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ABSTRACT

We augment the standard rational inattention model by allowing the decision maker to alter the
distribution of payoffs. The model captures real-life circumstances in which decision makers choose
their incentives to pay attention, for instance, through the choice of insurance (full-coverage contracts
reduce the incentives to pay attention compared to partial coverage). This new framework, specifically
the ability to observe the decision maker’s choice of payoff redistribution, allows us to elicit the
decision maker’s targeted attention level. This is a novel method of eliciting the object of interest—
attention—typically obtained through performance (i.e., repetitions) in the literature. Furthermore, by
manipulating the cost of payoff redistribution, the framework allows us to examine rational inattention
models without making parametric assumptions on the cost of attention function. With a laboratory
experiment, we validate novel comparative static predictions of our model. The subjects respond to
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the link between payoff redistribution decisions and attention in accordance to the theory.

© 2023 Elsevier B.V. All rights reserved.

1. Introduction

The seminal work of Sims (1998, 2003) built the foundations of
rational inattention (RI), the idea that a decision maker optimally
chooses the level of attention based on a trade-off between at-
tention costs and expected returns.! The decision maker chooses
among actions with state-dependent payoffs and is uncertain
about the actual state realization. Through costly attention, she
can refine the posterior distribution over states and improve her
choice. This literature has assumed that the decision maker takes

" We would like to thank Andrew Schotter, Guillaume Frechette, Amnon
Maltz, Filip Matejka, and Jakub Steiner, for their helpful comments and dis-
cussions. This paper also benefited from comments by seminar and conference
participants of NRET at NYU, the 28th International Conference on Game Theory,
the 2017 ESA North American Meetings, and the 2019 Sloan Nomis Workshop
on the Cognitive Foundations of Economic Behavior. We gratefully acknowledge
financial support from the Center for Experimental Social Science at New York
University (CESS) and Indiana University, United States.
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1" Rational inattention has been theoretically explored and applied to various
areas of economics (see, for examples, Martinelli, 2006; Woodford, 2008;
Mackowiak and Wiederholt, 2009; Mondria et al., 2010; Andrade and Le Bihan,
2013; Bartos et al., 2016; Matéjka, 2015; Martin, 2017; Caplin et al.,, 2014;
Kacperczyk et al., 2016; Gaballo, 2016; De Oliveira et al., 2017; Matéjka and
Tabellini, 2021; Luo and Tsang, 2020; Zhang and Mu, 2021 and Ilinov and Jann,
2022). Also, see Mackowiak et al. (2023) for an excellent review of the literature.
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the payoff structure as given. While attention is endogenous,
incentives to be attentive have been kept outside of the decision
maker’s control.

In this paper, we endogenize the payoff structure. The model
captures real-life circumstances in which decision makers choose
their incentives to pay attention. Examples include financial
choices (some investment portfolios requiring more monitor-
ing than others), and insurance choices (full-coverage contracts
reducing the incentives to pay attention compared to partial
coverage), among others.

Allowing the decision maker to choose the payoff structure
leads to two further results. First, a single endogenous payoff
choice reveals the level of attention the decision maker intends
to utilize. Intuitively, the more the payoffs are smoothed across
states, the lower the incentives to pay attention and refine beliefs
about the true state. The extreme example of full equalization of
payoffs over all actions and states leaves the decision maker with
no incentive to pay costly attention and learn the true state. In
this paper we show that a single choice of payoff structure can re-
veal the attention level the decision maker is targeting. Secondly,
this framework provides an evaluation of any theorized attention
cost function. This is particularly useful since the methodology
imposes no parametrization on the cost function and only makes
minimal assumptions about it (e.g., differentiability).

We complement the theoretical analysis with a lab experiment
to examine the validity of our model. In particular, we vary the
underlying task’s difficulty and the cost of payoff distribution
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across state-action combinations. We find strong support for the
comparative static predictions implied by our model. The subjects
choose lower transfers when the task is easy rather than hard.
Similarly, the subjects choose lower transfers when the trans-
ferring becomes more expensive. Furthermore, lower transfers
are associated with higher levels of attention. Strong empirical
support for the comparative static predictions indicates that the
subjects internalize the joint determination of payoff distribution
and attention choice, which validates our approach of using ob-
servable payoff decisions to infer the implicit attention choices.
In the existing literature, measuring a decision maker’s attention
at an individual level requires the said decision maker to repeat
the task numerous times, so that attention can be measured via
success frequencies.” With our novel methodology, similar results
can be reached bypassing the repetition. Our method reveals
the targeted attention level from a single decision of the payoff
choice.

Related to our work are the theoretical studies of De Oliveira
et al. (2017) and Lin (2022), showing how the choice of (or
from) menus can reveal information regarding the shape of the
cost of attention. Compared to these papers, our model provides
a parsimonious measure of the targeted attention levels via a
single choice of payoff distribution. This study derives a feasible
experimental protocol that can be implemented in a lab setting.
Notably, our experiment empirically validates the necessary con-
dition for identification, i.e., the link between payoff distributions
and attention decisions.

2. The model

Our model builds on the costly information acquisition frame-
work of Matejka and McKay (2014) and Caplin and Dean (2015).
We first provide the standard setting and then augment it with
an additional choice variable. The decision maker’s action set is
A = {1,...,N}. There are M states of nature which are vectors
v =(v1,...,vy) € R".Let V be the (N x M) matrix whose element
v;j is decision maker’s payoff for action i in state v;. Let i € I" be
the prior belief over states, with £2* support, and y € I" be the
posterior belief. IT* is the set of feasible attention strategies of all
mappings & : 2* — A(I') with finite support and that satisfy
Bayes’ rule. Let [T = U,J/T"* and G : I x IT — R be the gross
payoff of using some information structure:

Gu.m)= > Zuvj T(yIv;) | &(v), (1)
yel(m) | j=1

where
M

gly)=max y v; y(v).

=1
The gross expected payoff in (1) can be rewritten in terms of the
induced probability of selecting an action given a state. That is,
let

)=y w(yIv),
V€S

where S; is a set of all signals for which optimal action is i. The
expected payoff in terms of P;(v) is

N M
=YY vPiviu(v)

i=1 j=1

2 |t has been highlighted that the repetition method can suffer from learning
effects and fatigue since the same setting is repeated numerous times to obtain
accurate frequencies.
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and P = {Pi(v)}f’zl. The decision maker maximizes utility by
choosing a costly information structure. The optimal choice given
cost K is:

Plu, K) = arg mgx{G(;L, P)—K(u, P)}.

Endogenizing payoffs. In our augmented model, the decision maker
maximizes utility by jointly choosing an information structure

and a payoff redistribution function. The payoff redistribution

function is X : R"YM — RN*M_ Function X transforms the

outcome matrix V into V, X (V) =V, and carries a monetary cost

of 9(X). The expected payoff given redistribution X is:

N

Z Z ViyPi(vj)(vj).

i=1 j=1

G, P, X)

The optimal joint choice of an information structure and payoff
redistribution, given attention cost and redistribution cost is:

(P, X) = arg max (Gl P, X) = K, P) — Q(X)} . (2)
Identification of attention. Let us focus on the simplest environ-
ment that delivers the main results.> There are two states of the
world S = {w, b} with equal prior probability, « = 1/2. The
decision maker can take two actions A = {W, B}. The initial payoff
structure describes a typical “matching-the-state” task: decision
maker receive payoff Y if she matches the state (that is, she picks
action W in state w and action B in state b) and 0 otherwise.
Decision maker can change the payoff structure by guaranteeing
a portion x of total payoff Y (that is, a dollar amount equal to xY)
in the event she fails to match the state. Redistribution costs are
given by q : [0, 1] — R™. The initial payoff structure is given
by the matrix V, where the element vj is the payoff of action
i € {W,B} in state j € {w, b}:

)

By redistributing a portion x € [0,1] of Y to the event in
which the decision maker fails to match the state, the resulting
endogenous payoff matrix V(x) is

5 Y —q(x) xY—qx)
Vix) = [xv —qx) Y- q(x)} :

By paying attention, the decision maker targets a certain pos-
terior probability of matching the state {Py , Pg}, where Py (Pp)
is the probability of taking action W (B) when the state is w
(b). We assume that (i) only symmetric posterior probabilities
can be selected (that is Pw = P = P) and (ii) the posterior
probabilities that can be chosen by the decision maker vary in
the continuum, P € [0, 1]. Let K(u, P) be the cost of the attention
required to target a posterior probability P of matching the state;
K(w, P) is assumed differentiable. The decision maker has utility
u defined over monetary outcomes, is rationally inattentive, and
simultaneously chooses x and P. The objective function is given
by the expected utility of the monetary payoffs as given by
matrix V(x), weighted by the probability of success 7, minus the
attention costs of targeting P.

The maximization problem is:

maxPY 4+ (1 —P]XY —q(x) — K(u, P) (3)

An external observer cannot identify the targeted probability
of success P or the cost function K(u,P) from the standard
maximization problem with exogenous payoffs. Here we show

3 In the online appendix, we show how our method can be extended to
incorporate risk preferences and involve continuous actions and payoffs.
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how, in the augmented maximization problem, where the payoff
distribution is made endogenous, P and K’(x, P) can be inferred
from observing x and associated q(x). The first order conditions
(FOC) derived from (3) are:

(1-P)Y —q(x)=0 (4)
Y —xY —K'(1,P) =0 (

5)
Let (x}, P,) be the solution to the FOC and let the pair (x}, q'(x}))
be the observable output of the decision problem. The FOC can
be rewritten in terms of observables as follows:

Pe=1—q)Y"; (6)
K. 1= gy ™) = Y(1 = X)), (7)

Identification of targeted attention. From Egs. (6) and (7), we see
that the optimal attention level 73q =1- q/(xZ)Y”, and the
value of the derivative of the attention cost function at that point,
Ky =Y(1 - x;‘), are all expressed in terms of observables. This
is the core finding of the paper. Specifically, Eq. (6) reveals the
optimal attention level targeted by a decision maker as a function
of q’(x:;) and Y, where the shape of q'(x*) can be controlled by the
observer (experimenter) and x; is the observable choice of payoff
redistribution taken by the decision maker.

Identification of the shape of the attention cost function. Condi-
tion (7) reveals the value of the derivative of the cost function
K’(-) at a given point. This can be used in two ways. Firstly, by
adopting a set of redistribution functions q(-) € Q and observing
one choice of payoff redistribution for each function in the set
Q, one can obtain values of the derivative of the cost function
K'(u, P) for several values of . An interpolation method could be
used to obtain an estimate of the derivative of the cost function,
K’. This can be further integrated to obtain a parameter-free
estimate of the attention cost function. Secondly, any theorized
cost functions by researchers can be tested using this condition.
That is, because we impose only minimal assumptions (e.g., dif-
ferentiability and symmetry), any well-behaved function can be
tested using existing data.

3. Model validation

In this section, we derive comparative static predictions, intro-
duce the experimental design, and present experimental results
to validate our model and the ensuing methodology for estimat-
ing attention levels. Our main objective is to demonstrate that
decision makers comprehend the relationship between payoff re-
distribution and attention choices and can respond appropriately
to changes in the task difficulty and the transfer costs. By doing
so, we can validate the novel identification strategy that leverages
payoff redistribution decisions to predict targeted attention.

3.1. Comparative static predictions

Examining the comparative static predictions will indicate
whether decision makers internalize the joint determination of
payoff distribution and attention choice. The literature has em-
ployed exogenous variations in incentives, task difficulty, and
changing priors to examine aspects of the rational inattention
model (see Dewan and Neligh, 2020; Caplin et al., 2020, and Dean
and Neligh, 2022). None of these papers study the impact and
benefits of endogenous incentive choices.

We vary task difficulty and the transfer functions to derive
four comparative static predictions from our model. Consider a
decision maker facing two problems, A and B, which have the
same transfer function g(x) and the same payoff structure Y. How-
ever, the task in problem A is more difficult, that is Ky(u, P) >
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Kg(ie, P) for all P. The model predicts that for each transfer
function q(x): (i) decision makers choose higher transfer levels
in problem A, x; > xj, and (ii) decision makers target a lower
probability of success in case A, that is P, < Pg.

Let us consider now a given task and a payoff structure and
introduce two transfer cost functions g;(x) and g,(x). Transfer
function 1 is (weakly) more expensive than transfer function 2,
that is, q1(x) > ga(x), Vx € [0, 1]. Then, the model predicts that:
(i) decision makers choose higher transfers with qy(x), x5 > x7,
and (ii) decision makers target a lower probability of success with
q2(x), that is P, < P;. Combining the predictions above, we can
write them together in the following manner.

Predictions. A more difficult attention task or less expensive
transfer function leads to

(a) higher payoff transfers, and
(b) lower targeted probability of success.

3.2. Experimental design

The experiment was conducted at the Center for Experimental
Social Science (CESS) laboratory at New York University (NYU)
during the Spring of 2017, using the software z-Tree (Fischbacher,
2007). Fifty-one participants were recruited from the general
population of NYU students using hroot (Bock et al., 2014). Addi-
tionally, four sessions of the identical experiment were conducted
at Interdisciplinary Experimental Laboratory (IELAb) at Indiana
University (IU) during the Spring of 2023. Fifty-five participants
were recruited from the general population of IU students using
the ORSEE recruitment system (Greiner, 2015).

The four main phases of the experiment are outlined in Fig. 1.
Phase 1 allows subjects to understand how strenuous the atten-
tion tasks are, that is, to form a mental mapping of the level of
costly attention required to achieve various levels of performance.
First, the subjects are shown what they would earn if they suc-
ceed or fail, with exogenous payoffs. Then, the subjects perform
the task. Phase 1 allows subjects to make informed decisions on
payoff transfers in Phase 2. In Phase 3, subjects repeat the task
with endogenous payoffs. This phase incentivizes truthful choices
in Phase 2, and provides data on success frequencies. Phase 4
elicits risk and ambiguity attitudes to be able to control for these
characteristics in transfer and attention choices.*

During the attention task, participants view screens filled with
white, gray, and black balls.” The subjects “succeed” if they cor-
rectly determine which of the three colors is the most numerous.
Exogenous incentives have two incentive levels: (a) awarding $19.5
if the subject succeeds and $1.5 if they fail the task, and (b)
awaering $10.4 if the subject succeeds and $8.4 if they fail the
task.

Endogenous incentives allow subjects to transfer any percent-
age of their payoffs from a successful to a failed outcome up to the
point at which payoffs are completely equalized. An underlying

4 e elicit subjects’ attitudes toward risk, compound lotteries, and ambiguity.
We elicit subjects’ attitudes towards risk using two procedures: the classic pro-
cedure developed by Holt and Laury (2002), and a second developed by Gneezy
and Potters (1997) and Charness and Gneezy (2010). We then elicit subjects’
attitudes towards compound lotteries (Agranov and Ortoleva, 2017). Finally, we
elicit ambiguity aversion using a procedure similar to that of Halevy (2007)
and Dean and Ortoleva (2015).

5 The literature usually employs screens with two colors only, leading to a
50% chance of success if a subject randomly picks a color. We chose to introduce
an additional color to increase the range of targeted probability from [.5, 1] to
[.(3), 1]. This is because now a random choice of color leads to success only 1/3
of the time.

6 The incentives correspond to 10% and 90% transfer levels in the case of the
high transfer cost function.
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Phase 1

Phase 2

Phase 3

Phase 4

— Attention task with
exogenous incentives
— 4 cases (2 task difficul-

— Choice of transfers
— 6 cases (2 task difficul-
ties X 3 transfer costs)

— Attention task with
endogenous incentives
— 6 cases from Phase 2

— Risk-aversion elicitations
— Ambiguity elicitation

ties x 2 incentive levels)

Fig. 1. Timing of the experiment.
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Fig. 3. Comparative statics: task type and cost of transfers.

transfer function determines the cost of operating such a transfer.
Subjects are provided with a menu consisting of 4 transfer levels
(20, 40, 60, and 80%) and corresponding payoffs. In addition, sub-
jects have a calculator to input any transfer level in the interval
[0, 100] and preview the implied payoff distribution.

The experiment provides 2 primary variations: (i) the com-
plexity of the task, which can be difficult or easy (corresponding to
having a total number of around 90 and 135 balls, respectively);
and (ii) the costs of payoff redistribution from the success to the
failure states, which can be high, medium or low (see Fig. 2). Note,
Fig. 2(a) shows that the same level of transfer level costs more
under high-cost function than medium and low-cost functions.
Further, Fig. 2(b) shows the corresponding incentive levels under
success and failure for all three transfer cost functions and all
transfer levels (0 to 100). A transfer level of 0% leads to incentive
distribution of 20-0 under success and failure cases with all cost
functions. A transfer level of 100% leads to equalizing payoffs
under success and failure cases, leading to about $13.5, $11, and
$8.5, respectively.

3.3. Experimental results

We begin by evaluating the comparative static predictions
from Section 3.1. We find that there is strong evidence supporting
them (see Figs. 3(a) and 3(b)).

Subjects, on average, choose lower transfer, 44.8%, when the
task is easy than when it is hard, 61.1% (Mann-Whitney U (MWU)
test, p— value < 0.01). Furthermore, the hard task transfers first-
order stochastically dominate those of the easy task. The result
holds at the aggregate level and when we look at three different
levels of transfer costs separately. For each transfer cost function
(low, medium, and high), the hard task results in significantly
higher transfers than the easy task.

Our analysis further reveals that subjects decrease their trans-
fers as the cost of transfer increases. This finding holds true at
both the aggregate level and for each level of task difficulty. Given
the strong support for part (a) predictions, let us examine the
prediction on the targeted probabilities of success (b). Here, we
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Table 1
Payoff transfer choice regressions.

Dependent variable: Transfer

(1) (2) (3)
Difficulty: Easy —16.272*** —16.272*** —16.272"*
(2.487) (2.497) (2.463)
Cost: Low 13.078*** 13.078** 13.078**
(3.046) (3.059) (3.017)
Cost: Medium 6.323** 6.323** 6.323**
(3.046) (3.059) (3.017)
Ambiguity Attitude 6.570*** 5.825** 6.919%*
(2.539) (2.538) (2.516)
Risk Aversion (HL) 2.890%* 3.340%*
(0.777) (0.780)
Risky Investment 0.138** 0.169***
(0.047) (0.047)
Compound Lottery 3.120 2.108 1.986
(2.746) (2.775) (2.737)
Demographics Yes Yes Yes
Observations 636 636 636

Note: Significance levels: *p <0.1; **p <0.05; **p <0.01.

will use targeted probabilities calculated using subjects’ perfor-
mance.” The probability of success grows with the increasing
transfer cost, and it is lower for difficult than easy tasks at each
transfer cost level, Fig. 3(b). Overall, the results depicted in Fig. 3
provide substantial support for the comparative static predictions
of our new framework.

Controlling for risk and ambiguity attitudes Let us examine
the robustness of the above results controlling for subjects’ risk
and ambiguity attitudes. Table 1 reports results from a regres-
sion with transfer levels as dependent variable. The independent
variables include the level of difficulty of the task and transfer
cost dummy variables. Additionally we include risk, ambiguity,
and compound lottery attitudes as well as some demographic
information.

Both comparative static predictions are strongly supported
even when we control for risk, ambiguity, and other observables.
Additionally, this analysis reveals a significant effect of subjects’
risk and ambiguity attitudes on their transfer levels. The more
risk-averse a person is, the more they smooth the payoffs. This
result implies that risk-averse individuals perform worse in the
tasks.

Ambiguity-averse subjects transfer more than subjects with
neutral ambiguity attitudes. A possible interpretation of this re-
sult is that paying attention may be perceived as an ambiguous
act, with a degree of uncertainty surrounding the mapping from
paying attention to success probabilities. Then, an ambiguity-
averse person will desire to hedge against such ambiguity by
choosing higher transfers. This intriguing effect of ambiguity at-
titudes on attention presents an opportunity for further investi-
gation in future work.

Data availability
Data will be made available on request.
Appendix A. Supplementary data

Supplementary material related to this article can be found
online at https://doi.org/10.1016/j.econlet.2023.111114.

7 Note that since predictions in part (a) are supported, if we use our novel
measure for targeted probability from expression (6), predictions in (b) will
follow by construction. We examine the effects of task difficulty and transfer cost
on performance for a more stringent test. See Appendix A for analysis comparing
model targeted probability and performance measures.
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