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Abstract

This article aims to provide an introduction to empirical revealed pref-
erence (RP) and an overview of the current state of the field. We hope
to give a sense of how RP methods work and the types of questions
they can address and to assess the strengths and drawbacks of the ap-
proach. After briefly recapping the basics of RP theory, we review and
critically assess the literature in two main areas representing the prin-
cipal fields in which recent research has made significant advances:
broadening the scope of RPmethods and dealingwith empirical issues
related to bringing RP to the data. We conclude with a discussion of
some future directions.
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1. INTRODUCTION

Empirical revealed preference (RP) is a structural approach to the analysis and interpretation of
data bymeans of economic theory. Despite sharing the theory-driven focus, it is somewhat distinct
from traditional structural econometrics, and this distinction is a useful starting point for dis-
cussing empirical RP. The structural approach to econometrics is very familiar: It proceeds by
using economic theory to develop formal mathematical statements concerning causes and effects.
The causes (explanatory variables), which may be observed (x) or unobserved (h), and the effects
(endogenous variables, y) are linked by these theory-derived statements through structural
equations, y ¼ f(x, h, u), where u represents a set of unknown parameters or functions. Econo-
metricians always then append a statistical structure to the economicmodel to account for the fact
that the economic theory as expressed through the structural equations f does not perfectly explain
the data. This extra structure entails statistical assumptions regarding the joint distribution of
(x, h) and other unobservables (ɛ) introduced by the econometrician. When combined, these
economic and statistical assumptions deliver an empirical model that is capable of rationalizing
any set of observables. The art of structural modeling thus mainly lies in getting this statistical
aspect right, because the source and the properties of these econometric errors (ɛ) canhave a critical
impact on the estimation results. Unfortunately, this is far from straightforward, as economic
theories, which are by and large completely deterministic, generally have little to say about the
statistical model, and the data generally have little to say about unobservables.

Similar to structural econometrics, empirical RP begins from economic theory, but the de-
scriptionof the theory’s implications is entirely different from the y¼ f(x, h, u) type of framework.
Rather than describing the theory’s implications in terms of parameterized structural equations,
empirical RP uses systems of inequalities that depend neither on the form of structural functions
nor on unobservables. Statistical error terms and assumptions about the functional structure of the
economicmodelmaybe added if they are believed to be part of behavior (see Section 4), but it is not
an essential requirement of the approach. In a sense, empirical RP is concerned with what one can
learn simply by combining theory with the features of the world that can be observed.

The aim of this article is to provide an introduction to empirical RP and an overview of the
current state of the field.We hope to give a sense of how empirical RPmethods work and the types
of questions they can address and to assess the strengths and drawbacks of the approach.We begin
by briefly recapping the basics of RP theory—namely, Afriat’s theorem and how it can be used to
check data for consistency with the canonical utility maximization model and, granted this, to
make predictions and allow the recovery of features of the model. We then review and critically
assess the literature in twomain areas representing the principal fields in which current and recent
research has significantly advanced. These fields relate to efforts that have broadened the scope of
RP methods to allow the exploration of a richer variety of economic models and work that has
sought to address some empirical and statistical challenges involved in applyingRPmethods to the
data. As such,we demonstrate the versatility and attractiveness of empirical RPs, aswell as areas in
which further work is clearly needed. We conclude with a discussion of some future directions.

2. THE BASIC MODEL OF RATIONAL DEMAND

This section sets the stage for our discussion below by considering the basic RP tools for the most
simple case of utility maximization. Section 2.1 presents themost fundamental result on this topic,
Afriat’s theorem, and shows how it can be used to check whether a given data set with observed
consumption choices and prices is consistent with utility maximization. Subsequently, Section 2.2
focuses on recovering the underlying preferences and on forecasting behavior in new situations.
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2.1. Afriat’s Theorem

Weconsider a settingwithN goods and a finite data set S¼ {pt, qt}t2T consisting ofN-dimensional
price vectors pt 2RN

þþ and N-dimensional quantity vectors qt 2RN
þ . The set T ¼ {1, . . . , jTj} cor-

responds to the set of observations. A utility function u:RN
þ →R is well behaved if it is concave,

continuous, and strictly monotone. The following definition is standard.

Definition 1:Adata set {pt, qt}t2T is rationalizable by awell-behaved utility function u
if for all t 2 T,

qt 2 argmax uðqÞ s:t: ptq� ptqt.

In what follows, we present several ways to verify if a data set S is rationalizable. The
first one is the generalized axiom of revealed preference (GARP) introduced by Varian
(1982).1

Definition 2: A data set {pt, qt}t2T satisfies GARP if and only if we can construct
relationsR0 andR such that (a) for all t, s2T, ifptqt� ptqs, thenqt R0qs; (b) for all t, s,
u, . . . , r, v2T, if qt R0 qs, qs R0 qu, . . . , and qr R0 qv, then qt R qv; and (c) for all t, s2T,
if qt R qs, then psqs � psqt.

Condition (a) states that the quantities qt are directly revealed preferred over qs if qtwas chosen
when qs was equally attainable. Next, condition (b) imposes transitivity on the RP relation R.
Finally, condition (c) states that if a consumption bundle qt is revealed preferred to a consumption
bundle qs, then qs cannot be more expensive than qt.

Cherchye et al. (2011c) demonstrate that satisfyingGARP is equivalent to having a solution for
the integer programming (IP) problem IP-GARP.

Definition 3:Data {pt, qt}t2T satisfy IP-GARP if and only if there exist, for all s, t 2 T
binary variables xs,t2 {0, 1} such that (a) for all t, s2T, ptqt� ptqs< xt,sptqt; (b) for all
t, s, v 2 T, xt,s þ xs,v � xt,v; and (c) for all t, s 2 T, (xt,s�1)psqs � psqt � psqs.

When we interpret xt,s ¼ 1 as qt R0 qs, we easily observe the similarity between the condi-
tions in Definitions 2 and 3.

The following theorem extends the well-known theorem introduced by Afriat (1967) and
Varian (1982) by adding IP-GARP to it.

Theorem 1: Let S ¼ {pt, qt}t2T be a set of observations. Then the following state-
ments are equivalent. (a) There exists a nonsatiated utility function that ratio-
nalizes S. (b) There exists a well-behaved utility function that rationalizes S. (c)
S satisfies GARP. (d) For all t 2 T, there exist Ut 2 Rþ and lt 2 Rþþ such that for
all t, s 2 T,

Ut �Us � lsðpsqt � psqsÞ.

(e) S satisfies IP-GARP.

1In the literature, there are several RP axioms. Samuelson (1938, 1948) introduced the weak axiom of revealed preference
(WARP). This axiom does not take the transitivity of preferences into account. Therefore, Houthakker (1950) introduced the
strong axiom of revealed preference (SARP). SARP does not allow for indifference curves with flat parts, which is taken into
account by GARP. The above axioms ignore the differentiability of the underlying utility function. To take this consideration
into account, Chiappori & Rochet (1987) introduced strong SARP. In this article, we abstract from all these different RP
axioms, and we restrict our attention to GARP.
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The equivalence between the first two statements indicates that if the data are rationalizable by
any utility function, then they are also rationalizable by a well-behaved utility function. Inter alia,
this implies that concavity does not have testable implications. Statements (c)–(e) present three
alternative ways to verify whether the data are rationalizable.

The first method is a combinatorial one and was originally suggested by Varian (1982). The
method consists of three steps, which comply with the three conditions in Definition 2 of GARP.
The first step constructs the relationR0 from the data set S¼ {pt, qt}t2T. In particular, one obtains
qt R0 qs if and only if ptqt � ptqs. The second step computes the transitive closure of R0 (i.e., the
relation R). Varian (1982) suggests using Warshall’s (1962) algorithm, which is an efficient al-
gorithm for computing transitive closures. The third step verifies ptqt � ptqs whenever qs R qt . If
this is the case, the data set satisfies GARP and is therefore rationalizable.

The second method verifies the rationalizability conditions by testing the feasibility of the
corresponding Afriat inequalities. These inequalities are linear in the unknownsUt and lt, which
implies that their feasibility can be verified using simple linear programming methods. We refer
readers to Afriat (1967) and Diewert (1973) for discussions of this method. An advantage of this
method is that it provides not only an efficient way to verify the rationalizability conditions, but
also, via the computed values of Ut and lt, an estimate for the associated utility levels.

Finally, the third method verifies the rationalizability conditions via the conditions in Defini-
tion 3. These conditions are linear in the unknown binary variables xs,t. Therefore, feasibility can
be verified by standard IPmethods (e.g., branch and bound, cutting plane). Compared to the other
methods, it is very inefficient and is not recommended for applied work for the basic model
developed in this section. However, in contrast to the other two methods, the IP method is quite
useful when studying RP characterizations of more complex alternative models (see Section 3).

2.2. Recoverability and Forecasting

Recoverability aims at identifying the underlying preferences of the behavioral model under study.
In parametric studies, this is mostly equivalent to uniquely identifying the structural model
parameters of the (in)direct utility function (representing the preferences). However, such an
exercise is not feasible on the basis of RP theory because there are usually many types of prefer-
ences that rationalize data. So the recoverability question we have in mind focuses on identifying
the set of preferences (or set of utility functions representing the preferences) that are consistent
with a given data set.

The recoverability question basically aims at constructing inner and outer bounds for the indif-
ference curves passing through an arbitrary, not necessarily observed, quantity bundle. This construc-
tion is primarily based on restrictions on behavior imposed by GARP. Let us illustrate the approach
by means of Figure 1; the interested reader is referred to Varian (1982, 2006) for more details.

The figure shows a simple data set with only one observation, q1, and one unobserved bundle,
q, for which we want to do recovery. The relative prices are represented by the slope of the
budget line through q1. As shown by Varian (1982), the set RP(q) represents the set of all bundles
that are revealed preferred to q, and the setRW(q) contains all the bundles that are revealed worse
to q. These sets are independent of the prices associated with q. As such, the boundaries of these
two sets form the inner and outer bounds for all indifference curves passing through q, which are
consistent with the observed choices and the preferences revealed by those choices.

It is clear from our example that the inner and outer bounds are not necessarily close to
each other. Thismay serve as an illustration of the critique that anRP approach does not have bite:
In this particular case, indifference curves can be very different from each other and still be con-
sistent with observed behavior. However, the inner and outer bounds may be much closer
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together if more observations are available and indeed are uniquely determined as the price-
quantity data become completely dense. Moreover, recent research by Blundell et al. (2003,
2008) shows that one can dramatically tighten these bounds by combining RP theory and the
nonparametric estimation of Engel curves (see also our discussion in Section 4).

Characterizing indifference curves is not the only thing we can do on the basis of RP theory.
We can also make predictions of consumer behavior in new situations, that is, situations in which
the consumer is faced with a new budget set. Figure 2 shows a data set with two observations.
Suppose now that the consumer is faced with a new budget line, indicated by the dashed line.
All bundles that exhaust this budget clearly are within the reach of the consumer. However, not all
these bundles are consistent with GARP. Actually, only the bundles on the blue line segment are
consistent with GARP. The other bundles on the dashed line generate inconsistencies with ra-
tionality in the sense that they are not cost minimizing with respect to their revealed preferred set.
Once again, the set of possible rational outcomes (weakly) clearly shrinks if more observations
are available.

3. ALTERNATIVE MODELS OF RATIONAL DEMAND

One of themain focuses of recent research has been the development of RP characterizations of an
increasing variety of economic models. Chambers et al. (2014) show that in principle there exists
a set of RP-type conditions for any optimizing model that can be expressed as a series of universal
statements. Thus, many models of interest to economists can be given an RP characterization. In
this section, we do not aim at formally stating all the RP results available in the literature. Instead,
we review some of the more fundamental results to provide a good starting point and orientation
for the interested reader. This overview is structured around three topics. Section 3.1 focuses on
special functional form restrictions that are frequently used to add somemore structure to the basic
model of rational demand. Section 3.2 discusses extensions of the basic model by relaxing some of
the underlying assumptions. Finally, Section 3.3 deals with multiperson behavior.

G
oo

d 
2

Good 1

RP(q)

RW(q)

q1

q

Figure 1

Recovery of the indifference curve. The setRP(q) represents the set of all bundles that are revealed preferred to
the unobserved bundle, q, and the set RW(q) contains all the bundles that are revealed worse to q.
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3.1. Investigating Functional Forms

In the basicmodel of rational demanddiscussed above,weare considering any typeof (well-behaved)
utility function. In otherwords, consistencywithGARP, for instance, implies that there exists at least
one utility function that allows a description of the data in terms of the behavioral model. However,
in general, the class of utility functions is often restricted to simplify the (empirical) analysis.

RP theory allows researchers to investigate these extra assumptions. That is, if the data satisfy
GARP, for instance, but not the RP characterization corresponding to the specific class of utility
functions, thenwe can conclude that the problem is not the rationality of preferences per se, but is
rather the further restriction on the form of preferences. The results discussed below allow for
such tests.

3.1.1. Homotheticity. A utility function is homothetic if it is the positive monotonic transformation
of a function that is homogeneous of degree one. This class of functions includes well-known types of
utility functions, such as Cobb-Douglas utility functions and constant elasticity of substitution
utility functions.Working with this class of utility functions implies, for instance, that Engel curves
are straight lines through the origin, meaning that it is straightforward to model income effects for
given prices, which in turn is convenient for extrapolating demand behavior.

Based onAfriat (1972) and Diewert (1973), Varian (1983) presents an Afriat-type theorem for
characterizing rational demand in terms of homothetic utility functions. Essentially, his char-
acterization combines theAfriat inequalities presented inTheorem1—we still require that the data
are rationalizable—with the extra assumption of a constant income effect for given prices. This
results in a system of linear inequalities that the data need to satisfy to be rationalizable by
a homothetic utility function. More precisely, Varian (1983) shows that a solution for the Afriat
inequalities should exist forwhich lt equalsUt. He also provides a combinatorial reformulation of
this system,which he labeledHARP (homothetic axiomof revealed preference), and he shows that
the well-behavedness of the utility function is again not testable.

G
oo

d 
2

Good 1

Figure 2

Forecasting new quantity bundles. The blue line segment represents the bundles that are consistent with
GARP, and the dashed line represents a new budget set for the consumer. The red circles represent two chosen
quantity bundles.
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Cherchye et al. (2013a) extend this discussion to the class of quasi-homothetic utility functions.
That is, the corresponding Engel curves are straight lines but not through the origin. Remarkably,
these authors show that, in the absence of proportional prices, RP characterization boils down to
GARP. In other words, assuming quasi-homotheticity is not restrictive at all.

3.1.2. Separability. Separability implies that the goods can be divided into groups and that
for each group, there is a subutility function capturing the preferences for those goods,
which is independent of the consumption of goods outside of that group. In addition, there is
a macro utility function that aggregates the preferences over the groups. If this macro func-
tion can be any well-behaved utility function, then we are assuming weak separability. If
this macro function is additive in terms of the subutility functions, then we are considering
additive separability. Finally, latent separability means that goods can be part of several
groups.

Separability is a very strong but useful assumption in applied work. For example, it allows
researchers to focus on individual markets for related goods, and combined with (quasi-)
homotheticity, it also implies two-stage budgeting, which simplifies the analysis of consumer
behavior.

Varian (1983) presents the RP characterizations of both weak and additive separability (see
alsoAfriat 1969 andDiewert&Parkan1985 for related results). Crawford (2004) provides theRP
characterization of latent separability. These characterizations state that we need two types of
utility functions. First, for every group, we need a subutility function capturing the preferences for
these goods. As such, the observed data for each group need to satisfy the RP conditions discussed
in Section 2. Second, we also need a macro utility function aggregating the preferences over the
groups. Again this reduces down to the usual RP conditions, but this time in terms of unobservable
information (i.e., the unobserved utility levels andmarginal utilities of income that solve the Afriat
inequalities for each group).

All this implies that the data need to satisfy a system of nonlinear inequalities, which is not
attractive from an empirical point of view. The only exception involves the RP conditions of
additive separability, as in that case the marginal utility of income is assumed to be constant. This
implies that themacro utility function is simply the sum of the subutility functions, and as such, we
do not need extra conditions to reconstruct this function (i.e., the RP conditions in terms of un-
observable information are redundant). This nontestability of the characterization of weak sep-
arability led to several papers focusing on either necessary or (separate) sufficient conditions for
testingweak separability (see, e.g., Swofford&Whitney 1987, 1988, 1994; Barnett &Choi 1989;
Fleissig &Whitney 2003, 2007, 2008). Finally, in a recent working paper, Cherchye et al. (2012)
present an IP formulation for the setting with two subgroups. Attractively, this makes the RP test
easy to apply for this special case of weak separability.

3.1.3. (Generalized) quasi-linear utility functions. A final class of often-used utility functions
involves (generalized) quasi-linear utility functions. These are utility functions that are linear in at
least one good, usually called the numéraire. This has strong implications (e.g., the absence of
income effects for all but a single good, risk neutrality) that simplify the empirical analysis
substantially. Generalized quasi-linear utility functions slightly relax the linearity assumption by
allowing that the numéraire is multiplied by a function defined in terms of a subset of goods, say
X. Bergstrom & Cornes (1981, 1983) and Bergstrom (1989) show that this type of preference is
equivalent to assuming that utility is transferable among consumers, as long as the subset of goods
X are public goods to all these consumers. Transferable utility in turn is a popular assumption in
matching models to define the stability of the matchings.
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Brown&Calsamiglia (2007) present anAfriat-type theorem for quasi-linear utility functions
that essentially adds to Theorem 1 that the marginal utility of income should be constant
(i.e., lt ¼ l for all t 2 T). Cherchye et al. (2014) extend their results toward generalized quasi-
linear utility functions. In both cases, the tests are easy to apply, although in the latter case, it is
via IP (which can be time-consuming).

3.2. Investigating Richer Models

In the previous subsection, we focus on extra functional assumptions that restrict the class of utility
functions to simplify the (empirical) analysis. In this subsection,we take a different stance by relaxing
the assumptions underlying the basic rationality model. That is, until now, we had a consumer in
mind who does not take intertemporal issues into account, who faces linear budget sets, and who is
consuming a set of nondiscrete goods. Below we review some seminal contributions that focus on
relaxing these assumptions to obtain a more realistic model. Importantly, all the results we present
are fairly easy to apply, which again makes RP theory more attractive in applied work.

3.2.1. Intertemporal behavior. The model studied in Section 2 does not consider the problem of
intertemporal allocations. Implicitly, while taking a decision in some observation t, the consumer
does not take decisions from the past or for the future into account. There are, of course, many
reasons to argue that this is a naive assumption. But at the same time, these dynamic or inter-
temporal models are also much more complicated. Indeed, as the future is uncertain, one should
ideally also study risk attitudes or work with expected utility. Readers are referred to Varian
(1988) for RP results related to risk aversion and Green & Osband (1991) for an RP analysis
focusing on expected utility.

The following papers abstract from this uncertainty to derive some benchmark results.
Browning (1989)was the first to present anRP characterization of a life-cyclemodel. In thismodel,
the consumer decides at the beginning of his or her total life consumption plan to smooth con-
sumptionover all the periods,whichobviously takes future decisions into account. This smoothing
implies that the marginal utility of income should be constant over the whole time horizon.
Moreover, Browning assumes that the decisions for some period are not influenced by con-
sumption in other periods. Given all this, the RP conditions are equivalent to the linear system of
Afriat inequalities discussed in Theorem 1, but this time using discounted prices and, crucially,
a constant marginal utility of income. That is, as in the case of quasi-linear utility functions, we
need lt ¼ l for all t 2 T. As a bibliographical note, we mention that Browning (1989) does not
present this precise set of linear inequalities but rather presents an alternative form; readers are
referred to Adams et al. (2012) for more discussion on how to derive the linear inequalities.
Additionally, it is worth mentioning that Browning (1989) does not (explicitly) include time
discounting. This has been added by subsequent authors but at the cost of making the inequalities
nonlinear in unknowns—the discount rate interacts with the Afriat numbers. This makes the
resulting test much less computationally convenient as it is necessary to grid search over the
discount rate, investigating the conditionally linear inequalities at each node. Finally, Crawford
(2010) and Demuynck & Verriest (2013) extend Browning’s (1989) model by providing the RP
conditions for models that allow habit formation or addiction (i.e., consumption in some period
depends on consumption in other periods).

3.2.2. Nonlinear budget sets. The results stated in Afriat’s theorem crucially depend on the
linearity of the budget set. To testGARP, one should check the cost-minimization condition, and
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this condition can easily be operationalized owing to the linearity of the budget set. This is also
clear from the equivalent linear program stated in condition (d). Another important implication
of linear budget sets is that concavity does not have testable implications, essentially because
choices in regions of nonconvexity could never be observed (see Forges&Minelli 2009 formore
discussion).

Moreover, there is also an empirical motivation to consider nonlinear budget sets. Indeed,
because of tax systems, most labor supply applications of RP theory have to deal with nonlinear
budget sets. Or richer intertemporal models that try to incorporate the imperfect workings of fi-
nancial markets can also lead to nonlinear budget sets.

Matzkin (1991) presents the first RP results in the setting of nonlinear budget sets and
concave utility functions. Her results are extended by Forges &Minelli (2009), who drop the
concavity of the utility function. As mentioned above, this allows them to show that concavity
has testable implications. Finally, Cherchye et al. (2013c) combine the two previous papers by
deriving the RP characterizations for very general budget sets and concave utility functions.
These authors also provide linear programming formulations of their results, which makes
these results attractive for applied work. Essentially, all these papers present Afriat-type
theorems in which the linear budgets are replaced by a convenient representation of the
nonlinear budget sets.

3.2.3. Discrete goods and characteristics. The results presented by Blow et al. (2008) and
Polisson & Quah (2013) allow researchers to relax the assumptions related to the consumed
goods. Blow et al. (2008) focus on the setting in which consumers are interested in the charac-
teristics of the goods (and not in the goods themselves). Polisson&Quah (2013) dealwith a setting
in which goods can be discrete in nature. Both assumptions are crucial for the realistic nature of
empirical applications, but they also make the (theoretical) analysis more complex.

Indeed, models of preferences over characteristics instead of preferences over goods imply that
the empirical analyst no longer directly observes the willingness to pay. That is, the price paid for
the good needs to be decomposed into prices that the consumers are willing to pay for the char-
acteristics. As such, in the RP conditions discussed in Section 2, we should replace the market
prices pt by unobserved shadow prices. Next, if goods are discrete in nature, then this implies that
the (nonsatiated) consumers can no longer exhaust their budgets. As such, one needs to deal with
the possibility that some of the budget is left over—but the extent of this is not usually known.

3.3. Investigating Multiperson Behavior

The above two subsections focus on alternative versions of our basic model. However, in the end,
all these models still have the consumer maximizing some utility function subject to a budget
constraint. In this subsection, we go one step further by presenting RP results for multiperson
behavior. This is important because empirical applications of RP theory are generally applied to
household consumption data. There is a lot of empirical evidence that such applications should
take into account the existence of multiple decision makers in multimember households (see, e.g.,
Vermeulen 2005 for an overview and Cherchye & Vermeulen 2008 and Cherchye et al. 2009 for
evidence based on RP tests).

Models of multiperson behavior therefore use a different starting point. Instead of assuming
that there is a utility function representing the preferences of the group (or household), these
models take into account that each individual has his or her own utility function and that indi-
viduals enter into a decision process with the other individuals for deciding how to spend the
common budget. The outcome of this decision process should not necessarily lead to a transitive
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preference ordering. That is, there does not need to be a macro utility function that aggregates the
individual preferences.

We start by reviewing the classical answer to these types of questions, namely general equi-
librium theory and aggregation. These models take a societal viewpoint. Subsequently, we discuss
the recent RP literature on householdmodels. Although our discussion below is formally related to
our discussion of separability, we argue that the absence of the macro utility function results in
quite different RP characterizations.

3.3.1. Modeling society. TheRP analysis ofmultiperson behavior beganwith Brown&Matzkin
(1996), who focus on a simple exchange equilibrium in which market prices, individual incomes,
and aggregate endowments are observed. To obtain testable implications for this setup, these
authors derive the conditions that guarantee that the observed data lie on the so-called equilibrium
manifold. That is, they show that individual rationality andmarket clearing restrict the response of
endogenous aggregate variables to perturbations on individual endowments, which in turn allows
them to state their Afriat inequalities for this setting.More precisely, Brown&Matzkin show that
the (observed) aggregate endowments should be decomposed into (unobserved) individual
quantity bundles that exhaust the (observed) individual incomes at (observed) market prices.
Given individual rationality, the individual quantity bundles and the market prices should then
satisfy the RP conditions discussed in Section 2.

Unfortunately, the system of Afriat inequalities is nonlinear in nature owing to the unob-
servedness of the individual quantity bundles. To obtain RP conditions that are empirically at-
tractive, Brown&Matzkin (1996) subsequently apply the Tarski-Seidenberg algorithm to obtain
testable implications for a data set with two observations. All in all, this is a quite surprising result
that contrasts with the conclusions obtained by Sonnenschein,Mantel, andDebreu, who basically
state that general equilibrium models do not generate testable implications, and it has generated
a lot of follow-up research (see Carvajal et al. 2004 for a survey and Cherchye et al. 2011c for
a recent contribution).

Another question related tomodeling the society is the aggregation problem. That is, does there
exist a social welfare function representing the preferences of the society, and if so, what is its
relation to the preferences of the individuals in that society? As discussed by Varian (1984), the
answer to the first question is equivalent to requiring that the aggregate data (i.e., the sum of the
individual demands and the common price) satisfy GARP. However, this social welfare function
cannot be used to make normative conclusions, simply because there is no relation to the indi-
viduals in the society. We refer readers to Cherchye et al. (2013a) for RP characterizations that do
allow for aggregating the preferences of the individuals in the society. Because of the need for
a macro utility function, this problem is formally related to our discussion of separability and its
corresponding empirical issues.

3.3.2. Modeling household behavior. As discussed above, to model household consumption
decisions, one should take into account the individual preferences of the household members and
the decision process. There is awide variety of possibilities formodeling this decision process, with
the so-called collective model the most popular one (see Chiappori 1988 for a seminal contri-
bution, which also contains some RP theory). Collective models assume that individuals are
rational and allow for any kind of decision process, as long as the outcome is Pareto efficient. This
implies that there does not necessarily need to be a macro utility function that aggregates the
individual preferences, which distinguishes this model from the separability ones.

Cherchye et al. (2007, 2010, 2011a) present the RP characterizations of collective models. The
difference between these characterizations depends on the natureof the goods in the analysis.More
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precisely, goods can be consumed privately by one of the household members, publicly by all
householdmembers, or even both. For instance, a car can be used privately by the husband to drive
to work on weekdays and publicly by the household on the weekend to go on a family trip.

In all the RP characterizations, the starting point is that in almost all expenditure surveys, there
are price-quantity data available only at the household level, and not at the level of each individual
household member. Similar to the exchange equilibrium model discussed above, the RP charac-
terizations therefore consist of several steps. First, we need to construct individual-specific (un-
observed) quantity bundles that add up to the (observed) household quantity bundle. Second, to
capture the (partly) public nature of the quantities, we also need to construct individual (un-
observed) shadow prices that add up to the (observed) market price. Finally, given individual
rationality, the individual shadow prices and the individual quantity bundles for each household
member should satisfy RP conditions, such as the ones discussed in Section 2. As before, the RP
conditions are not directly empirically useful, as they are defined in terms of unobservables. To
dealwith this problem,Cherchye et al. (2008, 2011a) develop IP formulations similar to IP-GARP
that can easily be applied. That is, the conditions are linear in the unknowns, but some of the
unknowns are binary variables.

As a final remark, we note that there are also RP characterizations available for alternative
forms of modeling the household decision process. First, one could replace the Pareto efficiency
assumption by the assumption that the outcome of the decision process should be a Nash equi-
librium. Such a model again puts minimal structure on the decision process, but it also takes into
account that individuals can behave strategically (see Cherchye et al. 2011b for a more in-depth
discussion and for the corresponding RP characterization). Second, one could put more
structure on the decision process by assuming that the households take decisions according to
some specific bargaining protocol. The RP theory of some of the most popular bargaining
models, such as Nash bargaining, is presented by Cherchye et al. (2013b), Carvajal &González
(2014), and Chambers & Echenique (2014).

4. BRINGING REVEALED PREFERENCE THEORY TO THE DATA

As discussed above, there has been a significant broadening of the scope of RP methods since the
foundational work by Samuelson (1938, 1948), Houthakker (1950), and Afriat (1967). The
practical empirical application of RPmethods has arguably lagged somewhat. Thismay be a result
of the relative unfamiliarity ofRPmethods and the fact that empiricalRPoften requires researchers
to address and find practical solutions to some difficult combinatorial problems. Moreover,
empirical RP work with sample data presents a number of important challenges. Consider, for
example, the question of a straightforwardGARP test. To begin, there is thematter of interpreting
the test’s outcome for a single economic agent—what should we make of it if the subject passes/
fails?That problem ismademore difficult (and indeed the test itselfmaybehard to conduct) if there
are problems with the data, such as measurement error or missing data. When we have data on
a number of different individuals, the question of the pattern and nature of preference hetero-
geneity arises. Finally, there is the problemof going beyond the data at hand andmaking inferences
about some population of interest. In the following subsections, we discuss these issues in the
context of the basic model of rational demand.

4.1. Interpreting RP Tests

Consider the {pt, qt}t2T data for a single individual and suppose that everything is measured
perfectly. Whether this individual’s behavior is rationalizable by the theory is completely
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deterministic: If the data satisfy GARP, then they are consistent with utility maximization;
otherwise, they are not. Despite this disarming simplicity, it can still be hard to knowwhat tomake
of the result.

4.1.1. Sensitivity for detecting alternative behavior. For example, suppose that utility maximi-
zation was not the data-generating process (DGP). Will the RP conditions be sensitive enough to
detect it? In statistical hypothesis testing, this question concerns the power of the test of a prob-
abilistic model against a probabilistic alternative. In RP tests in this kind of nonstochastic envi-
ronment, the statistical notion of power is not strictly relevant, yet there is clearly a need to
consider the same sort of question, andmany of the same considerations apply. In particular, as is
the case with statistical power calculations, the answer will depend on the alternative DGP con-
sidered: The RP test might be quite successful at detecting violations of GARP under some al-
ternative DGPs but may be less successful given others. The difficulty is that there are many
alternatives to rational choice models but no obvious benchmark.

One important, nonrational alternative considered by Becker (1962) is a probabilistic DGP:
uniform random choice on the budget constraint. Bronars (1987) applies this in an RP context by
calculating the probability of observing a violation of GARP with this DGP operating on the
observed constraints. Bronars’s approach remains the most popular method, but more recent
contributions (notably Andreoni et al. 2013) consider more data-driven alternatives to uniform
random choice, while sticking with the idea of a probabilistic alternative DGP. They suggest
drawing from the empirical distribution of observed choices to allow for a more realistic alter-
native.Work on this topic is ongoing, but the leading approaches, which use probabilitymodels to
frame alternative choice models, are principally variations on Bronars’s method.

4.1.2. Economically significant rejections of rationality. A different approach is to try to avoid
the problem of having to specify the alternative DGP and, instead of asking whether the outcome
of an empirical RP test represents a statistically significant departure fromaprobabilistic DGP, ask
whether the results of the test represent an economically significant departure from rational
choice. The key to this approach is to see that when a consumer violates RP conditions, this
consumer appears to waste money by buying a consumption bundle when a cheaper bundle is
available and also revealed preferred to it. The cost-efficiency measure suggested by Afriat (1973)
is the smallest amount of this wastage (as a fraction of the overall budget) consistent with the given
demanddata. This index provides a simplewayofmeasuring the size of aGARPviolation anddoes
so in units that are easy to understand and interpret economically. Andreoni et al. (2013) propose
the converse of the Afriat cost-efficiency index as a way of interpreting GARP successes: Given
a data set in which no RP violations are detected, the Afriat power indexmeasures the amount the
consumer’s budget would have to be adjusted to induce a violation. If the required adjustment is
small, then the test is considered to be sensitive; if it is high, then the test is not sensitive.

A related approach builds on the ideas of de Finetti (1992 [1937]) concerning Dutch books or
moneypumps.The idea is that individualswhoviolateRP conditions have preferences that contain
cycles, which means that they are open to being exploited as a money pump by an unscrupulous
trader who simply buys goods from them at a price they are willing to accept and then sells
the goods back to them again at a (higher) price they are willing to pay. Given an RP cycle of
length J with qjR

0qj�1, the intransitivity means that the consumer would also prefer qj�1 to qj,
sopjqj�pjqj�1 canbe extracted at eachpoint in the cycle and

PJ
j¼1pjqj � pjqj�1 in total. Echenique

et al. (2011) suggest the money pump (expressed as a proportion of the consumer’s total ex-
penditure) as an aid to interpretationwhenGARP fails: themoremoney that can be extracted from
an individual in this manner, the worse the violation of RP theory. These authors also show how
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to address the considerable combinatorial/computational challenges involved in calculating the
money pump index, as the number of potential cycles that need to be investigated can be huge, even
when the data set itself is not large.

4.1.3. Trade-off between sensitivity and pass rate. A last alternative approach, which Beatty &
Crawford (2011) apply to RP tests, comes from the literature on experimental game theory and is
due to Selten&Krischker (1982) and Selten (1991). The key insight is that in their RP guise, shorn
of special functional form assumptions, economic models generally generate restrictions in the
form of well-defined sets of choices that are consistent with the model of interest. In the context of
models that predict sets, it is useful to consider the feasible outcome space (e.g., P) and the model’s
prediction as the subset (S ⊆ P). It is then important to acknowledge the relative size of the
predicted/theoretically consistent subset. The essential idea is that if the set of observations ex-
plainable by the model (S) is very large relative to the set of behaviors that the consumer could
possibly display (P), then simply noting that many observed choices lie in S is not a demanding
requirement—the observed choices could hardly have done otherwise, and the test is therefore not
very sensitive. This means that fit alone (the proportion of the sample that passes the relevant test)
is not a sufficient basis for assessing the outcome of an RP test. A better approach would be to
consider the trade-off between the pass rate and somemeasure of the test’s sensitivity. Let a denote
the size of the theory-consistent subset relative to the outcome space for the model of interest. The
relative area of the empty set is zero, and the relative area of all outcomes is one, so a2 [0, 1]. Now
suppose that we have some choice/outcome data. Let r denote the pass rate; this is simply the
proportion of the data that satisfies the restrictions of themodel of interest. Selten (1991) provides
an axiomatic argument that the trade-off between the ability to fit the data and the restrictiveness
of the theory should be the difference measure: r � a. Other axiomatizations would produce
different forms for the measure of the outcome of an RP test, but the basic idea that the measure
should combine both the pass rate and some measure of sensitivity remains an important and
promising area for further work.

4.1.4. Bayes’ theorem. Returning to the question with which we started, in the light of the fore-
going discussion,what arewe tomake of the fact that the {pt, qt}t2T data for a single individual satisfy
GARP, for example? How justified might we be in thinking that this individual is, heuristically at
any rate, really a utility maximizer? Clearly our assessment of this depends on many of the issues
discussed above: If the number of observations is small, or if we suspect that the ability of the GARP
condition to detect nonrational behavior is weak, then the evidence is probablyweak, andwemay be
unwilling to conclude simply that this personmust be a utilitymaximizer because he or she has passed
GARP. Bayes’ theorem is, as usual, a useful framework for thinking about this issue.

We are interested in whether the individual is a utility maximizer (denotedU), given that the data
satisfyGARP (denotedG). Retaining our assumption of no optimizing ormeasurement error,we have

PðUjGÞ ¼ PðUÞ
PðUÞ þ PðGj:UÞ½1� PðUÞ�,

whereP(U) is the prior. The key term isP(Gj:U), the probability of passingGARP if the individual
is not a utilitymaximizer. If theGARP test is not able to detect nonrational behavior verywell, then
P(Gj:U) is close to one, and P(UjG) → P(U), which means that the evidence of the successful
GARP test should do little to shift our prior beliefs. If, however, theGARP test is very sensitive and
P(Gj:U) is close to zero, then P(UjG) → 1, and consequently the GARP test gives us rational
grounds to become very confident that the individual is in fact a utility maximizer. The term
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P(Gj:U) is therefore centrally important. As discussed above, its value depends on the alterna-
tive DGP. Bronars’s approach, or a variation on it along the lines of Andreoni et al. (2013), would
seem to be the natural way to calculate P(Gj:U) in practice. Combining their approaches with a
Bayesian perspective on the question of interest therefore seems a sensible way to make progress.

4.2. Missing Data

Suppose now that the data are less than perfect. In particular, consider the case of missing data. It
would seem that missing data are fatal to the empirical implementation of RP methods. In some
cases, this is true, but in others, progress can still bemade.With a full set of observations, anRP test
askswhether there exists awell-behaved utility function that rationalizes these data.When someof
the data are missing, we can ask a slightly different question: Are there feasible values for the
missing observations such that there exists a well-behaved utility function? In some cases, the
answer may always be yes, implying that the utility maximization hypothesis cannot be falsified,
and the test collapses. One such situation occurswhen all the price or quantity data for a particular
goodaremissing; in this situation,Varian (1988) shows that it is not possible to test RP conditions
because it is always possible to find values for themissing price or quantity series such that the data
pass the RP conditions. However, the situation is not always so bleak. A common example of
missing data in consumer surveys concerns prices that are recorded when the consumer makes
a purchase but that are not recorded when the consumer does not make a transaction. Thus, we
observe prices when the quantity is positive but not when the quantity is zero. In these situations,
there often are restrictions on what the missing prices can possibly be, and by the same token, RP
conditions can be violated if these conditions are not met. Blow et al. (2008) describe how to
formulate RP tests with this type ofmissing data in the context of linear characteristicsmodels, but
because these models, in which consumers have preferences for characteristics instead of goods,
can be easily transformed into the standard preference-for-goods model, themethod they describe
also works perfectly for the canonical RP test.

4.3. Statistical Errors

As emphasized in Section 1, an important difference between structural econometrics and em-
pirical RP lies in the absence of an error term in the latter. Certainly, error terms rarely appear in
RP theory: There is no mention of an error term in Afriat’s theorem or in any of the other RP
characterizations of the various models discussed in Section 3. But as soon as we attempt to take
those RP conditions to data, errors can no longer necessarily be ignored. The most obvious
situation arises when we consider measurement errors, but identical issues arise when RPs are
applied to statistical objects (e.g., estimates of aggregate consumption as in Browning 1989 or
nonparametric Engel curves as in Blundell et al. 2003, 2008). In these cases, the price-quantity data
we observe are a function of a random variable. This introduces a statistical element to empirical
RP and forms an important link between RP and structural econometrics, which, as discussed in
Section 5, appears to be an important future direction for research.

To illustrate the case for classical additive measurement error, consider the model

qt ¼ q�t þ et,

where q�t denotes the true values of demands, and et is a vector of classical measurement errors.
Suppose we are interested in the null hypothesis that the true data fpt, q�t gt2T satisfy GARP.
Blundell et al. (2008), building onVarian (1985), construct a statistical test for violations of theRP
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conditions by supposing that the observed demands are known functions of a finite set of
parameters ut so that qt¼ f(ut) for known f(×). The RP restrictions in the null can be represented by
a set of moment inequality restrictions involving ut. Blundell et al. (2008) then show that it is
possible to appeal to results by Manski (2003), Chernozhukov et al. (2007), and Andrews &
Guggenberger (2009) for moment inequality estimators of this type. They establish that there
always exist values ut that satisfy the moment inequality restrictions as long as the support of the
ut values allows for any positive demands that satisfy adding up. Generally, there will be a set of
values for ut that satisfy the RP restrictions, and testing consistency with these conditions is
a matter of verifying if this set includes the observed demands. If the RP conditions fail for the
observed demands qt, it is possible to generate a restricted estimator, q̂t, using the following
Gaussian quasi-likelihood ratio or minimum distance criterion function:

L ¼ min�
q̂t

�
t2T

XT

t¼1

�
qt � q̂t

�0
V�1

t

�
qt � q̂t

�
,

subject to the restriction thatfpt, q̂tgt2T satisfies GARP, and theweightmatrixV�1
t is the inverse of

the covariance matrix of the demands. The solution to this problem leads to demands q̂t, which
satisfy the RP restrictions and are unique almost everywhere. Evaluated at the restricted demands,
Blundell et al. (2008) show that the above distance function also provides a test statistic for the RP
conditions and that this test falls within the general class of misspecification tests investigated by
Andrews & Guggenberger (2009, section 7).

4.4. Heterogeneity

For anyone who has ever looked at consumer micro data, the great variety of behavior on
display among consumers and households who are, in most observable respects, very similar is
striking. Ideally, the researcher would try to model each household individually, but most
consumer panels are small-T, large-N affairs. This makes it impossible to estimate sufficiently
flexible and reliable econometric models at the individual level. The standard structural
econometric approach is therefore to pool data across consumers and to model the behavior of
individuals as a combination of a common component and an idiosyncratic component that
reflects unobserved heterogeneity. Of course, this immediately requires a combination of often
strong assumptions regarding the form of the statistical model and the joint distribution of
unobserved heterogeneity with the observables (see, e.g., Brown & Walker 1989 and Lewbel
2001 for more discussion).

Because RP approaches can be applied to very short panels (e.g., one needs only two obser-
vations on a consumer to test GARP), it is generally possible to proceed individual by individual,
evenwhen theT dimension is far too small even to contemplate a statistical approach. This one-at-
a-time approach of course allows for themaximal amount of heterogeneity—consumers can differ
with respect to whether they behave in accordance with the theory, and if they are theory con-
sistent, then they can differ with respect to choices and preferences.

However, in some circumstances (e.g., a pure cross-sectional data set in which individuals are
observed only once), heterogeneity cannot be usefully preserved, and indeed, sometimes hetero-
geneity itself is the object of interest. When this is the case, RPmethods can still be used. Instead of
applying them to longitudinal data on individual consumers and checking for the existence and
stability ofwell-behaved preferences, one can apply them to cross-sectional data onmany different
consumers; RP restrictions are then interpretable as a check for the commonality of well-behaved
preferences.
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Gross (1995) applies RP tests to cross-sectional consumer data to look at the evidence for and
against the assumption of homogeneous tastes and concludes that, in a sample drawn from the
Panel Study of Income Dynamics, wave IX (1976), individuals did not share a common utility
function. The idea that the choices of all the consumers in a large microeconomic data set could be
explained perfectly by a single common utility function is probably, as Lewbel (2001) points out,
“implausibly restrictive.” Dean & Martin (2010) and Crawford & Pendakur (2013) recognize
that tests like this one will reject as soon as one consumer has tastes different enough from the rest
to be detected by the test. The possibility then that the rest of the data are rationalizable by a single
utility function would be masked by the rejection caused by the presence of this single consumer.
Investigating this further would in principle require the researcher to look at all possible subsets of
the data and to conductRP tests in all of them to detect the true pattern of preference heterogeneity.
This is too computationally demanding as there will be 2N subsets to check, so this is another
example in which researchers have had to take an algorithmic approach.

Dean & Martin (2010) suggest looking for the largest single subset that is consistent
with common preferences—this is then a nice summary of an aspect of preference hetero-
geneity. To do this, they develop a new algorithm, which is much more efficient than existing
algorithms, that exploits an analogy between the RP problem at hand and the minimum set
covering problem, which is a well-studied problem in the computer sciences and operations
research literature. Although the minimum set covering problem is NP hard, there is a wide
variety of algorithms that are extremely efficient, so by cleverly translating the RP problem
into this form, the authors are able to apply these solution methods. Crawford & Pendakur
(2013) take a slightly different approach. Given a result like the one in Gross (1995), the
researcher clearly needs more than one utility function to model the data. The question then of
course is, How many different utility functions are needed? Crawford & Pendakur (2013)
consider the problem of how to find the minimum number of utility functions necessary to
fully explain all observed choices in a data set. This is a computationally demanding parti-
tioning problem, and they design an algorithm that is able to place tight, two-sided bounds on
this minimum number.

4.5. Inference

If the data involved are a randompanel sample of households, and demands aremeasuredwithout
error, then inference about objects such as the proportion of households that satisfy RP restric-
tions in the population is straightforward. A sample proportion can be viewed as the fraction of
successes inN independent Bernoulli trials with the same success probability p. The central limit

theorem implies that for large N, the sample proportion p̂ ¼ PN
i¼1I ðconsumer i passes RPÞ is

normally distributed with mean p and standard deviation
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pð1� pÞNp

, so the statistic z ¼
ðp̂� pÞ= ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

pð1� pÞNp
follows the standard normal distribution. This serves as the basis for

statistical inference regarding population proportions.
Inference with repeated cross sections from a heterogeneous population is more difficult. The

issue here is that we do not see the same consumer twice, so we cannot proceed on a consumer-by-
consumer basis, checking the RP conditions for each one as before. The object of interest remains
the population proportion of consumers who satisfy the RP conditions. However, this parameter
depends on the joint distribution of choices over different budget sets, and repeated cross-sectional
data do not reveal this: Only its marginal distributions can be observed. Thus, the population
parameter of interest is not point identified. Hoderlein & Stoye (2014) show that in the context of
WARP, it canbepartially identified (i.e., bounded).They describe theproblemas a copula problem
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and use copula techniques to analyze it. They also show that inference on the bounds is an ap-
plication of partial identification through moment inequalities. This approach is somewhat in the
tradition of the literature on the partial identification of treatment effects, and it emphasizes the
conceptual value of clearly understanding how much might be learned from the data without
identifying assumptions. Consequently, the approach is careful to impose no or very weak ho-
mogeneity assumptions, and as a result it seems that WARP may be hard to reject. However, it is
important to note that WARP does not exploit transitivity of preferences, a much stronger as-
sumption, so it remains to be seenhow this approachmight be fruitfully extended toRP conditions,
which are more demanding.

5. CONCLUSION

This review focuses on the present state of empirical RP in two general respects: work that extends
the scope of these methods to a variety of richer models of behavior and work that seeks to apply
these methods to data. To conclude, we briefly consider how each of these areas might develop in
the future. In terms of scope, we note that all the RP characterizations of models discussed above
have remained firmly embedded within the neoclassical tradition in which the whole literature
began. It therefore seems to be an interesting and open question to ask whether these methods
might be applied to nonstandard behavioral models.

As far as empirical applications are concerned, above we describe how empirical RP differs
from structural econometrics and the benefits and drawbacks of the approach. One of the prin-
cipal drawbacks of RP methods is that, compared to structural econometric methods, they are
relatively ungainly. In other words, they produce characterizations of preferences, for example,
that are difficult to represent succinctly and awkward to interpret (e.g., piecewise linear bounds
computed on individual indifference curves). This compares unfavorably with the traditional
econometric approach,which focuses on simple functional formswith parameters that have useful
and straightforward economic interpretations. Conversely, RP methods seem to make fewer
maintained assumptions than standardmethods. An important area for researchmay therefore be
to investigate whether it is to blend empirical RP and econometric methods and preserve the
strengths of both approaches.

5.1. Behavioral Models

Recently, there has been renewed academic interest in economic models that move somewhat
away from the neoclassical tradition of treating people as always-rational decision makers. This
behavioral economics approach focuses on models that combine conventional neoclassical mi-
croeconomic methods with behavioral and modeling assumptions that have more plausible so-
ciological and psychological foundations. For instance, they allow for situations in which people
are influenced by others, may make mistakes, or may come to regret their choices. Behavioral
economics promises much in terms of its potential to help us understand choices that could oth-
erwise prove resistant to straightforward explanation by standard rational choice models. At
present, it remains something of an open question as to whether these models might be amenable
to an RP characterization.

Neoclassical models in economics, for all the (often justifiable) criticisms they attract, are at
least falsifiable in anRP sense—it is possible in principle to detect when the data and the model are
not rationalizable. There is, as far as we know, nothing like an Afriat’s theorem for behavioral
economic models. This is of interest because it is important to know whether, without auxiliary
hypotheses, observational data are able to tell uswhen behavioralmodels are unable to rationalize
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behavior. In this respect, we want to make some concluding remarks on two particularly in-
teresting classes of behavioral models: reference-dependent preferences and time-inconsistent
choices. As discussed below, these classes are sufficiently close to existing neoclassical models that
do have RP characterizations. So it might be possible to investigate whether they are charac-
terizable by an Afriat-type theorem.

5.1.1. Reference-dependent preferences. Reference-dependent preferences incorporate ideas
from prospect theory. Tversky & Kahneman (1991) posit that individuals understand their
options in decision problems as gains or losses relative to a reference point. The reference point is
not generally observable (to the researcher): Sometimes it is modeled as the current position
(i.e., the status quo) of the individual, but it might also depend on past consumption, expectations,
social comparisons, social norms, etc. A feature of prospect theory, which reference dependence
inherits, is that the value function exhibits loss aversion so that negative departures from one’s
reference consumption level decrease utility by a greater amount than positive departures increase
it. Another feature of prospect theory is that the value function exhibits diminishing sensitivity for
both gains and losses, which means that the value function is concave over gains and convex over
losses. Taken together, this implies that changes in an unobservable reference point are capable of
altering an individual’s preferences. It would therefore seem that giving this model an RP
characterization with empirical content is going to be far from straightforward, yet the model is
deterministic and indeed rational in the sense that, conditional on the reference point, preferences
are well behaved. Although this appealing setup is deterministic and indeed rational in the sense
that, conditional on the reference point, preferences are well behaved, it seems that giving this
model anRP characterizationwith empirical content is going to be far from straightforward owing
to the unobserved reference point.

5.1.2. Time-inconsistent choices. Models of time-inconsistent choice relax the standard as-
sumption that all the disparate motives underlying intertemporal allocations can be condensed
into a single parameter, the discount rate, which is constant. Constant discounting entails an even-
handedness in theway a person evaluates time. It implies that a person’s intertemporal preferences
are time consistent, which means that later preferences confirm earlier preferences. Browning
(1989) exploits this consistency in his derivation of an RP characterization of the strong rational
expectations hypothesis.However,whereas the standardmodel assumes constant discounting, the
leading behavioral alternative suggests that discounting is hyperbolic—that a person has a de-
clining rate of time preference. This implies that when subjects are asked to compare a smaller-
sooner reward to a larger-later reward, the implicit discount rate over longer time horizons is lower
than the implicit discount rate over shorter time horizons (see, e.g., Thaler & Shefrin 1981). Once
again, the model is perfectly rational and deterministic, but whether it has an RP characterization
akin to Browning (1989) is the subject of ongoing work.

5.2. Empirical Revealed Preference and Structural Econometrics

At the beginning of this article, we emphasize a key difference between empirical RP and structural
econometrics: Whereas empirical RP focuses on observables, the introduction of unobservables
(error terms) is an essential aspect of structural econometrics. These error terms are there in part
because the structural functions alone generally do not rationalize the data. The empirical RP
approach, being based on theweaker requirements of inequality restrictions, generally has noneed
to resort to error terms. The great advantage, however, of structural econometrics is that it gen-
erally seeks to recover the structural functions of interest uniquely. Empirical RP, by contrast, can
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typically only place bounds on these. Moreover, if the bounds are wide, then the RP approach is
arguably of little utility.

An important area of future research therefore lies at the boundary between econometrics and
RP. In particular, there is the question of whether the inequality restrictions from RP arguments
can be used to help guide the estimation of structural econometric models. In a sense, this may be
simply a question of augmenting traditional econometric loss functions (e.g., sum of squared
residuals, least absolute deviations) with loss functions motivated by RP theory. Blundell et al.
(2008) provide an initial step in this direction. The authors estimate a system of Engel curves and
impose RP restrictions with the finding that the resulting estimated Engel curves minimize least-
squares losses subject to WARP. However, the RP restrictions are applied only locally (i.e., at
a particular point in the income distribution), meaning that the entire Engel curve is not necessarily
constrained to be consistent with a single set of well-behaved preferences. Imposing global
consistency in an easily interpretable way is more challenging. In a recent development in this
direction, Halevy et al. (2013) aim to fit a single, simple parametric utility function to choice data
subject to RP conditions. The loss function in this case is based on the Afriat efficiency index
applied at each observation. The objective of the approach is to select a simple, tractable rep-
resentation of preferences that minimizes the inconsistency between the empirical RP information
contained in the choices and the ranking information contained in the recovered preferences. Of
course, one could just compute a piecewise linear, perfectly rationalizing utility function as in
Afriat (1967), but that method requires recovering twice the number of parameters as there are
observations, and the behavioral content of the utility function is almost impossible to interpret.
The tradition in econometrics is to work with the simplest model that allows the researcher to
adequately fit it to the data and also to interpret it (e.g., to have a simple characterization of
concepts such as elasticity of demand, risk aversion, or time preference). Drawing on this
econometric approach, the authors’method rather neatly trades off the inevitablemisspecification
of the necessarily overly simple rationalizing utility function against parsimony/interpretability
and represents what might turn out to be an important first step in this broad research program.
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