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Time and State Dependence in an
Ss Decision Experiment

By JaAcoPO MAGNANI, ASPEN GORRY, AND RYAN OPREAH

Flow earnings in a laboratory experiment decline the further a
Brownian state variable, z, evolves from its optimal level, 7*. Optimal
state dependent models predict subjects will pay a fixed cost to return
z to ¥ only when z strays outside a critical inaction region around
the optimum. On average, subjects adjust at states remarkably close
to optimal threshold levels but, as in the field, do not establish true
“state dependent” inaction regions, suggesting significant “time
dependent” components in adjustment rules. Structural estimates
of subjective observation cost qualitatively account for variation in
time dependence observed across treatments. (JEL C91, D21, D80)

hen the world changes, firms must change with it to continue optimizing.

But when it is costly to make changes, it pays to be judicious about tim-
ing. Indeed, Ss models show that when the future is uncertain and adjustment is
costly, it is best to ignore minor deviations from optimality and delay reoptimiz-
ing until failing to do is sufficiently costly. Such decision problems are canonical,
arising throughout economics. Indeed, Ss models have become a workhorse in the
last three decades, helping economists understand sticky prices, inventory dynam-
ics, cash flows, hiring and firing decisions, and investments.! Ss models point out
that agents should choose when to reoptimize soley based on the state of the world
(“state dependent” adjustment) and not on any direct function of time itself (“time
dependent” adjustment).
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! As summarized in Caplin and Leahy (2010), the development of Ss models grew out of an interest in under-
standing how to manage inventories. Arrow, Harris, and Marschak (1951) showed that Ss policies are cost minimiz-
ing in infinite horizon inventory problems while Scarf (1960) demonstrated that optimal decisions in a large class of
such inventory problems take an Ss form. Given the pervasiveness of both uncertainty and fixed costs of adjustment
in economics, Ss models have since been deployed in a wide range of applications in economics including the inter-
action of portfolio choice and housing demand (Grossman and Laroque 1990); the demand for durables (Bertola
and Caballero 1990); portfolio choice and stock ownership (Vissing-Jgrgensen 2002); investment (Pindyck 1988,
and Abel and Eberly 1994); the decision of countries to exit the Eurozone (Alvarez and Dixit 2013); and price
adjustment (Barro 1972 and Sheshinski and Weiss 1977).
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Do people use optimal state dependent rules when making adjustments? Among
the best studied Ss-type problems empirically is firms’ timing of price changes in
the face of “menu costs.” A central ambition of the empirical literature on price
adjustment is to discern whether firms tend to employ the sorts of state dependent
price changes predicted in Ss models or whether they instead employ “time depen-
dent” rules of the sort described by Taylor (1980), a question of critical importance
to monetary policy.” Although state dependent models are empirically successful in
several dimensions, much of the evidence so far suggests that they fail to describe
the data in important ways: firms also show some evidence of time dependence in
their actual decision making.? To illustrate, [Figure 1 plots log price adjustments
using AC Nielsen data (the data were constructed in Midrigan (2008) and used as an
empirical benchmark in Costain and Nakov (2011a, 2011b)). As in state dependent
models, adjustments are bimodal with modes above and below zero. However, as
in time dependent models the sizes of price adjustments are diffuse and not tightly
clustered around modes; adjustment data provides little evidence that firms establish
the inaction regions predicted by Ss models.’

There are two broad classes of explanations available for the predictive failures
of Ss models. One class is institutional: the environments studied in the field may
include institutional features that rationalize time dependence but are not included
in the structure of simple Ss models.” Another is cognitive: the models have the
description of the decision problem right but limits in cognitive capacity or attention
prevent firms from fully assessing or responding to the current state.’ Such bound-
edly rational agents’ adjustment rules include properties of time dependent models
that can generate patterns like those in Figure 1.

2While monetary policy has sizable real effects when agents behave in a time dependent manner, monetary
policy can be largely, or even entirely, ineffective with state dependent agents, a fact first highlighted by Caplin and
Spulber (1987).

3Indeed, the recent empirical literature has produced mixed support for both pure state and time dependent
models. While Midrigan (2010) finds significant evidence of selection effects in firms’ price changing decisions,
consistent with state dependence, Nakamura and Steinsson (2008) find evidence of seasonality in price changes
and no evidence for the upward sloping hazard functions of price adjustment that are predicted by standard state
dependent models. Klenow and Kryvtsov (2008) find that purely state dependent models are unable to generate as
many small and large price changes as are observed in the data. On the other hand, they also find that the correlation
between the time between adjustments and the size of adjustments is weaker than would be expected from a purely
time dependent model.

+0Of course underlying parameters of the economy and institutional features of the decision task are unobserv-
able in naturally occurring data such as this, making it difficult to make direct and easily interpretable comparisons
to theoretical models. This observability problem is a central motive for conducting direct tests using controlled and
sterile experiments as a complement to conventional empirics.

STn order to explain the empirical distribution of price changes, “second-generation” state dependent pricing
models have been developed that rationalize the empirical evidence by including additional institutional details in
the model. Some of these competing explanations are: variable menu costs as in Dotsey, King, and Wolman (1999);
infrequent shocks under small menu costs as in Gertler and Leahy (2008); and economies of scope for changing
the prices of multiple products as in Midrigan (2011) and Alvarez and Lippi (2012). For a survey of the literature,
see Klenow and Malin (2011).

6 Alvarez, Lippi, and Paciello (2011) show that costly information processing (of a sort modeled in Caballero
1989; Reis 2006; and Alvarez, Lippi, and Paciello 2012) in a menu cost Ss model can also generate an optimal
blend of time and state dependent behavior. Alternately, Woodford (2008) builds a model based on the concept of
rational inattention (costly information gathering) developed by Sims (1998, 2003, 2006) where the standard Ss
model is generated as a limiting case of no information costs. More recently (Costain and Nakov, 2011a, 2011b)
develop a similar theory of smoothly state dependent pricing that assumes agents face cognitive costs in processing
and using information to make optimal decisions.
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FIGURE 1. HISTOGRAM OF AC NIELSEN DATA OF LOG PRICE ADJUSTMENT DATA WERE CONSTRUCTED BY MIDRIGAN
(2008) AND USED AS AN EMPIRICAL BENCHMARK IN COSTAIN AND NAKOV (2011a, 2011b)

It is difficult to directly judge between these two classes of explanations using
conventional empirics because the underlying decision problem faced by firms is
only imperfectly observed in naturally occurring data. In this paper we use labora-
tory experiments to help shed some new light on this question. Experiments have, for
our purposes, one important advantage over the field: they give the analyst perfect
information and perfect control over the exact decision problem faced by subjects.
If we precisely implement the simple environment of a standard Ss pricing model
in the controlled and sterile setting of the lab and observe deviations in behavior
matching the distinctive ones observed in the field, the cause can only be bounded
rationality;’ alternative explanations are unavailable in our laboratory environment.

When designing the experiment, we made an ex ante choice to compare standard
Ss predictions to the alternative predictions of a specific model of bounded ratio-
nality. We chose Alvarez, Lippi, and Paciello (2011),% which adds to a standard Ss
model subjective costs incurred by agents when they track the state or (equivalently)
assess its relationship to the optimal state.” Optimizing against these costs generates

7Here and elsewhere we use “bounded rationality” to describe settings in which deviations from orthodox
predictions are driven by agents optimizing in the face of subjective costs (such as costs of cognition, attention, or
perception) that are usually not included in standard models. In these models, agents are rational in the sense that
they make constrained optimal decisions given these costs.

8 Among the large menu of bounded rationality models to emerge in recent years, we chose Alvarez, Lippi, and
Paciello (2011) because the model conveniently has limiting cases of purely “state dependent” and purely “time
dependent” behavior depending on the magnitude of the observation and menu costs; and it predicts a distinctive
effect of volatility on behavior that does not arise in standard Ss models and therefore allows us to conduct a simple
(and therefore quite credible) treatment level test of the model in the lab.

In Alvarez, Lippi, and Paciello (2011) subjects must pay a cost each time they want to “review” information
about the state. While this model of paying a fixed observation cost to observe the state is possibly narrow, the
model accurately captures any cognitive cost that the agent faces in observing or processing information about the
state as long as the agent must pay such costs before gaining any information about the current state. This is broad
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time dependence in decision making that can resemble in several key respects pat-
terns observed in naturally occurring data. An important component of the struc-
ture of our study is that the specific Ss model we took to the lab, our experimental
treatments, and our structural estimation were all designed with Alvarez, Lippi, and
Paciello (2011) in mind prior to running the experiment. We thus tied our hands on
the source of our alternative hypotheses, our structural model, and our comparative
statics (see below) prior to collecting the data reported here.

In our experiment, subjects observe a graphical visualization of their static price
and are also shown the evolution of the optimal relative price, which fluctuates
according to a geometric Brownian motion. The further the optimal price strays
from the current price (either above or below), the lower their flow earnings. A sub-
ject decides only when to pay a fixed monetary cost to adjust her price to the current
optimum. Ss theory gives us clear predictions: subjects should set thresholds above
and below the optimum, exercising their option to adjust only when the relative
price passes one of these thresholds. Because we have access to the exact parameters
of the game, we can precisely evaluate the theory’s predictive power and compare
it to time dependent alternatives (specifically, Alvarez, Lippi, and Paciello 2011)—
something that cannot be done using naturally occurring data.

Our first contribution is to show that subjects’ adjustment patterns in the experi-
ment match those observed in the field. As in the field, adjustments in our data are
bimodal, conforming with the two-sided adjustment rules predicted by the theory.
Moreover, because we have access to the induced parameters of the economy we are
able to show, for the first time, that these adjustment points are, on average, nearly
identical to those predicted in Ss models and obey Ss predicted comparative statics
to a remarkable degree. However, as in the field, adjustments are extremely diffuse:
subjects often make price adjustments far from optimal threshold points and do not
establish true inaction regions. Subjects therefore show strong evidence of the same
sort of time dependence measured in the field, though here only bounded rationality
is a plausible explanation.

Our second contribution is to examine comparative static predictions both from
the orthodox Ss model and from a bounded rationality extension as in Alvarez,
Lippi, and Paciello (2011). We focus attention on volatility, a variable of recent
interest in the Ss empirical literature (e.g., Bloom, Bond, and Van Reenen 2007; and
Vavra 2013). In Ss models, an increase to volatility has a distinct predicted effect:
it will push out adjustment thresholds, increasing the size of average price changes.
However, Alvarez, Lippi, and Paciello (2011) predict a second effect of volatility
not predicted in orthodox models: it directly decreases state dependence, leading to
greater dispersion in price changes.'" By varying volatility in our design we there-
fore generate both a test for state dependent comparative statics (by looking for a
change in the average size of adjustments) and a test for the presence of the type of

enough to capture ideas of costly state observation, costly attention, costly acquisition of information, and costly
information processing.

10This effect arises because the decision maker establishes time-dependent inattention intervals between obser-
vations that directly produce greater variability when the state is more volatile. Though this variability is costly, an
optimizing decision maker only partially compensates by paying closer attention to the state in Alvarez, Lippi, and
Paciello (2011) leaving an effect of volatility on variability.
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bounded rationality in Alvarez, Lippi, and Paciello (2011) (by looking for a change
in the variability of adjustments). We find strong evidence of both. Price changes in
our high volatility (VOL) treatment are significantly larger than changes in our base-
line (BASE) treatment as the Ss model would predict. Moreover, we find that VOL
adjustments are far more diffuse and thus exhibit weaker state dependence than in
the BASE treatment, as Alvarez, Lippi, and Paciello (2011) predict.

Our third contribution is to dig deeper into the interpretation of the subjective
costs measured in the experiment. One possibility is that these costs are essentially
driven by difficulties in computing (or learning) the optimal adjustment rule. An
alternative is that they are driven by difficulties in paying attention to or exerting
control over the timing of adjustment. In order to distinguish between these two
classes of explanation, we ran the GUIDE treatment. In GUIDE we implemented an
exact replication of the BASE treatment except that we told subjects that a thresh-
old rule was profit maximizing; and showed them the thresholds at which to adjust,
on their screens and throughout the experiment. Remarkably, decision making in
GUIDE is no more optimal and no more state dependent than decision making in
BASE. Typical deviations from the optimum and measures of diffusion were of the
same magnitude and earnings were nearly identical. These results strongly suggest
that the bounded rationality observed in our experiment are due to costs of attention
and control rather than cognitive or learning constraints.

Our final contribution is to use the unique precision of laboratory data to assess
the predictions of the model in Alvarez, Lippi, and Paciello (2011) by structurally
estimating subjective observation costs at the individual level. Laboratory data give
us access to all of the relevant parameters of the game and therefore allow us to pre-
cisely estimate the level of observation costs that are consistent with each subject’s
observed behavior in the lab. Because of this, we can collect unusually credible
structural estimates of the subjective costs of implementing state dependent decision
rules for every subject in our sample.'! By comparing these subject-level cost esti-
mates across treatments we are able to assess the degree to which forces described
in Alvarez, Guiso, and Lippi (2012) organize our results. For example, we find that
distributions of estimates are identical in BASE and GUIDE subjects, confirming
that the bounded rationality in our data does not arise from difficulties in learning
optimal behavior. On the other hand, these costs are estimated to be larger in the
VOL treatment than in the BASE treatment—a finding that suggests that volatility
has additional effects on the cost of implementing state dependent strategies beyond
those modeled in Alvarez, Lippi, and Paciello (2011).

Although our experiment is framed as a price adjustment problem, our find-
ings have a broader scope: costly adjustment against uncertain fundamentals arises
throughout economics. As a result, our findings shed light on an important general
component of economic decision making. Indeed, given the importance of Ss mod-
els in economics, it is surprising that (to the best of our knowledge) no previous
experimental studies have examined behavior in these common settings. The closest

' Alvarez, Guiso, and Lippi (2012) comes closest to our paper on this by directly estimating costs of observa-
tion of the state variable in an investment problem using a novel household survey dataset. While the mechanism
they study is related to ours, the estimate is from a very different setting than firms’ pricing decisions.
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study to ours is perhaps Oprea, Friedman, and Anderson (2009) who study how
subjects learn to value real options in a related dynamic-stochastic environment,
though the economic forces studied in that paper are quite different.'? More dis-
tantly related are several experiments that study pricing frictions in macroeconom-
ic-inspired settings. Davis and Korenok (2011) study a multiplayer market in which
agents are directly induced to use time-dependent pricing rules and examine how
these timing frictions effect the speed of price convergence over a number of trading
periods. Wilson (1998) studies the behavior of a monopolist facing nominal price
shocks and shows that even when faced with menu costs, prices converge quickly
to monopolistic levels in dynamic settings. Finally, Noussair, Pfajfar, and Zsiros
(2013) implement a multiagent dynamic stochastic general equilibrium (DSGE)
economy and show that menu cost treatments reduce the variability of inflation rel-
ative to other treatments. None of these papers, however, study a Ss-type setting
and none study the contrast between state and time dependence that animates our
environment. Duffy (2008) provides a comprehensive overview of the experimental
macroeconomics literature.

Our paper also relates to a broader literature on bounded rationality and cogni-
tive costs, usefully surveyed in Conlisk (1996), who notes that “deliberation about
an economic decision is a costly activity, and good economics requires that we
entertain all costs.” A recent example by Caplin, Dean, and Martin (2011) develops
and experimentally tests a model of satisficing where cognitive fixed costs shape
sequential search over a choice set. They find that these costs increase with com-
plexity, a result that seems related to our finding that volatility increases such costs
in Ss decisions.

The rest of the paper is organized as follows. In Section I, we describe a simple Ss
model inspired by the menu cost literature and compare its predictions with a model
that includes both menu and observation costs that nests both state and time depen-
dent models as special cases. In Section II, we discuss our strategy for implementing
the model in the lab and motivate our experimental design. In Section III, we present
our results. Finally, we conclude with a discussion in Section IV. Theoretical details
and instructions to subjects are collected in online Appendices.

I. Theoretical Model, Ss Predictions, and Bounded Rationality

In this section we discuss the simple Ss pricing model that we take to the lab,
and compare its optimal state dependent predictions to purely time dependent and
boundedly rational alternatives. Section IA describes optimal state dependent pre-
dictions for a a standard, continuous time Ss pricing model with menu costs as
described by Stokey (2008) (these environments were first studied by Barro (1972)
and Sheshinski and Weiss (1977)). Full details on the motivating economic problem

21 Oprea, Friedman, and Anderson (2009), subjects choose when to make a one-time fixed investment in a
project whose value evolves according to a geometric Brownian motion with positive drift. The reward function,
action space and predictions are very different from those in the Ss models studied here. Moreover, while Oprea,
Friedman, and Anderson (2009) are focused on understanding learning rules driving aggregate long-run time series,
ours is focused on understanding cross sectional bounded rationality and time dependent departures from threshold
adjustment rules.
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and technical details on the solution are provided in the online Appendix. Section IB
compares optimal state dependent adjustment to time dependent adjustment (specif-
ically the Taylor 1980 adjustment rule). We then describe a model with both menu
costs and bounded rationality—modeled as costly observation as in Alvarez, Lippi,
and Paciello (2011)—that features purely state and time dependent adjustment
behaviors as special cases.

A. Model and State Dependent Optima

Consider a firm that maximizes its flow profits at each moment by minimizing the
expected discounted value of a quadratic instantaneous loss function:

(1) B(p — p*)*,

where B is an exogenous constant parameter, p is the current (log) price and p * is the
target price, i.e., the price that maximizes instantaneous profits.'? The target price
follows a Brownian motion:

(2) dp*(t) = pdt + odw(r)

with drift p, volatility o, where w(z) is a standard Wiener process. For simplic-
ity and to match the setting of our experiment, we restrict attention to the case of
i = 0.' The problem can be described entirely in terms of a single state variable:
the price gap,z = p — p™. The firm’s task is to decide whether to exert control over
the state, z, by discontinuously adjusting it to the optimal level z* at each moment
in time. While typical Ss problems have the firm choose the optimal level z*, we
simplify the problem for subjects by assuming that z* is known. The firm faces a
fixed cost of m each time it makes an adjustment and thus faces a sequence of opti-
mal stopping problems: to choose the optimal times, {7}, to adjust the state to the
optimal level, z*, to optimize its value:

(3) v(zo) = I?lel Eo{j:le “B(z(1))dt + zi:[—e”m + fT?He ’rTiB(z(t))zdt] }

The optimal solution to this problem is to establish an “inactivity band” for z(¢),
(—7,7): whenever z(t) lies within the inactivity band the firm makes no adjustment
and whenever z(7) reaches or crosses these bounds, the firm pays a real fixed cost m
to adjust z(7) to z*. Importantly, this optimal decision rule is unrelated to calendar

13 Having a quadratic approximation to the profit function is a common assumption in both the menu cost and
observation cost literature. For menu cost models see the seminal work by Dixit (1991) and Caplin and Leahy
(1997). Stokey (2008) reviews the literature. Caballero (1989) and Moscarini (2004) make the same assumption in
models with costly observation.

4In particular, the combination of quadratic loss and zero drift implies that the optimal Ss bands will be sym-
metric. This has the advantage of providing subjects with the simplest possible setting to play in the lab. Also, as
shown in Proposition 1 of Alvarez, Lippi, and Paciello (2011) 1 = 0 implies that there will be no planned price
changes between observations in the model with both menu and observation costs, which maps more closely to our
experimental setting where subjects do not have the option to create price plans.
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time: the timing of switches are entirely dictated by the current state of the world,
z(). The optimal rule is thus purely “state dependent.”

Inside the inaction region the value function is characterized by the Hamilton-
Jacobi-Bellman equation, and outside the inaction region it is equal to the value at
the optimal return point net of the menu cost. Thus, the value of the firm over the
entire state space is defined by:

(4) m(z) = B(z(1)* — w'(z) + %azv”(z), z € (-7,2)

(5) v(z) = v(z") +m, z ¢ (-%.7).

Using these value functions, we calculate the optimal bands using standard
methods that exploit value matching and smooth pasting conditions (full details are
provided in the online Appendix).

Our experimental design, described below, will leverage the comparative static
prediction of the model that an increase in volatility (an increase in o) widens the
optimal inaction band (—Z, 7). See Stokey (2008), for a discussion of the compara-
tive statics of the model.

B. State Dependence, Time Dependence, and Bounded Rationality

What alternative decision rules might agents use in the setting of the model
described in the previous section? Consider the following simple descriptive frame-
work: agents set a time 7 from their previous adjustment at which to adjust the state
and can condition this 7 on the current state z if they choose.

The optimal solution described in the previous section has a sharp prediction in
this framework: agents will set T = inf{r: |z(r)| = Z}, adjusting the first time the
state variable hits the optimal thresholds. This is a strongly state dependent pre-
diction as adjustment is entirely governed by (and is perfectly responsive to) the
current value of z(z). Panel A of plots a histogram of the distribution of
switching points (i.e., sizes of price changes) from a simulation populated by purely
state dependent agents. The simulation is parameterized by the vector (u, o, r, m, B)
= (0,0.24,0.008,25,4.17) (the same parameters we use in our BASE treatment
in the experiment). Solid vertical lines mark the boundaries 7 and —Z. The observ-
able pattern generated by this decision rule is clear: we observe adjustments near
Z and — 7 but very little adjustment away from these boundaries.

By contrast, purely time dependent models predict that subjects will adjust based
on calendar time rather than state. The Taylor (1980) model in particular predicts
that agents will simply set 7 = 7 (for some fixed 7), ignoring the state, z, altogether.
Panel B of Figure 2 shows a histogram of price change sizes from a simulation
using 7 = 15. Unlike the state dependent behavior in panel A, the time dependent
distribution of price changes are strongly unimodal and quite diffuse, with adjust-
ments occurring at a wide range of relative prices. In the setting described in the
previous section, such time dependent rules constitute a substantial deviation from
profit maximization.
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FIGURE 2. HISTOGRAM OF SIMULATED ADJUSTMENTS FOR PANEL A: STATE DEPENDENT AGENTS; PANEL B: TIME
DEPENDENT AGENTS; AND PANEL C: COSTLY ATTENTION AGENTS

What could cause agents to make time dependent instead of optimal state depen-
dent decisions? One hypothesis recently advanced in the literature is that subjects
may experience private costs from implementing decision rules that require obser-
vation of or attention to the state. While a time dependent rule requires only limited
attention to the passing of time, conditioning adjustment on the state can require
considerable cognitive effort. If the additional cognitive effort necessary to condi-
tion adjustment on state is subjectively costly, agents may avoid using purely state
dependent rules for economically sensible reasons.

Consider Alvarez, Lippi, and Paciello (2011),15 who model a decision maker
(DM) that experiences a fixed cost from observing (alternatively paying attention to,
thinking about or noticing) the state z, denoted «. In our setup, ~ should be viewed
as a mental cost paid by the subject associated with observing the state in contrast
to m, which is a real cost set in the treatment and subtracted from profits. The DM’s
choice is then not only when to adjust the price, but also when to observe the state
to gauge the adequacy of the current price. Upon observing the state and recording
its value z, the DM decides whether to adjust the state and the time until the next
observation 7(z).'9 Define U(z) as the value of observing the state and choosing not
to pay the additional cost to adjust the state at z, W as the value of observing the
state and paying the menu cost to adjust the state to z*, and V(z) as the optimized
value function between U(z) and W that minimizes the individual’s expected loss.

15Qut of all of the many models of bounded rationality in Ss style problems we selected Alvarez, Lippi, and
Paciello (2011) for its simplicity, tractability, clean comparative statics, fit to a laboratory setting, and the fact that
it features purely state and time dependent models as special cases.

'©This is the optimal policy in the case where there is no drift in the target price process (i = 0) that we
implement in the lab; see proposition 1 in Alvarez, Lippi, and Paciello (2011). Under this solution there is no price
adjustments between observation of the state. Such intermediate price adjustments may be optimal in high inflation
environments.
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Using this notation, we rewrite the 1 = 0 case of the model of Alvarez, Lippi, and
Paciello (2011) as follows

(6) V(z) = min{U(z), W}
(7) U(z) = # + min BfOTe (2% 4 o) dr + e_’Tf_O;V(z — sov/'T) dN(s)
(8) W = m+ & + min Bf()Te”’(z*2 + azt) dt

+ e"Tfj;V(z* — sov/T) dN(s).

Whenever the DM observes the state z, she optimally chooses if she should adjust
the state to z* and also optimally sets the time until the next observation 7(z). An
optimizing DM always adjusts z to z* = 0 (because p = 0) and plans shorter
inattention spells the further z is from z* when she does not adjust (because 7(z)
is maximized at z = 0). Whenever the DM is paying attention (i.e., is not in an
inattention spell), she chooses to adjust if W < U(z), generating two symmetric
adjustment thresholds, Z and — Z (at which W = U(z)). As & rises from zero, this
inaction region narrows relative to the standard Ss region (i.e., Z falls below Z).
Intuitively, when the state variable is sufficiently close to the Ss threshold, the option
value of waiting to obtain more precise information on the state is outweighed by
the observation cost: the DM adjusts at states both within and outside the original
Ss inaction band because the DM does not continuously pay attention to the state."”

This model includes purely state and time dependent adjustment rules as special
cases. When & is zero, and observation of the state is costless, the DM continuously
pays attention (7 — 0), and the optimal inaction region coincides with the Ss band
in the basic menu cost model: the DM is capable of precisely adjusting as a function
of state as visualized in Figure 2, panel A. On the other hand, in the limit when the
ratio of the observation cost to the menu cost x/m is infinite, the agent ignores the
state, setting a fixed time interval between adjustments and implementing the Taylor
rule, generating the sort of outcomes pictured in Figure 2, panel B.

At intermediate values of x, agents display a hybrid pattern between these two
extremes. Panel C of Figure 2 plots switching points from a simulation using inter-
mediate values of . The results contain ingredients of both the state dependent
behavior in panel A and the time dependent behavior in panel B. As in panel A,
behavior is bimodal and peaked near optimal switching points, z and Z. As in
panel B, adjustments are diffuse, with frequent adjustments at states far from the
optimum. Importantly, this pattern of adjustment bears a strong resemblance to pat-
terns documented in field data, as illustrated in Figure 1.

17 Alvarez, Lippi, and Paciello (2011) derive highly tractable expressions for 7(z) and j as an approximation of
the optimal solution when the menu cost is small relative to the attention cost. They find the approximation to be
accurate when the menu cost is less than half of the observation cost. We do not make special assumptions on the
size of attention costs and therefore must solve the general model numerically. Most of the comparative statics from
the expressions developed in Alvarez, Lippi, and Paciello (2011) extend to the general solution.
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The purpose of our experiment is to compare the organizing power of these mod-
els, and one particularly useful tool for making this comparison is to evaluate com-
parative static predictions that differ across models. Our treatment design is centered
on varying Brownian volatility, o, which has distinct predicted effects on behav-
ior under state and time dependence. Under the hypothesis of state dependence,
increasing o will cause average changes to become larger by widening the inaction
bands (i.e., increasing 7). By contrast, under the hypothesis of time dependence,
increasing o will instead cause the dispersion of price changes to rise (i.e., the vari-
ance in the histogram in Figure 2, panel B will increase). Finally, under Alvarez,
Lippi, and Paciello (2011) we expect to see both effects: average price changes will
become larger and price changes will become more diffuse.'®

II. Experimental Implementation and Treatment Design

In this section we describe our strategy for taking the model described in
Section IA to the laboratory. In Section IIA, we show how we convert the con-
tinuous time, infinite horizon model into a closely related near-continuous time,
indefinite horizon game. In Section IIB, we describe the visual software we built to
test the theory and provide details regarding the implementation of the experiment.
Finally, in Section IIC, we describe and motivate our experimental treatments.

A. Binomial Conversion

There are two barriers to directly implementing the model described in Section [A
in the laboratory. First, true Brownian motion evolves in infinitesimal time incre-
ments and cannot therefore be generated in simulation. Second, the model has an
infinite horizon and experimental sessions are obviously of finite duration.

To cope with the first problem, we turn to a well-known binomial approximation
standardly used to simulate Brownian motion. We divide the game into a number
of ticks, each of length At. In each tick, the series p *() iterates up with probability
p and down with probability 1 — p. If the tick moves up, it rises by 4 (the step size
parameter) and, if down, falls by A.

As At approaches zero, the parameters converge to the two key Brownian param-
eters, drift

9) a = lim

'8 More precisely, when volatility increases, there are two predicted effects on the dispersion of adjustments in
the attention cost model. The first effect is that agents will optimally set shorter durations between observations of
the state. This is because the cost of observation is the same, but the benefits of observing the state are higher, since
the state moves away from its optimal value at a faster rate. On the other hand, the direct effect is that for a fixed time
between observations the dispersion of the value of z when the DM attends to the state increases, as the standard
deviation of z(7') conditional on some prior value of z is given by o+/7. As often happens in this type of problem,
the direct effect dominates the indirect effect on the decision rule, and hence the standard deviation of adjustments
is increasing in o. We thank an anonymous referee for helpful comments on this point.
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and volatility

2 _ .
& 7= PP

Thus, by setting a very low value of At (one-fifth of a second in our experiment),
we can generate random series that are nearly continuous and closely mimic the
Brownian motion described in the theory. See Dixit (1993) for details.

To deal with the second problem, we implement a per-tick probability g of the
game ending in lieu of a discount rate. As shown in Oprea, Friedman, and Anderson
(2009), this converts to the Brownian discount rate in the limit according to the
following formula:

(11) ro= w.

B. Implementation

We ran the experiment using a custom piece of software programmed in a new
Javascript environment called Redwood. The subject display, shown in ,
consists of three panels, each visualizing a different part of the decision problem.

First, on the top panel, we show subjects their current price, p(¢) and the optimal
price p*(¢) (labeled the “Ideal Price” on the screen). Subjects see p(f) as a stable
red line and p*(r) as a point fluctuating over time with previous values drawn as a
trailing blue line.

The bottom two panels display detailed information on the real time earnings
consequences of subjects’ decisions. The middle panel shows subjects their flow
profits.'” Positive flows are shown as regions shaded in green, negative flows as
regions shaded in red. The bottom line charts the total profits accumulated so far.

A subject’s only decision is when to press a button labeled “Move Current Price.”
When this button (or the space bar) is pressed, the red line immediately jumps to
join the current ideal price, maximizing instantaneous earnings, and a cost of m is
incurred. The experiment is divided into 20 periods (each period is a complete play
of the indefinitely lengthed decision problem described above), with the current
period ending with a fixed probability, ¢, in each tick. When the period ends, p(t) is
automatically and costlessly returned to p*(7) and a new period begins.

Data was collected in the Experimental and Behavioral Economics Laboratory
(EBEL) laboratory at the University of California, Santa Barbara in May of 2014. A
total of 74 subjects were drawn from an undergraduate subject pool using students

9Though we frame the problem above as an expected discounted loss minimization problem, we present sub-
jects as an isomorphic expected discounted profit-maximization problem. In particular, we provide subjects with a
flow constant C from which the instantaneous loss function is subtracted (similarly the menu cost is subtracted from
current profits whenever an adjustment occurs). The optimal policy in either case is the same. In our discretized
version of the problem, flow profits accruing to subjects in each tick is thus:

w(t) = AtC — ABp(r) — p*())>
where C > 0.
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FIGURE 3. SCREEN SHOT OF CUSTOM EXPERIMENTAL SOFTWARE

from across the curriculum, recruited using the ORSEE software (Greiner 2004).
Subjects were randomly assigned to visually isolated terminals and interacted
with no other subjects during the session. Instructions, reproduced in the online
Appendix, were read aloud prior to the beginning of the experiment. Subjects were
shown the exact binomial parameters used in the experiment on their screen and
were given a graph in their instructions showing how flow profits are impacted by
deviations from z*.

Each period’s length was randomly predrawn prior to data collection such that
all subjects experienced identical period lengths (though of course subjects did not
know the duration of any given period until the period ended). Subjects were paid
a $5 showup fee and 7.5 cents for each 100 points of profit earned. Sessions lasted
roughly 1 hour and 30 minutes including instructions and average subject earnings
were $19.43.

C. Treatments and Motivation

Table 1/summarizes our treatment design, displaying binomial parameters used,*"
other parameters used in the experiment, and both the thresholds of the optimal

290ur binomial parameters generate approximate Brownian parameters of o = 0 (all treatments), 0 = 0.24
(BASE/GUIDE), and ¢ = 0.36 (VOL). For all treatments, setting ¢ = 0.0016 generates an approximate
r = 0008.
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TABLE 1—PARAMETER VALUES AND THEORETICAL PREDICTIONS FOR EACH TREATMENT

Binomial Other Predictions
Treatment P h q m B Z* z
BASE/GUIDE 0.5 0.107 0.0016 25 4.17 0 1.20
VOL 0.5 0.161 0.0016 25 4.17 0 1.47
Note: In all treatments, the time step in seconds is Az = 0.2, and the profit-scaling constant is C = 10.

inactivity bands (—Z, Z) and the optimal price ratio, z * for each treatment. Our design
focuses on two main treatments (BASE and VOL) and one diagnostic treatment
(GUIDE). Each subject was observed under only one treatment (we employed a
completely between-subjects design). The treatments were parameterized to achieve
several inferential goals.

First, in order to simplify the model predictions and the actual task we focused
the design on a noninflationary setting. The probability that relative prices rise and
fall were set to p = 0.5 generating a drift in the price index of &« = 0.

Second, we carefully selected our parameters to minimize flat payoffs around the
optimum, a perennial concern in implementing dynamic stochastic problems in the
lab. We considered dozens of parameterizations before selecting the ones we, in the
end, took to the lab to ensure that subjects face substantial costs by deviating from
optimal decisions. Payoff hills from the parameterizations we selected are shown in
the online Appendix.

Third, as we discuss at the end of Section IB, we focused our treatment design
on the effect of volatility: in our high volatility “VOL” treatment we nearly double
volatility relative to our baseline “BASE” treatment. While a state dependent sub-
ject will respond to this parameter change by making larger price changes, a time
dependent will make more diffuse price changes. An agent with both ingredients in
her decision making, ala Alvarez, Lippi, and Paciello (2011), will make both larger
and more diffuse price changes. We can thus use variation in volatility as a tool for
evaluating time and state dependence in subject decision making.

Fourth, in order to better understand the nature of bounded rationality operat-
ing in our experiment, we replicated the BASE treatment but instead of having
subjects glean optimal behavior themselves we explicitly tell them that they can
maximize their expected earnings by implementing a threshold rule; and we show
them on their screen the exact optimal threshold. In particular, we added “guide-
lines” around the current price (the stable line) on subjects’ screen showing when
p*(1) (the jagged line) deviates from p(f) enough to optimally prescribe a price
change. Doing this allows us to distinguish between two sources of bounded ratio-
nality. If deviations from state dependent predictions are substantially reduced in
the GUIDE treatment relative to the BASE treatment, it is likely that cognitive dif-
ficulties in fully assessing the optimum are an important driver of time dependence.
On the other hand, if BASE and GUIDE behaviors are similar, it is likely that such
deviations are caused by attention or observation costs rather than costs associated
with calculating the optimum.
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III. Results

We present the results in three parts. Section IIIA presents an aggregate overview
of the data. We show that while average decisions are meaningfully organized by
and responsive to the underlying economic environment (suggesting state depen-
dence), subjects do not choose sharp switching points or set true inaction regions
(suggesting time dependence). Section IIIB reports reduced form estimates of the
adjustment hazard function and confirms that there is significant time dependence
in our data. The estimates also confirm that this time dependence is substantially
higher in the VOL than in the BASE treatment but is completely unaffected by the
information provided in the GUIDE treatment. Finally, Section IIIC digs deeper into
the roots of time dependence by estimating a structural model of bounded rational-
ity, discussed in Section IB. Analysis of our estimates suggests that volatility has a
larger effect on dispersions in adjustment than is predicted by Alvarez, Lippi, and
Paciello (2011).

A. Aggregate Results

lots histograms of the state, z, at the time of adjustment for each treat-
ment.”! For reference we plot vertical dashed gray lines at the bounds of the standard
Ss inaction band, —7 and Z, for each treatment.”” We make five key observations
about the data via patterns observable in these graphs.

First, it is clear that subjects fail in the aggregate to implement threshold adjust-
ment rules along the lines prescribed by the purely state dependent model. States at
adjustment (price changes) are instead highly diffuse.

Second, even though behavior is poorly described by a purely state dependent
rule, it is also poorly described by a purely time dependent model. As in the field,
decisions are, instead, bimodal, showing evidence consistent with both time and
state dependence. We collect these observations as a first empirical result:

RESULT 1: Adjustment distributions are bimodal but diffuse, with many switches
occurring far from modal levels, closely resembling patterns documented in the field.

A third pattern that is clear in Figure 4 is that modal adjustments in each treatment
peak near optimal threshold levels in all treatments. In fact in no treatment can we
reject the hypothesis that subjects” median adjustment times are equal to those pre-
dicted for their respective treatment. However, BASE /GUIDE adjustment states are
both significantly lower than 1.47 (the VOL Ss threshold), while VOL adjustment

21 These are weighted histograms with weights assigned to subjects so that each individual in the dataset has
equal influence over densities. In particular, each decision contributes not 1 to the relevant bin in the histogram
(as in a standard histogram) but instead ﬁ, where N; is subject i’s total number of adjustments over the course of

1

the experiment. In this and other calculations reported in this subsection, we eliminate adjustments made within
0.2 seconds (one tick) of the previous adjustment because these can easily be generated accidentally by “double
clicking” when using the software. Restoring these adjustments has no effect on the statistical results reported in
this subsection.

22There is no evidence of learning in the data—first and second half behavior differ only in minor ways.
Throughout the analysis we therefore use the full dataset in forming plots, estimates, and tests.
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FIGURE 4. WEIGHTED HISTOGRAMS OF ADJUSTMENT STATES FOR EACH TREATMENT

states are significantly higher than 1.2 (the BASE/GUIDE Ss threshold).*? Average
behavior is thus surprisingly well organized by the adjustment predictions of the
model and shows little sign of bias relative to those predictions.**

RESULT 2: Optimal thresholds do a reasonably good job of organizing average
observed switching states in all treatments.

A fourth important observation is that explicitly showing subjects the opti-
mal threshold in the GUIDE treatment doesn’t seem to generate radically more
state-dependent behavior than in the BASE treatment: BASE and GUIDE standard
deviations of adjustment are virtually identical across treatments (0.29 versus 0.32)
for the median subject; and the median subject earns virtually identical amounts on
average across treatments (1.51 versus 1.539 points in the average tick). One impli-
cation of this striking similarity is that state dependence is likely an outgrowth of
attention or concentration costs rather than calculative optimization costs.

A fifth and final pattern evident from Figure 4 is that increasing volatility, o, as
we do in the VOL treatment substantially increases dispersion in adjustment states
relative to the BASE or GUIDE treatment. Indeed the standard deviation of adjust-
ment states for the median subject is 0.46 compared to 0.29 in BASE and 0.32 in
GUIDE. This increase is a key comparative static predicted by Alvarez, Lippi, and
Paciello (2011) as discussed in Section IB.

23 These tests are conducted using Wilcoxon tests applied to distributions of subject-wise median (absolute)
adjustment states. All failures to reject are at p > 0.2, while all null rejections are significant at p < 0.01.

24Subjects’ adjustment points are centered around the optimal thresholds from the very early rounds of each
session. Comparing the first half of the session and the second half, we found no systematic difference in median
adjustments. Adjustments in late rounds tend to have slightly lower dispersion (at the individual level), but this
effect is small.
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We collect these final two observations as a third result:

RESULT 3: Increasing the volatility of the Brownian process (the VOL treatment)
leads to a substantial increase in the dispersion of adjustment. However, giving
subjects precise information on the optimal threshold rule (the GUIDE treatment)
has no effect on behavior.

B. State Dependence

Figure 4 provides clear evidence of aggregate dispersion in all treatments and
larger dispersion in the VOL treatment relative to the others. However, the fig-
ure does not allow us to distinguish between two possible sources of dispersion:
time dependence within subject or heterogeneity across subjects. Our motivating
hypothesis is that dispersion is due to subjects failing to use consistent switching
points (and failing to establish inaction regions) because of time dependent ele-
ments in their adjustment rules. However another possibility is that the result is a
simple effect of aggregating subjects with heterogeneous inaction regions: subjects
employing different switching points can generate the pattern observed in Figure 4
in the aggregate even if individual subjects employ perfectly state dependent rules.

In order to investigate whether our results are in fact consistent with individual
level failures of state dependence, we estimate the parameters of the following sim-
ple, reduced-form hazard function for each subject in our sample:

(12) h(Za,B) = L
o 1+ aexp(—%)

where 7 = ‘ln§ . Note that because we directly observe the state, we are able to

estimate the hazard as a function of the state (hazard functions are often estimated
with respect to time in the literature). Here, « is a simple shifter of the hazard
function (essentially an intercept term), while 5 measures the slope of the hazard
function, a simple measure of responsiveness to state. Under the hypothesis of per-
fect state dependence, this parameter will be close to zero while a large 3 suggests
insensitivity to state, suggesting time dependence. We estimate equation (12) by
maximum likelihood for each subject independently and plot cumulative distribu-
tion functions (CDFs) of the critical parameter [ for each treatment in panel A of
[Figure 5|

We make three observations. First, values of 3 are far from zero in each treat-
ment for most subjects, suggesting that hazard functions are flat relative to a state
dependent threshold rule for individual subjects. Most individual subjects, therefore,
exhibit considerable time dependence in their decision making: the diffuse adjust-
ment pattern observed in Figure 4 is not a mere artifact of aggregation of heteroge-
neous subject decisions. Second, there is absolutely no evidence of a change in the
degree of time dependence when we add guidelines in the GUIDE treatment relative
to the parametrically identical BASE treatment: the CDFs of estimates are virtually
identical in each case. Finally, values of 3 tend to be far higher in the VOL treatment
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FIGURE 5. ESTIMATES OF INDIVIDUAL LEVEL: PANEL A: SWITCHING HAZARD SLOPES (Estimated with respect to state);
AND PANEL B: STRUCTURAL COGNITIVE COSTS

than in the BASE or GUIDE treatments. Indeed, the median VOL subject’s 3 is
over 50 percent larger than that of the median BASE subject and this difference is
highly significant (p < 0.001, Wilcoxon test). Estimates thus confirm the pattern
observed in Figure 4: volatility significantly increases time dependence in subjects’
decision making.

RESULT 4: Hazard functions of adjustment (estimated with respect to state) are
gradually sloped across the sample in both treatments, suggesting significant time
dependence in most subjects’ decision making. This time dependence is unaffected
by information on the optimal adjustment thresholds but increases substantially
when we increase volatility in the underlying economy.

C. Structural Estimation

To what degree can bounded rationality—subjective costs of observing or attend-
ing to state—account for the time dependence we measure in our data and the
comparative static effects observed in our main treatment variation (an increase in
Brownian volatility in the VOL treatment)? The distribution of switches in our data
certainly resembles those generated by Alvarez, Lippi, and Paciello (2011). In order
to better interpret our results, we structurally estimate their model for each subject
in our dataset, focusing attention on the subjective cost parameter, «.

We estimate the model by simulated method of moments. For each subject we
choose the value of « that minimizes the distance between two moments of the
empirical distribution of the adjustment points, the median and standard deviation
denoted by M and S, and their theoretical counterparts obtained by simulation of
the costly observation model.”

25Since Alvarez, Lippi, and Paciello (2011) does not have a closed form solution unless menu costs are sub-
stantially less than observation costs, we had to rely on a simulation-based estimation strategy. Among the other
simulation-based methods, SMM is particularly useful for us because estimation is directly based on the same
features of the data that we have discussed in previous sessions, namely the average size and the standard deviation
of adjustments.
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For a given observation cost x, we solve the model numerically. The optimal
policy of the costly observation model is described by the number 7 defining the
inaction region of the model and the function 7(z) that gives the planned inattention
spell as a function of the state. We compute {Z, 7(z)} by solving equations (6), (7),
and (8) numerically on a tight grid of points in the state space.

With the policy {z, 7(z)} we simulate the model in the following way. When
the DM observes the state he records the value z. There is an adjustment if
z € [—Z,Z], in which case z is reset to 0. Whether there is an adjustment or not,
the length of the next inattention spell is set to 7(z). The next value of the state
is drawn from a normal distribution with mean z and standard deviation o+/7(z).
We repeat these steps starting at z = 0. Note that in the experiment some inaction
spells are censored by the exogenous end of the round. Rounds are drawn from the
discrete counterpart of an exponential distribution with parameter ¢. Similarly, the
simulation is divided into rounds with a random length, drawn from an exponential
distribution with parameter g. When a round ends, z is reset to 0, the observation
is censored and a new round begins. We simulate 10,000 (uncensored) adjustment
observations.

For each value of the observation cost x, we compute the predicted median M(k)
and standard deviation S(k) of the absolute value of the state at adjustment. Let
Mj;(x) denote the 2 x 1 vector that collects the two simulated moments. Similarly
let M be the vector of empirical moments. Then we compute the distance between
empirical and simulated moments as follows:

(13) J(k) = (M — My(x))'Q(M — My(k)).

The matrix Q is a 2 x 2 diagonal matrix, whose entries are equal to the inverse
of N times the variances of the sample moments, where N is the number of observa-
tions in the actual sample. We estimate the variance of the two sample moments by
bootstrapping. The estimated « is the value that minimizes J(x).

Figure 5, panel B plots distributions of the individual observation cost estimates
by treatment. The median value of  across treatments and subjects is five—one-fifth
of the menu cost m used in our experiment. This cost is moderate but it is large
enough to generate strong deviations from purely state dependent behavior. Indeed,
compares observed medians and standard deviations to those simulated using
the median  estimated in each treatment and shows how well the model organizes
behavior in each treatment. Median adjustment points in the BASE and GUIDE treat-
ments are each only about one step in the stochastic process away from the simulated
median adjustment and the VOL simulated median is even closer. Most importantly,
however, the simulations almost perfectly capture dispersion in each treatment and
especially the large change in dispersion between the BASE and VOL treatments.

Figure 5 also allows us to compare the estimated subjective cost, «, across treat-
ments. BASE and GUIDE parameters are identical, further supporting the conclu-
sion that GUIDE has no real effect on behavior.  estimates, however, nearly double
in the VOL treatment from a median of five in the BASE/GUIDE treatments to a
median of nine.
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TABLE 2—EMPIRICAL AND SIMULATED MOMENTS

Treatment M S Simulated M Simulated S
BASE 1.07 0.30 1.16 0.32
VOL 1.45 0.46 1.40 0.47
GUIDE 1.28 0.32 1.16 0.31

Is the difference in « generated in VOL large? How important is this difference
in determining the model’s ability to explain the effect of volatility we observe in
the data? In order to find out, we consider to what degree the model’s accuracy
in predicting the effect of volatility on time dependence (in the S simulations
reported in Table 2)?¢ depends on the fact that  estimates are allowed to differ
across treatment in that exercise. If we simulate allowing & to vary by treatment
(i.e., using the median x parameter from each treatment) as we do in Table 2, we
find that about 88 percent of the observed change in dispersion is predicted by
the simulation. If we constrain & to instead be seven (the median estimate across
BASE and VOL) in each simulation, the simulation captures only 52 percent of
the observed effect of volatility. (By contrast, conducting the same exercises on
M reveals no difference in explanatory power using constrained versus uncon-
strained ~ estimates.)

We conclude that though the model predicts the sign of the effect of volatility
on time dependence in our data, it somewhat understates the size of this effect.
Indeed, in order to explain the magnitude of the effect using the model, we must
allow the parameter « itself to be influenced by volatility (as we do by allowing x to
vary by treatment in the simulations in Table 2). One straightforward interpretation
is that volatile environments have unmodeled direct effects on optimization costs.
For instance, the marginal cost of either observing or processing information may
depend in a direct way on the volatility of the environment — an idea with some
intuitive psychological plausibility. We consider this and alternative reasons for the
model’s underestimate of the effect of volatility in Section IV.

RESULT 5: Structural estimates suggest that subjects suffer modest optimization
costs that can explain the dispersion observed in our data. The results further sug-
gest that these costs are influenced by volatility.

IV. Discussion

As Caplin and Leahy (2010) point out, Ss models have become a “touchstone”
of economics, used to explain phenomena ranging from investment dynamics to
sticky pricing, hiring decisions to inventory problems. However the predictive and
explanatory power of these models is difficult to fully evaluate using conventional
empirics. Perhaps the best developed empirical Ss literature so far focuses on price

26We ran a group of subjects through another robustness treatment, VOL’, with very different optimal inaction
bands but identical volatility parameters. We observed virtually identical adjustment dispersion in this setting, sug-
gesting that the large effect of volatility measured in our data may be stable across environments.
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adjustment in the face of menu costs (e.g., Klenow and Kryvtsov 2008, Nakamura
and Steinsson 2008, and Midrigan 2010) and findings so far provide a mixed pic-
ture of the descriptive accuracy of simple Ss state dependent predictions. On the
one hand, price adjustments tend to be bimodal and responsive to shocks as state
dependent models predict. On the other, adjustments are not tightly clustered around
modal adjustment points, with many changes too small or large to fit the stark pre-
dictions of the basic Ss model. Field data instead resemble a hybrid of state depen-
dent adjustment of the sort described by Ss models and time dependent adjustment
of the sort described by the famous Taylor (1980) rule.

We report the results of a laboratory experiment designed to not only help inter-
pret findings from this active branch of the empirical literature but also to dig deeper
into the fundamental relationship between behavior and Ss theory than has been
possible using naturally occurring data. In our experiment, subjects repeatedly make
adjustment decisions in a precise implementation of a standard menu cost pricing
problem (Stokey 2008). By controlling the parameters and form of the experimental
task, we can directly evaluate Ss models and significantly narrow the set of available
explanations for observed deviations from their predictions.

Price adjustments in our data are highly bimodal and diffuse, strongly resembling
patterns documented in the field; we are able to “grow” data in the lab with the
distinctive characteristics of naturally occurring data. Because we know the precise
optima of the laboratory task ex ante, we can go further, testing for the first time
whether average switching points below and above optimal prices are biased relative
to Ss threshold predictions. We show that in fact adjustments are statistically indis-
tinguishable from optimal Ss thresholds on average and obey comparative static
predictions: exogenously increasing volatility across treatments widens the range
of average adjustments below and above the optimum to almost exactly the degree
prescribed by Ss models.

Though it is clear that Ss-like forces powerfully shape average outcomes, it is
equally clear that subjects do not use stable threshold rules and do not establish
true inaction regions. Indeed, subjects make numerous and often sizable errors, fre-
quently adjusting far from average (and optimal) adjustment points. As in the field,
this pattern suggests that decision rules are not tightly tied to the current state, contra
Ss models. Unlike in the field, the set of explanations capable of accounting for this
“time dependence” is quite small in the lab.

One avenue pursued in the literature for explaining these patterns in the field is
to replace the setup of simple Ss models with more elaborate “second generation”
models. However, our results suggest that such elaborations may not be necessary:
strong evidence of time dependence emerges in our experiment even though we
know subjects are acting in a simple, first generation Ss environment. An alterna-
tive, recently pursued in the literature (Alvarez, Lippi, and Paciello 201 1; Woodford
2008; Costain and Nakov 2011a, 2011b; and Moscarini 2004), is to posit that agents
experience cognitive or attention costs that can also generate time dependent patterns
of adjustment. Such bounded rationality explanations seem to be the only remaining
explanation for time dependence emerging in the sterile, controlled setting of our
experiment. Though our results cannot, of course, rule out that second generation
Ss models apply in some field environments, they do suggest that optimization costs



306 AMERICAN ECONOMIC JOURNAL: MACROECONOMICS JANUARY 2016

are very real and are at least a plausible contributing factor to time dependent pat-
terns of adjustment documented in the world.

To guide our design (and to tie our hands to some degree), we chose a spe-
cific model of bounded rationality—Alvarez, Lippi, and Paciello (2011)—ex
ante to anchor our investigation prior to collecting this data. In this model, agents
experience costs from observing (or equivalently evaluating) the state. Purely state
dependent or time dependent decision rules are special cases of the model when
observation costs are zero or infinite (respectively), but at intermediate costs, opti-
mizing agents choose hybrid decision rules that have both state and time dependent
features. For our purposes, the model has the virtue of providing a tractable frame-
work that includes the purely state and time dependent benchmarks as special cases;
and allows us to structurally estimate the magnitude of subjective costs that subjects
experience while making choices in our experiment.

Results from our investigation provide support for the Alvarez, Lippi, and Paciello
(2011) model on some key dimensions. First, a central, distinctive comparative
static prediction of the model is borne out in the data: when we increase Brownian
volatility in the VOL treatment, we observe an increase in the standard deviation
of price adjustments and the distribution of adjustment hazard rates relative to the
BASE treatment. This is a key implication of the model with both observation and
menu costs that is absent in standard Ss models. Second, structural SMM estimates
of the subjective costs that animate Alvarez, Lippi, and Paciello (2011) reveal mod-
erate costs that nonetheless are large enough to generate data that looks much like
ours. In particular, simulations based on these parameters fit key moments in the
distribution of adjustments rather well at the treatment level.

On the other hand, the Alvarez, Lippi, and Paciello (2011) model does not fully
explain the deviations observed in subject behavior. One discrepancy between its
predictions and our results is that Alvarez, Lippi, and Paciello (2011) predicts fewer
very small price changes than we observe given the magnitude of the estimated costs
in our data. A more important challenge to the model is that individual level struc-
tural estimates suggest a significantly different distribution of subjective costs in the
high volatility VOL treatment than in the low volatility BASE treatment. This differ-
ence in costs is important for the model to fully account for the size of the effect of
volatility on time dependence: were we to constrain estimates to the average across
treatments, we would predict somewhat smaller effects of volatility on time depen-
dence than we observe.

What explanations are available for this pattern in the data? Perhaps the most
straightforward candidate is that volatility has an unmodeled direct effect on the sorts
of costs discussed in Alvarez, Lippi, and Paciello (2011) (i.e., on x). For instance,
high volatility state variables may simply be more difficult to pay attention to or
think about than lower volatility variables. The idea that features of the environ-
ment—TIike volatility—might generate additional optimization costs by increasing
the difficulty of information processing was recently raised by Moscarini (2004),
who pointed out “a fundamental disconnection between the difficulty of the decision
problem and the cost of observations” in the stylized fixed cost of attention models.
Intriguingly for our purposes, Moscarini (2004) shows that in a standard informa-
tion theoretic framework, a la Shannon (1948), the cost of processing information
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should be directly increasing with volatility. This is an appealing explanation for our
results and one that should be further investigated in future work.?’

Though caution must be taken in projecting results from stylized laboratory
experiments onto the field, there are several reasons to suspect our main results
are useful for interpreting naturally occurring behavior. First, the remarkable fact
that subjects in the GUIDE treatment—in which subjects are explicitly shown the
optimal thresholds throughout the session—do no better than subjects in the base-
line treatment strongly suggests that lack of sophistication is not the main determi-
nant of the time dependence we observe in our data. Our subjects are sophisticated
enough that they cannot improve their decision making by being explicitly told how
to optimize. Moreover, there is evidence that subject behavior is strongly shaped by
and responsive to relevant theoretical forces. Second, the deviations from theoreti-
cal predictions we do observe—time dependent diffusion of adjustment points—are
very similar to those observed in naturally occurring data. This match between field
and experiment suggests that we are likely measuring phenomena that are not arti-
facts of the lab. Finally, our ability to interpret these deviations is uniquely enabled
by our laboratory environment: precise information on parameters and structure in
the decision making environment are generally unobservable in the field. Though
laboratory experiments are unlikely to (and shouldn’t) supplant traditional empirics,
observability of key variables makes laboratory evidence a powerful complement to
the ongoing conversation between theory and empirics in this literature.

Still, it is important to bear in mind that the magnitudes of observation costs faced
by subjects in our experiment are likely to be different from those experienced by
the average decision maker in the field. After all, our experiment was designed to
minimize the costs of making optimal choices: we do not require subjects to cal-
culate optimal price ratios or current values of the price index and all information
is neatly presented to subjects using a highly intuitive graphical interface. That we
observe strong evidence of bounded rationality even here is striking. In the field,
the problem of choosing optimal adjustment times is likely much more difficult,
as agents must gather and interpret noisy information from multiple sources and
estimate optimal prices themselves. As a result, our estimates probably substantially
understate the magnitude of the observation costs most decision makers actually
face. On the other hand, incentives to optimize are considerably larger for decision
makers in the field and firms have access to sophisticated pricing models, counter-
balancing this cost difference to a great degree. Unless subjective costs and optimi-
zation incentives scale identically in the move from lab to field, the degree of time
dependence generated by bounded rationality may be larger (or smaller) than that
observed in our experiment. However, to the degree that bounded rationality is a key
driver of time dependence in the field (as it certainly is in the lab), the considerable

27Models with varying costs may also explain the large number of very small price changes we observe rela-
tive to Alvarez, Lippi, and Paciello (2011). In many such information-theoretic models of inattention, the decision
maker only obtains an imperfect signal of the state when updating occurs, whereas the decision maker in the
Alvarez, Lippi, and Paciello (2011) model obtains full information once the attention cost is paid. Imperfect infor-
mation about the state in turns allows for more potential mistakes in price adjustments and can result in more small
price changes than in fixed attention cost models (see Woodford 2008, for example). An alternate approach is to
assume that the fixed cost of adjustment is random as in Alvarez, Le Bihan, and Lippi (2013). In contrast, we find in
our experimental setting that small adjustments still occur even though the adjustment cost is not small or random.
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time dependence documented in recent work suggests that subjective costs are large
enough relative to incentives to influence pricing behavior.

Though the precise magnitudes of our subjective cost estimates cannot be read-
ily exported to the field, the economic forces shaping them likely can. Perhaps our
most practically relevant finding is that the degree of state dependence evident in
subjects’ behavior is directly eroded by volatility. This result is consistent with sub-
jects suffering a cost from paying attention to the state as in Alvarez, Lippi, and
Paciello (2011), but our effect sizes suggest more complex effects of volatility may
be at work. Regardless, our results suggest that the descriptive validity of the ortho-
dox Ss models can depend on details of the economic environment. The idea that
optimization can be strengthened or weakened by fundamentals of an economy has
potentially important implications for the interpretation of theory—and especially
comparative static results — in a variety of policy settings. To pick an example close
to the setting of the model motivating our experiment, Vavra (2013) argues that
increasing volatility should reduce the effectiveness of monetary policy. Results like
ours suggest that increasing volatility may also decrease the degree of state depen-
dence in decision making, thereby generating a countervailing improvement in the
effectiveness of monetary policy. Similar effects of the economic environment on
the subjective costs of optimizing may arise in other settings in which the efficacy
of policy depends on the degree to which agents reliably optimize. Investigating the
relationship between optimization and environment in such settings may be a fertile
area for future research.
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