CHAPTER 13

Behavioral Game Theory:
Predicting Human Behavior in Strategic Situations

COLIN F. CAMERER

1. INTRODUCTION

In strategic interactions, what one player does affects another player’s payoff.
Game theory is a mathematical language for describing strategic interactions and
their likely outcomes (Fudenberg and Tirole 1991; Osborne and Rubinstein
1995). A “game” is a specification of the strategies each of several “players” have,
the order in which players choose strategies, the information players have, and
how players rate the desirability (*utility”} of resulting outcormes. Game theory is
flexible encugh to be used at many levels of detail in a broad range of sciences,
Players can be genes, people, groups, firms, or nation-states. Strategies can be
genetically coded instincts, methods of bidding on Ebay, corporate practices for
developing and introducing new products, a legal principle in a complex mass tort
case, or wartime battle plans, Qutcomes can be anything players value—prestige,
food, control of Congress, sexual opportunity, corporate profits, a sense of justice,
or captured tertitory.

Even without doing any mathematical analysis, game theory can be useful as
a taxonomy that parses the strategic world (Aumann 1985). Analytical game the-
ory goes further, deriving precise predictions about how players might behave by
assuming that players maximize expected utility, plan ahead, and form beliefs
about other players’ likely moves (by assuming those players plan and maximize
also).

While game theory is a powerful analytic engine, hundreds of experiments
show that its predictions are systematically violated (Crawford 1997; Camerer
2003). Violations of any simple theory can be comfortably tolerated unless they
point to an easy way to improve the theory. This chapter describes an emerging
approach called “behavioral game theory,” which generalizes analytical game
theory to explain experimentally observed violations and respect bounds on hu-
man cognition. An analytical game theorist crossing a one-way sireet only looks
one way before crossing the street (the only direction that rational drivers would
come from); a behavioral game theorist looks both ways, anticipating possible
mistakes, However, the goal is to establish regularity of these rnistakes empiri-
cally, and tie theories of them to psychological and biological principles.

While the theory is inspired by laboratory regularity, it is aimed at practical
questions like worker reactions to employment terms, evolution of internet market
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institutions for centralized trading, animal behavior, and players “teaching” other
players who learn what to expect {tike firms intimidating competitors or building
trust in strategic alliances, or diplomats threatening and cajoling). Behavioral
game theory also exemplifies the potential from reunification of psychology and
economics, which wandered apart from the 1920s until recently, as psychologists
pursued empirical laboratory regularity and econornists practiced using simple for-
mal models to understand field data and evaluate policy.

Game theory has a clear patemity. After some important early contributions, its
main features were introduced by John von Neumann and Oskar Morgenstern in
1944. Shortly thereafter, John Nash (1950) proposed a general solution to the
problem of how rational players would play. Nash suggested that players adjust
their strategies until they reached an “equilibrium” in which any unilateral adjust-
ment was not beneficial (a fixed point in the mapping from strategies to the set of
best-response strategies). In 1995, Nash shared a Nobel Prize with John Harsanyi
and Reinhard Selten for their pioneering work on games played over time, and
games in which players have private information about their motivations (Nash
1950; Selten 1975; Harsanyi 1967-68).

Game theory has been used in many social science applications, mostly in eco-
nomics but increasingly in political science, biclogy, sociology, psychology, and
anthropology. Analytical game theory has been used to model phenomena like
price competition among firms and R&D investments in “patent races” (Tirole
1988), coordination when there are synergies between firms or in the macroecon-
omy (Cooper £999), political candidates positioning themselves in an “issue
space” to maximize votes (Shepsle and Boncheck 1997), divorces, bankrupicies,
and strikes (Kennan and Wilson 1990), conflicts between “princtpals™ and the
“agents” whom they hire to work for themi——such as managers and workers (Mil-
grom and Roberts 1992}, and animal behavior (Maynard Smith 1982).

Game theory began as apphied mathematics and spawned many intriguing puz-
zles, so there is much more theory than direct observation. Tests with field data
have occurred in only a few areas—auctions for oil leases and airwave spectrum
(Hendricks and Paarsch 1995; Laffont 1997; McAfee and McMillan 1996), in-
centive contracting (Prendergast 1999), industrial organization (Bresnahan and
Reiss 1991), labor-management bargaining (Kennan and Wilson 1990), and match-
ing of medical residents, sororities, and college bowl games (Roth and Peranson
1999). Field tests are problematic because predictions about equilibrium behavior
often depend very semsitively on players’ strategies, information, and payoffs,
which are uswally not observable. Experiments that control these details are there-
fore particularty helpful.

Hundreds of experiments have been conducted in recent years (Camerer 2003).
Three elements of behavioral game theory which explain these experimental find-
ings are: social utility functions; initial conditions (first-period play); and learning
theories. Next I give examples of experimental findings illustrating each element.
Colman (in press) gives a complementary perspective with more attention io
philosophical difficulties and unsolved problems in modeling coordination.
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2. SociaL UTILITY

A social utility function expresses how players feel about the outcome a game, in-
cluding the payoffs other players receive. The default social utility function in
economic theory is that people care only about their own outcomes. This simpli-
fication, while useful, leaves out forces like altruism, fairness, trust, vengeance,
hatred, reciprocity, and spite,

A famous example of how social motives affect behavior is the prisoners’
difermma (PD), in which players are collectively better off if they all cooperate, but
prefer to defect whether others cooperate or not. Contrary to self-interest, in the lab
players cooperate in the PD about half the time, typically when they expect others to
caoperate. Other evidence of social motives comes from stmple games like ultima-
tum bargaining. In an ultimaturn game a Proposer is endowed with a sum, often $10,
and offers a share to another player, the Responder. If the Responder rejects the offer
they both get nothing. While the ultimatum game is only a building block of more
complex natural bargaining (corresponding to **11th hour” offers on the courthouse
steps), it is a convenient tool to measure whether Responders will sacrifice their own
earnings to punish others who self-servingly violate norms of fair treatment.

These experiments typically pair subjects together anonymously for one play
of the game, to establish a benchmark of how strangers in temporary situations
behave. Assurning self-interest, game theory predicts that Responders will accept
any positive amount, and Proposers will anticipate this and offer very little, In
fact, Responders typically reject offers of $2-3 half the time. Proposers seem 0
guess this and offer $4-5 (see figure 13.1) (Giith, Schmittberger, and Scharze
1982; Camerer and Thaler 1995). This result scales up to higher ($100) stakes
with American college students (some rejected $30) and in low-income countries
where modest payments equal 2-3 months’ wages (Hoffman, McCabe, and Smith
1996). Norms and judgments of fairness can depend on conmtext and culture.
When Proposers earn the right to make the offer by winning at trivia, they feel en-
titled to offer less—and Responders accept less {(Hoffman, McCabe, Shackhat, and
Smith 1994).

Dramatic new experiments show the effect of culture. Figure 13.2 shows data
from Pittsburgh and a small Peruvian agricultural group, the Machiguenga (Henrich
2000). The Americans usually offer half (and, incidentally, often reject low
offers). The Machiguenga offer much less (typically 15-25%) and rejected only
one offer. It is ironic that the Machiguenga—one of the most culturally and eco-
nomically primitive groups ever studied—come closest to the game theory pre-
diction! Anthropologists have now studied ten other primitive cultures and found
interesting variations in bargaining, which seem to be related to the degree of co-
operation in economic activity {e.g., do men hunt collectively?) and degree of ex-
posure to impersonal market trading (Henrich et al. 2000).

Ultimatum games tap negative reciprocity or vengeance. Other games reveal
other motives. In dictator games, a Proposer simply dictates an allocation of
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money and the Responder tust accept it. In these games, Proposers offer less
than in altimatum games, about 15% of the stakes, but average offers vary widely
with contextual tabels and other variables (Camerer 2003).

In trust games, an Investor risks some of her endowment of money, which is
tripled by the experimenter (representing a return on social investment) and
handed to an anonymous Trustee. The Trustee pays back as much of the tripled
sum as she likes to the Investor (perhaps nothing} and keeps the rest. Trust games
are models of opportunities to gain from investment with no legal protection
against theft by a business partner. Game theory predicts that self-interested
Trustees will never pay back money; Investors will anticipate this and invest noth-
ing. In fact, Investors typically risk about half their money, and Trustees pay back
slightly less than was risked (Berg, Dickant, and McCabe 1995), even when stakes
are high (McKelvey and Palfrey 1992). Trustee payback is consistent with posi-
tive reciprocity.

A very important point is that competition has a strong effect in these games. If
two or more Proposers make offers in an ultimatum game, and a single Responder
accepts the highest offer, then the only equilibriem is for the Proposers to offer al-
most all the money to the Responder {the oppasite of the prediction with one Pro-
poser). In the lab this Proposer competition does occur rapidly: reselting in & very
unfair allocation—almost no earnings for Proposers (Roth et al. 1991).

A good social utility theory could explain with a single model why Responders
reject unfair offers, dictator Proposers give away money, Trustees repay trust,
and why multiple Proposers compete to earn very little (and perhaps where such
preferences came from; Gale, Binmore, and Samuelson 1995; Nowak, Page, and
Sigmund 2000; Samuelson 2000}.' In “inequality-aversion” theories, players pre-
fer more money and also prefer that allocations be more equal, They will sacrifice
some money to make outcomes more equal. In one such approach (Fehr and
Schmidt 1999; cf. Bolton and Ockenfels 2000), player i's utifity when X is
the payoff to player & is 1(x). Xy, ..., %) = x; + Zjo o —x),/in—1) + 2.,
Blx;—x,)y/(n— 1) {where {x), denotes the maximum of x and 0), The coefficients a
and 3 represent the weight of envy and guilt, respectively. When these coefficients
are zero, players are purely self-interested, so the standard model is a special case
of this one. There are undoubtedly individual differences in these coefficients,
with some degree of cross-game reliability, and they may be correlated with psy-
chometric scales (¢.g., Gunnthorsdottir, McCabe, and Smith 2002). Models like
this can explain ali the patterns mentioned above. Responders reject low offers to
enforce equality. Dictator Proposers and Trustees create more equality by giving
money to others. In the face of competition, letting another Proposer outbid you
gives you no money and creates a multiple dose of envy (an empty-handed
Proposer is envious of the Responder and of the Proposer whose bid was

'Social preferences are thought to have evolved in the ancestral past when humans Iived in small
groups. In such growps, collective gain from coaperation in the absence of property rights is enhanced
by positive reciprocity. Negative reciprocity ensures that ptayers get a share of joint cutcomes, While
these evolutionary explanations are surely part of the story, they do not naturally account for the strong
influence of enlture and contextual variables like entitlement and excuses.
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TabpLE 13.1
A Dictator Game with Unknown Recipient Payoffs
Recipient Payoffs
Dictator  Diciator Sacrifice  No-sacrifice
Choice Favoff Game Game
A 6 1
B 5 5 1

Sewrce: Dana, Weber, Kuang, 2003,

accepted); the only way to get more money and less envy is to outbid the other
Proposer. This also explains why faimess seems to play no prominent role in
competitive double auctions: In those experiments, players usually do not know
how much others earn (so the utility functions above don’t apply); and even if
they do, when there is competition sacrificing money does not improve eguality
so one might as well just maximize one’s own payoff.

In reciprocity theories, player A forms a judgment about whether another
player B has sacrificed to benefit (or harm) her (Rabin [993). Player A likes to re-
ciprocate, repaying kindness with kindness, and meanness with vengeance. This
idea can also explain most of the results previously mentioned. (Blount 1995),
and also explains the observed correlation between cooperation and expectations
of cooperation by others in the PD.? Inequality-aversion and reciprocity theories
differ because inequality-averse players care only about final atlocations, while
reciprocal players care about the events that led to the allocations (since they af-
fect perceptions of kindness).

Recent evidence from Dana, Weber, and Kuang (2003) complicates the conclu-
sion that simply modifying social utility is an adequate explanation. Their dicta-
tor game is illustrated in table 13.1. The dictator must choose row A or B_ If she
chooses A, she always earns 6: if she chooses B she earns 5, The payoffs to the re-
cipient player depend on whether she is playing a sacrifice game or a no-sacrifice
game. In the sacrifice game, the dictator can give up a point, picking B rather than
A, to raise the recipient’s payoff from | to 5 (and make the two players’ payoffs
equal). In the no-sacrifice game A Pareto-dominates {(both players earn more than
B). Not surprisingly, in the no-sacrifice game all the dictators choose B. In the
sacrifice game 74% sacrificed by choosing B, consistent with theories above in
which players will “spend” money to achieve equality.

These results are not surprising. In the more interesting condition, dictators
were told that they were equally likely to be playing the sacrifice and no-sacrifice
games, and they could choose whether or not to find out which game they were
playing before making their choice, Players with social preferences for equality
would want to know which game they are playing, since they would pick B and A
in the two different games. But almost half the players chose not to find out, and

! Effectively, the PD becames a game in which players are trying to coordinate their levels of emo-
ton or reciprocity. and herce it has ™wo pure equilibria rather than one,
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85% of those players chose A. It appears that many players will sacrifice to help
others if they “have 10,” but thar they will also avoid finding out whether they are
socially obliged to help, This pattern cannot be reconciled with social preference
theories and requires more delicate concepts of mle-bound behavior (Rabin 1093)
or self-identity and rationalization, Refusing io find out how one’s behavior im-
pacts others is important in some economic settings. For example, there is anec-
dotal ¢vidence that many people who are at high risk for HIV infection refuse to
get tested so that they can continue risky activities—which jeopardize others—
without feeling that they are knowingly causing harm.

Regardiess of which functional forms and complications prove most useful, so-
cial utility functions like these could be applied to explain charitable contribution,
legal conflict and setilement, wage-setting, and wage dispersion within firms,
strikes, divorces, wars, tax policy, and bequests by parents to siblings. Explaining
these phenomena with a single parsimonious theory would be very useful.

3. ITERATED REASONING IN FIRST-PERIOD PLAY AND
ONE-SHOT GAMES

In many strategic situations players engage in the same game repeatedly. This raises
two questions: How do they play the first time? How do they learn over time?

A theory of first-period play will be a statistical collage of ideas from decision
theory and cognitive psychology. Some players choose randomly. Other players
know they need to guess what others will do, and they “iterate™ their reasoning by
imagining what others will do, what others imagine others will do, and so forth.
In game theory, this iterated reasoning is assumed to continue until a mutual best-
response fixed-point is reached.

In the human mind, iterated reasoning surely halts after a small number of steps
for several reasons, There will be evolutionary selection against high levels of
iterated reasoning (Stah] 1993) if dedicating cortex to strategize against increas-
ingly strategizing humans has an increasing marginal cost. “1 think he thinks . . »*
reasoning also taxes limited working memory (and cannot be stretched by chunk-
ing items). And overconfidence may lead players to think others have not thought
as deeply as they have, braking the iteration (Costa-Gomes, Crawford, and
Broseta 2001),

Most importantly, many experiments show that 02 steps of iterated reasoning
are likely in the first period of play, even among analytically brilliant college stu-
dents and Ph.D.’s {(Nagel 1999; Ho, Camerer, and Weigelt 1998). An illustration is
the “p-beauty contest.” In this game, several players choose a number in the inter-
val (0,100]. The average of the numbers is computed, and multiplied by p (say
[2/3]). The player whose number is closest to [2/3] of the average wins a fixed
prize. The game is called a p-beauty contest after a famous book by Keynes
(1936, p. 34). He likened investing in stocks to a beauty contest in which players
just wanted to guess who others thought was most beautiful (a metaphor that is
particularly apt for tech-stock “bubbles™).
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The p-beauty contest is a good way to measure steps of iterated reasoning.
Some people appear to choose randomly, or pick a favorite number, exhibiting
“step-0™ thinking. Players who think others choose randomly can guess that the
average will be 50, so they should choose (2/3) of 50, or 33 (step-1 iteration). If a
player thinks others think that way, she should choose 22. The numbers players
choose reveal how the number of iterations of reasoning. Nash equilibrium re-
quires mutual best-response, so it does not stop until it reaches a common number
x = (2/3)x. So the Nash equilibrium is zero.

Figure 13.3 shows results from the p = 2/3 game played for $20, in four subject
poals (Camerer 2003, chapter 5). Students exhibit 0-3 steps of iterated thinking,
choosing numbers which average around 25. (Caltech students more than half of
whom have median math SAT score of 800 choose lower numbers than ather stu-
dents, but rarely choose zero.) Ph.D.'s, portfolio managers, and a sample of suc-
cessful CEQs behave much like students do, When the game is played ten times
with the same players (who learn the average after each trial), numbers converge
toward zero (see figure 13.4), a reminder that equilibrium concepts help predict
where an adaptive process leads.

fouenbels

Fisure 13.3 Number choices in p-beauty contest games by 4 subject pools (3},



0.8

Fraguency

CAMERER

0.5

=
'S

e
w

0.2

0.1

91100

FIGURE 13.4 Number choices in p-beauty contest played 10 times (44},

Other games in which strategy choices comrespond te steps of iterated thinking
show similar regularity in reasoning levels (Camerer 2003). (An example is Bertrand
competition, in which firms selling an identical product undercut each others’ prices
until they all self at the marginal cost. Internet-based pricing of bestselling books and
other commodities seems headed in this direction.) A natural model is one in which
players use different levels of iterated reasoning. Statisticat estimates suggest (using
figure 13.4 data) 10-20% of the subjects using each of 0-3 steps. Camerer, Ho, and
Chong (2003) use a one-parameter Poisson distribution to characterize the distribu-
tion of thinking steps in a “cognitive hierarchy” (CH). They estimate the average
number of steps, 7, to be between -2 across almost a hundred games. Models of
this type are more cognitively plausible, more descriptively accurate (of one-shot
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experimental data) than equilibfium concepts, and they are also more precise than
Nash equilibrivm (once 7 is specified), because the CH model predicts a specific sta~
tistical distribution even when there are multiple Nash equilibria.’

The CH model suggests why Nash equilibrium predicts surprisingty well in some
classes of one-shot games, like those with mixed equilibria. Here’s why: The best-
responses by players who do increasingly many thinking steps tend to cycle among
the strategies which are played with positive probability in the mixed equilibrium. So
the model created a kind of endogeneous “purification” in which players at different
thinking steps play pure strategies {they think they have “figured it out” and may not
think of themselves as randomizing}, but the mixmre across those pure strategies can
closely resemnble the mixture predicted by Nash equilibrium.

Measuring steps of reasoning ignores the benefits and costs of thinking hard.
Costs and benefits can be included by relaxing Nash equilibrium, so player i is as-
sumed to form beliefs about the chance that other players s_, will choose strategy
k (denoted P{st )). Then | calculates an expected payoff for her own strategy J,
denoted 2, P(s* ,-)rr,.(s{', s* ;) and chooses better responses more often than bad re-
sponses, according 10 a logit response rule, F(s}) = exp(AZ P(s* Jar(s), s5 M3,
eXp(AZ,P(s* ) (s], 5 ). A “quantal response” equilibrium (QRE) exists when
each player’s beliefs about choice probabilities of others are consistent with the
actual choice probabilities of others.

QRE is a competent one-parameter generalization of Nash equilibrivm for
fitting experimental data (McKelvey and Palfrey 1995, 1998; Georee and Holt
1999). It acknowledges that players will sometimes choose strategies that appear,
to an observer, to sacrifice payotfs, but assumes that big mistakes are rarer than
small ones. It also circumvents technical limits of Nash equilibriom and jibes
with intvitions {and data) about many of the quirkier predictions of analytical
game theory (Goeree and Holt 2001}.4

Theories of statistical mixtures of iterated reasoning, or QRE, could predict initial
reactions of consumers and voters to economic and policy changes better than equi-
librium theories. Initial conditions are important because they can be influential in
determining the direction and path of convergence after a change {particularly when
there is path-dependence in games with more than one equilibrium).

' A website with a simple CH model “calculator,” which calculates CH predictions for ranges of 1
for any 2 % 2 matrix game with up to 50 swalegies, is available at hup:/groups.hass.berkeley.eduf
simulations/ch/,

*In dynamic games, players are usually assumed 1o nse Bayes's rule o update their beliefs about
what will happen next after every observed move. However, when a zero-probability (“out-of-
equilibrium’™} move occurs, Bayes's rule cannot be nsed. Since all strategies are chosen with positive
probability in a QRE, the zero-probability problem never occurs. In a sense, QRE endogenizes the
probability of “trembling™ used by earlier theorists to resolve the zero-probability problem. In games
with mixed-strategy Mash equilibrium, piayer A’s mixture probabilities shouid only depend on B's
payoffs, not on A's. In QRE, both B's payoffs and her own payoffs matter 10 A. When the response
sensitivity parameter A = 0, players choose randomly (step-0 thinking). As the response sensitivity
parameter A goes t¢ infinity, choices generafly converge to the Nash equilibrium (with seme minor ex-
cepticnis). Given this, perhaps Nash equilibrium could be renamed “hyperresponsive QRE.”
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4. LEARNING

Early discussions in game theory were agnostic about how an equilibriven might
arise, Recently, theorists have explored the mathematical properties of evolution-
ary dynamics (e.g., replicator dynamics) and learning rules {Weibull 1995;
Fudenberg and Levine 1998). Evolutionary dynamics canmot explain the rapid
pace of individual learning in the lab, so I will concentrate on leaming rules.

Several rules have been studied. A general rule that fits and predicts well,
and includes interesting parametric special cases is called “experience-weighted
attraction” (EWA; Camerer and Ho 1999). In EWA, for player i each strategy s
has a level of attraction Ai(z), a real number. Attractions are updated in each pe-
riod to reflect experience according to Al = [pAIG—D+(B+(1 —8)Hs4, s (D)
7,54 s_ O (1—k)+1). (The indicator function Kx, v}yis 1 if x = y and zero
otherwise; 5,(r} and 5_, (¢} denote the actual choice by i and other players (—§ in
period .} Attractions map into choice probabilities using a logit response tule.

The term |8+ (1—8)(s{, 5,(1))] weights the payoff from a strategy. For the strat-
egy 54 which was chosen, the indicator function is one so the received payoff gets
a weight of one. For strategies which were not chosen, the indicator function is
zero 5o the foregone payoffs of those strategies get a weight of 8.

The EWA theory expresses three features of learning: (1) The decay rate on
lagged attractions, ¢, represents either forgetting or a conscious decision to dis-
card old information when the environment is changing rapidly; (2) § represents
imagination or “regret”, the weight on foregone payoffs relative to received pay-
offs; and (3} « controls whether aftractions average or cumulate, expressing the
explore/exploit trade-off in machine learning. A low « comresponds to continually
exploring (because the attractions of strategies are averages and are close together
so that the probabilities of choosing them are close, too). A high « reflects attrac-
tions that cumulate, locking in to a good strategy.

EWA hybridizes two approaches that have been widely studied—reinforcement
ang belief learning. In reinforcement learning, 8 = 0 so unchosen strategies are not
reinforced (Bush and Mosteller 1983; Arthur 1991: Erev and Roth 1998; Sarin and
Vahid 2001). This may reflect ignorance by humans about what they would have re-
ceived, or cognitive limits (in animai learning). In some forms of reinforcement
medels, “similar™ strategies are reinforced according to the payoffs of chosen strate-
gies. Adjusting responsiveness for how variable reinforcements are also seems to
reflect a basic principle of human behavior and improves fit (e.g., Roth et al. 2002).

In belief-learning models, players learn about what others are likely to do, based
on their opponents’ past choices. For example, in “weighted fictitious play,” a player
takes an exponentially weighted average of what another player did in the past to
guess that player’s likely future choice, then uses that belief to calculate expected
payoffs from her own strategies (Fudenberg and Levine 1998). Since cxpected pay-
offs calculated using this rule are the same as EWA attractions with 8 = 1 and k = 0,
belief learning is simply generalized reinforcement leamning in which unchosen
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strategies are reinforced by foregone payoffs (contrary 1o implicit claims of behav-
iorist psychologists for many decades). '

Reinforcement and belief models are usually better approximations to the time
path of experimental data than equilibrium predictions, for aggregated data (Roth
et al. 2000). These simple cases are easy to use because they have few free param-
eters. However, hybridizing the reinforcement and belief approaches is also a sta-
tistical improvement in many of the two dozen or so games that have been studied
(although not all). The learning models also add “economic value” in the sense
that subjects would have earned more money if they had wsed the models to fore-
cast what others would do, compared to how much they actually earned (e.g.. Ho,
Camerer, and Chong 2002).

Figure 13.5 shows predictions of the EWA model fitted to the p-beauty contest
data in figure 13.4 (with the initial conditions A#0) fixed by the data). The qucl
captures the basic tendency of the data to move toward equilibrum. It also im-
proves substantially on the special cases of belief learning and reinforcement.
Since most players lose the game and get no reinforcement, simple reinforcement
theories predict too little learning. Oppositely, belief theories cannot explain t.he
sluggishness of learning and wnertia (captured by & < 1, so unchosen sirategies
are not reinforced as strongly as chosen ones).

Current research focuses on whether players learn about learning rules (rather
than abowt specific strategies (Salmon 2002]), field applications, and players who
are “sophisticated™ enough to realize others are learning (Camerer, Ho, and Chong
2002). Sophistication is particularly important if players are matched together re-
peatedly—like workers in firtns, firms in strategic alliances, neighbors, spouses, etc.
Then players have an incentive to take actions that teach an adaptive player what to
do. Teaching can explain when players behave badly (firms fighting competition to
deter further competition) and nicely {to teach others that they can be trusted).

5. JUDGMENT AND CHOICE IN GAMES

Another direction is exploring when systematic deviations from rationality ob-
served in individual choices occur in games as well. For example, it is well known
that people expect random series to even out more rapidly then they do; this leads to
alternating strategies too often when people play games that require unpredictaple
randormization (Rapoport and Budescu 1992). There is ample evidence of “framing
effects” in which gambles with equivalent dollar payoffs are treated differently
when described as gains or losses from different reference points. Extending this
possibility to games, when garne payoffs are described as losses, players take longq
to choose and take more risk (Camerer et al. 1993), are less cooperative (Andreoni
1995), and pass up more mutually beneficial trades (Bazerman 1985), compare_cl to
gain-framed games with equivalent final payoffs. Ambiguity-aversion in chwices,
which comresponds mathematically to a pessimistic reluctance to take action when
important information is missing, appears to be present in games: When players’
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FiGure 13.5 Fit and prediction of adaptive learning model to number choices in p-beauty
contest garne played 10 times (46).

beliefs about what others will do are measured, they sum to less than one (Camerer
and Karjalainen 1994), Many studies show that people (especially men) are overcon-
fident about their relative skill and prospects in life. In competitive games mimicking
enfry into new businesses, subjects are overconfident (they all think they are more
skilled than average, and as a result, lose money as a group) and they neglect the
number and skill of likely competitors (Camerer and Lovallo 1999; Moore 2002).

6. FRAMING, COORDINATION, AND REPRESENTATION

Framing effects in individual choice are surprising because an invisible axiom
of preference theory is that the way a choice is described should not influence its
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attractiveness (“description-invariance™). However in games framing can matter—
and can help—if players desire to coordinate their behavior on one of several
norms or equilibria. For example, players in ultimatum games divide less evenly
when the game is described as a buyer—seller interaction, or when the Proposer
eams the right to make an offer by winning a preplay contest (Hoffman et al.
1994)}. These description changes appear to evoke different shared social norms
for what divisions are fair (2 la equity theories in social psychology).

Framing effects are particularly important in gares where players have a com-
mon inferest in coordinating their actions, because the way strategies are described
can focus attention on psychologically prominent focal points. Coordination
games are an embarrassment for standard theory because it is hard to derive math-
ematical rules that pick out the one of many equilibria that is obvious (and usually
played). Suppose two players can simultaneously choose Red or Blee. They earn
$10 if they both choose Red and $5 if they both choose Blue. They will surely
choose Red. But both choosing Blue is also a Nash equilibrium, Behavioral theo-
ries explain the obvious choice of Red by assuming thai players implicitly act as
a team {Sugden 2000), or players use a “Stackelberg heuristic”: They act as if
they are going first, but others will figure out what they are likely to have chosen
and “follow” them (Colman and Stirk 1998; Weber and Camerer in press). In
game-theoretic jargon, labels and timing are comrelating devices that direct shared
attention to one of many equilibria; but careful observation is useful for figuring
out how these comrelating devices work.

A related direction is mental representation. Theorists analyze games in the
form of matrices, or trees, but players presumably construct internal representa-
tions that may barely resemble matrices or trees. Just as people do not represent
explicitly false propositions in mental maodels of logic, players appear to under-
represent payoffs of others in their mental models of games (e.g., Carnerer and
Johnson, in press; Goldvarg-Steingold and Johnson-Laird 2002). Games with
mixed motives, and with conflicting rankings of outcomes across players (biorders),
are also difficult to represent (Devetag and Wargtien 2002). Limits on representa-
tion are particularly important when games are quite complex, with many players
and strategies, unfolding over time (like diplomatic maneuvering or planning a
business strategy), and are a subject of intense research in multi-agent machine
learning,

7. CONCLUSIONS

Previous applications of game theory assnme that players care only about their
own payoffs, and introspect or adapt their way w an equilibrium in which all
players mutually best-respond. Experiments show that this simplified model of
human behavior in strategic interaction is often violated. The violations point to a
general approach, “behaviorul game theory,” which generalizes standard theory to
match observed regularity and psychological intuition. Behavioral game theory
combines threc ingredients.
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The first ingredient is a theory of social utility, which is constructed from evi-
dence about how much players will sacrifice to reduce inequality of payoffs or re-
ciprocate behavior that has helped or hurt them. The second ingredient is a theory
of first-period play or initial conditions, which assumes players use different
amounts of itevated reasoning, or variants of stochastic “quantal response™ equi-
libria in which players anticipate unpredictable moves by others. The third ingre-
dient is a theory of learning—how experience changes behavior.

Large leaps have been made in the past several vears in wrapping the mathe-
matical discipline, which has made game theory so successful in social science
applications, around experimental regularity. The next step is to use behavioral
theories to make predictiors about new games and analyze field phenomena like
contract structure, bidding in auctions, industrial competition, social conflict, co-
operativeness, bargaining, creations and maintenance of social norms, social cap-
ital, and economic growth.
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