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Abstract

Models of costly information acquisition have grown in popularity in economics. However, little is known 
about what form information costs take in reality. We show that under mild assumptions on costs, including 
continuity and convexity, gross payoffs to decision makers are non-decreasing and continuous in potential 
rewards. We conduct experiments involving simple perceptual tasks with fine-grained variation in the level 
of potential rewards. Most subjects exhibit monotonicity in performance with respect to potential rewards, 
and evidence on continuity and convexity of costs is mixed. Moreover, subjects’ behavior is consistent with 
a subset of cost functions commonly assumed in the literature.
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1. Introduction

It has been observed in many settings that people have a limited capacity for attention, and 
this has a strong impact on their decision-making. For example, Chetty et al. (2009) demonstrate 
that consumers underreact to non-salient sales taxes; De los Santos et al. (2012) show that people 
only visit a small number of websites before making online purchases; and Allcott and Taubin-
sky (2015) provide evidence that people do not fully account for energy efficiency when making 
purchasing decisions about light bulbs.1 Several laboratory experiments have demonstrated evi-
dence of limited attention, including Gabaix et al. (2006), Caplin and Martin (2017), and Dean 
and Neligh (2019).

An increasingly common explanation for this phenomenon is the theory of rational inatten-
tion (Sims, 2003, 2006; Caplin and Dean, 2015; Matějka and McKay, 2015). This theory posits 
that people rationally choose the information to which they attend, trading off the costs of paying 
more attention with the ensuing benefits of better decisions. This decision-making process oc-
curs in two stages. In the first stage, the decision-maker chooses what information to acquire and 
pays costs accordingly. In the second stage, the decision-maker uses the information she acquired 
to make decisions. Some authors make minimal assumptions on first-stage costs and derive the 
resulting behavioral implications (e.g. Caplin and Dean, 2015; Chambers et al., 2019). Other au-
thors assume a specific functional form for these costs, such as mutual information (Matějka and 
McKay, 2015; Steiner et al., 2017; Caplin et al., 2019), or channel capacity (Woodford, 2012a). 
However, little is known about what form these costs take in reality, and different assumptions 
on these costs can lead to starkly different predictions. For instance, the properties of the infor-
mation cost function can determine the multiplicity of equilibria in a global game (Hellwig et al., 
2012; Morris and Yang, 2019), or whether financial investments are diversified or concentrated 
(Van Nieuwerburgh and Veldkamp, 2010).

In this paper, we use a laboratory experiment to investigate these first-stage information costs,2

a crucial input for a rational inattention framework. Subjects complete a series of tasks where 
they must identify the numerosity of an arrangement of randomly-placed dots, as in Saltzman 
and Garner (1948) and Kaufman et al. (1949), but without time pressure. Our tasks are also 
similar to the ball-counting tasks of Caplin and Dean (2014) and Dean and Neligh (2019).

This series of tasks has fine-grained variation in the level of potential rewards for a correct 
answer. For each reward level, we observe both the correct answer and the subject’s response. We 
interrogate these data in two ways: (1) testing various properties of cost functions; (2) determin-
ing which functional forms for information costs are most consistent with observed behavior.3

1 Other empirical studies that find evidence of limited attention include: Hossain and Morgan (2006), Pope (2009), 
Lacetera et al. (2012), and McDevitt (2014) (consumer choice); Bernard and Thomas (1989), Huberman (2001), DellaV-
igna and Pollet (2007), Malmendier and Shanthikumar (2007), Hirshleifer et al. (2009), and Ehrmann and Jansen (2017)
(financial markets); Bartoš et al. (2016) (housing and labor); and Ho and Imai (2008) and Shue and Luttmer (2009)
(voting behavior). For a survey that discusses additional field studies, see DellaVigna (2009).

2 We also conducted an online experiment, the results of which we report in Supplementary Appendix S5.
3 Using fine-grained variation in incentives provides several advantages for the second set of analyses. For details, 

please refer to Appendix Subsection A4.2.
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For the first set of analyses, the data allow us to recover several properties of each subject’s 
underlying information cost function. The analyses proceeds hierarchically. For each subject, we 
are concerned with: (1) whether an information cost function exists, i.e. whether the subject’s 
behavior is consistent with a rational inattention framework; (2) if it exists, whether it produces 
behavior that is responsive to incentives; and (3) if it induces responsiveness, whether it is “well-
behaved,” i.e. continuous and convex. In the paper, we derive conditions on subjects’ data for 
testing each of these properties.

The reason we are interested in well-behavedness is because continuity and convexity are 
important characteristics of many cost functions and are often assumed in economic analysis. The 
convexity4 of an information cost function can greatly affect model predictions. For example, 
Van Nieuwerburgh and Veldkamp (2010) study a portfolio choice problem in which investors 
choose which assets to learn about and how much to learn about each of them. Depending on 
the convexity of the investor’s utility and cost functions, it can be optimal for the investor to 
learn about all available assets or to simply concentrate their attention on a single asset; utility 
and cost functions that imply concave objective functions result in generalized learning, whereas 
those that imply convex objective functions result in specialized learning. Convexity also has 
implications for comparative statics in a model of rational inattention. As we prove in this paper, 
continuity and convexity together imply that gross payoffs (excluding information costs) change 
continuously in incentives. This has crucial implications for economic analysis: an elasticity-
based approach to welfare analysis, which is based around local properties of agents’ behavior, 
can be deeply misleading if there are discontinuities in that behavior. As an illustration of the 
importance of these properties, we show in Supplementary Appendix S6 that the violation of 
them can have profound implications in a simple contracting model.

In our sample, over 85% of subjects exhibit behavior consistent with having an information 
cost function, but just over half exhibit responsiveness. We also find that roughly one-third of 
responsive subjects (those whose performance on the tasks improves with increasing potential 
rewards) have behavior that is consistent with well-behaved cost functions.

The second important set of analyses in our paper fits various classes of cost functions to 
our subjects’ data and selects the best fit for each subject. From the accuracy of subjects’ re-
sponses for each reward level, we infer how their performance in the experimental tasks changes 
with potential rewards; put differently, we estimate a performance function that traces out the 
relationship between the potential reward and the probability of success. From this relationship, 
we can recover estimates of the parameters of a subject’s information cost function. Comparing 
the subjects’ performance functions to those predicted by a range of information cost functions 
allows us to find the best fit for each individual.

In this paper, we provide a general result for recovering well-behaved, differentiable in-
formation cost functions from performance functions, and we derive functional forms for the 
performance functions associated with a range of information cost functions, some well-behaved 
and some not. Of particular interest to us are cost functions that have previously been used in 
the economic literature: mutual information (cf. Matějka and McKay, 2015), which is a scaling 
of the expected reduction in entropy from a decision-maker’s prior beliefs to their posterior be-
liefs; Tsallis entropy costs (cf. Caplin et al., 2019), which generalize mutual information; fixed 
costs for information acquisition (e.g. Grossman and Stiglitz, 1980; Barlevy and Veronesi, 2000; 

4 Note that a finite, convex function is continuous on the interior of the space on which it is defined; in most cases of 
interest, continuity will be a necessary condition for convexity.
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Hellwig et al., 2012); and costs for increasing the precision of normally distributed signals (e.g. 
Verrecchia, 1982; Van Nieuwerburgh and Veldkamp, 2010). As we show in the paper: the first 
implies a logistic performance function; the second implies a sigmoid, inverse-S, or concave 
performance function; the third implies a binary performance function with two levels of perfor-
mance; and the fourth implies a concave performance function. Of the set of models we estimate, 
we find that the data of the subjects who are responsive to incentives are best fit by one of these 
four models, with roughly two-thirds of subjects best fit by the first two models, a quarter of sub-
jects best fit by the third model, and one-seventh of subjects best fit by the fourth model. Thus, 
while there is some heterogeneity in the population with respect to which cost functions best re-
flect human behavior, the set of potential cost functions that we need to consider can reasonably 
be reduced to four of the cost functions commonly found in the literature.

The main advantage of using an experiment to characterize information costs is that it allows 
us to observe many decisions from the same individual, over a small time frame, in an environ-
ment where we can control the information available to subjects, thereby giving us a rich data 
set from which to recover the properties and parameters of each individual’s cost functions. This 
is simply not possible with an administrative data set that contains a small number of decisions 
made by each individual. The experimental methodology we use is also highly adaptable and 
can accommodate a wide range of information acquisition tasks that may be of interests to re-
searchers. Thus, our approach can be seen as a “testing bed” for theories of limited attention. 
Specifically using perceptual tasks with clear correct and incorrect answers, rather than choices 
between goods or gambles, allows us to estimate information costs separately from gross utility.

Furthermore, to our knowledge, our paper is the first to use an experiment with fine-grained 
variation in incentives to infer properties of information cost functions. This fine-grained varia-
tion is essential for estimating subjects’ performance functions, which is crucial for our model-
fitting exercise. Although several papers have examined competing hypotheses of dynamic ev-
idence accumulation using perceptual data (e.g. Ratcliff and Smith, 2004; Smith and Krajbich, 
2019), and some have used such data to fit a single model of static information acquisition (e.g. 
Shaw and Shaw, 1977; Pinkovskiy, 2009; Cheremukhin et al., 2015; Dean and Neligh, 2019), 
ours is the first to run a model selection exercise between a large number of types of cost func-
tions in a static rational inattention framework.5 Moreover, in contrast to previous experimental 
work, the tasks in our experiment involve more than two options, which allows us to differenti-
ate between information cost functions that are not readily distinguished from each other under 
simple binary choice.

Our experiment also provides significant advantages relative to experiments that use choice 
over gambles to study information costs (e.g. Pinkovskiy, 2009; Cheremukhin et al., 2015). In 
a perceptual task, the correct answer is objective and known to the experimenter, whereas in a 
choice between gambles, the “correct answer” is determined by the subject’s preferences, which 
the experimenter does not directly observe and cannot easily be disentangled from the informa-
tion costs entailed by the subject in reaching a decision. Moreover, because of our incentivization 
scheme, any subset of perceptual tasks in our experiment can be unambiguously ranked in terms 

5 Cheremukhin et al. (2015) assume a specific but flexible functional form for information costs and perform two 
types of model selection exercises. One is based on model fits and is used to select between expected utility and rank-
dependent utility. The other is based on parameter estimates and is used to distinguish between additively separable 
Shannon entropy-based costs (Matějka and McKay, 2015) and a capacity constraint on mutual information (Sims, 2003), 
since the functional form they consider nests the former and approximately nests the latter. This analysis omits most of 
the information cost functions considered in our paper.
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of potential rewards, which cannot in general be done with choices over gambles. Therefore, 
using perceptual tasks allows us to not only more cleanly estimate information costs but also 
to generate objective measures of performance and see how they vary with potential rewards, 
which as we demonstrate in Section 2 of the paper, is crucial for testing whether subjects even 
are rationally inattentive (i.e. have information costs) in the first place.

The remainder of the paper proceeds as follows. Section 2 presents the theoretical framework 
that we use in this paper. Section 3 introduces various models of cost functions and applies them 
to the tasks of our experiment. Section 4 presents our experimental design. Section 5 presents 
and discusses basic experimental results and categorizes subjects according to the behaviors they 
exhibit. Section 6 fits various models of cost functions to the subjects’ data and runs a model 
selection exercise to determine which is the best fit for each subject. Section 7 concludes. A more 
general version of this paper’s theoretical framework, most proofs, experimental instructions, 
and robustness checks are included in appendices that can be found in the online supplement. 
Additional experimental results and an application to the delegation of investment are presented 
in unpublished supplementary appendices.6

2. Theoretical framework

2.1. Uniform guess tasks

In this section, we present a simplified rational inattention framework that is adapted to the 
tasks we use in our experiment. A fuller treatment of the theory for a general discrete rational 
inattention framework can be found in Appendix A1.

Consider a task where there is some unknown true state of the world θ ∈ � that a decision-
maker (DM) has to identify, and learning about the true state is costly. There are n possible 
states, each of which is a priori equally likely, i.e. Pr(θ) = 1

n
∀ θ ∈ �. In other words, the DM’s 

prior belief on the state of the world is uniform. The DM receives a reward r for correctly 
identifying the state and no reward for incorrectly identifying the state. Therefore, the DM’s goal 
is to maximize her probability of correctly identifying the state, which we call her performance, 
net of whatever costs she incurs in gathering information about the true state. We refer to tasks 
with this setup as uniform guess tasks.

The DM’s performance is determined by her choice of information structure, which lists 
how likely guessing each state is, given the true state. Denote by a ∈ � the DM’s guess of the 
state. Formally, an information structure is a collection of conditional probabilities (qi,j ), i, j =
1, . . . , n, where qi,j = Pr(a = θi |θ = θj ).

When the DM makes her guess, she has a belief about the likelihoods of each of the possible 
states, given by Pr(θ = θi |a = θj ). Applying Bayes’ rule, it can be shown that this is equal to 

qi,j∑n
k=1 qk,j

. We refer to this probability distribution of the state of the world conditional on the 

DM’s guess as her posterior belief.
The DM’s guess is correct when a = θ and is incorrect when a �= θ . Therefore, her perfor-

mance is:

P = 1

n

n∑
i=1

qi,i (1)

6 Supplementary appendices can be found at https://sites .google .com /view /ambuj -dewan /research.

https://sites.google.com/view/ambuj-dewan/research
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The DM’s objective is to choose P maximize:

rP − C(P ) (2)

where r > 0 is the reward, P ∈ [0, 1] is the DM’s chosen performance, and the function C(·) is 
her associated cost. Denote by P(r) the DM’s choice of P for a given r , and call the resulting 
mapping from reward to performance the performance function.

An example of a uniform guess task is the type of task we implement in our experiment. In 
this type of task, which we refer to as the “dots” task, the DM is shown a screen with a random 
arrangement of dots. Her goal is to determine the number of dots on the screen, which is between 
38 and 42, inclusive, with each possible number equally likely. She receives a reward r for 
correctly guessing the number of dots and no reward otherwise. In our example, information costs 
could include the cost of effort exerted in counting dots, cognitive costs incurred in employing 
an estimation heuristic, or the opportunity cost of time spent trying to determine the number of 
dots.

2.2. Testing for rational inattention

In order to be able to say anything about the properties of the DM’s information cost function, 
one must first determine whether such a function even exists. As Caplin and Dean (2015) demon-
strate in their Theorem 1, observed behavior is consistent with a rational inattention framework 
with additively separable costs if and only if it satisfies their “no improving attention cycles” 
(NIAC) and “no improving action switches” (NIAS) conditions. Roughly speaking, NIAC en-
sures that attention is allocated efficiently, and NIAS ensures that guesses of the state are made 
optimally, given the information that the DM has obtained. We refer the reader to Caplin and 
Dean (2015) for formal definitions of these conditions, though the equivalent conditions we 
present in the propositions of this subsection will suffice for understanding the present paper.

In uniform guess tasks, the efficient allocation of attention can be thought of as paying more 
attention when it is more valuable to do so, i.e. when the rewards are higher. This is formalized 
in the following proposition.

Proposition 1. The DM’s behavior is consistent with NIAC iff P(r) is non-decreasing in r .

What NIAC rules out is negative responses to increased incentives, e.g. by being stressed out 
by higher stakes.

In a uniform guess task, making optimal guesses means that a correct guess is more likely 
than any individual incorrect guess. In other words, the DM cannot perform better by switching 
her guesses. This is formalized in the following proposition.

Proposition 2. The DM’s behavior is consistent with NIAS iff ∀ r , ∀ x ∈ �, and ∀ y ∈ �, Pr(θ =
x|a = x) ≥ Pr(θ = y|a = x).

Put differently, NIAS is satisfied in uniform guess tasks if and only if the DM’s empirical 
posterior beliefs are maximized at the guessed state. What this rules out is the systematic misuse 
of information, e.g. by mentally exchanging two states of the world.

Taking these results together, a DM completing a set of uniform guess tasks is rationally 
inattentive iff the conditions of Propositions 1 and 2 are satisfied.
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2.3. Responsiveness

A set of behaviors that is trivially consistent with rational inattention is one where the DM 
selects the same performance level for each reward. This is consistent with frameworks such 
as signal detection theory, where the DM’s information structure is exogenously given. More 
interesting are cases where the DM does modify her behavior in response to changes in the level 
of incentives.

Definition 1. A DM is responsive (to incentives) in a uniform guess task if for some r2 > r1, 
P(r2) > P(r1).

Put differently, a DM is responsive to incentives if P(r) exhibits an observable region of strict 
increase.

2.4. Continuity and convexity

Continuity and convexity are assumptions made on costs in much of economic analysis. In 
a rational inattention framework, continuity of the cost function implies that gathering a small 
amount of additional information increases the total cost of information by only a small amount, 
and convexity implies that the marginal cost of information is increasing; the more information 
is acquired, the harder it is to acquire additional information. These properties have testable 
implications for the DM’s behavior. Denote by P ∗(r) the DM’s optimal choice of performance 
for each r .

Definition 2. C(·) is well-behaved if it is continuous and convex on [0, 1], is strictly increasing 
and strictly convex on 

( 1
n
,1

)
, and has a global minimum at 1

n
.

Proposition 3. If C(·) is well-behaved, then P ∗(r) is continuous.

Therefore, assuming the DM is utility-maximizing, one can reject the well-behavedness of 
C(·) if it is observed that her performance function P(r) is discontinuous.

3. Cost functions

The space of admissible cost functions is vast. Indeed, any cost function C : [0, 1] −→ R̄
leads to behavior consistent with NIAS and NIAC. In this subsection, we introduce the classes of 
cost functions that are most relevant for our analysis and derive their behavioral implications. We 
also outline how to recover these cost functions from data that fit the corresponding performance 
functions.

3.1. A general recovery result for differentiable cost functions

If C is differentiable, then the DM’s problem can be solved by appealing to the calculus. Not 
only does this allow one to solve for the DM’s optimal performance function, but it also allows 
an analyst who does not observe C to recover it from observed behavior.

Proposition 4. Suppose that C is well-behaved and differentiable. Then P ∗(r) = (C′)−1(r) for 
all r such that C′ ( 1 ) < r < limx↑1 C′(x). Moreover, P ∗(r) = 1 for r ≥ limx↑1 C′(x).
n
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Fig. 1. Quadratic costs. The left panel shows the cost function for c = 40 and d = 0.2, and the right panel shows the 
resulting performance curves.

This follows from taking the first-order condition in the maximization of (2) and the fact that 
performance cannot exceed 1. Therefore, assuming the DM is utility-maximizing, her cost func-
tion can be recovered by inverting and integrating her observed performance function, provided 
that her performance is strictly increasing and continuous in incentives.

For example, suppose that C is quadratic:

C(P ) =
{

0, P ≤ d

c(P − d)2, P > d
(3)

where 1
n

≤ d < 1. d represents the amount of information that is freely available to the DM, and 
c regulates the marginal cost of information. Applying Proposition 4, we have:

P ∗(r) =
{

r
2c

+ d, r ≤ 2c(1 − d)

1, r > 2c(1 − d)
(4)

This performance function is affine (where performance would not exceed 1), and it is depicted 
in Fig. 1 along with the corresponding cost function. Note that (3) can be recovered from (4)
by inverting and integrating the non-constant segment. This procedure is general, but it does not 
always yield a closed form for the recovered C. For instance, if P ∗(r) is a polynomial of degree 
5 or higher (where it is non-constant), then a general algebraic closed form does not exist for C.

3.2. Entropy-based cost functions

One way of modeling the cost of information is to measure how much uncertainty or “ran-
domness” the DM reduces when she acquires information. Learning is effortful, and greater 
reductions of uncertainty require greater effort. The reduction of uncertainty is usually mea-
sured as a difference between her prior uncertainty and her posterior uncertainty. Formally, let 
H : �n−1 −→ R≥0 be concave. Denoting her belief by p and her information structure by q , this 
difference is:
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H(p) −E[H(p|q)] (5)

In general rational inattention problems, this form of cost for the information structure q is called 
posterior-separable (Gentzkow and Kamenica, 2014; Caplin et al., 2019). In uniform guess tasks, 
we can write (5) as:

H

(
1

n
, . . . ,

1

n

)
− 1

n

n∑
j=1

[
n∑

i=1

qi,j

]
H

(
q1,j∑n
k=1 qk,j

, . . . ,
qn,j∑n
k=1 qk,j

)
(6)

Of course, the choice of H is important; different H functions measure “randomness” in 
different ways. One popular choice is Shannon entropy (Shannon, 1948). It is defined as follows:

HS(p) := −α

n∑
i=1

pi ln(pi) (7)

where α is a strictly positive constant. The posterior-separable cost function that uses Shannon 
entropy is known as mutual information, and it has been widely studied in the literature (Matějka 
and McKay, 2015; Caplin et al., 2019). In uniform guess tasks, by substituting (7) into (6), mutual 
information can be written as:

α

⎡
⎣ln(n) + 1

n

n∑
j=1

n∑
i=1

qi,j ln

(
qi,j∑n

k=1 qk,j

)⎤⎦ (8)

There exist several generalizations of Shannon entropy. The one we study here is known as 
Tsallis entropy (Tsallis, 1988), and it is defined as follows:

HT (p) := α

σ − 1

(
1 −

n∑
i=1

pσ
i

)
(9)

for σ �= 1, where α and σ are strictly positive constants. It can be shown that HT (p) converges 
pointwise to HS(p) as σ → 1. Thus, Tsallis entropy generalizes Shannon entropy. In uniform 
guess tasks, by substituting (9) into (6), the posterior-separable cost function that uses it can be 
written as:

α

σ − 1

⎡
⎣1 − n1−σ − 1

n

n∑
j=1

(
n∑

i=1

qi,j

)(
1 −

n∑
i=1

(
qi,j∑n

k=1 qk,j

)σ
)⎤⎦ (10)

for σ �= 1 and as (8) for σ = 1.
It can be shown that in the case of uniform guess tasks and Tsallis entropy costs, it is optimal 

for qi,i to be the same for all i and qi,j to be the same for all i �= j .7 Therefore, we can rewrite 
(8) and (10) in terms of performance as:

C(P ) =

⎧⎪⎨
⎪⎩

α

σ − 1

[
P σ + (n − 1)1−σ (1 − P)σ − n1−σ

]
, σ �= 1

α

[
ln(n) + P ln(P ) + (1 − P) ln

(
1 − P

n − 1

)]
, σ = 1

(11)

7 For a formal statement and proof of this result, see Lemma A2 in Appendix Subsection A2.5. This implication does 
not in general hold empirically; for details, see Supplementary Appendix S1.
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Fig. 2. Tsallis entropy costs. The left panel shows the cost function for σ ∈ {0.5, 1, 1.5, 2, 2.5, 3, 3.5}, going clockwise, 
and the right panel shows the resulting performance curves for those values of σ , going counterclockwise. α is set at 30.

Table 1
Properties of Tsallis performance functions for differ-
ent values of σ .

σ Shape = 1 for r ≥ ασ
σ−1 ?

(0,1) Sigmoidal No
1 Logistic No
(1,2) Sigmoidal Yes
2 Affine Yes
(2,3) Inverse-S Yes
3 Square root Yes
> 3 Concave Yes

where σ = 1 is the special case of Shannon entropy costs. With this cost function, we can obtain 
the optimal performance function that solves (2).

Proposition 5. When n ≥ 3, the performance function associated with Tsallis costs can be char-
acterized as follows:

• For σ �= 1, the performance function is P ∗(r) = min{P̃ , 1}, where P̃ is a non-negative solu-

tion to r + ασ
σ−1

[(
1−P̃
n−1

)σ−1 − P̃ σ−1
]

= 0.

• For σ = 1, P ∗(r) = exp
(

r
α

)
n−1+exp

(
r
α

) .

The shapes of these cost functions and the corresponding performance functions are displayed 
in Fig. 2, and properties of the performance functions are listed in Table 1. The σ parameter al-
lows for much flexibility in the performance function, with sigmoidal curves for low σ (between 
0 and 2) and concave curves for high σ (greater than 3). For sufficiently high σ (greater than 1), 
perfect performance is attained for a high enough reward, ασ .
σ−1
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3.3. Normal signals

Some authors, such as Verrecchia (1982) and Van Nieuwerburgh and Veldkamp (2010), have 
assumed that the DM receives normally distributed signals about the underlying state of the 
world, which she uses to update her prior beliefs, and she pays a higher cost for a more precise 
signal. In this subsection, we present such a setup.

Let � ⊂ R, so that we can order its elements from smallest to largest as θ1 < θ2 < . . . < θn, 
and suppose that the DM receives signals m̂ ∼ N(θ, s2) about the state of the world θ . The DM 
can choose the precision ζ 2 := s−2 of these signals, and she pays a cost K(ζ) accordingly, where 
K is increasing, convex, and differentiable.8

Suppose that the distance between consecutive states is constant so that ∃ η such that θi −
θi−1 = 2η for i ≥ 2. Then it can be shown that the DM’s problem is:

max
ζ∈[0,∞)

r

n
[2	(ζη) + (n − 2) (2	(ζη) − 1)] − K(ζ) (12)

Each choice of ζ induces a performance P = P̆ (ζ ) := 1
n

[2	(ζη) + (n − 2) (2	(ζη) − 1)]. This 
allows us to rewrite (12) in the form of (2) by rewriting the cost of information to be a function 
of P rather than ζ . Because it can be shown that P̆ (·) is one-to-one, this is accomplished by 
setting C(P ) = K(P̆ −1(P )). It can also be shown that the resulting C(·) is strictly convex. We 
then have the following proposition:

Proposition 6. A DM with normal signals and cost of information C(·) such that K(·) is in-
creasing, is convex, and has non-negative third derivative9 has a strictly concave performance 
function.

This type of performance function is depicted in the right-hand panel of Fig. 3, for the case of 
linear K .

3.4. Fixed costs

Another common model of information costs in the literature is “all-or-nothing” costs, where 
the DM begins with no information but can become completely informed about the state of 
the world if she pays a cost (e.g. Grossman and Stiglitz, 1980; Hellwig et al., 2012). Here, we 
generalize this form of costs by allowing for the DM to receive some information for free and 
pay a fixed cost to receive more information; we do not stipulate that she must become fully 
informed.10

We can represent this situation as follows. Let there exist q, q̄ such that 1
n

≤ q < q̄ ≤ 1 and:

C(P ) =

⎧⎪⎨
⎪⎩

0, P ≤ q

κ, P ∈ (q, q̄]
∞, P > q̄

(13)

8 Note that K is defined as a function of the positive square root of the precision. However, for the sake of parsimony, 
we will refer to it as the “cost of precision.”

9 This assumption on the third derivative is a technical assumption. It holds if, for instance, K is linear in precision (i.e. 
quadratic in the square root of precision), as we assume later in the paper.
10 A similar modeling assumption is made by Admati and Pfleiderer (1988) in an asset market model, where a trader 
can choose either to remain uninformed about asset returns or to receive a noisy signal about returns at a fixed cost.
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Fig. 3. Normal signals with cost of precision given by K(ζ) = 4ζ 2. The left panel shows the cost function, and the right 
panel shows the resulting performance curve.

According to this cost function, the DM can receive information up to an accuracy of q for free, 
but she must pay a fixed cost κ to acquire information up to an accuracy of q̄.

Cost functions with fixed costs such as these can be seen as representing dual-system cognitive 
processes (cf. Stanovich and West, 2000; Kahneman, 2003). In such processes, a small amount 
of information may be acquired at a very low cost, but there is a fixed cost to acquiring more 
information. This implies a discontinuity in the cost function between information structures 
with “low” informativeness and those with “high” informativeness.

In uniform guess tasks, the DM is willing to pay the cost κ of acquiring information only 
when the rewards are sufficiently high, i.e. when rq̄ −κ ≥ rq . This implies a binary performance 
function: for r ≤ κ

q̄−q
, the DM acquires no information and achieves q, and for r > κ

q̄−q
, the DM 

acquires enough information to achieve q̄.
Cost functions of this subclass are easily recoverable from data by estimating the relationship 

depicted in the right panel of Fig. 4 and finding the incentive level threshold at which the DM’s 
performance level jumps.

3.5. Other non-convexities

Other non-convex cost functions can also produce discontinuous performance functions. In 
fact, the cost function need not even be discontinuous for this occur. To illustrate this, consider a 
DM who has a cost function C that is concave in performance, as depicted in Fig. 5.

Net payoffs are maximized when the positive distance between gross payoffs and costs is 
largest. For low reward levels (such as r1), this happens at the no-information performance level, 
0.2. For high reward levels (such as r2), this happens at the full-information performance level, 1. 
In this manner, just as in the fixed-cost case, a binary performance function obtains, with the DM 
acquiring no information if the incentive is low and acquiring full information if the incentive 
level is high.
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Fig. 4. Fixed cost for information acquisition. The left panel shows the cost function, and the right panel shows the 
resulting performance curve. Parameters are κ = 30, q = 0.3, and q̄ = 0.8.

Fig. 5. Concave costs.

More complicated performance functions are also possible. Consider a richer representation 
of a dual-system cognitive process (cf. Kahneman, 2003) than was presented in the preceding 
subsection:

C(P ) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0, P ≤ d1

c1(P − d1)
2, d1 < P ≤ d2

c1(d2 − d1)
2, d2 < P ≤ d3

c2(P − d3)
2 + c1(d2 − d1)

2, P > d3

(14)

where c1 > 0, c2 > 0, and 1
n

≤ d1 < d2 ≤ d3 < 1. According to this cost function, information 
is available for free up to a performance level of d1. In the interval (d1, d2], performance can be 
adjusted up to a level of d2. This represents the “automatic” system of the dual-system process, 
and can be thought of as a subconscious process to which the brain can variably allocate men-
tal resources. Exerting effort beyond d2 can be seen as actively thinking about the problem at 
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Fig. 6. Hybrid costs. The left panel shows the cost function, and the right panel shows the resulting performance curve. 
Parameters are c1 = 300, c2 = 100, d1 = 0.2, d2 = 0.45, and d3 = 0.6.

hand, or engaging the “controlled” system of the dual-system process. Thinking allows a perfor-
mance of at least d3 to be achieved, with higher performance levels attainable with more effort. 
This “hybrid” cost function that concatenates two quadratic cost curves induces a discontinuous 
performance function.

Proposition 7. Suppose that11:

d3 ∈
(

c1d1+c2−
√

(c1d1+c2)
2+(c1+c2)(c1(1−2d1−(d2−d1)

2)−c2)
c1+c2

,

c1d1+c2+
√

(c1d1+c2)
2+(c1+c2)(c1(1−2d1−(d2−d1)

2)−c2)
c1+c2

)

Then the cost function (14) yields the following performance function:

P ∗(r) =
⎧⎨
⎩

r
2c1

+ d1 r < δ

min
{

r
2c2

+ d3,1
}

, r ≥ δ
(15)

where δ = c1(d2−d1)
2

d3−d1
if c1 = c2 and δ = 2c1c2

c1−c2

[√
(d3 − d1)2 + (c1−c2)(d2−d1)

2

c2
− (d3 − d1)

]
if 

c1 �= c2.

This performance function consists of two affine segments separated by a jump discontinuity, 
and it flattens out once the upper bound of perfect performance is reached. It is depicted in Fig. 6
along with its corresponding cost function.

11 This condition on d3 ensures that the performance function has two separate regions of strict increase rather than just 
one.
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Table 2
Properties of cost functions.

Cost Function Continuous Convex Performance Function

Differentiable and well-behaved Yes Yes Inverse of derivative
Quadratic Yes Yes Affine

Tsallis entropy Yes Yes Sigmoid/inverse-S/concave (SIC)
Mutual information Yes Yes Logistic

Normal signals Yes Yes Concave

Dual-process Can be No Discontinuous
Fixed costs No No Binary
Hybrid Yes No Piecewise affine

Note: Performance-function properties of normal-signal costs are for state spaces with equidistant spacing.

3.6. Summary

Table 2 summarizes the properties of the classes of cost functions discussed in this section 
and lists the corresponding performance functions. While each cost function generates a unique 
performance function, recovery of a cost function from a performance function is not in general 
unique, as illustrated in Subsection 3.5. However, a best-fitting performance function can be 
selected based on a DM’s observed behavior, and this datum can be used to determine which of 
a set of plausible classes of cost functions could have generated the observed behavior. This is 
the exercise we perform in Section 6.

4. Experimental design

4.1. Description

The experiment we implemented involved a series of perceptual tasks, each for a potential 
reward. In each of these tasks, subjects were shown a screen with a random arrangement of 
dots and were asked to determine the number of dots on the screen. The number of dots was 
between 38 and 42, inclusive, and each number was equally likely.12 Subjects were informed 
of these facts; there was no deception or withholding of information about the structure of the 
tasks. Subjects also completed a second set of tasks involving the identification of angles. We 
refer to the first type of task as the “dots” task and to the second as the “angle” task. For the 
sake of brevity, we relegate the description and results of the “angle” task to Supplementary 
Appendix S4.

Each task had a potential reward in an experimental currency called “points.” At the start of 
each task, subjects were shown this reward, which we refer to as the incentive level, in large 
characters for three seconds (e.g. Fig. 7), before it was replaced with the random dot arrange-
ment (e.g. Fig. 8). Displaying the incentive level before the dot arrangement ensured that subject 
looking at the screen would see the incentive level before being able to start the task. While the 
dot arrangement was on screen, the incentive level continued to be displayed to the right of the 
screen, ensuring that subjects would not have to memorize this number. Subjects then had as 

12 These numerosities were selected to be in line with previous experiments with similar tasks (e.g. Caplin and Dean, 
2014).
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Fig. 7. Incentive display for a task.

Fig. 8. Arrangement of dots for a task.

much time as they desired to determine the number of dots on the screen before proceeding to 
the next task. If they answered correctly, then they earned the potential reward; if not, then they 
earned no points for that task. Feedback was not given until the end of the experiment.

Subjects completed 200 tasks, each at an integer incentive level between 1 and 100, inclusive. 
They were randomly shown either all 100 “dots” tasks or all 100 “angle” tasks first. Blocks of 
tasks were balanced by incentive level to ensure roughly the same level of variation in incentives 
throughout the experiment. Subjects were first shown each of the 50 odd incentive levels between 
1 and 100 in a random order, and were then shown each of the 50 even incentive levels between 
1 and 100 in a random order. This was repeated (in a different random order) for the next 100 
tasks.13

13 A detailed explanation of the advantages and disadvantages of this kind of fine-grained incentive structure can be 
found in Appendix Subsection A4.2. To summarize: while fine-grained incentives present some drawbacks in terms of 
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Experimental earnings were determined as follows. One task from the first half the experiment 
and one task from the second half of the experiment were randomly selected for payment. The 
incentive level of each selected task determined the probability of winning one of two monetary 
prizes. For example, if the first selected task had an incentive level of 84 and was answered cor-
rectly, and the second selected task had an incentive level of 33 and was answered incorrectly, 
then this would give the subject an 84% probability of winning the first prize and a 0% proba-
bility of winning the second prize. Determining earnings in this manner ensured that expected 
earnings were linear in the incentive level, which obviated the need to elicit risk preferences.14 In 
other words, this ensured that under the assumption of expected utility theory, the subjects’ utili-
ties (excluding information costs) were known to us (up to a multiplicative constant).15 Thus, the 
estimated relationship between performance and incentive level for each subject could be con-
sidered a valid estimate of their performance function, without the need to apply any additional 
transformation.

As mentioned above, subjects completed 200 tasks in total: 100 “dots” tasks and 100 “angle” 
tasks. They either completed all the “dots” tasks or all the “angle” tasks first, and this order was 
randomly determined.16 For 41 subjects, the prizes were $10 US, and for 40 subjects, the prizes 
were $20 US. In addition, subjects were paid a $10 participation fee.

All sessions were conducted at the Columbia Experimental Laboratory in the Social Sciences 
(CELSS) at Columbia University, using the Qualtrics platform. We ran 8 sessions with a total of 
81 subjects, who were recruited via the Online Recruitment System for Economics Experiments 
(ORSEE) (Greiner, 2015).

4.2. Discussion

Our experimental design has several beneficial features as compared to previous experimental 
work in limited attention. Firstly, the departure from experiments involving binary choice with 
two states of the world (e.g. Ratcliff and Smith, 2004; Cheremukhin et al., 2015; Dean and 
Neligh, 2019) allows for distinguishing between certain types of cost functions in a manner that 
would otherwise not be possible. For instance, if there were only two states (i.e. two different 
possible numbers of dots), then entropy-based cost functions would not yield performance curves 
with inflection points, and it would therefore be difficult to distinguish between Tsallis entropy 
costs with σ ∈ (0, 2) and normal signal precision costs. Furthermore, having more than two 
states, some of which were closer to each other than others (e.g. 39 is closer to 38 than to 42) 
allows us to study perceptual distance, which we discuss further in Supplementary Appendix S1.

Secondly, using perceptual tasks instead of value-based choices, such as choices over gambles 
(e.g. Pinkovskiy, 2009; Cheremukhin et al., 2015), allows for cleaner identification of informa-
tion costs. On any given trial, the true state of the world is known to the experimenters; we need 

testing cost function properties, they provide significant benefits when it comes to recovering a subject’s cost function 
from observed behavior.
14 This binary lottery incentivization technique was pioneered by Roth and Malouf (1979).
15 We relax the assumption of expected utility theory and allow for incentives to be probability-weighted in Appendix 
Subsection A4.3. Our qualitative results remain largely unchanged. However, it should be noted that a limitation of our 
design is that probability weighting of incentives and the relationship between performance and incentives cannot be 
separately nonparametrically identified. Thus, our robustness results rely on specific (albeit flexible) functional forms of 
probability weighting. Further discussion of this issue can be found in Appendix Subsection A4.3.
16 In the online version of this experiment, subjects completed 200 “dots” tasks and no “angle” tasks. Results and further 
details can be found in Supplementary Appendix S5.
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not infer it from choice data. Thus, any choice on a subject’s part can be cleanly classified as 
either a correct choice or a mistake, and this classification is then used to estimate information 
costs. This stands in contrast to experiments with choice over gambles, where it is necessary for 
the analyst to simultaneously use choice data to estimate utility parameters and use the estimated 
utility to construct the classification of correct responses and mistakes that is used to estimate 
information costs.

Moreover, choices over gambles present a couple of conceptual issues in a rational inattention 
framework. In such a framework, the amount of attention paid to a particular decision problem 
depends on the marginal benefit of selecting one option over another. However, in choices over 
gambles, these benefits are not known to the DM ex ante, and practically speaking, they can-
not be calculated independently of knowing which gamble is preferable to another. By contrast, 
in perceptual tasks with known rewards, the marginal benefit of answering correctly relative to 
answering incorrectly is known ex ante, regardless of what the correct answer actually is. Fur-
thermore, if utility over gambles (excluding additively separable information costs) deviates from 
expected utility theory — for instance, with probability weighting — then this can itself be seen 
as the result of a rationally inattentive process (Woodford, 2012b; Steiner and Stewart, 2016), the-
oretically but not necessarily practically distinct from the additively separable information costs 
that cause choice mistakes, thereby calling into question the descriptive validity of the model.

Finally, using fine-grained variation in incentives allows us to see how subjects’ behavior 
changes in response to small changes in potential rewards. To illustrate, suppose that a subject’s 
utility of money were linear, and they were participating in the $10 prize treatment. In that case, 
since an incentive level of 63 gives a 1% higher chance of receiving the prize for answering 
correctly than an incentive level of 62, the former incentive level is worth 10 cents more to the 
subject than the latter. Observing how a subject’s behavior changes in response to these small 
differences in incentives allows us to reliably trace out their performance curve and classify that 
curve according to the information cost function that generated it.

5. Categorization results

In this section, we present the first set of results of our laboratory experiments. We perform 
an individual-level analysis to classify subjects according to whether their behavior is consis-
tent with rational inattention, responsiveness to incentives, and well-behavedness of their cost 
functions. Additional experimental results related to demographics and aggregate behavior are 
provided in Supplementary Appendix S2.

5.1. Choice data

The data we are most interested in for each task t are the incentive level rt , the true state 
of nature θt , and the subject’s response at . For each task, define the subject’s correctness as 
yt := 1{θt } (at ). That is, yt takes the value 1 if the subject correctly determined the state of the 
world in task t and 0 otherwise.

We are primarily interested in the relationship between correctness and incentive level. We 
can think of the pattern of successes and failures that we observe as being generated by some 
underlying data-generating process that for every possible reward level tells us the probability of 
answering correctly. We denote this probability by Pt := Pr(yt = 1|rt ) = Pr(at = θt |rt ) for each 
task t ; in other words, the underlying data-generating process is the performance function. (See 
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Fig. 9. Isotone nonparametric regression of correctness on incentive level for Laboratory Subject 10 (Dette et al., 2006). 
Circles indicate average success rate within each bin of 10 incentives.

Fig. 10. Categorization of subjects.

Fig. 9.) Using the correctness data allows us to infer whether subjects have behavior consistent 
with having an information cost function, and if so, what its properties are.

We are able to categorize subjects according to whether their behavior adheres to these prop-
erties. First, we classify them by whether or not they are rationally inattentive. Then, we classify 
rationally inattentive subjects by whether or not they are responsive to incentives. This subset 
of subjects is the subset of greatest interest to us; these are the subjects for whom we can es-
timate performance functions and back out corresponding information cost functions. Finally, 
we classify responsive subjects according to whether or not their behavior is consistent with 
well-behaved cost functions. This categorization scheme is illustrated in Fig. 10.

5.2. Rational inattentiveness

We now proceed with the individual-level categorization exercise.
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Before testing the properties of the subjects’ cost functions, it is necessary to determine 
whether there exists a cost function that rationalizes their data in the first place. To that end, 
we test the necessary and sufficient “no improving attention cycles” and “no improving action 
switches” conditions by testing the equivalent conditions established in Subsection 2.2.

5.2.1. No improving attention cycles
As demonstrated in Proposition 1, a subject satisfies NIAC in our experiment if and only if 

their probability of correctly guessing the state is non-decreasing in the reward. This implies that 
rationally inattentive subjects have non-decreasing performance functions.

At this point, a clarification is in order. As we showed in Proposition 1, NIAC holds in a 
set of uniform guess tasks iff for any pair of incentive levels (r1, r2) with r1 > r2, we have 
that P ∗(r1) ≥ P ∗(r2). Observationally, this means that the subject had more correct answers 
under incentive level r1 than incentive level r2. However, in our experiment each subject is given 
each incentive level only once. Therefore, the empirically-observed probabilities of answering 
each decision problem correctly are either 0 or 1. If were to apply the NIAC condition directly 
to our data, this would mean that the only subjects whose behavior is consistent with NIAC 
would be those who always answer incorrectly up to some incentive threshold after which they 
always answer correctly. Given the stochasticity of choice under limited attention, this scenario 
is implausible.

Therefore, rather than strictly interpreting our data as stochastic choice data and making di-
rect pairwise comparisons of decision problems to test NIAC, we adopt an estimation-based 
approach. We flexibly estimate the performance function given correctness data and see if this 
estimate is significantly different from a non-decreasing function, in which case we reject NIAC. 
In theory, unless there is some reward threshold below which the subject is never correct and 
above which the subject is always correct, the fit of a monotone performance function can be 
improved by adding peaks and troughs. The question, then, that we wish to pose is not whether 
a non-monotone or decreasing function can fit the data, but whether we can reject the hypothesis 
that a non-decreasing function explains the data.

To test for weak positive monotonicity, we employ a method developed by Doveh et al. (2002)
and compare the estimation of an unrestricted cubic polynomial regression of correctness on 
incentive level for each subject to one with a positive derivative restriction.17 The null hypothesis 
for this test is that the response function is monotonic. At the 5% level, we fail to reject positive 
monotonicity for 77 out of 81 lab subjects (95.1%).18 Examples of polynomial regressions and 
correctness data for two subjects, one who rejects NIAC and one who fails to reject NIAC, are 
depicted in Fig. 11.

17 Several other methods in the statistical and econometric literatures have been devised to test for the monotonicity of 
regression, including but not limited to Bowman et al. (1998), Ghosal et al. (2000), Hall and Heckman (2000), Birke and 
Dette (2007), and Chetverikov (2019), most of which are nonparametric. We use Doveh et al.’s (2002) parametric test 
because it is less prone to rejecting monotonicity when there are outliers, e.g. a lone failure in a region of success, or vice 
versa.
18 The optimization in the computation of the restricted regression for lab subject 35 failed to converge, and so we did 
not perform the test for them. For that subject, a one-tailed t-test of the coefficient on incentive level in a linear regression 
of correctness on incentive level failed to reject the null of the coefficient being non-negative at the 5% level, and so we 
classify them as having a non-decreasing performance function.
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Fig. 11. Unrestricted cubic polynomial regression of correctness on incentive level for Subjects 1 and 19. The former 
rejects NIAC (and therefore rejects rational inattentiveness), and the latter fails to reject NIAC. Circles indicate average 
success rate within each bin of 10 incentives.

5.2.2. No improving action switches
To test for the second necessary and sufficient condition for rational inattentiveness, NIAS, 

we cannot simply examine the estimated performance function; following Proposition 2, we 
must look at the posterior probabilities of each state given each response. We employ a bootstrap 
procedure. For each subject and action, we calculate the empirically observed distribution of true 
states, i.e. we calculate Pr(θ = y|a = x) for each x and y.19 We then simulate 499 bootstrap 
samples for each distribution. If the most common true state is the one corresponding to the 
action in at least 5% of samples for each action for a given subject, then that subject fails to 
reject NIAS. In other words, we check that Pr(θ = x|a = x) is maximized at θ = x, for each 
a = x, in at least 5% of samples. Overall, we find that 74 out of 81 (91.3%) laboratory subjects 
fail to reject NIAS.

Overall, 70 out of 81 (86.4%) laboratory subjects fail to reject both NIAC and NIAS. We refer 
to these subjects as “rationally inattentive,” or simply “rational,” subjects.

5.3. Responsiveness

Of the subjects who fail to reject rational inattentiveness, some of them may have flat response 
functions, i.e. while they could be rationally inattentive, they do not actually respond to incentives 
(within the range of incentives presented to them).

To determine which subjects are responsive to incentives, for each subject who failed to re-
ject rational inattentiveness, we run a linear weighted least squares regression of correctness on 
incentive level and run a one-sided t-test of the coefficient on incentive level with the null of 

19 It should be noted that strictly speaking, the NIAS condition applies separately to each decision problem that the DM 
faces. Since each subject faces each incentive level only once, they actually face 100 different decision problems. For 
that reason, we test a slightly weaker condition: whether an individual exhibits overall systematic misuse of information. 
Overall systematic misuse of information implies systematic misuse of information in at least one decision problem.
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Fig. 12. Linear regressions of correctness on incentive level for two subjects. The left panel shows an unresponsive 
subject, and the right panel shows a responsive one. Circles indicate average success rate within each bin of 10 incentives.

non-positivity, i.e. non-responsiveness to incentives. However, this is insufficient to capture all 
responsive subjects; a subject may be responsive only within a small range of incentives. To ad-
dress this issue, for each subject, we repeat this procedure on incentive levels 1 through 50 and on 
incentive levels 51 through 100.20 If a subject has a significantly positive coefficient on incentive 
level in any of these three regressions, then we classify them as responsive.21

At the 5% significance level, 42 out of 70 lab subjects (60.0%) who fail to reject rational 
inattentiveness are responsive to incentives. Examples of full-sample linear regressions and cor-
rectness data for two subjects, one who fails to reject non-responsiveness and one who rejects 
non-responsiveness, are depicted in Fig. 12.

5.4. Well-behavedness

If the assumptions of Proposition 3 are satisfied, i.e. the cost function is well-behaved, then 
the performance function should be continuous in r . Therefore, observing a discontinuity in the 
performance function indicates a violation of convexity.

Strictly speaking, one cannot definitively observe a discontinuity without an infinite data set; a 
continuous function with a sufficiently steep slope at points of potential discontinuity can always 
be used to fit finite data. Therefore, for each subject, the question we wish to answer is whether it 
is more plausible that a discontinuous performance function or a continuous performance func-
tion generated their correctness data. This implies a statistical test where the null hypothesis is 
that the performance function belongs to some class of discontinuous functions, and the alterna-
tive is that the performance function belongs to some class of continuous functions.

20 Further sample splitting leads to the spurious detection of responsiveness; it leads to some subjects with >95% 
success being classified as responsive.
21 We must consider the full-sample regressions in tandem with the split-sample regressions. If we considered only 
the split-sample regressions, then we would classify subjects who have binary-response performance functions with 
thresholds around 50 as non-responsive.
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Table 3
Categorization of subjects.

Category Of All Subjects Of R.I. Subjects Of Resp. Subjects

All subjects 81 (100%) — —
R.I. subjects 70 (86.4%) 70 (100%) —
Resp. subjects /// 42 (60.0%) 42 (100%)
W.B. subjects /// /// 13 (31.0%)

Note: “R.I.” = rationally inattentive; “Resp.” = responsive; “W.B.” = well-behaved, i.e. subjects 
whose behavior is consistent with continuous, convex cost functions. — denotes that the column 
category is a subset of the row category, and /// denotes that the row category is defined only on 
a subset of the column category.

We test for the presence of a discontinuity by applying a likelihood ratio test. We estimate a 
step function of the form22:

Pt = β0 + β11[δ,∞)(rt ) (16)

where β0, β1, and δ are the parameters to be estimated and compare its likelihood to an estimation 
of the following logistic relationship:

Pt = β1

1 + exp(−λ(rt − δ))
+ β0 (17)

In (16), δ is the location of the discontinuity, whereas in (17), it is a location parameter that 
determines the midpoint of the curve’s upward sloping portion. It can be shown that (16) is the 
pointwise limit of (17) as λ goes to infinity. Therefore, (16) can be seen as the restricted null 
model, and a likelihood ratio test comparing these models is effectively a test of the null hy-
pothesis that λ = ∞, i.e. it is a test against the null hypothesis that there is a jump discontinuity. 
Since we are performing this test only on responsive subjects, our estimates of β1 for each sub-
ject should be positive, and therefore this procedure should not detect spurious downward jump 
discontinuities for those subjects.23

Using this test, at the 5% level we cannot reject that 29 out of 42 responsive lab subjects 
(69.0%) have discontinuities in their response functions.24

5.5. Summary of categorization

Table 3 summarizes the results of preceding subsections. Each cell indicates the number and 
percentage of row category subjects in the column category. It should be noted that the vast 
majority (86.4%) of subjects are rationally inattentive, and moreover, most rationally inattentive 
subjects are responsive (60.0%).

22 We use a variant of the procedure of Bai and Perron (1998) for this estimation, imposing a discontinuity and deter-
mining its location instead of using their algorithm to determine whether such a discontinuity is present.
23 Several procedures for detecting discontinuities have been proposed in the econometric literature. See, for example, 
Andrews (1993), Andrews and Ploberger (1994), Bai and Perron (1998), and Porter and Yu (2015). All of these proce-
dures are designed to detect both positive and negative jump discontinuities, and so they are vulnerable to the detection of 
spurious negative jumps in our setting. A clarification is in order here. Bai and Perron (1998) propose both an estimation 
procedure and a testing procedure for models with structural breaks with unknown discontinuity points. We use their 
estimation procedure to estimate (16), but we do not use their testing procedure.
24 As a robustness check, we also ran this test at the 10% level to gain additional statistical power. In this case, we 
cannot reject that 27 out of 42 responsive lab subjects (64.2%) are not well-behaved.
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Table 4
Performance functions estimated and their corresponding cost functions.

Cost Function Performance Function Ref.

1 Very high or infinite marginal costs Constant N/A
2 Simple dual-process or concave Binary 3.4/3.5
3 Hybrid dual-process Affine with break 3.5
4 Quadratic in performance Affine (without break) 3.1/3.2

5 Convex on the order of P
3
2 2nd degree polynomial 3.1

6 Convex on the order of P
4
3 3rd degree polynomial 3.1

7 Shannon mutual information Logistic 3.2
8 Posterior-separable with Tsallis entropy Sigmoid/inverse-S/concave (SIC) 3.2
9 Normal signals with linear cost of precision Concave 3.3

Notes: The “Ref.” column indicates in which subsections of Section 3 the relevant theoretical treatment can be found. 
Model 1 is included as a robustness check.

6. Model selection

In this section, for each responsive subject we fit several possible parametric functional forms 
for performance functions, each of which can be generated by some cost function. These models 
are listed in Table 4.25 Estimating equations, estimation methods, and mappings from estimated 
parameters to cost function parameters are detailed in Table 5. In contrast to existing experimen-
tal papers that estimate information costs on laboratory data (e.g. Pinkovskiy, 2009; Cheremukhin 
et al., 2015; Dean and Neligh, 2019), we estimate not just models that nest Shannon mutual in-
formation, but also models that do not, such as fixed costs for information (Model 2) and normal 
signal costs (Model 9).

Since the models are non-nested and are estimated using different methods, we cannot use 
a traditional auxiliary regression method for model selection. To determine which model is the 
best fit for each responsive subject, we estimate each model for each such subject and then 
compare their Akaike Information Criteria (AIC) (Akaike, 1974), selecting the model that yields 
the lowest AIC. The results of this selection are given in Table 6.26

All responsive subjects are best fit by binary (fixed costs), logistic (mutual information), SIC 
(Tsallis entropy costs) or concave (normal signals with linear precision cost) performance. The 
first implies some sort of non-convexity or discontinuity in the cost function, whereas the lat-
ter three are consistent with convex cost functions. Figs. 13, 14, 15, and 16 show what these 
performance functions look like for four subjects, each best fit by a different model.

Table 7 shows the average estimated AIC and rank of each model in the selection exercise.27

Models 2 (binary), 7 (logistic), and 8 (SIC) have the lowest ranks on average. Flexible polynomial 

25 The reason that we do not consider the channel capacity cost function is because since the prior distribution in our 
task is uniform, channel capacity would be consistent with the same behavior as mutual information (cf. Section 1.2.3 of 
Woodford, 2012a).
26 As a robustness check, we also perform the analysis with the small sample-corrected AIC (AICc), where AICc =
AIC + 2k(k+1)

T −k−1 , T is the number of tasks, and k is the number of parameters in the model (Technically, the small 
sample correction should depend on the underlying model, but this particular correction formula is said to be appropriate 
for a wide variety of settings. For more information, refer to Subsection 7.4.1 of Burnham and Anderson, 2002). Our 
qualitative findings are completely unaffected. In particular, none of the subjects have a different best-fitting model under 
the AICc than under the AIC.
27 A lower rank implies a lower AIC and therefore a better fit.
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Table 5
Estimating equations for performance functions.

Perf. F’n Estimating Equation Method Estimated Cost Function

1 Constant Pt = β0 OLS N/A

2 Binary Pt = β0 + β11[δ,∞)(rt ) BP98 Ĉ(P ) =
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⎪⎪⎩
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24β̂

where the + is taken if β̂2 >

6 3rd deg. poly. Pt = β0 + β1rt + β2r2
t + β3r3

t WLS Omitted for legibility
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Notes on estimation: “BP98” = Bai and Perron (1998). Model 2 is estimated using a variant of their algorithm where a s
nesting of models: Model 2 nests Model 1. Model 3 nests Models 2 and 4. Model 6 nests Model 5, which nests Model 4
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Table 6
Model Selection for Responsive Subjects.

Model Binary (2) Logistic (7) SIC (8) Concave (9)

Number of Subjects 10 (23.8%) 19 (45.2%) 7 (16.7%) 6 (14.3%)

Fig. 13. Fits of binary, logistic, SIC, and concave performance for Subject 6, with the best-fitting binary (fixed cost) 
model as a solid line. Solid dots indicate correctness for each incentive. Circles indicate average success rate within each 
bin of ten incentives.

fits do quite poorly; the average rank of a cubic performance function (Model 6) is higher than 
that of the constant performance model (Model 1).

Note that the average AIC and rank for Model 7, the logistic performance function, is only 
slightly lower than that of Model 2, the binary performance function, despite the fact that sub-
stantially more subjects are best fit by Model 7 than by Model 2. This may be due to the binary 
model being a decent fit when the best-fitting model is logistic, but the logistic model being a 
poor fit when the best-fitting model is binary. When the logistic model is the best fit, the average 
rank of the binary model is 3.368; however, when the binary model is the best fit, the average 
rank of the logistic model is 4.600. Note also that the average rank of Model 9 (normal signals 
with linear precision cost) is fairly high at 5.119. This indicates that when Model 9 is not the best 
fit for a subject, it is a poor fit.

We remark that notably more subjects are classified as not well-behaved than are best fit by 
discontinuous performance functions. One possible explanation for this is that since our test for 
well-behavedness has discontinuity as its null hypothesis, strong evidence against discontinuity 
is required to classify a subject as well-behaved.28 Another possible explanation is that some 

28 We expand upon this point and provide power calculations in Appendix Subsubsection A4.2.1.
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Fig. 14. Fits of binary, logistic, SIC, and concave performance for Subject 14, with the best-fitting logistic (Shannon) 
model as a solid line. Solid dots indicate correctness for each incentive. Circles indicate average success rate within each 
bin of ten incentives.

Fig. 15. Fits of binary, logistic, SIC, and concave performance for Subject 34, with the best-fitting SIC (Tsallis) model 
as a solid line. Solid dots indicate correctness for each incentive. Circles indicate average success rate within each bin of 
ten incentives.
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Fig. 16. Fits of binary, logistic, SIC, and concave performance for Subject 66, with the best-fitting concave (normal) 
model as a solid line. Solid dots indicate correctness for each incentive. Circles indicate average success rate within each 
bin of ten incentives.

Table 7
Average AIC and Rank for Estimated Models.

Model AIC Rank

1 Constant 131.165 7.476
2 Binary 114.060 2.881
3 Affine with break 119.982 4.429
4 Affine 117.832 5.833
5 Quadratic 131.123 6.595
6 Cubic 132.929 7.643
7 Logistic 116.008 2.714
8 SIC 113.672 2.310
9 Concave 121.967 5.119

subjects’ actual cost functions generate a discontinuous performance function with non-affine 
components that roughly approximates logistic or SIC performance. Distinguishing between 
these explanations based on our current data set would be difficult. Future experiments that use 
a different incentive structure could potentially accomplish this.29

7. Conclusion

This paper has provided a schema for testing properties of and estimating information cost 
functions in a rational inattention framework. To the extent that the presence or absence of char-

29 We outline what such an incentive structure could look like in Appendix Subsubsection A4.2.3.
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acteristics such as continuity and convexity can have an impact on people’s decisions, it is worth 
knowing whether their cost functions satisfy such conditions. Decision-makers’ cost functions 
are not directly observable, so instead we must infer their characteristics from observed behavior. 
We conducted a set of experiments that allowed us to implement tests of the properties of interest 
and perform a model selection exercise.

These experiments reveal substantial heterogeneity in behavior. Most subjects are rationally 
inattentive, but only about half are actually responsive to incentives. Many subjects have behav-
ior that is consistent with continuous, convex cost functions, but a substantial fraction do not. 
Moreover, there is considerable heterogeneity in how subjects adjust their attention in response 
to incentives, though this heterogeneity is limited to four classes of cost functions: fixed costs, 
mutual information, Tsallis entropy costs (which nest mutual information), and normal signals 
are the only best-fitting cost functions for responsive subjects in terms of performance.

The fact that there is a significant presence of both binary performance and continuous per-
formance functions in the population has important implications for economic modeling. In Sup-
plementary Appendix S6, we present an application of rational inattention to a principal-agent 
framework of investment delegation and show that the principal’s optimal payment schedule cru-
cially depends on the shape of the agent’s information cost function, and moreover, equilibrium 
robustness in this model relies on continuity; if an agent’s information cost function is discon-
tinuous, infinitesimal deviations from the optimal contract can lead to large welfare losses for 
the principal. Our experimental results also indicate that if a modeler wishes to use a single cost 
function for all agents for the sake of simplicity, then Tsallis costs, which have the lowest average 
rank and AIC, may be a good compromise, due to their flexibility.

Three possible avenues for future experimental research present themselves. The first is to ob-
tain more detailed data on what subjects are actually paying attention to. Eyetracking has already 
been used in several economics experiments (e.g. Wang et al., 2010; Krajbich et al., 2010; Arieli 
et al., 2011) to track subjects’ gaze, which allows researchers to find out what visual information 
the subjects are acquiring. Tracking subjects’ mouse movements in computer-based tasks (e.g. 
Gabaix et al., 2006; Reeck et al., 2017) is another potential approach, since those movements in-
dicate to which areas of their computer monitors they are paying attention. The second is to use 
choice data in tandem with reaction time data to fit models of dynamic information acquisition 
(e.g. Ratcliff and Smith, 2004; Clithero, 2018; Webb, 2018). This would also allow researchers 
to determine to what extent subjects trade off speed and accuracy in their decision-making. The 
third is to exploit the structure of the state space and data on subjects’ mistakes to study how 
subjects perceive distance and dissimilarity (e.g. Natenzon, 2019; Pomatto et al., 2019; Chong et 
al., 2019).

Appendix A. Supplementary material

Supplementary material related to this article can be found online at https://doi .org /10 .1016 /
j .jet .2020 .105011.
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