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Abstract

The Ultimatum game is commonly applied in describing political interactions such
as negotiations between Congress and the president. Experimental and observational
results differ from those predicted: proposers give too much, and responders some-
times reject offers. Recent work suggests introducing either of two different sources
of uncertainty — about actions or payoffs — to solve the “zero-likelihood” problem and
permit direct statistical comparison of substantive explanations for these deviations.
Using a combined model and implementing each of these sources of uncertainty, we
examine original data from a laboratory experiment designed to differentiate between
these sources of uncertainty. The data suggest that these two sources of uncertainty

are observationally quite distinct.

1 Introduction

Bargaining games such as the Ultimatum and Principal-Agent games are commonly applie

in describing political interactions such as negotiations between Congress and the president

Ferejohn and Shipan (1990), Neustadf (1990, ch. 4), Milled (1992); Brehm and Gates (1997);
Waterman, Rouse, and Wrightl (1998); [Wilson (2000); [Cameron (2000); [Cooper (2002); Lewid (2003);
Glaeser and Shleifen (2003)



or Congressional and executive oversight of the bureaucracy. Analysts typically assume that
actors know perfectly each other’s payoffs or that there is some constant private information
about payoffs about which one can learn over the course of play. However, real bargaining
involves uncertainty about players’ own payoffs, and often this uncertainty cannot be reduced
during the game through learning.

Recent efforts (McKelvey and Palfrey,[1995,11996,1998; [Fey, McKelvey, and Palfrey,1996)
on similar models with discrete action spaces have considered quantal response equilib-
rium (QRE) solutions, so termed because they consider mutual best responses when both
players share uncertainty about the payoffs over a discrete set of actions (McFadden, [1976).
When considering continuous action spaces in games with the same information structure, a
general term is more appropriate; therefore, we define and use the term strategic statistical
model (SSM).

There are two treatments of the ultimatum game as a strategic statistical model. [Yi
(2005) develops an experimental SSM, which assumes that utility is the same as received
payment. In addition, [Yi assumes that neither the proposer nor the responder derives any
utility (a reservation wage) if the responder rejects the offered division of @), the “pie”. Behav-
iorally, the bargaining interval [0, Q)] is assumed to accepted by both users and uncertainty is
assumed to stem from player error. This means that, regardless of how much uncertainty the
proposer faces, she has no interest in proposing a division of the resource they are splitting
that exceeds the bounds [0, Q)] of the resource, either by being negative or greater in size
than the resource. The result of this assumption is that it is relatively easy to calculate the
likelihood of a given offer via backward induction.

Ramsay and Signoring (2005) on the other hand take an observational SSM tack,
which assumes that utility is an estimable function of observables. They let X /3 represent
the reservation wage for each player, where X can represent individual subject characteristics.
This induces an optimal offer that can be any real value, which means that the proposer might

actually most prefer to make an offer outside the [0, Q] bounds of the resource. Restriction to



0, Q] leads to a Tobit-like structure where the model assigns positive probability to observing
offers on the boundary. Ramsay and Signorino’s approach offers some advantages, but it
takes some work for them to show that the latent ‘most preferred offer’ is always finite and
unique. The effect is a more theoretically reasonable model, but one that is harder to handle
mathematically.

Other research with observational strategic statistical models usually substitutes X (3 for
the entire utility (Signorind, 1999) which means that the rationality parameter A and vector
are not jointly identified. The common solution is to fix A = 1 so that [ is identified. For the
model described here, A and (3 are jointly identiﬁedH which opens the door to simultaneously
estimating both rationality and the effect of subject-level covariates.

This paper makes several important contributions. First, it compares the implications of
the different approaches taken by Yi and Ramsay and Signorino to determine the difference
in their substantive interpretations: Yi’s approach corresponds to uncertainty about actions;
Ramsay and Signorino’s corresponds to uncertainty about payoffs. Next, it develops a com-
bined model which allows for inclusion of subject-level covariates and the estimation of .
Finally, it presents experimental evidence suggesting that these two sources of uncertainty
are observationally quite distinct in real data and, in the analyzed experiment, uncertainty
about payoffs better accounts for the behavior of real bargainers than uncertainty about

actions.

2 Problems with the Ultimatum Game

2.1 Ultimatums in Theory

Theoreically, the ultimatum game is simple. There are two players, a proposer and a respon-

der, and a “pie” () to be divided between them. The proposer offers a share s of the pie to

ZRamsay and Signoring (2005) derive results without assuming A = 1 but in the analysis assume A = 1,
an unnecessary restriction.



Figure 1: The Basic Ultimatum Game

Proposer Responder

() = pie to be divided

s = offer to responder

go to the responder. If the responder accepts the offer, then hGH receives the share s and the
proposer keeps @@ — s. If the responder rejects the offer, both players receive nothing. (See
Figure [Il)

What are the equilibria of this game? There are infinitely many Nash equilibria of the
form “The responder has a minimum amount that he will accept, the proposer offers that
amount, and the responder accepts.” However, none of these are credible except when that
minimum amount is zero; the only subgame-perfect Nash equilibrium is “The proposer offers
the minimum positive amount and the responder accepts.” Either way, subgame-perfection

yields two hypotheses.
Hypothesis (SPNE Offer). The proposer will minimize her offer.

Hypothesis (SPNE Response). The responder will accept any nonnegative offer.

2.2 Ultimatums in Practice

Experimentally, this has been tested many times in many different settings, cultures, and

other VariationsH Two things are clear from the experimental results: (1) The proposer

31 use female pronouns to refer to the proposer of ultimatums and male pronouns to refer to the responder.
4Roth (1995) provides a good summary of many of these. [Henrich, Boyd, Bowles, Camerer, Fehr, and Gintis
(2004) provide results from the ultimatum game run in fifteen different small societies around the world.
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Figure 2: The Ultimatum Game with Reservation Wages

o Q-—s
/ s
Accept
Proposer Responder
Reject
\. Rp = X[
Rr = Z~

() = pie to be divided
s = offer to responder
Rp, Rr = reservation wage for proposer, responder
X, Z = covariates for proposer, responder

0, = parameters for proposer, responder

almost never offers a minimal amount, and (2) the responder rejects about 15% of positive
offers. This coincides with what is observed outside the lab: “lowball” offers are “insulting,”
and likely to be rejected out of a sense of fairness or pride.

Clearly there is something wrong with the SPNE hypotheses. Considering some form
of repeated interaction or allowing non-credible threats by the responder would account for
superminimal offers. Unfortunately, experiments with one-shot ultimatums (no repetition),
strict anonymity and no communication (hence no threats) eliminate these as possible ex-
planations for the offers. Even when these might apply, neither provides much insight into

the surprisingly high rate of offer rejection.

2.3 Alternate Specifications
2.3.1 The Responder’s Reservation Wage Is Not Zero

A slight refinement of the game assumes that there are some fixed amounts each players
receives in case the offer is rejected. These reservation wages are denoted here Rp, Ry for

the proposer and responder, respectively. (See Figure [2)



Reservation wages provide a simple way of explaining the existence superminimal offers:
the proposer knows the responder’s reservation wage, and beats it my a minimal amount.
However, some problems remain. If we limit the model to having homogeneous reservation
wages, then we have no reason to observe heterogeneous offers. If we allow heterogeneous
reservation wages, we beg the question of the source of the heterogeneity: gender? culture?
Regardless, as long as reservation wages are known to the proposer, there is no reason to
observe rejections, so the model is still lacking.

Allowing for reservation wages is a step in the right direction. The model developed here

includes reservation wages.

2.3.2 Measurement/Regressor Error

Another possible specification of the model is to allow for researcher uncertainty about the
data: the size of the pie, the size of the offer, and each players’ reservation WageH This
has the appeal of being both plausible and commonly acknowledged in statistical settings.
However, assuming researcher uncertainty is not the same as assuming player uncertainty.
If the only uncertainty injected into the model is the uncertainty of the researcher, then
presumably the proposer knows well the responder’s reservation wage, so still we should see

no offers rejected.

2.4 Zero Likelihood

Some criticﬁ of game theory and rational actor models note that the predictions of such
a simple game diverge completely from experimental and observational data and conclude
that the assumptions of game theory are too unrealistic. Otherﬂ take a more measured

approach and suggest that the predictions can be brought into line with observation by

5We can also allow uncertainty about the data on whether offers were taken or rejected. The only way
this can account for rejections is if we assume that all rejections are data errors. This means that all offers
were, in fact, accepted, which is not credible.

8Green (2002, section 6B) provides a good summary of critiques of rational choice theory.

"For example, |Guth and Tietz (1990).



choosing alternate solution concepts. This later kind of thinking contributed to a focus on
equilibrium refinement ] Recently, less effort has been placed on refinements and more has
been placed on using substantive considerations to choose from among multiple equilibria,
but perhaps this is still heading the wrong direction. Instead of trying to reduce the number
of equilibria so that a point prediction can be identified, we suggest that increasing the
number of possible predicted outcomes to the set of all possible observed outcomes may be
more useful in building theories that are testable.

Signorino (2003, p. 318) differentiates between theoretical models, which are gamesH
and statistical models, which give “positive probability over all outcomes”. These two types
of models are not mutually exclusive, but a key problem with the way many theories are
empirically tested is that they are generally set up as theoretical models that are not statis-
tical models. Given players’ reservation wages, subgame-perfect Nash equilibrium predicts
with certainty one particular offer-response bundle, and no other outcomes are given any
positive probability. This leads to a “zero-likelihood” problem (Signorind, 1999) in which
any behavior not fitting the point prediction of the model yields a likelihood of zero, hence
the likelihood of observing that data given the model is zero. This prevents straightforward
analysis by maximume-likelihood or Bayesian methods.

Strategic statistical models resolve this by assuming some form of uncertainty (about
payoffs or actions) which leads to observing any possible outcome with positive likelihood.
This means that no matter what action is observed, a positive likelihood can be calculated,
facilitating direct statistical analysis.

Note that once a researcher adopts a model such as a strategic statistical model where all
possible actions are given positive likelihood, there is no way to “falsify” it. Some research

(Haile, Hortacsu, and Kosenok, 2006) has tested the assumptions of SSMs, but this does not

8Kreps and Wilson (1982); Banks and Sobel (1987); [Fudenberg and Tirold (1991) provide discussion of
the effort toward equilibrium refinement.

9Signorina (2003) writes that “from a choice-theoretic perspective, a theoretical model” is a game in the
sense that one need specify the players, decision nodes, options at each node, information sets, and incentives
over outcomes.



impeach SSMs as models. Models are assumed; hypotheses are tested and perhaps falsified
giwven a model. 1t is appropriate to think of this as analogous to linear regression. One may
question whether a linear model is appropriate for a given data set, but one can generally run
the regression. Even more important, if a linear model is not appropriate, then a restriction
of the linear model is similarly not appropriate. By analogy, there is a subgame-perfect Nash
equilibrium which is a restriction of a SSM so if no SSM is appropriate then comparative

statics derived from a subgame-perfect Nash equilibrium are not, either/!

3 Modeling Strategic Uncertainty

3.1 Quantal Response Equilibria and Strategic Statistical Models

A solution adopted by ISignoring and other to these problems is to consider a quantal
response equilibrium Substantively, this modeling approach relies on three assumptions.
First, before taking an action each player has uncertainty, either about her own and others’
payoffs for each outcome or about the actions that each player will choose in a game. Second,
large uncertainty (or errors) are less likely than small uncertainty. Third, players take into
account others’ uncertainty (or errors) when choosing their best responses. Together, these

yield a QRE whose exact structure depends on the assumed distribution of the errors. If one

assumes that these errors have a Type I Extreme Value distribution this leads one to the

10More specifically, a logit QRE parameterized by learning parameter A has a subgame-perfect Nash equi-
librium, the unique limiting logit QRE, obtained by restricting A to be arbitrarily large (100 is practically
sufficient.) This yields predicted behavior that is the same as predicted by a subgame-perfect Nash equilib-
rium.

1 Comparative statics on the limiting logit QRE (a subgame-perfect Nash equilibrium) are captured by the
associated SSM; if there are other subgame-perfect Nash equilibria, they might conceivably provide separate
insights.

12McKelvey and Palfrey (1995); |Anderson, Goeree, and Holtl (1998); [Yi (1999, 2005); [Levine and Palfrey
(2007)

13A recent exchange (Carrubba, Yuen, and Zorn, 20074; Signoring, [2007; |Carrubba, Yuen, and Zorn,
2007h) suggests that this approach may not be necessary, and the debate is ongoing. However, it has
not been suggested that QRE-based solutions give incorrect inferences, only that there might be easier ways
to reach the same inferences.

14There are some good theoretical properties to this assumption. For example,[Anderson, Goeree, and Holt
(2002, p. 23) note that this error structure implies that behavioral predictions (in the form of probabilities



Logit QRE (LQRE).

Problems of this type are called “quantal response” problems because they identify mutual
best responses when both players share a common uncertainty about the payoffs over a
discrete (finite or countable) set of actions (McFadden, [1976). The models considered here
generalize the informational uncertainty of a quantal response equilibrium to a game with a
one-dimensional compact continuous choice space for one of the players, yet the equilibria
retain much of the character of quantal response equilibria. When considering continuous
action spaces in games with this information structure, a more general term — strategic
statistical model — is more appropriate.

When used to model uncertainty over payoffs, strategic statistical models do not represent
a new or different solution concept. The behavior predicted is still a mutual best response,
still a Nash equilibrium, given the different information structure. The difference between
a QRE and an SPNE lies in the information structure of the game, not in the solution
concept. The QRE is the exactly the subgame-perfect Nash equilibrium (SPNE) for the
modified game. The term “strategic statistical model” clarifies this by emphasizing the
model over the solution concept. When used to model agent error, we are no longer looking
at a Nash equilibrium: players do not consistently choose best responses. However, agent
error strategic statistical models still capture imperfect strategic behavior and address the
zero-likelihood problem. Therefore, strategic statistical model is a useful umbrella term.

It is reasonable to ask why we do not use an already a commonly accepted solution
concept which addresses uncertainty in a strategic setting, the perfect Bayesian equilibrium.
This solution concept is not suitable here for both methodological and substantive reasons.
Methodologically, the perfect Bayesian equilibrium is a refinement of Nash equilibrium. As
discussed in Section [2.4] refinements reduce the number of possible equilibria, which means
the zero-likelihood problem still prevents statistical straightforward statistical analysis. Sub-

stantively, the source of uncertainty is not something about which the players can learn during

of particular actions) are unchanged by adding a constant to all payoffs.



the course of play. Given agent error, neither player knows with certainty what he or she will
do until the time comes to act; under uncertainty over payoffs the proposer has no chance
to learn about the responder’s private information and the responder doesn’t care about the
proposer’s private information. With no learning, there is no application of Bayes Theorem,
so the priors are the same as the posteriors, hence no reason to consider a perfect Bayesian

equilibrium.

3.2 Two Takes on Ultimatum Uncertainty

Yi (2005) and Ramsay and Signorinag (2005) both investigate SSM versions of the ultimatum
game. Both make stated and unstated assumptions which have significant effects on the
predictions of the models. We explore these assumptions to determine which can be merged
into a single model and which we must decide between.

The most obvious difference between the two is that Yi estimates A, the rationality or
learning parameter but Ramsay and Signorino instead estimate a vector (5 of parameters
which describes how a set X of covariates combine to form the reservation wage for each
player. SSMs generally take one of these two forms, estimating A in experimental settings
when the payoffs are known and assumed to be the same as utility, and estimating utility
as X[ in observational settings. One usually does not estimate A in observational settings
because a typical observational SSM replaces the entire utility with X3. Everywhere \
appears it is multiplied by the utility. This means that A and 3 are not jointly identiﬁed

Ramsay and Signorino take a slightly different path. They replace only part of each
player’s expected utility, the reservation wage, with a set of regressors X (. In this model,

A and [ are jointly identiﬁed The model described here leaves A as a parameter to be

15The rationality or learning parameter \ is inversely proportional to the standard deviation of the logis-
tically distributed uncertainty in the model. When A = 0, players appear to mix uniformly over all possible
actions; as A — oo, the observed behavior approaches that of a unique subgame-perfect Nash equilibrium
called the “limiting logit QRE”.

16To see this lack of joint identification, consider the expression AX 3. Replace A with 2\ and 8 with % 0.
The product is unchanged, so any likelihood would be identical for the same data.

1"Ramsay and Signorino derive this joint identification in the appendix, but in the body of the paper
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Figure 3: Comparison of the Predicted Distribution of Ultimatum Offers in Yi (Agent Error)
or Ramsay and Signorino (Uncertainty Over Payoffs) Models
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Notes: The distribution of offers under agent error is a continuous distribution on the
bounded interval. The distribution of offers under uncertainty over payoffs is a mixture
of a continuous distribution on the interval (proportional to the distribution under agent
error) with masses at both ends. Thus the probability of an offer on the boundary is zero
under agent error, but is positive under uncertainty over payoffs.

estimated, which allows us to make inferences about how players change their strategies over
multiple runs of the game.

A more careful inspection reveals that Yi and Ramsay and Signorino differ on the as-
sumed data-generating process. While Yi mentions that there may be some non-monetary
component to utility, he defines the likelihood function so that there is zero probability of
observing offers on the boundary of the feasible set. This implies that that uncertainty is
essentially about actions, the so-called “agent error” specification of SSM. Also unstated is
Yi’s assumption that there is no reservation wage: all positive offers from the proposer are
the result of (agent) error.

Ramsay and Signorino explicitly model a data-generating process assuming uncertainty
over payoffs. Both this and the assumption that each player has a real-valued reservation

wage are each sufficient to give the proposer an incentive to make offers outside the [0, Q]

range at least some of the time Observationally, this means that Ramsay and Signorino

assume that A = 1.
18For example, if the responder has a negative reservation wage then the proposer’s most-preferred offer s
can be negative, even though that is not a permitted offer.
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expect to see offers on the boundaries with positive probability. The distributions of offers in
(0, @) are proportional for the two models, but Ramsay and Signorino expect fewer offers in
the interior because of those expected on the boundaries. Figure[3lillustrates the relationship

between the distributions of expected offers.

3.3 Example of Substantive Difference between Agent Error and

Uncertainty Over Payoffs

An example may help in interpreting these competing sources of uncertainty. Suppose that
the Environmental Protection Agency is going to propose a new policy setting the maximum
level of some new pollutant that will be acceptable in drinking water. They know that
an industry watchdog organization is, perhaps imperfectly, monitoring their actions, and
that the industry prefers higher permissable levels. If the agency chooses a level that is
too high, the watchdog might call in favors to get Congress to hold hearings, even though
disrupting the regulatory process is costly (they can’t do this for every policy) and might lead
to more stringent regulation for this new pollutant. If there were no uncertainty, the agency
could always choose a level that avoided Congressional hearings; empirically, Congressional
hearings happen, so it is likely there is some form of uncertainty.

If the watchdog were not certain to notice this one new regulation on a new pollutant,
or if the watchdog might not know what a safe level for this pollutant is, then this would
manifest as uncertainty over the actions of the watchdog, hence an agent error specification.
If the agency were not sure exactly what level the watchdog would find barely acceptable, or
if the agency were not sure about how costs affect the watchdog’s decision, then this would

manifest as uncertainty over the payoffs.

12



3.4 A Combined Strategic Statistical Model

The only feature of these two models that cannot be combined into a single model is the
assumed source of uncertainty. Is the uncertainty about actions, per Yi, or about payoffs,
per Ramsay and Signorino? We form two versions of the combined model, one assuming
each type of uncertainty. Both can be estimated and the relative fit of the models compared.

For both models we assume that there is some reservation wage, possibly zero, for each
player. This reservation wage is estimated by X for the proposer and by Zv for the
responder, per Figure

The probability that the responder accepts an offer s is the same for both sources of

uncertainty, and is

B exp|As]
Pr (accepts) = exp[As] + exp|\ - Z7]

1
T 1+ exp\NZy—9)]
= A(A[s — Z7]) (1)

where A is the cumulative distribution function of the logistic distribution. Then the expected

payo | to the proposer by offering s is

Elupls] = (Q — s)Pr (accept|s) + Rp - Pr (reject|s)

=(Q =) - AA[s = 27) + X5 - (1 = A(A[s — Z7])) (2)

3.4.1 Combined Model with Agent Error

Suppose that the source of uncertainty is agent error. This means that the proposer chooses

an offer s € [0, Q)] where the probability of a given offer is proportional to an exponential of

19We are not assuming that payments are equal to utility as do many experimental designs. Rather, we
assume that utility is at most an affine, order-preserving transformation of payment plus some linear function
of covariates. Putting no coeflicient on the payment serves to identify (3, hence identify the relative weight
of payment and non-payment components of utility.
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the expected utility for that offer. This yields a distribution

fAE(S) _ SZZXp ()\E[UP|S]) (3)

/ exp (AE[up|s]) ds

=0

and a likelihood

Lap = H fap(s;) x Pr (accept\si)l(ai:accept) (1-"Pr (accept\si))I(ai:rejeCt) (4)
i—1

where [(z) is an indictor function (1 if x is true, 0 if x is false.)

3.4.2 Combined Model with Uncertainty Over Payoffs

Suppose that the uncertainty about the action of the proposer is based on uncertainty over
payoffs. Then the proposer ha a latent optimal offer s* € R. The observed offer s is s*
truncated to the feasible region [0, Q]. To identify s*, consider the first order condition for

the proposer’s expected utility in Equation (2)); this yields
* 1 *
$'=Q - XB—ep— (14 exp[A(s" — 27)]) (5)

where ep is the manifestation of the proposer’s payoff uncertainty and ‘logit’ is the density
of the logistic distribution. Substituting in the expressions for the logistic distribution and

density functions and solvin for s* yields

$= Q=X —ep— 3 (14 W(explA(Q = X5 = 77— ep) — 1) ©

where W is Lambert’s W function Note that s* is a function of €p which has a logistic

distribution with mean zero and scale parameter % Applying the method of transformations

20Ramsay and Signorino show that this latent optimal offer exists and is finite.

21This calculation parallels that by Ramsay and Signorino.

2ZLambert’s W gives solutions to certain exponential equations, and is defined implicitly: W(z) = w if
z = we"™. The first and second derivatives exist and are well-behaved, and it is monotonic on R .
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yields the density and cumulative distribution of s*:

_ Aexp [-A7H(sM)] - [1 + exp [A(s* — Z7)]]
(1 +exp [—)\h—l(s*)])2
_ ! (8)
1+ exp [-AR™1(s*)]

fs+(87)

Fs*(S*)
where h™!(s*) comes from solving Equation (B)) for ep, yielding

hi(s")=Q—XB — ;(1 + exp[A(s* — Z7)]) — s*

Truncating the offers to the feasible interval yields a predicted distribution

F4(0) 5=0
fop(s) = q fo(s) 0<s<@ (9)
]-_Fs*(Q) S:Q

and a likelihood
Lyp = H fup(s;) x Pr (accept|s;) =PV . (1 — Pr (accept|s;))"#=et) (10)
i=1

It is worth noting that the distribution of offers under agent error in Equation (3)) can be
expressed without the integral by using the closed-form expressions generated in the analysis

of the uncertainty over payoffs case:

j;*(5>

far) = F @ - R0 .

3.4.3 Distinguishing Agent Error and Uncertainty Over Payoffs

The two models are not nested, so we cannot use the likelihood ratio test. Perhaps the best

way to compare non-nested models is to calculate the Bayes factors. Bayesian statistical
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estimation of these models is beyond the scope of this project, so the next best thing is to
use one or more of the information criteria appropriate for maximum likelihood estimation.

We report the Bayesian information criterion (BIC).

4 Experimental Evidence

An original experiment was designed and run to determine which of the two potential sources
of uncertainty has more empirical support and to differentiate among substantive explana-
tions for rejection of offers by responders. This paper reports the results of the comparison
of the sources of uncertainty; a full analysis of the substantive results will be reported in sub-
sequent work. This data comes from eight sessions in September 2008 using college students

at a private midwestern university.

4.1 Why run an experiment?

Often, experiments give up external validity to gain internal validity. External validity is
not a concern in this study: we simply want to establish that, under conditions that are
reasonably close to natural, the difference between the two sources of uncertainty is large
enough to affect observable results. Internal validity, is essential. In trying to distinguish
between two types of uncertainty — over actions and over payoffs — we must have tight control

over the information environment of the subjects. This is impossible outside the laboratory

4.2 Design

The goal is to detect the difference between behavior assumed to be influenced by one of
two sources of uncertainty. Recall that the predicted distributions are proportional in the
interior of the pie, but differ in that uncertainty over payoffs suggests that there will be some
positive probability of observing a boundary offer. Figure [3 is suggestive, but the vertical

scale is greatly compressed: the numerator of Equation Bl is an exponential, so the tails of

16



Figure 4: Predicted Effect of Varying Minimum Offers in the Ultimatum Game

density

Agent error

Uncertain info

density

density

Notes: Based on data from an original experiment. n = 310 dyadic interactions, 62 subjects
playing the ultimatum game ten times each in pairs. Bar plots on the left give the probability
of a minimum offer (observed and predicted).

the densities are very thin. If the modal offer is in the middle of the pie, the probability
of observing a boundary offer is very close to zero, and the two distributions are almost
observationally equivalent.

Suppose that the proposer is required to offer at least some minimum permitted offer
just below the modal offer, as in the middle of Figure d. Under agent error, we are likely
to observe an offer above the minumum offer, but under uncertainty over payoffs were have
a good chance of observing a minimal offer. If the minimum permitted offer is too high, as

in the bottom of Figure 4 it becomes very likely under agent error that we will observe an
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offer very close to the minimum. In fact, given the focal nature of a minimum offer, we may
in practice observe a share of minimal offers under either of the two sources of uncertainty.

In previous experiments, offers tend to cluster around 30%-40% of the pie. To be sure of
finding a minimum permitted offer that induces observationally distinct behavior, we selected
minimum permitted offers at random uniformly from the bottom half of the pie.

The “pie” was set at 400 cents for each ultimatum game “round.” There were 62 subjects
in eight labratory sessions who each played 10 rounds with partners who were randomly
selected each round. Each of the ten rounds played by each subject involved a different
anonymous partner, a different minimum permitted offer, and an independent choice of role
as proposer or responder. This yielded 310 dyadic interactions which, for this analysis, were
pooled across sessions and rounds.

Both proposer and responder used an slider to make and evaluate offers. The slider was
unmarked except to show the minimum permitted offer, which was common knowledge for
the players. (See Figure[Bl) The proposer had one minute to make and offer; the responder
had one minute to accept or reject the offer; none of the subjects took the full minute in any

round.

4.3 Results

Two models were fit to the resulting data: the combined models under agent error (Sec-
tion B.4.1)) and uncertainty over payoffs (Section [3.4.2]). The responses are observationally
equivalent under the two models, so only the proposers’ offers were analyzed. For simplicity,
in the analysis presented here the offers were pooled across the ten rounds; estimating A, for
each round ¢ does not affect the results. No covariates are included in this analysis; their
inclusion does not affect the results. The parameters estimated were the rationality param-
eter )\, a constant reservation wage for the proposer (3, and a constant reservation wage for
the responder 7.

The observed offers are shown in Figure[6l The center plot shows the observed offers. The

18



Figure 5: z-Tree Slider Allowing Proposer to Make Offer

You are the proposer.
The part of the red bar to the left of the green line is the minimum share you can offer to the responder.
Move the black slider to divide the pie into shares to offer (on the left) and keep (on the right) then click the “Make offer" button.

If the responder accepts your offer, you will keep 400 cents less the amount of your offer.

- S e -

Minimum offer

Notes: The experiment was conducted using z-Tree software. Bar colors were randomized
each round.
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Figure 6: Observed and Fit Offers from an Experiment with Varying Minimum Permitted
Offers
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Notes: Based on data from an original experiment. n = 310 dyadic interactions, 62 subjects
playing the ultimatum game ten times each in pairs. The center plot shows the observed
offers. The left plot shows random draws from the predicted distribution of draws assuming
agent error and using estimated coefficients; the right plot is similarly constructed assuming
uncertainty over payoffs. The slanted line shows the minimum permitted offer.
left plot was generated by first fitting the combined model with agent error, then taking the
estimated coefficients (A, 3,7) and generating random draws from the predicted distribution.
The right plot is similarly constructed assuming uncertainty over payoffs. As expected, the
fit values for agent error in the left plot show essentially no boundary offers, and the fit value
for uncertainty over payoffs show noticable boundary offers.

The observed offers show noticable boundary offers, which suggests that uncertainty over

payoffs may be a better explanation than agent error. However, it is difficult to make a

definitive determination from these graphs.
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Table 1: Comparison of Models of Based on Observed Offers and Responses from an Ulti-
matum Experiment with Varying Minimum Permitted Offers

Model BIC Results
Agent error 438.2
Uncertainty over payoffs -266.1 Lower BIC = better fit

Notes: Based on data from an original experiment. n = 310 dyadic interactions, 62 subjects
playing the ultimatum game ten times each in pairs.

A comparison of the BICs (Table [Il) proves more telling. The BIC for the agent error
model is 438.2; the BIC for the uncertainty over payoffs model is -266.1, which strongly

suggests that the uncertainty over payoffs model fits the data better

5 Conclusion

Offers and responses in the ultimatum game do not follow the predictions of a model with
complete and certain information. Recent work suggests introducing either of two different
sources of uncertainty — about actions or payoffs — to solve the “zero-likelihood” problem
and permit direct statistical comparison of substantive explanations for these deviations.
Using a combined model and implementing each of these sources of uncertainty, we examine
original data from a laboratory experiment designed to differentiate between these sources
of uncertainty. The data speak clearly, suggesting that these two sources of uncertainty are
observationally quite distinct.

How might this manifest in an observational study? Returning to the example of Sec-
tion [3.3] if the results of an observational study about the Environmental Protection Agency
paralleled those of the experiment, we might conclude that the EPA has more uncertainty
about the costs and preferences of watchdog organizations and less uncertainty about the
ability of the watchdogs to observe the EPA and to identify their own preferred level of

regulation. Normatively, we might seek to minimize the time bureaucrats spend testify-

230ther specifications of the model were fit; the results consistently suggested that the imperfect informa-
tion specification fit far better than did agent error.
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ing before Congress. Understanding that (still hypothetically) the agency has uncertainty
about the costs and preferences of the watchdogs, we might remove statuatory or regulatory
communication barriers between the watchdogs and the agency.

Further work using this data will examine competing explanations for why proposers offer

“too much” and responders “mistakenly” reject positive offers.
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