attractor when subjects possess some bargaining power provided

by their wealth status and/or their first mover advantage. In addition, foregone best

9To test for the presence of a random-payment (respectively, session) effect, we re-estimate the
benchmark model with a different parameter ,le- and ﬂ? (j € {p,r}) for subjects receiving a random
and a guaranteed payment (respectively, for subjects in sessions 1 and 2). The p-values in Table 6
indicate that the null hypothesis Hy : {ﬂ]l = ﬂf} may always be accepted at the usual significance
levels. In other words, we do not find conclusive evidence of a random-payment nor a session effect.

Therefore, we only present in this section estimation results based on data pooled across the two sessions.
50The statistical comparisons in this section are conducted with Wald tests at a 5% significance level.

Given the large numbers of comparisons, only the most relevant test statistics and p-values are reported.
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responses have a more immediate impact on the strategy selection of rich proposers, since

the forgetting parameter a*BR

;0" 1s significantly smaller in treatment 1. This result may

be explained by the combination of wealth status and first mover advantage. Finally,
the parameter @RBR is significantly larger than 1 for rich subjects. This indicates that
rich players reinforce their foregone best response strategy with even more intensity than
the strategy they actually played. Note that the magnitude of this effect is remarkably
larger than in previous studies such as Camerer and Ho (1999) or Armantier (2004).
This difference may be partially explained by the additional bargaining power provided
by large initial endowments.

Finally, let us examine the parameters governing the evolution of the reference point.
Except for subjects in treatment 0, the parameters of the reference points laws of motion
are all significantly different from zero. As suggested by (e.g.) Erev and Roth (1998),
this result reflects the key role played in the reinforcement learning mechanism by a
reference point, transforming payoffs into reinforcement factors. Note that the sums of
the proposers and receivers initial reference points (70;1) + ﬁi) in all three treatments are
roughly equal to the size of the pie to be divided (i.e. $50). In other words, both types
of players have realistic and matching initial expectations. This indicates also that rich
players do not immediately feel that they deserve most of the pie. As expected, poor
(rich) subjects have significantly higher (smaller) initial expectation in treatment 1 (2)
than in treatment 0. The parameters 7, ; and 7, ;, 7 € {p, 7}, in treatment 0 are small,
and insignificant. Therefore, the reference points, and the players expectations, barely
evolve over time in treatment 0. In the other two treatments, however, both 7 ; and
Y2,5, § € {p, 7}, are positive and significant. Given the profile of payoffs observed in these
treatments, this implies that the reference point of a rich (poor) subject rises (declines)
rapidly over time, as she sees her payoffs in the successive ultimatum games increase
(decrease). In other words, a feeling of entitlement grows over time within rich subjects,
while poor participants come to the realization that they should expect less.

These estimates provide an insight into the way known wealth differences affected

the dynamics of behavior in treatments 1 and 2. Indeed, the estimated parameters
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suggest that guided by foregone best responses, and an acquired sense of deservingness,
rich subjects increased their demands. In contrast, poor players only appear to react to
their opponents increasingly aggressive behavior by scaling down their demands, since
the strategy selection of poor players was essentially influenced by their own past plays

and outcomes.

7.3 Alternative Specifications

The object of this section is to test whether alternative models may better explain
the dynamics of behavior. The different hypotheses can be nested within the general
reinforcement model, and comparisons will be conducted on the basis of Wald tests.
Results are presented in Table 6.

We first verify whether subjects learn to behave homogeneously from their own ex-
perience and observation. To test for the presence of heterogeneity across proposers
(receivers) within the same treatment we estimate the benchmark model with a different
parameter §;;, j € {p,r}, i =1,...,N, for each player. Then, we can test the restric-
tion Hy = {(BZFE, BEPR) = (BCFE, BEBR) Vi=2,..,N} for j € {p,r}. The p-values
in Table 6 indicate that one cannot reject the null hypothesis at the usual significance
levels. Therefore, we do not find conclusive evidence of heterogeneity across players. In
other words, it is not obvious that we can differentiate subjects into two sub-samples of
“fair” and “greedy” players. This test also illustrates the ability of the general reinforce-
ment learning model to describe the behavior of each proposer (receiver) in a treatment
equally well.

We now test whether proposers (receivers) adjust their strategies according to the
same learning model in all three treatments. Under this hypothesis, the difference in
the dynamics of plays, would be essentially explained by the specific events experi-
enced and observed by subjects in each treatment. The benchmark model is esti-

mated jointly with the data observed in the three treatments, and we test the re-

striction H() s {(ﬁjCRLa /BJRBR)TO - (/BjCRLaﬂ]RBR)Tl ) (ﬂ]’CRLa /BJRBR)TO = (ﬁjCRL’ BjRBR)TQ}ﬂ
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B(_JRL’ ﬁftBR)

where ( } is the vector of parameters common to subjects of type j € {p,r}

T
in treatment ¢ € {0,1,2}.5! The p-values in Table 6 indicate that one can reject the null
hypothesis at the usual significance levels. Therefore, it appears that subjects in each
treatment do not learn according to the same model. In other words, the environment
in which the game was played seem to have shaped the way subjects learned. As dis-
cussed further, this result is consistent with previous studies analyzing the influence of
environmental factors on learning (see e.g. Slembeck 1998 or Armantier 2004).

Next, we verify whether behavior in each treatment may be explained by a sim-
pler learning model than the combination of learning rules estimated in the benchmark
model. We successively test the following hypotheses for the proposers and receivers
in each treatment: first, the data may be explained only by a simple choice reinforce-
ment learning model (i.e. Ho : {0fF% =0, 8" =0}); second, the data may be ex-
plained by a learning model reinforcing only the foregone best response strategies (i.e.
Hy: {O-CRL =0, ﬁRP = O} in the modified benchmark model in which the reinforcement
factor of the choice reinforcement learning rule is now written rJ* = 69702F); third,
the learning model does not include a reference point (i.e. Hy : {BRP = O} The p-
values in Table 6 indicate that these three hypotheses are always rejected, except for the
receivers in treatment 0 for which the choice reinforcement learning model cannot be
rejected at a 5% significance level. In other words, the behavior of receivers in treatment
0 may be explained solely by a simple choice reinforcement learning model. However, a
proper modelization of the dynamics of plays in all other cases requires the combination
of learning rules included in the benchmark model.

We now verify whether the experimental outcomes may be equally explained by an
exogenous adjustment mechanism. Learning is typically assumed to occur when the
strategy selection of a player at a given period is influenced by his own or any other
players past actions and/or outcomes. In contrast, the general reinforcement rule can

be modified to represent a completely exogenous adjustment of strategies. Indeed, if we

51To get the best chance to accept the test, we exclude from the null hypothesis the parameters

associated with the initial propensity and reference point, as they differ significantly in each treatment.
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impose m' = Amt | + seo(1 — A1), and 7[5t = Xorfit | (where Ay € [0,1[, Ay > 1,

Seo € [8,3], P4 =t =11

), then the strategy reinforced and the reinforcement fac-
tor evolve exogenously, and behavior systematically converges toward a pure strategy
equilibrium s,,. The equilibrium model with errors is a special case of exogenous ad-
justment in which s, is equal in the present context to the subgame perfect equilibrium
strategy so, = 0. The model is tested twice under each of the following null hypotheses
Hy : {0§FF = 0,0FP% = 0,5f" = 0} and Hy : {657" = 0,087 = 0,8 =0, s, = 0}.
Table 6 indicates that both hypotheses are strongly rejected by the data. In other words,
it appears that i) the adjustment process observed in each treatment is not exogenous;
ii) the subgame perfect equilibrium does not act as an attractor; and iii) the evolution
of strategies may be attributed to learning.

Learning direction theory (Selten and Buchta 1999) offers a potential alternative to
explain the dynamics of behavior observed in each treatment. Indeed, according to this
model, subjects may have simply adjusted their behavior in the direction of strategies
that were, or would have been successful. To illustrate the concept of direction learn-
ing consider a proposer in the ultimatum game and the choice reinforcement learning
model. When an agreement is not reached, the proposer should realize that his offer
was too low; he should also understand that a smaller offer would not have improved his
situation, while larger offer could have generated a better payoff. As a result, instead of
symmetrically reinforcing strategies around the strategy played s, the proposer should
reinforce negatively strategies below sf, and reinforce positively strategies above st. By
doing so, the proposer is more likely to generate a strategy larger than s, and get a
better payoff in the future. The notion of direction learning may also be applied to
foregone best responses, in which case s! is replaced by the best response BR(s!;) in
the previous example.

Following Armantier (2004), we can test these hypotheses after incorporating direc-

tion learning within the foregone best response or choice reinforcement rule, by replacing
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u¥ in equation (6.3) by

2 _ (et )2
(7) py = mé,k + (M) (ﬁ-f,\l,<o +35.1y 50— mik) e (e ,

where | € {CRL, RBR}, -1 < X, < 1, (5,5) = (0,50), v = 1 (v = 2) when the rein-
forcement factor ré,k is positive (negative), and Iy oo is the indicator function satisfying
Iyt .o = 1 when AL < 0 (otherwise Iy <o = 0). The parameter A (/\é) accounts for
any potential direction learning associated with a positive (negative) reinforcement fac-
tor. Indeed, when ), is positive (respectively negative), xf lays in the interval [m},, ]
(respectively [s, méyk]) and strategies slightly greater (respectively smaller) than m},
are primarily reinforced. Note that y gets closer to m;, when (7‘5,,9)2 increases. This
implies that when the payoff (or the potential payoff) is large and positive (respectively
negative), the center of the reinforcement rule gets closer to the strategy reinforced, so
that the player is more (respectively less) likely to play again the same strategy in the
future. Finally, A\, = 0 corresponds to no direction learning, while A}, = 41 can be
considered full direction learning, since players essentially reinforce either s or s for a
reinforcement factor rﬁ’k close to zero. Using this model, we can then test successively
the null hypotheses Hy : {A{#L =0, A§%F =0} and Hy : {\BR =0, \[PR =0}. The
p-values in Table 6 indicate that learning direction does not appear to play a significant
role in explaining the dynamics of plays observed in each treatment.

As mentioned earlier, the learning and fairness hypotheses are not necessarily mu-
tually exclusive. Indeed, it is possible that the learning process observed in the present
experiment may have been driven by fairness considerations. To test this hypothesis, we
consider two models inspired from the mixed learning model proposed by Cooper and
Kraker-Stockman (2002). The original choice reinforcement rule may be generalized by

re-defining the reinforcement factor as

i

rCRE = (o = pl) = (M + Ao Ly ) T
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z¥ represents here the total earnings (including the initial endowment) of subject i in
round &, I, is the indicator function satisfying L ,x = 1 when zf < ¥ (otherwise
Ljcye = 0), and (A1, A2) are unknown parameters.”® This generalized reinforcement
factor now enables learning to be affected, in addition to own payoffs, by the absolute
(model 1) or the relative (model 2) difference between the proposer’s and the receiver’s
payoffs. Note also that the model allows for an agent’s distributional concerns to be
self-centered, since earning more than its opponents (i.e. z¥ > xf) will not affect the
reinforcement factor as much when (A, \2) are strictly positive. Model 1 (respectively
model 2) may therefore be seen as special case of the fairness model proposed by Fehr
and Schmidt (1999) (respectively Bolton and Ockenfels, 2000) in which agents have a
disutility for absolute (respectively relative) inequality. The p-values in Table 6 indi-
cate that we cannot reject the null hypotheses Hy : {A; = 0, A\ = 0} for both models.
Therefore, it appears that the learning process was not guided by fairness considerations.
This result is not surprising since behavior observed in treatments 1 and 2 evolved in a
direction opposite to the fairness prediction.>

The benchmark learning model adopted therefore appears to outperform several al-

ternative candidates. To evaluate further the empirical relevance of the estimates, and

the fit of the model, the following regressions have been conducted for each subject:
(8) st=00+ o (B) +ew

where s! is the strategy of player i in period ¢, n}t(,g’]) is the simulated expected strategy
in period t conditional on the history of plays observed for player ¢ up to period ¢,
and EJ is the corresponding vector of parameters estimated from a model in which the
insignificant parameters in Table 5 have been excluded. Table 7 indicates that the F

tests for the null hypothesis Hy : {dp = 0,d; = 1} could not be rejected for the wide

52 A similar model has also been estimated under the assumption that ¥ includes only the ultimatum
game payoffs, but not the initial endowments. This model is even weaker in explaining the data, and

therefore, it has been decided not to report the tests based on this specification.
53In fact, the estimated parameter )\; is smaller than O for the rich subjects in treatments 1 and 2,

which would suggest a taste for income inequality.
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majority of subjects in each of the three different treatments.>* In addition, the average
R?’s in Table 7 suggest that, on average, the benchmark model explains between 77% and
87% of the variation in the individual subjects decisions during the experiment. In other
words, the general reinforcement learning model, along with the estimated parameters,

replicate fairly well the individual behavior of the wide majority of subjects.

8 Discussion

The present paper was an attempt to analyze the important but challenging issue
of the effect of known wealth differences on fairness considerations, and in particular on
the stability of fairness preferences over time. To address this issue, an ultimatum game
experiment was conducted by providing proposers and receivers with large and widely
unequal initial endowments. The experimental outcomes indicate that subjects initially
attempt to reach an egalitarian agreement that would equalize final wealth. With time,
however, rich (poor) proposers make smaller (larger) offers, while rich (poor) receivers
are willing to reject (accept) larger (smaller) offers. In other words, rich players become
more greedy, and this behavior is tolerated by poor subjects.

The estimation of a general reinforcement learning model accounting for experience
and foregone best responses indicates that i) independently of wealth differences, there
is a clear evidence of learning by proposers and, which is even more remarkable, by
receivers; ii) the monetary expectations of rich (poor) subjects increase (decrease) with
time; iii) the strategy choices of rich players are mainly influenced by foregone best
responses; and, iv) poor players essentially learn from their own past plays and outcomes.
In other words, it appears that, guided by foregone best responses and an acquired sense

of deservingness, rich subjects became more selfish, while poor subjects learned from

S However, if 7.3 is simultaneously estimated with a different pair of parameters (8;0,8:1)
for each proposer (respectively, receiver) in a treatment, then the joint null hypothesis Hj
{6i,0 =0,0;,1 =1Vi=1,..., N} yield p-values ranging from 7.529E-3 to 1.862E-3 (respectively, from
0.016 to 6.408E-3) depending on the treatment. Therefore, the null hypothesis in this much stricter

test is always rejected.
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their personal experience to accept this increasingly aggressive behavior.

We are now in a position to propose an answer to the question raised in the title
of the paper. Indeed, the present study suggests that subjects start by adjusting their
strategies in presence of known wealth inequalities, in a way that initially appears to
leave fairness considerations unaffected. With time, however, relative wealth seems to
modify the dynamics of behavior in a direction opposite to the fairness prediction.

These conclusions, however, should be interpreted with caution, and, as is often the
case in experimental economics, the generality of the experimental results presented
would need to be confirmed. Indeed, one cannot exclude that the experimental design
adopted in order to enable the joint analysis of relative wealth and learning, partially
drove behavior. If it is premature to claim that our conclusions extend to other games,
and in particular to the traditional ultimatum game, we have nevertheless constructed
an experiment in which wealth differences had a significant impact on the stability of
fairness preferences. Additional experiments may need to be conducted within the same,
and/or slightly different environments, in order to verify whether our findings are robust,
or to identify the factor(s) that drove behavior away from the fairness prediction in the
present experiment.

If confirmed, the conclusions reached may be significant from a practical perspective.
Indeed, there typically exist known wealth differences between the negotiating parties
in real life bargaining such as wage negotiations or pre-trial settlements. The present
paper suggests that a proper analysis of these situations may require one to take into
consideration the bargaining power provided by wealth. The outcomes of the experiment
may also partially explain and/or justify the success of class action lawsuits, as well as
the intervention of a third party negotiator such as a mediator or a union representative.
Indeed, this may, among other things, level the differences in bargaining power between
the negotiating parties.

The paper also provides an insight into the notion of bargaining power. Economists
typically define bargaining power by its effect (it allows agents to extract more favorable

outcomes for themselves), and by the psychological or environmental factors from which
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it is derived (e.g. gender, entitlement, social status or wealth). However, the following
questions have essentially been left unanswered: why do certain factors create bargaining
power? How does bargaining power change a player’s perspective of the game so that
she modifies her behavior? The present paper sheds some light on the second question.
Indeed, we have shown that the bargaining power provided by known wealth differences
results in larger monetary expectations, and that the learning process of players with
bargaining power is essentially driven by foregone best responses rather than personal
experience.

Finally, note that although learning explains behavior well in the experiment, the
data cannot be fully described by a single learning model. Indeed, the relevant rein-
forcement rules and estimated parameters have been found to vary across treatments
and types of players. This result, although consistent with most learning analyses in
economics and cognitive psychology (e.g. Stahl 1996, or Camerer and Ho 1999), may be
seen as a weakness of the learning approach. Indeed, unlike (e.g.) equilibrium theory, it
would appear that learning does not currently enable to make ex-ante predictions in any
given game, since an appropriate learning model must first be determined econometri-
cally for that game. It may be argued however, that further analyses may help identify
how learning depends on a game’s attributes and the environment in which it is played.
For instance, Armantier (2004) finds that imitation learning may be a driving force in
complex games. Likewise, the present paper suggests that a player with dominant bar-
gaining power essentially learns from his foregone best strategies. Once the determinants
of learning are better understood, learning theory should provide qualitative predictions

in general game environment.
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TABLE 1

EXPERIMENTAL OUTCOMES

TREATMENT 0 TREATMENT 1 TREATMENT 2
Offers MAO Rejection | Offers MAO Rejection | Offers MAO Rejection
Mean 4.31 3.36 0.18 4.22 3.18 0.23 5.24 3.80 0.20
Std 1.26 1.21 0.46 1.43 1.60 0.47 1.75 2.17 0.45
Overall | Median 4.37 3.39 4.29 3.22 4.83 3.46
Above 6 | 4.15% 1.23% 9.41% 4.71% 33.65% | 19.51%
Below?2 | 2.21% 7.41% . 6.92% | 30.62% . 2.16% | 11.06% .
Mean 4.64 3.72 0.22 5.01 4.09 0.24 4.46 3.20 0.18
First Std 1.46 141 0.52 1.58 1.63 0.51 1.34 1.79 0.47
10 Median 4.57 3.73 5.08 3.96 4.52 3.24
Periods | Above 6 | 4.07% | 2.88% 16.14% | 6.87% 8.33% | 5.46%
Below2 | 0.82% 7.23% . 1.60% 9.55% . 3.47% | 13.82% .
Mean 4.03 3.15 0.17 3.59 2.58 0.21 5.94 441 0.22
Last Std 1.22 1.14 0.42 1.71 1.69 0.44 1.95 2.56 0.47
10 Median 3.98 3.21 3.75 2.16 6.13 4.04
Periods | Above6 | 2.77% 0.44% 5.23% 2.82% 49.62% | 28.53%
Below2 | 4.80% 9.20% 18.30% | 41.32% 1.04% 8.78%
TABLE 2
INDIVIDUAL RANDOM-EFFECT REGRESSION
WITH DUMMIES FOR RANDOM-PAYMENT EFFECT
TREATMENT 0 TREATMENT 1 TREATMENT 2
Proposers Receivers Proposers Receivers Proposers Receivers
S, 4.832* 3.744* 5.619* 4.457* 4.161* 2.933*
(0.141) (0.146) (0.211) (0.230) (0.223) (0.245)
5) -0.086 0.160 -0.136 -0.232 0.007 -0.073
(0.181) (0.177) (0.214) (0.169) (0.182) (0.124)
5, -0.015* -0.013* -0.026* -0.029* 0.025* 0.026*
(0.001) (0.001) (0.002) (0.003) (0.002) (0.003)
5 -0.001 0.001 0.003 -0.002 0.002 -0.003
(0.005) (0.004) (0.004) (0.005) (0.005) (0.004)
5 0.040* 0.039 0.049* 0.026 0.018 0.056*
(0.011) (0.023) (0.015) (0.025) (0.020) (0.021)
F) 0.055 -0.082 0.064 -0.098 0.079* -0.022
8 (0.027) (0.054) (0.036) (0.068) (0.031) (0.044)
o 0.017* 0.025* 0.013* 0.028* 0.015* 0.026*
“ (0.005) (0.007) (0.005) (0.004) (0.004) (0.008)
o 0.187* 0.223* 0.190* 0.219* 0.206* 0.198*
¢ (0.016) (0.020) (0.019) (0.012) (0.023) (0.014)

Numbers in parenthesis refer to asymptotic standard deviations, asymptotically robust to heteroskedasticity.

* Indicates parameters significant at a 5% level.




TABLE 3

INDIVIDUAL RANDOM-EFFECT REGRESSION

WITH DUMMIES FOR SESSION EFFECT

TREATMENT 0 TREATMENT 1 TREATMENT 2
Proposers Receivers Proposers Receivers Proposers Receivers
S 4.512* 3.871* 5.105* 4.395* 3.924* 2.793*
0 (0.161) (0.155) (0.225) (0.246) (0.220) (0.250)
Ci 0.130 0.085 0.231 -0.112 0.068* 0.103
(0.136) (0.127) (0.151) (0.088) (0.028) (0.061)
0. -0.013* -0.009* -0.022* -0.027* 0.029* 0.025*
! (0.001) (0.002) (0.003) (0.004) (0.004) (0.003)
5: -0.003 -0.002 -0.002 -0.003 -0.002 -0.003
(0.003) (0.002) (0.003) (0.002) (0.002) (0.002)
@ 0.052* 0.034 0.036* 0.019 0.011 0.048
(0.013) (0.020) (0.015) (0.021) (0.023) (0.025)
o 0.048 -0.067 0.089* -0.114 0.081* -0.028
3 (0.025) (0.049) (0.039) (0.066) (0.027) (0.037)
o 0.012* 0.023* 0.020* 0.016* 0.014* 0.022*
# (0.005) (0.003) (0.007) (0.005) (0.005) (0.006)
o 0.171* 0.243* 0.202* 0.198* 0.217* 0.208*
¢ (0.021) (0.026) (0.017) (0.019) (0.031) (0.023)
Numbers in parenthesis refer to asymptotic standard deviations, asymptotically robust to heteroskedasticity.
* Indicates parameters significant at a 5% level.
TABLE 4
INDIVIDUAL RANDOM-EFFECT REGRESSION
WITH DUMMIES FOR TREATMENT EFFECT
TREATMENTSO0AND 1 TREATMENTS 0 AND 2
Proposers Receivers Proposers Receivers
S 5.219* 4.291* 4.008* 3.223*
0 (0.273) (0.284) (0.269) (0.305)
Ci -0.548* -0.344* 0.512* 0.586*
(0.117) (0.096) (0.141) (0.129)
0. -0.022* -0.026* 0.019* 0.017*
! (0.003) (0.004) (0.005) (0.005)
5 0.007* 0.013* -0.028* -0.022*
(0.002) (0.003) (0.004) (0.004)
é; 0.046* 0.022 0.031 0.044
(0.021) (0.028) (0.019) (0.024)
S 0.060 -0.091 0.068 -0.055
8 (0.039) (0.077) (0.038) (0.062)
o 0.034* 0.041* 0.028* 0.032*
“ (0.012) (0.010) (0.009) (0.013)
o 0.277* 0.320* 0.307* 0.293*
¢ (0.024) (0.028) (0.025) (0.025)

Numbers in parenthesis refer to asymptotic standard deviations, asymptotically robust to heteroskedasticity.

* Indicates parameters significant at a 5% level.




TABLE S5

ESTIMATION OF THE GENERAL REINFORCEMENT LEARNING MODEL

TREATMENT 0 TREATMENT 1 TREATMENT 2
Proposers Receivers Proposers Receivers Proposers Receivers
a ?RL 0.788* (0.028) | 0.938* (0.010) | 0.859* (0.018) 0.916* (0.012) | 0.746* (0.025) | 0.976* (0.011)
aiR i 0.603* (0.088) 0.312 (0.208) 0.387* (0.105) 0.471 (0.298) 0.576 (0.382) 0.652* (0.138)
07" | 0931+ (0.087) | 0.421(0.256) 1.449* (0.041) 0.588 (0.317) 0.555 (0.323) 1.149* (0.053)
/’} 28.764* (0.752) | 25.236* (1.064) | 20.921* (0.683) | 29.376* (0.685) | 34.762* (0.965) | 19.860* (0.982)
1] 0.039 (0.066) 0.029 (0.092) 0.164* (0.069) 0.200* (0.064) 0.112* (0.047) 0.268* (0.073)
72 0.028 (0.035) 0.024 (0.059) 0.125* (0.043) 0.138* (0.066) | 0.088* (0.039) | 0.185* (0.050)
Hi | 24.058* (1.166) | 20.422* (1.701) | 29.155* (0.686) | 24.207* (1.074) | 20.200* (0.675) | 15.520* (1.249)
O | 10.327*(1.936) | 11.528* (1.817) | 6.999* (2.354) 9.519* (2.247) | 8.612* (1.702) | 11.226* (1.762)

Numbers in parenthesis refer to standard deviations. * Indicates parameters significant at a 5% level.




TABLE 6

P-VALUES FOR NESTED MODEL COMPARISONS

/2 Statistics TREATMENT 0 TREATMENT 1 TREATMENT 2
Ho D'frgegeosn?f for =005 | Proposers | Receivers | Proposers | Receivers | Proposers | Receivers
Random-Payment 8 15.507 0.288 0.237 0.365 0.271 0.209 0.319
Effect : (9.683) | (10.416) | (8.737) 9.916) | (10.873) | (9.283)
. 0.333 0.292 0.237 0.390 0.256 0.305
Session Effect 8 15.507 9.110) | (9.629) | (10.416) | (8.459) | (10.130) | (9.460)
. 0.343 0.363 0.185 0.270 0.224 0.248
No Heterogeneity L 209.041 | 184 031) | (182.993) | (193.700) | (199.071) | (190.961) | (189.422)
Same Learning
1.706E-14 | 5.800-12
Pare_lrr?:;tterﬁeﬁ\tcsross 6 12.592 (76.710) (64.370)
Reirﬁg‘r’égfmm A ougs | 6958E-4 | 0087 | 17056-4 | 7.463E-3 | 6.108E-6 | 9.052E-4
. ' (19.400) (8.128) (22.352) (13.948) (29.527) (18.687)
Learning
Reinforcement of 4 9.488 1.226E-7 | 3.118E-9 | 3.489E-5 | 7.853E-10 | 2.765E-8 | 1.059E-7
Best Responses ' (37.811) | (45.508) | (25.790) | (48.383) | (40.941) | (38.119)
No Reference Point 3 7814 7.482E-4 8.566E-3 3.199E-5 9.042E-4 2.944E-5 7.587E-3
: (16.880) | (11.679) | (23.485) | (16.479) | (23.658) | (11.941)
Exogenous 5 11.070 1.794E-11 | 2.365E-08 | 5.075E-13 | 7.788E-11 | 4.913E-11 | 1.632E-12
Adjustments ' (59.181) | (43.955) | (66.658) | (56.090) | (57.061) | (64.213)
Equilibrium 6 12592 5.456E-11 | 3.859E-12 | 2.957E-10 | 6.471E-10 | 4.339E-11 | 1.203E-12
with Errors ' (59.589) | (65.237) | (55.966) | (54.282) | (60.078) | (67.713)
CRL Direction 2 5991 0.454 0.294 0.326 0.208 0.222 0.350
Learning ' (1.579) (2.448) (2.242) (3.140) (3.010) (2.099)
RBR Direction 2 5991 0.551 0.320 0.497 0.251 0.303 0.387
Learning : (1.281) (2.279) (1.398) (2.765) (2.388) (1.899)
Learning with 2 5991 0.425 0.310 0.644 0.498 0.437 0.530
Fairness (Model 1) : (1.711) (2.342) (0.880) (1.394) (1.655) (1.270)
Learning with 2 5991 0.394 0.347 0.601 0.521 0.411 0.546
Fairness (Model 2) ' (1.863) (2.117) (1.018) (1.304) (1.778) (1.210)

Numbers in parenthesis refer to the Wald statistics.

TABLE 7
REGRESSIONS TO EVALUATE THE INDIVIDUAL FIT OF THE MODEL
TREATMENTO TREATMENT 1 TREATMENT 2
Proposers | Receivers | Proposers | Receivers | Proposers | Receivers
% of Subjects for whom HO:{50 0,5, =1} 5% 75.00% 81.67% 68.33% 88.3% 73.33% 81.67%
is not Rejected at a Significance Level
1% 86.67% 91.67% 85.00% 95.00% 90.00% 93.33%
R2 Average 0.773 0.822 0.760 0.867 0.821 0.835
in Individual Regressions Min 0.461 0.594 0.434 0.636 0.528 0.578
Max 0.915 0.927 0.895 0.938 0.923 0.930
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Treatment 2

Graph 2.1: 60 Periods

Graph 2.4: Evolution of Strategy
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