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Abstract: One of the most basic questions in economics concerns the effects of competition on 
market prices. We show that the neglect of fairness concerns prevents a satisfactory 
understanding of how the intensity of competition affects prices. We conduct experiments that 
demonstrate that introducing even a very small amount of competition to a bilateral exchange 
situation – by adding just one competitor – induces large behavioral changes among buyers and 
sellers, causing dramatic changes in market prices. Models that assume that all people are self-
interested fail to provide a satisfactory explanation of these changes. In contrast, models taking 
into account heterogeneous fairness concerns predict the qualitative and quantitative effects of 
changes in competition correctly. By combining the fairness approach with models of noisy best 
reply behavior we can predict the entire distribution of prices in many different competitive 
situations remarkably well.  
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I. Introduction 

Economists have long been interested in how changes in competition affect market prices. In this 

paper we argue that no satisfactory answer can be given to this basic question if one neglects the 

presence of fairness motives.1 We show, in particular, that models in which all individuals are 

motivated purely by self-interest prevent a full understanding of how competition affects the 

behavior of buyers and sellers. As a consequence, the price level and basic comparative static 

properties of the price level with regard to changes in the intensity of competition cannot be fully 

understood.  

Our argument is based on the results of laboratory experiments in combination with recently 

developed fairness models and quantal response equilibrium models.2 As it turns out, the key to 

understanding how changes in competition affect prices lies in the interaction between people who 

do not care at all about fairness and those who – in addition to their material self-interest – do care 

about fairness. In particular, we show that when there are purely selfish individuals among the 

players, increases in competition provide incentives for fair-minded individuals to behave as if they 

were selfish. Thus, even if they have stable preference for fairness, fair-minded individuals behave 

increasingly like selfish individuals as competition becomes stronger.  The reason for this is that 

increases in competition reduce the payoffs of fair actions relative to more selfish actions.  

The starting point of our examination is a bilateral bargaining experiment in which a buyer 

and a seller bargain over the price of an indivisible good. The monetary valuation of the good by the 

buyer and the seller is common knowledge. The seller can make exactly one price offer to the 

buyer, which can be accepted or rejected. If the offer is rejected no trade occurs. If it is accepted 

trade occurs at the proposed price.3 To examine the impact of competition on prices we then 

conduct market experiments in which we add additional buyers to the bilateral game. In the market 

                                                 
1 There is by now a large body of evidence indicating that a non-negligible number of people care not only about their 
own material payoff but also about fairness. It has been shown that fairness motives are behaviorally important even 
under rather high stake levels and in a wide variety of different contexts. For surveys about the role of fairness concerns 
in strategic interactions see, e.g., Camerer and Thaler (1995) or Fehr and Schmidt (2003). 
2 Recently developed fairness models include Rabin (1993), Levine (1997), Fehr and Schmidt (1999), Dufwenberg and 
Kirchsteiger (1999), Falk and Fischbacher (1999) and Bolton and Ockenfels (2000). The quantal response equilibrium 
approach, which captures the idea of noisy best reply behavior, has been pioneered by McKelvey and Palfrey (1995). 
Goeree and Holt (2000, 2001), Goeree, Holt and Palfrey (2002) and Goeree, Holt and Laury (2002) successfully applied 
the approach to explain the salient behavioral features of many different games.  
3 In the experimental literature this game is known as the ultimatum bargaining game because the seller can stipulate a 
take it or leave it offer to the buyer. The first ultimatum bargaining experiment was conducted by Güth, Schmittberger 
and Schwarze (1982). In the meantime a large number of ultimatum bargaining experiments have been conducted. For a 
survey of results see Güth and Tietz (1990) and Roth (1995).  
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experiments, two or five buyers – depending on the treatment – compete for the indivisible good by 

simultaneously deciding whether to accept or reject the offer. Among the accepting buyers, a 

random device determines who will ultimately receive the good. The important feature of these 

experiments is that regardless of whether or not there is competition among the buyers, and 

regardless of the amount of competition, the seller will always appropriate all of the gains from 

trade if both the buyers and the seller are exclusively motivated by their material self-interest. Thus, 

under the self-interest assumption, competition is predicted to have no impact at all on market 

prices in these experiments.4 

In sharp contrast to this prediction, we find that even a small amount of competition among 

the buyers has a striking impact on the behavior of buyers and sellers and, hence, on market prices. 

In fact, the biggest impact occurs when we move from the bilateral case to a situation with only two 

competing buyers. This suggests that there is a sharp discontinuity between no competition and a 

little bit of competition. Whereas in the bilateral case the buyer reaps on average 41 percent of the 

gains from trade, in the case of two competing buyers the trading buyer receives only 19 percent of 

the gains from trade. If we increase competition further by having five competing buyers the trading 

buyer reaps on average only 14 percent of the gains from trade. Thus, competition has a strong and 

unambiguous impact on market prices and the biggest effect is caused by the introduction of a just 

one competitor.  

Recently developed theories of fairness and reciprocity (Fehr and Schmidt 1999, Falk and 

Fischbacher 1999, Bolton and Ockenfels 2000) predict that the interaction between selfish and fair-

minded players is the key force driving the comparative static impact of competition on market 

prices.5 All of these models are based on the assumption that there is a given distribution of selfish 

and fair individuals. According to these theories, the presence of fair-minded buyers forces the 

sellers to demand relatively moderate prices in the bilateral case because fair buyers are unwilling 

to accept unfairly high prices. Therefore even selfish sellers make relatively egalitarian price offers. 

Why, then, does the existence of fair-minded buyers not ensure equally fair prices when there is 

                                                 
4 To see this, take first the bilateral experiment. Since any price strictly below the buyer’s maximum willingness to pay 
renders a selfish buyer better off, the buyer will accept any such price. Hence a selfish seller sets a price that completely 
exhausts the buyer’s maximum willingness to pay, i. e., the seller appropriates all gains from trade. Yet, if the seller 
appropriates all gains from trade already in the bilateral case the introduction of buyer competition cannot generate a 
higher price. Therefore, the introduction of competing buyers and variations in the degree of competition are predicted 
to leave the behavior of buyers and sellers unchanged so that the price at which the good is sold remains the same. 
5 The earlier model of Rabin (1993) is not applicable to our setting because it is limited to two-person games.  
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competition? After all, fair-minded buyers are free to reject unfair offers regardless of the intensity 

of competition. The answer lies in the existence of the selfish buyers. 

In the presence of a non-negligible percentage of selfish buyers the probability that there is at 

least one selfish individual among the competing buyers increases with the number of buyers. That 

is, if the number of competing buyers increases, sellers face a lower rejection risk when they 

demand high prices because the probability that at least one buyer will accept the offer increases. 

This enables the selfish sellers to appropriate a higher share of the gains from trade. Moreover, the 

existence of selfish buyers also induces the fair-minded buyers to accept higher prices. If a fair-

minded buyer expects that a competing buyer will accept an unfair offer she will also accept the 

offer because in this case she can neither punish the unfair seller nor ensure an equitable 

distribution of the gains from trade. That is, rejecting an unfair offer is futile if one expects that a 

competing buyer will accept the offer. Since an increase in the number of buyers raises the 

probability that there is at least one selfish buyer among the competitors, the increase in the number 

of buyers reduces the expectation of the fair-minded buyers that the other buyers will reject an 

unfairly high price. Therefore, they will themselves be less willing to reject unfair prices.  

The beauty of our experimental results consists of the fact that all of the crucial mechanisms 

predicted by the fairness approach to drive the impact of competition on market prices are 

supported by the data. First, in the bilateral case the seller’s price-setting power is severely 

constrained by a considerable willingness to reject unfair price offers. Second, the buyers’ 

willingness to reject a given offer decreases substantially if the number of competitors increases. 

Third, this reduction in the willingness to reject can be fully explained by the impact of competition 

on buyers’ beliefs about the other buyers’ rejection behavior. The higher the number of competing 

buyers the higher is the probability belief of a given buyer that one of the other buyers will accept 

the offer. We show that this change in beliefs fully explains the changes in buyer behavior across 

treatments. Fourth, increasing the number of competing buyers causes a large decrease in the 

rejection risk faced by the sellers. Thus, all of the qualitative features of our data can be explained 

with the help of a fairness approach assuming a stable distribution of fairness preferences across 

treatments.  

Moreover, in Part V of our paper we take the analysis a step further and attempt to 

quantitatively predict the whole distribution of price offers in all three treatments. For this purpose 

we combine a fully parameterized version of the Fehr-Schmidt model with the recently developed 
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quantal response model of noisy best reply behavior (McKelvey and Palfrey 1995, Goeree and Holt 

2001). The quantal response approach captures the critical fact that there is virtually always some 

unexplained randomness in players’ behavior and that this randomness is inversely related to the 

payoff costs of deviating from the best reply.6 When we apply the combined fairness-quantal 

response approach to our experiments we use exactly the same distribution of fairness preferences 

that has been assumed by Fehr and Schmidt (1999). Thus, we completely tie our hands with regard 

to our assumptions about fairness preferences. Nevertheless, the combined model predicts the 

quantitative distribution of price offers in all treatments remarkably well.  

Finally, we perform a robustness test of our combined model by introducing competition 

among the sellers. We were interested in whether the combined model also makes accurate 

quantitative predictions in the case of seller competition when we use the same parameters as we 

did to predict the results of the previous experiments. For this purpose we conducted experiments in 

which two competing sellers faced only one buyer. The sellers simultaneously had to make their 

offer and the buyer could accept one of the available offers. The standard model based on self-

interested agents predicts that the buyer reaps the entire gains from trade because the price-setting 

sellers face strong overbidding incentives. Yet, the combined model predicts that the buyer will on 

the average only reap 83 percent of the gains from trade. In fact, the buyers earned on the average 

78 percent of the surplus.7 Moreover, the combined model not only predicts the average price well 

but the whole distribution of offers is again captured remarkably well by the combined model.  

There are a few other experimental papers studying the comparative static impact of changes 

in competition on prices. In a pioneering study Roth, Prasnikar, Okuno-Fujiwara and Zamir (1991) 

compare the results of ultimatum games with the results from market games when there are 9 

competing sellers and only one buyer who is forced to take the highest offer. Thus, by having 9 

competing sellers and by forcing the buyer to always take the highest offer Roth et al. (1991) 

introduce a very large amount of competition on the sellers’ side. In their setting it is, therefore, not 

possible to study the impact of a small amount of competition. The focus on seller competition also 

limits the empirical insights into the comparative statics of buyers’ rejection behavior. Roth and 

Erev (1995) show that their results can be explained with a reinforcement learning model that is 
                                                 
6 All “pure” fairness models are based on the assumption that players’ actions do not deviate from their best replies. 
Thus, they do not capture random deviations from best reply behavior and how these random deviations interact with 
each other in a strategic game. As a consequence, they tend to predict degenerate distributions of actions. If one aims to 
predict the whole distribution of actions it is natural to take random deviations from best reply behavior into account.  
7 As in the case of buyer competition we took the observations in the final period to compute this number.  
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combined with the assumption of purely selfish preferences. For this reason, in Section IV of our 

paper, we investigate whether or not this model can explain our results. As we will discuss below, 

the model cannot explain the fact that considerable price differences occur immediately in period 1 

of our treatments when learning has not yet taken place. The model also fails to account for another 

important finding in our paper: a buyer’s rejection behavior is strongly affected by her beliefs about 

the rejection behavior of the other buyers. Güth, Marchand and Rulliere (1997) and Grosskopf 

(2002) also conducted experiments where they varied the number of competitors. However, none of 

these papers considers the implications of fairness models and provides a unified quantitative 

interpretation of the data in terms of fairness and noisy best replies.  

Before we move on to the details of our experimental design we would like to point out that 

competition does not always have such powerful effects. Although competition considerably 

weakens the impact of fairness concerns in the market environments studied in this paper, there are 

also other important environments in which competition has little impact. In fact, Fehr and Falk 

(1999) have shown that competition has little or no impact in markets with incomplete contracts for 

workers’ effort. Despite the fact that workers fiercely underbid the going wage, employers were 

unwilling to accept workers’ low wage bids because they anticipated that workers would consider 

low wages to be unfair and would retaliate with low effort levels. Therefore, competition among the 

workers did not push wages towards the competitive prediction – actual market wages were 

permanently far above the competitive level. Thus, whereas in the present paper the neglect of 

fairness concerns prevents an understanding of the powerful effects of competition on market 

prices, the neglect of fairness in the Fehr and Falk experiments prevents an understanding of why 

competition has little or no effect on prices (wages). The overall lesson from these experiments is, 

therefore, that one is likely to make important errors on both sides if one neglects fairness concerns: 

In certain situations one does not understand why competition has no effect – although it should 

have one according to the self-interest model – whereas in other situations one does not understand 

that competition has extremely powerful effects – although it should have no effects according to 

the self-interest model.  
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II. The Experimental Design 

A. Treatment Conditions 

To test for the effect of competition on market prices we set up three treatment conditions. In one 

treatment we conducted a bilateral bargaining game in which competition is completely absent. In 

the second treatment we introduced a competitor on one side of the market. In the third treatment 

we increased the number of competitors by 3 additional players so that there are 5 competitors on 

one side of the market. The comparison between the bilateral game and the treatment with two 

competitors allows us to study how the introduction of competition affects the participants’ 

behavior and market prices. The comparison between the treatments with two and five competitors 

gives us information about how an increase in competition affects behavior and market prices.  

In the bilateral bargaining game (henceforth called BG) a buyer and a seller have to agree on 

the division of a given bargaining surplus of 100 money units. The rules of the game stipulate that 

the seller offers the buyer an absolute share s ∈{0, 1, 2, 3, …, 100} of the gains from trade and the 

buyer then either accepts or rejects this share. For convenience we therefore call the seller a 

“proposer” and the buyer a “responder”. If the offer is accepted, the proposer’s share of the surplus 

is 100 – s and the responder’s share is s.8 If the offer is rejected, both players earn zero.  

In the market games with responder (buyer) competition we added one or four responders, 

respectively. In the following we call the treatment with two responders “responder competition 

with two responders” (RC2) and the treatment with 5 responders “responder competition with 5 

responders” (RC5). Since we were interested in the pure effect of just adding one or four additional 

competitors, respectively, on the responders’ side we kept the structure of the game identical to the 

structure of the BG. Again there is just one proposer who makes a single offer s ∈{0, 1, 2, 3, …, 

100}. Then all responders simultaneously accept or reject this offer. If all responders reject, no 

gains from trade occur and all players earn zero. If at least one responder accepts, trade between the 

proposer and the accepting responder occurs with the the proposer earning 100 – s and the 

accepting responder earning s. All other responders earn nothing. If several responders accept the 

offer one of them is randomly chosen to be the one who trades. The winning probability for each of 

                                                 
8 There is a unique relation between the buyer’s share of the gains from trade and the market price p at which the good 
is sold. Let c denote the cost of the good to the seller while v represents the buyer’s monetary valuation of the good. 
Then the buyer’s absolute share s is defined as s = v – p and the sellers’ absolute share is p – c. In our experiments we 
have set c = 0 and v = 100.  
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the accepting responders is the same. The non-trading responders again all earn zero, whereas the 

proposer and the randomly chosen responder earn 100 – s and s, respectively.  

 

B. Procedures 

In total we conducted ten experimental sessions. In the BG and in RC2 we performed two sessions 

each and in RC5 we conducted 4 sessions. All sessions took place in January 1999 and January 

2000. We recruited 24 subjects for each session but – due to no-show-ups – we had fewer people in 

two of the eight sessions.9 Overall 190 subjects participated in these experiments, with each subject 

participating in exactly one session. Subjects were students from the University of Zürich and the 

Federal Institute of Technology (ETH) in Zürich. The experiments were implemented with the help 

of the experimental software z-Tree (Fischbacher 1999).  

Subjects were seated at computer terminals, read written instructions, and entered their 

decisions without communicating with one another. Anonymity among the players was guaranteed 

because at no point during (and after) the experiment were subjects provided with information 

about who they are interacting with. The subjects earned a show-up fee of 10 Swiss francs (CHF) 

plus earnings based on their decisions during the experiment. Their earnings averaged 23.1, 21.3 

and 18.2 Swiss Francs for RC5, RC2 and the BG, respectively. A session lasted approximately 75 

to 90 minutes. In order to hold the stake size constant across the treatments, we varied the rate of 

exchange between experimental money and Swiss Francs. The number of Swiss francs per 100 

experimental money units was adjusted so that the gains from trade divided by the number of 

players was constant at CHF 1.20 across conditions. Thus, the value of 100 experimental money 

units was CHF 7.20 in RC5, CHF 3.60 in RC2, and CHF 2.40 in the BG. 

It is well known that behavior in experimental markets sometimes exhibits large changes over 

time. Therefore each experimental session lasted 20 periods. In each period subjects were randomly 

matched with other proposers and/or responders, respectively. Subjects knew nothing about the 

previous behavior of the subjects with whom they were matched in a period. Random matching and 

the absence of reputation building opportunities ensured that subjects could not condition their 

current behavior on the past behavior of their current opponents. Yet, the repetition of the same 

                                                 
9 In one of the bargaining game sessions we had 22 subjects.  
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treatment condition over 20 periods gives us the opportunity to observe the convergence properties 

of behavior in the different treatments.  

At the beginning of the session subjects were randomly assigned to the role of a proposer or a 

responder. They remained in the same role throughout the whole session. In each period, proposers 

entered an offer, which was sent to the responders. Then the responders simultaneously decided 

whether to accept or reject the offer. In the RC2 treatment, responders also indicated whether they 

believed that the other responder would accept or reject the offer. In the RC5 treatment, responders 

indicated their belief about how many other responders would accept the offer. At the end of each 

period, the computer screens informed subjects about their own action and payoff as well as their 

opponents’ action and payoff. Subjects received no information about the behavior and the outcome 

of other players outside of their group.10  

In the BG and RC2 treatments, we used matching groups in each session. A matching group is 

a subpopulation of players in a session that interacts independently of the other matching groups. 

That is, z-Tree randomly matched subjects only with those who belonged to their matching group, 

and not with players in other matching groups. The advantage of this technique is that it increases 

the number of independent observations; behavior in each matching group is independent of the 

behavior in the other matching groups. Without matching groups, an entire session would contain 

only one independent observation. We had three matching groups per session in the BG, 2 matching 

groups per session in RC2, and only one matching group per session in RC5. This gives us 6 

independent observations for the BG, and 4 independent observations for each of the other 

treatments.11  

 

III. Predictions 

A. The Standard Prediction 

The standard prediction assuming rational and self-interested players is straightforward. In any 

equilibrium of the bargaining game or the market games with responder competition the responders 
                                                 
10 For example, in the BG they were informed about their own action and payoff as well as their opponent’s action and 
payoff but not about what happened in other pairs of players.  
11 We did not tell the subjects that they were in matching groups. The main advantage of using several matching groups 
per session and not telling subjects about it is that subjects are likely to have the impression that they were matched 
with subjects drawn from among the entire group of subjects in the room. This is likely to reduce the subjective 
probability of being rematched with a particular subject and thus foster the one-shot nature of the experiment.  
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will always get at most an offer of s = 1 and the proposer’s offer is always accepted. The intuition 

behind these equilibrium outcomes is that selfish responders will accept any positive offer so that a 

selfish proposer can be sure that all responders will accept an offer of 1.12 An important point about 

these models is that they do not predict a difference in the behavior of proposers and trading 

responders when we move from the bargaining situation to responder competition. 

 

B. Predictions of Fairness Models 

Recently, several fairness models have been developed that capture the idea that a fraction of the 

subjects is motivated not only by self-interest but also by concerns about equity (Fehr and Schmidt 

1999, Bolton and Ockenfels 2000), reciprocity (Rabin 1993, Duwfenberg and Kirchsteiger 1999, 

Falk and Fischbacher 1999), and sometimes also by efficiency (Charness and Rabin 2002). For our 

purposes the models capturing equity and reciprocity motives are particularly important because 

they are consistent with the fact that responders in the bargaining game frequently reject low, 

unfair, offers, which in turn induces proposers to make fair offers. In the following we apply the 

model of Fehr and Schmidt (FS) to generate predictions for our experimental treatments. The main 

reason for this is that the model specifies a simple, tractable, functional form for subjects’ 

preferences that allows the computation of closed form solutions. Our choice of the FS model does 

not mean that the other fairness models are unable to explain our experimental results. In fact, 

despite differences in the details, the equity and reciprocity models offer a common intuition as to 

why competition induces players with fairness motives to behave more like selfish players: 

competition undermines the ability of fair-minded responders to punish the proposer or to enforce 

an equitable outcome by rejecting the offer. If a rejection no longer ensures the punishment of the 

proposer or an equitable outcome the responder has less reason to reject the offer. This in turn is 

likely to induce the selfish proposers to make lower offers.  

The idea behind the FS model is that there are selfish and inequity averse individuals. The 

inequity averse individuals derive disutility from inequity. In the context of experimental games, 

                                                 
12 There are two subgame perfect equilibria in the bargaining game and two subgame perfect equilibrium outcomes 
under responder competition. The two equilibria in the bargaining game are 1) for the proposer to offer one and for the 
responder to accept all positive offers and reject zero, and 2) for the proposer to offer zero and for the responder to 
accept all offers. In responder competition one subgame perfect equilibrium outcome is obtained if the proposer makes 
the minimum positive offer, i.e., s = 1, which is accepted by all responders. In this equilibrium all responders have to 
reject s = 0. The other equilibrium outcome is sustained by an offer of s = 0 which is accepted by at least one responder.  
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inequality is often a good proxy for inequity. In laboratory games equal payoffs often provide the 

relevant reference point for judgments about inequity. Therefore, Fehr and Schmidt assumed that 

inequality is a good proxy for inequity in these games. A player who exhibits inequity aversion is 

thus assumed to behave according the following utility function:  

 

Ui = πi - αi
1

n −1
max

j≠ i
∑ {πj - πi,0} -βi

1
n − 1

max
j ≠ i
∑ {πi - πj,0}   (1) 

In (1) πi, i=1,...,n are the monetary payoffs of the n players in the game, αi is a parameter measuring 

the disutility of disadvantageous inequality and βi is a parameter that captures the disutility arising 

from advantageous inequality. FS also assume that αi ≥ βi and 0 ≤ βi < 1. In the following we first 

outline the comparative static predictions for the bargaining game and then for the markets with 

responder competition.13  

In the BG, responders with a sufficiently high aversion to disadvantageous inequity (αi) will 

reject low offers. For every given value of αi there is a unique acceptance threshold s’ such that 

offers below s’ will be rejected whereas offers at or above s’ will be accepted. Because the rejection 

of offers above s = 50 is expensive, inequity averse responders will never reject such offers because 

βi < 1. Moreover, because responders are assumed to differ in their aversion to disadvantageous 

inequity, a proposer who does not know the preferences of the responder exactly, faces a 

distribution of players with different αi-values. This means that the probability of rejection declines 

as the offer increases because more players are willing to accept the higher offer. Proposers who 

dislike advantageous inequity a lot, i.e., those with βi > 0.5, will propose egalitarian offers of s = 50. 

They are not constrained by the distribution of acceptance thresholds because even if they could 

enforce non-egalitarian offers without any risk of rejection they would not make such offers. Those 

with βi < 0.5 will offer less than s = 50, maximizing their utility against the distribution of 

acceptance thresholds of the responders. Thus, every force that lowers the responders’ willingness 

to reject low offers induces those proposers with βi < 0.5 to take advantage of the responders’ 

weakness and to make lower offers. This observation leads us directly to the analyses of the impact 

of responder competition on market outcomes because if responder competition reduces the 

probability that low offers are rejected the model can explain why competition lowers the offers 

relative to the bargaining game.  

                                                 
13 Readers who are interested in the full formal derivation of the predictions should consult the proofs of propositions 1 
and 3 in Fehr and Schmidt (1999).  
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In the context of the FS-model there are two reasons why an increase in responder competition 

implies that the proposer faces a lower risk of not being able to trade, i.e., that all responders reject 

a given offer.  

1. The first effect is a statistical effect that arises (i) from the assumption that there is a distribution 

of acceptance thresholds, and (ii) from the fact that if there are more responders, more 

responders must reject the offer to prevent the proposer from trading. The higher the number of 

responders the higher is the probability that at least one responder will accept a given offer. For 

instance, if 50 percent of the responders in the BG, in RC2 and in RC5 have an acceptance 

threshold of s’ = 30 and the other 50 percent exhibit s’ = 0, the probability that an offer below s 

= 30 is rejected is .5 in the BG, (.5)2 in RC2 and only (0.5)5 in RC5. Thus, the statistical effect 

decreases the proposers’ risk of not trading even if competition has no effect on the distribution 

of acceptance thresholds.  

2. The second effect is a belief effect. Increases in competition do affect the behavior of the 

responders because they affect the responders’ beliefs about the likelihood that the competing 

responders will reject the offer. Whenever an inequity averse responder believes that another 

responder will accept the offer with certainty, she will accept the offer too. This is because she 

can no longer ensure equality by rejecting the offer, and given that there will be inequality no 

matter what she does, she prefers to have a chance of winning the offer. Hence she accepts the 

offer. The more responders there are, the more likely it is that there is another responder who 

will accept the offer, and the more a rational responder will believe that there is at least one 

other responder who will accept the offer. Therefore, increases in responder competition are 

predicted to lower the responders’ acceptance thresholds.  

As in the BG, the predictions for proposer behavior under responder competition depend on βi. If βi 

is sufficiently high, the proposer voluntarily refrains from making an offer below s = 50 even if 

such an offer could be enforced without any risk of rejection. If βi is not sufficiently high, the 

proposer maximizes her utility subject to the distribution of acceptance thresholds. To be precise, 

the proposer will offer s = 50 if βi > (n-1)/n, where n is the number of players in the game.14 Hence 

                                                 
14 If there are n players altogether, then giving away one money unit to one of the responders reduces inequality vis à 
vis the receiving responder by 2 units and vis à vis the other n-2 responders by 1 unit. Therefore, the average reduction 
in inequality relative to all n-1 other players is (2 + n-2)/(n-1) = n/(n-1) Dollars. Thus, if the non-pecuniary gain for the 
proposer from this reduction in inequality, β[n/(n-1)], exceeds the cost of 1, i. e., if β > (n-1)/n, the proposer prefers to 
give away money to one of the responders. If, instead, β < (n-1)/n, the proposer is willing to take some risk of being 
rejected by trading off a higher risk of rejection with the higher earnings from an accepted offer.  
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the critical value of βi equals 1/2 in BG, 2/3 in RC2 and 5/6 in RC5 implying that the fraction of 

inequity averse proposers who are willing to make low offers increases if the number of responders 

increases. It is also worthwhile to point out that β-values at or above 2/3 are likely to be rather 

infrequent. If βi equals 2/3, the proposer in the BG is willing to propose an equal split even if half of 

the proposer’s transfer is lost on the way to the responder.15 Although one cannot rule out that some 

players are that generous it seems doubtful that many are. 

Thus, the fairness approach predicts that responders are less willing to reject low offers, that 

proposers face a lower overall rejection risk and that proposers are less likely to make the 

egalitarian offer if the number of responders increases. Taken together this implies that accepted 

offers decline if responder competition is introduced or becomes more intense.  

 

IV. Experimental Results 

A. The Effect of Competition on Market Prices 

In this section we study the comparative static effects of responder competition on accepted offers, 

i.e., on market prices. Recall that if subjects are selfish and rational, then the average accepted offer 

should be less than or equal to one in the BG as well as in RC2 and RC5. In sharp contrast to this 

prediction, we find the following result: 

 

RESULT 1: The introduction of a small amount of responder competition by moving from the BG 

to RC2 causes a large reduction of the mean accepted offer. Adding three additional 

responders by moving from RC2 to RC5 causes a further significant reduction of the 

mean accepted offer.  

The evidence for this is presented in Figure 1 and Tables 1 and 2. Figure 1 plots the average 

accepted offer for the BG and the two responder competition treatments by time period. The figure 

shows that competition has a strong impact. In every time period the mean accepted offer in RC2 is 

                                                 
15 To be precise, assume that for every dollar that the proposer transfers to the responder in the BG the responder 
receives only $γ (γ < 1). Then the proposer’s payoff function can be written as Up = 100 – s – β[(100 – s) – γs]. 
Differentiating with respect to s and assuming that β = 2/3 yields –1 + (2/3)(1 + γ). This expression is non-negative for γ 
≥ ½. Thus, in the case where half of the money transferred to the responder is lost (γ = ½) the proposer is indifferent 
between keeping a Dollar or transferring a Dollar.  
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lower than it is in the BG. Similarly, in every time period the mean accepted offer is lower in RC5 

than in RC2. Table 1 presents the means and standard deviations of accepted offers. The first six 

rows of columns 1-3 display matching group averages of accepted offers in each treatment over all 

20 periods. The first six rows of columns 4-7 show matching group averages of accepted offers in 

each treatment for the final period. Row 7 shows total averages across matching groups. The 

average accepted offer, taken over all 20 periods and all matching groups, is 42.7 in the BG; it falls 

to 25.5 in RC5 and to 16.2 in RC5. In each matching groups of the BG the mean accepted offer is 

much higher than in each of the four matching groups in RC2. Moreover, in the final period the gap 

between the BG and the two responder competition treatments has become even bigger. Whereas in 

the BG the mean accepted offer in the final period is similar to the mean in all periods the offers in 

the two responder competition treatments decline (see Figure 1). In the final period the trading 

responders earn on the average 41.1 in the BG but only 18.8 and 13.8 in RC2 and RC5, 

respectively.  

To examine the statistical significance of these treatment differences we conducted non-

parametric Mann-Whitney tests with matching group averages as independent units of observation. 

These tests show that the mean accepted offers in RC2 are significantly lower than in the BG (p = 

.005). Likewise, the mean accepted offers in RC5 are significantly lower than in RC2 (p = .028). If 

we perform a non-parametric trend test (nptrend test) for the null hypothesis that there is no trend 

across treatments, we can reject the null hypothesis at all conventional significance levels (p < 

.001).16 These results are also supported by the regressions presented in Table 2. This table shows 

regressions of the mean accepted offer on treatment dummies, the time period, and interactions 

between the treatments and time period. In the first column of Table 2 we pool all three treatments 

in all 20 periods. The second column takes the data from all three treatments in the final 10 periods. 

The third and fourth columns pool the RC2 and RC5 treatments in all 20 periods and the final 10 

periods, respectively. In this and all other regressions reported in this paper, we compute robust 

standard errors and allow for correlated errors within matching groups. Thus all significance tests 

associated with the regressions allow for dependent observations within matching groups and treat 

only observations across matching groups as independent.  

                                                 
16 The advantage of the nptrend test is that it takes the order between the treatments into account (see Cuzick 1985). It 
is, therefore, the appropriate test for examining our comparative static results. The nptrend test is an extension of the 
Wilcoxon rank sum test.  
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In the first two columns of Table 2, the bargaining game is the omitted or baseline category. In 

the columns 3 and 4, RC2 is the omitted category. To simplify interpretations, we number the time 

periods from –19 to zero in the first and the third regression, and from –9 to zero in the second and 

fourth regression, so that one can easily see the effects in the final time period. Thus, in column (1) 

the coefficient for the constant shows that the mean accepted offer in the final time period of the 

bargaining game is 42.7 points. The highly significant coefficients for RC2 and RC5 show that the 

accepted offer in the responder competition treatments is 24.2 and 31.6 units lower than in the BG. 

The coefficient for RC5 in column 3 indicates that the estimated accepted offers in RC5 are by 7.5 

units lower compared to RC2. Columns 2 and 4 show that, in the final 10 periods, the treatment 

differences have a similar order of magnitude.  

In the BG, accepted offers are rather stable from period 2 onwards. This stability is indicated 

by Figure 1 and regressions 1 and 2 where the estimated coefficient on the variable “time period” is 

close to zero and insignificant. Figure 1 also reveals that both in RC2 and RC5 the accepted offers 

fall in the first ten periods but remain fairly stable in the final 10 periods. In RC5, for instance, the 

mean accepted offer is 13.4 in period 10 and 13.8 in period 20. This picture is also confirmed by the 

regressions in Table 2. In regression 1 (which uses the data of all 20 periods) the interaction 

between “time period” and RC2 and RC5 is highly significant. The estimated effect of the time 

period in this regression is -0.536 in RC5 and -0.750 in RC2.17 In regression 2 (which uses the data 

of the final 10 periods) the interactions between “time period” and the RC-dummies are much 

smaller and insignificant.18 Regression 2, for instance shows that the estimated effect of the time 

period is insignificant in the BG and even smaller in magnitude in RC5.   

 

B. The Effect of Competition on Proposers’ Rejection Risk 

The previous section has shown that the introduction of only a small amount of responder 

competition has dramatic effects on market prices. Towards the end of the session the gains from 

trade for the trading responder in RC2 is only half of what a responder receives in the BG. Why is it 

possible for the proposers to enforce such low offers and why are fair-minded proposers willing to 

                                                 
17 The time coefficient in the BG is 0.003. The time coefficient in RC2 (RC5), relative to the BG, is –0.539 (-0.753). 
This gives “net coefficients” of –0.536 or -0.750, respectively.  
18 We also conducted regression 1 using only the first 10 periods of data. There is no significant time trend in the first 
10 periods of the BG whereas in RC2 and RC5 a significant downward trend occurs.   
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enforce such low offers? According to the fairness approach discussed in Section III responder 

competition reduces the rejection risk that the proposers face, which enables them to enforce lower 

accepted offers. In addition, the fairness approach predicts that fewer proposers will be willing to 

share the gains from trade equally with the trading responder because it requires a stronger fairness 

motivation to do so when responder competition prevails. Only extremely fair-minded proposers 

will be willing to share the gains from trade equally under responder competition.  

To answer the question of how responders can enforce such low offers under responder 

competition it is necessary to examine the proposers’ risk of having her offer rejected.  

 

RESULT 2: The introduction of a small amount of responder competition by moving from the BG 

to RC2 causes a large reduction in the proposers’ rejection risk. Adding three 

additional responders by moving from RC2 to RC5 causes a further significant 

reduction of the rejection risk. The money-maximizing offer is, therefore, much lower 

under responder competition than in the BG.  

 

Support for Result 2 is presented in Figure 2 and Table 3. Figure 2 plots the proposer’s rejection 

risk against the size of the offer. The proposer’s rejection risk for a given offer is defined by the 

number of such offers that are rejected by all responders divided by the total number of such offers 

made by proposers. We find that the rejection risk dramatically declines when we move from the 

BG to RC2. For instance, whereas the rejection risk for offers below 25 is between 80 and 100 

percent in the BG, the risk for the same offer range varies between 5 and 50 percent in RC2. Figure 

2 shows a further substantial decline in the rejection risk if five instead of two responders compete 

with each other.  

Table 3 presents probit estimates of a model predicting whether or not an offer made by a 

proposer is rejected.19 The independent variables are the size of the offer made, the treatment, the 

time period, and interaction terms for each treatment and the time period. The first regression pools 

all treatments and all periods, and the second regression pools only the responder competition 

treatments. The results in Table 3 support Figure 2. The probit coefficients on the offer are 

negative and significant at the 1% level in both regressions. The associated marginal effects (at the 

                                                 
19 As in Table 2 all standard errors allow for arbitrary error correlations of observations within matching groups and 
only observations across matching groups are treated as independent.  
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sample means), presented in column 2 and 4, indicate that an increase in the offer by 10 units 

decreases the rejection probability between 4 and 10 percent. The coefficients on RC2 and RC5 are 

also negative and highly significant. Controlling for the size of the offer, the time period, the 

treatment, and interactions between the treatment and time, the predicted probability of an offer 

being rejected in RC2 is 21.5 percent lower than in the BG. In RC5 the predicted probability is 

even 35.7 percent lower than in the BG. The second regression shows that there is also a significant 

difference between RC5 and RC2. The predicted probability – evaluated at the average offer and 

time period – of an offer being rejected in RC5 is 9 percent smaller than in RC2.  

The large reduction in the proposers’ rejection risk is associated with large changes in the 

expected payoff. In Figure 3 we present the proposers’ expected payoff as a function of the offer 

size across all three treatments. In the BG the expected payoff is maximized at s = 50 but for offers 

slightly below 50 the payoff loss is very small. Both in RC2 and in RC5 the peak of the expected 

payoff is at much lower offer levels. In RC2 the expected payoff is maximized at s = 5 but at s = 20 

the payoff is only slightly lower. In addition, the very high payoff at s = 5 could well be an artifact 

of the small number of observations. In RC2 offers of s = 5 occurred only in 4 percent of the cases 

whereas 21 percent of all offers are at s = 20. In RC5, however, the peak at s = 5 is surely not an 

artifact because 33 percent of all offers are at s = 5. In fact, an offer of s = 5 is the mode in RC5. 

The large reduction in the money-maximizing offer and the fact that even fair-minded proposers 

are more likely to take advantage of this provides a plausible explanation for why proposers traded 

at lower offers under responder competition. 

 

C. The Effect of Competition on Responders’ Behavior 

The fairness approach implies that the reduction in the proposers’ rejection risk is a consequence of 

heterogeneous fairness preferences among the responders and the behavioral changes that 

competition induces among the responders. Recall that preference heterogeneity among the 

responders means that the proposers face a distribution of acceptance thresholds. This, in turn, 

implies that the probability that all responders reject a given offer declines if the number of 

responders increases. We have called this the statistical effect because it prevails even if responders 

do not change their rejection behavior when additional competitors are added. However, one of the 

salient predictions of the fairness approach is that responders will change their rejection behavior 

across treatments and that the responders’ beliefs about the other responders’ rejection behavior is 
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the driving force behind these changes. Therefore, we examine next whether and how the 

responders changed their rejection behavior in the face of additional competition.  

 

RESULT 3: The introduction of a small amount of responder competition by moving from the BG 

to RC2 causes a substantial reduction in individual responders’ willingness to reject. 

A further increase in competition by moving to RC5 causes an additional significant 

reduction of the willingness to reject. The changes in responders’ rejection behavior 

across treatments can be fully explained by the belief effect.  

 

The evidence for Result 3 is presented in Figures 4 and 5 and Table 4 and 5. In Figure 4, we show 

the rejection behavior from the perspective of the responders. We plot the responder’s rejection 

rate against the size of the offer. The rejection rate is measured by the number of responders who 

rejected an offer divided by the total number of responders who received the corresponding offer. In 

the BG the rejection rate is 100 percent for any offer below 10, i. e., all responders reject such 

offers. This means that the statistical effect cannot become operative in this offer range unless 

responder competition reduces the willingness to reject of some responders. Therefore, the large 

reduction in the proposers’ rejection risk (in this offer range) observed in Figure 2 is based on the 

behavioral changes induced by responder competition: In RC2 and RC5 the responders’ rejection 

rate for offers below 10 is much lower than in the BG and varies between 50 and 78 percent (see 

Figure 4). In all three treatments the responder’s rejection rate decreases in the size of the offer but 

in RC2 and RC5 this decrease already occurs for offers below 10. For all offer intervals below 40 

the rejection rate in RC2 is at least 20 percent lower than in the BG. Moreover, in RC5 the rejection 

rate is for most offer intervals lower than in RC2.  

The econometric evidence in column 1 of Table 4 provides further support for Result 3. Table 

4 presents coefficients from a probit regression with the responders’ rejections as the dependent 

variable. The independent variables are the offer size, dummies for RC2 and RC5 (BG is the 

omitted category), the time period and interactions between the treatment dummies and the time 

period. The regression shows that the coefficient on offer size is negative and highly significant and 

the treatment dummies for RC2 and RC5 are highly significant and negative. The associated 

marginal effects indicate that, at the sample means, the rejection probability is 27 percent lower in 

RC2 than in the BG. The rejection rate (at sample means) in RC5 is a striking 53 percent lower than 
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in the BG. Thus the treatment differences observed in Figure 4 are clearly substantial and 

statistically significant.  

Since the fairness approach does not only predict treatment differences in rejection behavior 

but also identifies responders’ beliefs as the decisive source of these differences we introduced a 

belief measure into our regression. Recall that in both responder competition treatments the 

responders told us how many other responders they expected to accept the going offer. This enables 

us to add a dummy variable indicating whether the responder believes that all other responders will 

reject the offer or whether she believes that at least one other responder will accept the offer (see 

Table 5). The variable “all others reject” in the regressions of Table 5 takes on a value of 1 if a 

responder believes that all other responders reject. If a responder believes that all others reject then 

she considers herself a decisive player in the sense that she can punish the proposer or maintain 

equity by rejecting the offer, too. Thus, the fairness approach predicts that this variable has a 

positive effect on rejection rates. In the first regression in Table 5 we use the same regressors as in 

Table 4 but we also add the “all others reject” dummy. The coefficient on the offer size is again 

positive and significant. The “all others reject” dummy is also positive, highly significant, and 

implies a high marginal effect. If a responder believes she is decisive her rejection rate increases by 

37.4 percent! Moreover, the treatment dummies for RC2 and RC5 are now insignificant and rather 

small relative to the regression in Table 4 suggesting that the treatments per se do not affect 

rejection behavior if we control for the belief effect. This interpretation is further supported by the 

second regression in Table 5 where we use only the RC2 and the RC5 data. The “all others reject” 

dummy is again large and significant indicating an increase in the rejection probability of 41 

percent if a responder believes that all others reject, and the treatment dummy for RC5 is close to 

zero and insignificant. Thus, again the treatment per se has no effect on the rejection behavior when 

we control for the responders’ beliefs. 

Recall that the statistical effect on proposers’ rejection risk is based on the presence of 

heterogeneous responders. To examine responder heterogeneity we ran probit regressions for each 

treatment separately in which we included the offer size, time period and dummies for individual 

responders. We observed strong evidence for responder heterogeneity in each treatment. Likelihood 

ratio tests for the joint significance of the individual dummies show that the restricted model (with 

no individual dummies) is significantly different from the model with individual dummies at all 

conventional significance levels (p < .0001 in each treatment).  
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The effect of beliefs on rejection behavior is so strong that it can even be detected in the raw 

data. In Figure 5 we illustrate the responders’ rejection probability in RC2 for the case in which the 

responder believes that the competitor rejects and for the case in which she believes that the 

competing responder accepts. As one can see, the rejection probability is much higher if the 

responder believes that the competitor will also reject the offer. Thus, taken together Figure 4 and 5 

and the regressions in Tables 4 and 5 provide strong support for the fairness approach because they 

suggest that the belief effect can fully explain the changes in rejection behavior across treatments. 

 

V. Alternative Explanations – Decision Errors and Learning 

The previous sections have shown that the fairness approach organizes our data very well – all 

comparative static effects are in line with the fairness prediction. In this section we deal with two 

potentially competing explanations for our comparative static results. We first examine to what 

extent learning models that rule out fairness preferences are consistent with the observed treatment 

differences. Then we investigate the extent to which decision errors could have produced our 

results.  

There can be little doubt that learning is important in real life as well as in laboratory 

experiments. There are many experiments indicating that adjustment towards equilibrium or stable 

behavioral patterns takes time (e.g. Roth and Erev 1995, Camerer and Ho 1998). In our data there 

are also signs of adjustment. In particular, during the first 10 periods proposers’ and responders’ 

behavior changes over time. For instance, the regression in the first column of Table 2 suggests that 

accepted offers in RC2 and RC5 decline over time.  This stands in sharp contrast to the BG where 

no such decline can be observed. Similarly, the regressions in Table 4 suggest that the responders’ 

rejection probability in RC2 and RC5 declines over time. A plausible interpretation of these trends 

is that because the proposers have only imperfect information about the responders’ fairness 

preferences they have to learn how far they can go in lowering their offers. Similarly, the 

responders do not know the fairness preferences of the other responders exactly, and their beliefs 

about the competitors’ rejection behavior may not be precise. Over time they may learn more 

precisely what behaviors they can expect from their competitors and this may induce the behavioral 

adjustments.  
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Thus, we do not doubt that learning takes place in our experiments, especially during the first 

10 periods.20 However, a pure learning approach that rules out fairness preferences is not 

compatible with the observed treatment differences.21 One reason for this is that the comparative 

static effects already exist in period 1 of our experiment (see Figure 1). If we perform a non-

parametric trend test for the null hypothesis that there is no trend across treatments, we find a 

significant trend already in period 1 (p = 0.04). Pure learning models cannot account for these initial 

differences while the fairness approach can. Moreover, a learning approach based on the 

assumption that subjects have selfish preferences has difficulties explaining why responders are 

more likely to reject a given offer if they believe that all other responders reject. The higher the 

number of other responders who reject an offer the higher are the expected costs of rejecting the 

offer for the responder in question. Thus, if anything, a selfish responder should be less willing to 

reject an offer if she believes that a greater number of other responders will reject the offer.  

Nor do we doubt that decision errors are important in real life as well as in laboratory 

experiments. Empirical applications of quantal response equilibrium models, which explicitly 

formalize the impact of actual and perceived decision errors in strategic environments, have shown 

that in certain environments decision errors provide powerful explanations of behavior (e. g., 

Goeree and Holt 2000, 2001; Goeree, Holt and Palfrey 2001). In fact, we will argue below that a 

full characterization of the distributions of actions across treatments requires a combination of the 

fairness approach and the quantal response approach. However, as in the case of learning models, 

an approach that combines decision errors with the assumption of selfish preferences cannot 

account for the main treatment effects in our data.  

To support this claim it is useful to deal in some detail with the quantal response approach, 

which assumes that people play noisy best replies and expect others to play noisy best replies. For 

finite decision errors subjects play the best reply to the expected actions of the others with the 

highest probability, but due to decision errors they also put some probability mass to the other 

available actions, too. For example, in the BG the best reply for a selfish responder is to accept any 

positive offer. A quantal response player also rejects with positive probability but positive offers are 

                                                 
20 Recall from columns 1 and 2 in Table 2 that in the final 10 periods the time trends in RC2 and RC5 are close to zero 
and no longer significant.  
21 See also Grosskopf (1999) who shows that reinforcement learning cannot account for the evolution of play over time 
in responder competition experiments.  
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rejected with probability less than ½.22 Thus, decision errors can, in principle, explain rejections. It 

is therefore necessary to check whether this approach is compatible with the comparative static 

effects on responder and proposer behavior.  

In a quantal response equilibrium (QRE) each player is playing a noisy best reply to the other 

players’ noisy best replies. More formally, let Pr(i) and πe(i) denote the probability of taking action 

i and the expected payoff of action i, respectively, let µ be the parameter that determines the 

distribution of decision errors and let N denote the number of available actions. Then, under the 

commonly made assumption that the error is extreme-value distributed (e.g., Goeree, Holt and 

Palfrey 2001), the quantal (noisy) best replies are given by the conditions 
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If (2) holds and if, in addition, the subjective probabilities about the actions that enter into the 

calculation of the expected payoff of action i are the same as the probabilities Pr(i) that are 

determined by the expected payoff πe(i), a quantal response equilibrium prevails.  

We applied the QRE-concept to derive predictions for the responders’ rejection rates in the 

BG, RC2 and RC5. The predictions are based on the assumption that all players are selfish. Our 

findings are illustrated in Figure 6 where we plot the responders’ rejection rates as a function of the 

offer. For this figure we assume an error parameter of µ = 0.144 Swiss Francs.23 However, the 

qualitative results do not change if we vary the error parameter. Regardless of the assumed (finite) 

error parameter we always find that, for positive offers below 50, QRE predicts the wrong 

comparative static results because the rejection rate is predicted to be highest in RC5 and lowest in 

the BG. This contrasts sharply with the actual data which indicate that rejection rates are highest in 

the BG and lowest in RC5. Moreover, the QRE rejection rate is never above 50 percent whereas 

Figure 3 shows that in all treatments the rejection rate is far above 50 percent for sufficiently low 

offers.  

                                                 
22 In the case of completely random rejection behavior (i.e., with infinite decision errors) the rejection probability would 
be ½ for every offer but because rejections of positive offers are costly, a selfish QRE-player with finite decision errors 
rejects positive offers with probability less than ½.  
23 Note that we measured the error parameter in units of real money. This is based on the assumption that, in our 
context, subjects are unlikely to exhibit money illusion. Yet, the comparative static prediction with respect of 
responders’ behavior is the same regardless of whether the error parameter is measured in experimental points or in real 
money.  
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The intuition behind the QRE prediction is that at s = 0 there is zero cost to rejecting the offer. 

Therefore, the responders’ decisions are completely random. For positive offers rejecting becomes 

costly and, therefore, the rejection rate falls below 50 percent. The higher the number of other 

responders who are believed to accept a positive offer the lower is the expected payoff from 

accepting the offer. Therefore, rejecting is cheaper if a greater number of other responders is 

believed to accept. As a consequence, a quantal response player exhibits a higher willingness to 

reject if a greater number of other players accept the offer. This is just the opposite of what the 

fairness approach predicts. In RC5 the overall probability that an offer will be accepted by one of 

the other responders is higher and rejecting is cheaper than in the BG or RC2.  Hence rejection will 

be most frequent in RC5. In contrast, in the BG there are no other responders who can accept. 

Therefore, rejecting an offer is most expensive in this treatment.  

Although the QRE concept, when combined with selfish preferences, makes the wrong 

predictions regarding responder behavior, the concept is appealing because almost all experiments 

exhibit a lot of unexplained variance that can be plausibly attributed to decision errors. This is also 

the case in our experiments. To illustrate this we plotted the distribution of the proposers’ offers in 

Figure 7. The figure shows the data from the last ten periods where the proposers’ actions remained 

rather stable over time.24 Nevertheless, Figure 7 suggests that in all three treatments the proposers’ 

offers exhibit substantial random variation. This randomness is difficult to capture with a pure 

fairness model. In fact, if we apply the preference parameters used in Fehr and Schmidt (1999) we 

are not able to predict these distributions. The FS-parameters predict the correct comparative statics 

across treatments but fail to capture the randomness present in Figure 7. Therefore, we combined 

the quantal response approach with the FS model to predict the distribution of offers displayed in 

Figure 7. Note that the QRE approach is mute with regard to the assumptions about preferences 

and, therefore, it can be combined with a fairness approach. Moreover, by combining the quantal 

response approach with the fairness approach we correct the wrong comparative static predictions 

regarding responder behavior.  

To predict the distribution of offers we completely tied our hands with regard to the choice of 

parameters for the FS-model by using the same parameters as in Fehr and Schmidt (1999).25 The 

                                                 
24 Recall that the regressions in column 2 of Table 2 indicate that there is no time trend in offers in the last 10 periods in 
any of the treatments. 
25 Like Fehr and Schmidt (1999) we assumed that 30 percent of the subjects exhibit α = β = 0; 30 percent exhibit α = 
0.5 and β = 0.25; 30 percent have an α-value of 1 and a β-value of 0.6, and 10 percent an α-value of 4 and a β-value of 
0.6.  
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only free parameter was therefore the error parameter µ. In Figure 7 we also show the predicted 

offer distribution of the combined QRE-Fairness model when the same error parameter as in Figure 

6 is assumed. A comparison of the predicted and the actual offer distributions indicates that the 

combined model makes remarkably precise quantitative predictions. In each treatment the location 

of the predicted distribution is very close to the location of the actual distribution. For instance, in 

RC5 the large mass of the offers is predicted to be in the interval [0,10] and this is in fact the case. 

Likewise, in RC2 the large mass of the observations is predicted to be in the interval [15,25] which 

is also the case. Finally, for the BG 73.4 percent of the offers are predicted to be in the interval 

[40,50] and, in fact, 69.1 percent of the offers are in this interval. This shows that the combination 

of the fairness approach and the QRE-approach is remarkably good in explaining the qualitative and 

the quantitative aspects of our data.26  

 

VI. A Robustness Check – Proposer Competition 

In this section we perform a robustness check of the combined QRE-Fairness approach by applying 

the model to a different market situation. So far competition took place among the responders. In 

this section we introduce competition among the proposers, i.e., among the price setting agents. For 

this purpose we conducted an experiment in which two proposers simultaneously made competing 

offers si ∈{0, 1, 2, 3, …, 100}, i = 1,2 to one responder. Since there are two competing proposers 

we denote this treatment in the following PC2. The responder was free to accept the preferred offer. 

If the responder accepted si his income was si and the proposer who made the offer earned 100 - si. 

The proposer whose offer was not accepted earned nothing. This game implements Bertrand 

competition among proposers.  

Like the RC2 treatment this game is interesting because it adds just a little bit of competition 

to the game but this small amount of competition may have dramatic effects on market outcomes. In 

fact, if the rationality and the selfishness of all players is common knowledge then (almost) the 

whole surplus in this game is reaped by the responder. In all subgame perfect equilibria of PC2 the 

                                                 
26 We did not fit the error parameter to generate the best prediction. Instead we used a rough trial and error method to 
generate our predictions. Yet, this makes the accurateness of our results even more remarkable because by choosing the 
best predicting error parameter we might even be able to improve the fit relative to Figure 7.  
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responder earns at least 98 percent of the surplus.27 Thus, whereas in the BG the proposer reaps 

(almost) the whole surplus, in PC2 the responder earns (almost) the whole surplus in an equilibrium 

with selfish preferences.  

The combined QRE-Fairness approach predicts, in contrast, that the proposers will not overbid 

each other to such an extent that the responder reaps virtually the whole gains from trade. The 

reason is two-fold. First, sufficiently fair-minded responders or responders who make mistakes will 

not always take the higher of the two offers. This dilutes the proposers’ incentives for overbidding. 

Even a rather small percentage of responders, who behave in this way, contribute to the removal of 

some extreme equilibria. Assume, for instance, that in 5 percent of the cases the responders take the 

lower offer. Then, both proposers offering 99 is no longer an equilibrium because, if a proposer 

deviates by proposing 50, her expected gain is 2.5 while if she stays at 99 she earns only 1 unit with 

probability 0.5. Second, there is a snowballing effect between the proposers’ actions that pushes 

their offers away from the extreme values that give the responder (almost) the whole surplus. If, 

e.g., proposer 1 offers with positive probability considerably less than 100, the noisy best reply of 

proposer 2 also puts probability weight on offers that are considerably less than 100. However, as 

we will see below, the combined QRE-Fairness approach also predicts that, due to proposer 

competition, the offers in PC2 will be above the offers in the BG.  

Except for the introduction of proposer competition the experimental set-up in PC2 was 

identical to the set-up in the other experiments. Subjects were again randomly matched within 

matching groups and the experiment lasted 20 periods. The exchange rate between experimental 

money and real money was identical to the one in RC2. In total we conducted 2 sessions with 4 

matching groups in the PC2-treatment. We obtained the following results.  

 

RESULT 4: The introduction of a small amount of proposer competition by moving from the BG 

to PC2 causes a substantial increase in the proposers’ offers but the average offer 

remains considerably below the extreme prediction of the standard model with 

selfish preferences. The combined QRE-Fairness model provides a good explanation 

of the distribution of offers.  

 
                                                 
27 There is an equilibrium in which both proposers offer si = 99 and the responder accepts one of these offers, but there 
are also other equilibria. Both proposers offering 100, or both offering 98 can also be part of an equilibrium. If both 
offer 98 their expected payoff is 1 unit and overbidding with si = 99 also yields 1 unit of payoff.  
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Support for Result 4 is given in Figure 8 and Figure 9. Figure 8 shows the evolution of accepted 

average offers per period. For purposes of comparison we also plotted the average offers in the BG. 

The figure shows that the accepted offers in PC2 are already in period 1 higher than in the BG. 

Moreover, the offers in PC2 increase considerably during the first 10 periods from 58 in period 1 to 

69 in period 10. From period 11 onwards the offers remain rather stable – fluctuating between 70 

and 75 on the average. This contrasts sharply with the BG where accepted offers fluctuated between 

40 and 45.    

In Figure 9 we present the actual distribution of offers in the final 10 periods of PC2. In 

addition, Figure 9 shows the distribution of offers predicted by the combined QRE-Fairness model. 

Note that in order to generate a prediction for PC2 we did not adjust the parameters of our model 

relative to the previous section. We used exactly the same parameters as for the predictions in 

Figure 7. Figure 9 indicates that the bulk of the actual offers is around 70 and the mode of the 

predicted offers is also around 70. More precisely, the model predicts that 64.5 percent of the offers 

are in the interval between 60 and 80 and, in fact, 61 percent of the offers are in this interval. Thus, 

Figure 9 also suggests that, although we had zero degrees of freedom to generate our predictions for 

PC2, the combined QRE-fairness model captures the actual distribution of offers rather well. 

 

VII. Conclusions 
The main message of this paper is that elementary effects of competition on the behavior of market 

participants cannot be satisfactorily explained with models relying exclusively on self-interested 

agents. In our setting the self-interest model makes the counterintuitive prediction that competition 

has no impact on prices. Yet, our experiments show that even a very small amount of competition – 

just adding one competing buyer or seller to a bilateral exchange situation – induces large 

behavioral changes among buyers and sellers and thus causes large changes in market prices. The 

reason for this failure of the self-interest model is that it neglects the existence of a non-negligible 

number of people who are also motivated by concerns for fairness and reciprocity.  

Fairness models predict that the interaction between fair types and self-interested types is a 

key for understanding the effects of competition in our experiments. In competitive situations 

selfish responders induce fair responders to accept unfair offers. Therefore, increases in responder 

competition make it easier for selfish proposers to appropriate a larger share of the gains from trade. 

The experimental results indicate that all major qualitative predictions derived from the interaction 
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between fair and selfish types are supported by the data. Moreover, by combining the fairness 

approach with the quantal response equilibrium approach we were able to provide a rather accurate 

quantitative picture of the whole distribution of prices in each of our 4 different conditions.  

It is ironic that the self-interest assumption precludes a satisfactory understanding of the 

workings of competition. Intuitively, many effects of competition seem to be driven by self-interest. 

Yet, as the fairness approach makes clear, competition also has an effect on the extent to which fair-

minded people behave like selfish people. In our setting increases in competition increase the 

incentive for fair-minded responders to behave like selfish responders. Thus, one could argue that it 

is not only the case that self-interested behavior drives many effects of competition but that 

competition also drives the extent to which people behave in a self-interested manner.  

Taken together, we believe that our results suggest that the effects of competition on the 

behavior of market participants and, hence, on market outcomes can be considerably better 

understood if one explicitly considers the existence of selfish as well as fair-minded individuals. As 

economists we have reasons to be proud that our micro-models allow for heterogeneity in people’s 

tastes. However, why should we only allow for heterogeneity in people’s tastes for coffee, tee or 

bananas? Why not take the much more important heterogeneity in people’s taste for fairness into 

account? In addition, we believe that the quantal response equilibrium approach also offers 

considerable insights. In fact, if one is interested in quantitative characterizations of the whole 

distribution of prices the combined fairness-quantal response approach seems very promising.  
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TABLE 1 

Mean accepted offers 

 All periods Final period 

Matching 
group 

BG 
mean 
(s.d.) 

RC2 
mean 
(s.d.) 

RC5 
mean 
(s.d.) 

BG 
mean 
(s.d.) 

RC2 
mean 
(s.d.) 

RC5 
mean 
(s.d.) 

1 
 

43.2 
(7.8) 

26.4 
(17.4) 

13.6 
(8.9) 

45.5 
(4.2) 

14.3 
(15.4) 

12.0 
(12.4) 

2 
 

44.2 
(8.4) 

23.5 
(8.6) 

23.5 
(20.0) 

46.5 
(4.7) 

18.0 
(8.5) 

21.3 
(22.5) 

3 
 

39.7 
(4.0) 

29.6 
(15.7) 

17.1 
(14.9) 

40.0 
(0.0) 

25.3 
(13.4) 

14.0 
(10.7) 

4 
 

48.0 
(10.7) 

22.3 
(10.0) 

10.9 
(8.8) 

37.7 
(14.3) 

17.8 
(3.3) 

7.8 
(2.1) 

5 
 

42.4 
(6.2)   

42.0 
(7.0)   

6 
 

38.1 
(8.7)   

31.7 
(2.9)   

Mean 
 

42.7 
(8.6) 

25.5 
(13.7) 

16.2 
(14.5) 

41.1 
(7.8) 

18.8 
(10.8) 

13.8 
(13.5) 

Note: Standard deviations are in parentheses. BG denotes Bargaining Game, RC2 denotes 
the market game with two competing responders, RC5 denotes the market game with 5 
competing responders.  
 

 



 

TABLE 2 

Pooled regressions predicting accepted offers 

 Dependent variable: accepted offer 

 BG, RC2, and RC5 Pooled RC2 and RC5 Pooled 

 all periods 
 

final 10 
periods 

 

all periods 
 

final 10 
periods 

 

RC2 
 
RC2*time period 
 
RC5 
 
RC5*time period 
 
Time period 
 
Constant 

-24.167*** 
(2.868) 

-0.753*** 
(0.200) 

-31.616*** 
(3.994) 

-0.539*** 
(0.179) 
0.003 

(0.138) 
42.737*** 

(2.047) 

-22.366*** 
(2.649) 
-0.237 
(0.197) 

-28.994*** 
(3.560) 
0.050 

(0.192) 
-0.142 
(0.180) 

42.435*** 
(2.038) 

 
 

 
 

-7.449 
(4.094) 
0.214 

(0.190) 
-0.750*** 

(0.150) 
18.570*** 

(2.070) 

 
 
 

 
-6.628* 
(3.476) 
0.287** 
(0.108) 

-.379*** 
(0.083) 

20.069*** 
(1.743) 

R2 

N  
F-value 
p-value 

0.487 
941 

30.93 
0.000 

0.574 
493 

35.93 
0.000 

0.163 
592 

15.39 
0.002 

0.088 
305 
8.97 
0.009 

Note: Numbers reported are ordinary least squares coefficients. Robust standard errors are in parentheses. 
Errors are treated as independent across matching groups whereas within matching groups we allow for 
arbitrarily correlated errors. Time periods are numbered from –19 to 0 in columns 1 and 2 and from –9 to 0 
in colums 3 and 4.  ***, **, and * denote significance at the 1-, 5-, and 10-percent level, respectively. 
 

 



 

TABLE 3 

Probit model predicting the proposer’s rejection risk 

 Dependent variable equals 1 if the proposer’s offer is 
rejected 

Proposers are the units of observation 

 BG, RC2, and RC5 pooled RC2 and RC5 pooled 

 coef. 
(rob. s.e.) 

marginal 
effects 

coef. 
(rob. s.e.) 

marginal 
effects 

Offer 
 
RC2 
 
RC2*time period 
 
RC5 
 
RC5*time period 
 
Time period 
 
Constant 

-0.084*** 
(0.012) 

-2.682*** 
(0.412) 

-0.058*** 
(0.021) 

-4.135*** 
(0.451) 

-0.057** 
(0.029) 
-0.014 
(0.012) 

2.343*** 
(0.459) 

-.010 
 

-.215 
 

-.007 
 

-.357 
 

-.007 
 

-.002 

-0.083*** 
(0.023) 

 
 
 
 

-1.443*** 
(0.367) 
0.000  

(0.031) 
-0.072*** 

(0.020) 
-0.358 
(0.395) 

 

-0.004 
 
 
 
 
 

-0.090 
 

0.000 
 

-0.004 

N 
Wald χ2 

Prob > χ2 

1100 
248.92 
0.000 

 640 
55.75 
0.000 

 

Note: Numbers reported are probit coefficients.  Robust standard errors are in parentheses. Errors are 
treated as independent across matching groups whereas within matching groups we allow for arbitrarily 
correlated errors. The 20 time periods are numbered from –19 to 0. Marginal effects are calculated at 
sample means. ***, **, and * denote significance at the 1-, 5-, and 10-percent level, respectively. 

 



 

 
TABLE 4 

Pooled Probit model predicting the responder’s rejection probability 

Dependent variable equals 1 if the responder 
rejects the offer (Responders are the units of 

observation) 

BG, RC2, RC5 pooled 
 coef. 

(rob. s.e.) 
marginal 
effects 

Offer 
 
Responder’s belief 
to receive offer in 
case of acceptance 
 
RC2 
 
 
RC2*time period 
 
 
RC5 
 
 
RC5*time period 
 
 
Time period 
 
 
Constant 

-0.065*** 
(0.007) 

 
 
 
 

-1.076*** 
(0.263) 

 
-0.023 
(0.014) 

 
-1.666*** 

(0.292) 
 

-0.029*** 
(0.011) 

 
-0.019* 
(0.011) 

 
1.574*** 
(0.297) 

 
 

-0.020 
 
 
 
 
 

-0.268 
 
 

-0.007 
 
 

-0.532 
 
 

-0.009 
 
 

-0.006 

N 
Wald χ2 

P 

2700 
289.42 
0.000 

 

Notes: Numbers reported are probit coefficients.  Robust standard errors are in parentheses. Errors are 
treated as independent across matching groups whereas within matching groups we allow for arbitrarily 
correlated errors. The 20 time periods are numbered from –19 to 0. Marginal effects are calculated at 
sample means. ***, **, and * denote significance at the 1-, 5-, and 10-percent level, respectively. 
 
 

 



 

 

TABLE 5   

Pooled Probit models predicting the responder’s rejection probability 

 Dependent variable: = 1 if the responder rejects the offer 
Observation unit: each responder is an observation  

 BG, RC2, and RC5 pooled RC2, and RC5 pooled 

 coef. 
(rob. s.e.) 

marginal 
effects 

coef. 
(rob. s.e.) 

marginal 
effects 

Offer 
 

Believe that all 
others reject 

(dummy variable) 
 

RC2 
 

RC2*time period 
 

RC5 
 

RC5*time period 
 

Time period 
 

Constant 
 

-0.055*** 
(0.007) 

1.089*** 
(0.139) 

 
 

-0.236 
(0.278) 
-0.013 
(0.018) 
-0.272 
(0.296) 
-0.014 
(0.011) 

-0.021** 
(0.010) 
0.087 

(0.293) 

-0.017 
 

0.374 
 
 
 

-0.072 
 

-0.004 
 

-0.088 
 

-0.004 
 

-0.007 

-0.049*** 
(0.006) 

1.118*** 
(0.138) 

 
 
 
 
 
 

0.033 
(0.186) 
-0.000 
(0.013) 

-0.031*** 
(0.014) 
-0.256 
(0.166) 

-0.016 
 

0.411 
 
 
 
 
 
 
 

0.011 
 

-0.000 
 

-0.010 

N 
Wald χ2 

P > χ2 

2700 
199.72 
0.000 

 2240 
170.43 
0.000 

 

Notes: Numbers reported are probit coefficients.  Robust standard errors are in parentheses. Errors are 
treated as independent across matching groups whereas within matching groups we allow for arbitrarily 
correlated errors. The 20 time periods are numbered from –19 to 0. Marginal effects are calculated at 
sample means. ***, **, and * denote significance at the 1-, 5-, and 10-percent level, respectively. 
 

 

 



 

Figure 1: Average accepted offer in bargaining and market experiments 
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Figure 2: Proposers’ rejection risk conditional on offers 
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Figure 3: Proposers’ expected payoff as a function of offer size 
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Figure 4: Responders’ rejection rate conditional on offer size 
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Figure 5: Responders’ rejection rate in RC2 conditional on offer size and beliefs 
about the other responder’s behavior 
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Figure 6: Predictions of responders’ rejection rate according to the quantal 
response equilibrium approach 
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Figure 7: Actual and predicted offer distribution in bargaining and market 
experiments based on the combined Fairness – QRE approach 
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Figure 8: Average accepted offer in market experiment with proposer 
competition 
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Figure 9: Actual and predicted offer distribution in market experiments with 
proposer competition based on the combined Fairness – QRE approach 
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