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Abstract

Motivated by issues raised in both the finance and economics literatures, I construct a
dynamic general equilibrium model where agents use differing degrees of sophistication when
forecasting future economic conditions. All agents solve standard dynamic optimization prob-
lems and face strategic complementarity in production, but some solve their inference problems
based on simple forecasting rules of thumb. Assuming a hierarchical information structure
similar to the one in Townsend’s (1983) model of informationally dispersed markets, I show
that even a minority of rule-of-thumb forecasters can have a significant effect on the aggregate
properties of the economy. For instance, as agents try to forecast each others’ behavior they
effectively strengthen the internal propagation mechanism of the economy. The quantitative
results are obtained by calibrating the model and running a battery of sensitivity tests on key
parameters. The analysis highlights the role of strategic complementarity in the heterogeneous
expectations literature and quantifies many qualitative claims about the aggregate implications
of expectational heterogeneity.
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1 Introduction

Although the rational expectations assumption is a standard fixture of most work in modern
macroeconomics and finance, a growing number of studies has raised concerns about its theoretical
and empirical implications. For instance, Frydman and Phelps (1983), Board (1994), and Arthur
(1994) argue that human rationality is bounded, and thus the rational expectations assumption
imposes extreme informational and computational requirements on agents (see also Sargent, 1993).
In addition, other researchers base their reservations on concerns about the observable characteris-
tics of rational expectations equilibria. For example, De Long, Schleifer, Summers, and Waldmann
(1990) constructed a model in which behavior based on irrational noise trading helps explain a
number of observed phenomena in financial markets, such as the excess volatility of asset prices
and the equity premium puzzle. Also in the finance literature, Roll (1997) mentions incomplete
(bounded) rationality as a possible explanation for the observation of large trade volumes in debt
markets. Whereas these reservations have led some economists to discard the rational expectations
hypothesis altogether, others have sought to reconsider it in the context of environments with less
demanding informational assumptions and more plausible observable implications. Lucas (1975)
and Townsend (1983) were among the first to take up this line of inquiry. Townsend, in particular,
analyzed a model where agents form heterogeneous expectations because their forecasts are condi-
tioned on different subsets of the relevant data. He showed that, as agents attempt to “forecast
the forecast of others,” the economy converges to a rational expectations equilibrium.
Subsequently, the work of Haltiwanger and Waldman (1985, 1989) brought a new perspective
to the analysis of forecast heterogeneity. Rather than working with dynamic models with no exter-
nalities (the Lucas-Townsend approach), Haltiwanger and Waldman analyzed environments that
allowed for strategic complementarity.! In addition, instead of focusing on agents with different
access to the data, they built models where forecast heterogeneity arises because some agents may
use more sophisticated forecasting methods than others, an idea that is formalized in the work of
Evans and Ramey (1992) and Sethi and Franke (1995). Unlike the results obtained by papers in the
Lucas-Townsend tradition, the class of simple, static models analyzed by Haltiwanger and Wald-
man gave rise to environments where forecast heterogeneity did cast some doubt on the aggregate

implications of the rational expectations hypothesis. They showed that, with strategic complemen-

!Cooper and John (1988) define strategic complementarity and discuss its implications for macroeconomics. For
the purpose of my paper, strategic complementarity involves a situation where an individual’s output decision is
increasing in the level of aggregate output.



tarity, less sophisticated forecasters may have a sizable effect on the evolution of aggregate output,
effectively driving the economy away from its pure rational expectations equilibrium.

In this paper I introduce and solve a model that brings together important issues stemming
from both the Lucas-Townsend and Haltiwanger-Waldman approaches to analyzing heterogeneous-
expectations models. Capturing the key insights of Haltiwanger and Waldman, my analysis allows
for strategic complementarity and heterogeneous forecasting rules. However, to bring the discus-
sion more into the current stage of macroeconomic thought—which emphasizes dynamic rather
than static frameworks—I extend the Haltiwanger-Waldman analysis to a richer dynamic general
equilibrium model, which I solve with a methodology that is very close in spirit to Townsend’s.

In choosing a specific dynamic modeling framework, I opted for the class of models in the
real business cycle (RBC) tradition. The advantages of this choice are two-fold. First, the RBC
framework is well understood by the profession, and the results I obtain under forecast heterogeneity
and strategic complementarity can be directly and quantitatively compared to those generated by
standard RBC models. Second, by introducing forecast heterogeneity into the RBC framework, I
am able to address a recurring theme in the literature: the weak internal propagation mechanism
that underlies many equilibrium business cycle models (Cogley and Nason, 1995).

The paper’s main results and methodology can be summarized as follows. With a sufficiently
strong degree of strategic complementarity, I show that even if only a small subset of agents forecasts
according to a simple but reasonable rule of thumb, aggregate output exhibits more persistence
than warranted by either (i) the degree of serial correlation in the productivity shock process, or
(ii) the share of rule-of-thumb forecasters in the total population. More to the point, because
agents engage in forecasting each others’ forecasts, rule-of-thumb forecasters have a quantitatively
important impact on the serial correlation properties of the business cycle. The results are obtained
by calibrating all standard RBC parameters and then running a battery of sensitivity tests on the
forecast-heterogeneity and strategic-complementarity parameters. The sensitivity tests highlight
the role of strategic complementarity in the forecast-heterogeneity debate and precisely quantify

the qualitative claims made by Haltiwanger and Waldman and others.

2 The Model

Apart from the issue of heterogeneity, the model is very close to that of Baxter and King (1991).



2.1 Technology and Preferences

Strategic Complementarity and the Production Function. Individual output is a function not only
of inputs and a productivity shock, but also of an index of per capita aggregate output. This index

is a geometric average of the per capita output decisions of two types of agents:
0 1-0
Yi=YgiYs, "V M)

where 0 is the population share of rule-of-thumb forecasters, and Yg; is their per capita output
decision. (Rule-of-Thumb forecasting is discussed in the next section.) The S subscript denotes
variables pertaining to the sophisticated forecasters.

An agent of type i faces the production function,
Yit = eXp(At)F(ki,tflani,t)YVtQS 1=R,S (2)

where y; ; denotes individual output, and k;;—1 and n;; are the capital and labor inputs. A; is
assumed to capture stochastic shifts in productivity; it follows a first-order autoregression with
autocorrelation coefficient p and innovation a;, which is normally distributed with zero mean. F(.)
is a Cobb-Douglas production function, F'(k;;—1,n,¢) = kf, ’;_lnf’g, which is homogeneous of degree

1. The ¢ parameter in equation (2) embodies the complementarity assumption; it determines the

extent to which individual output, y;;, depends on aggregate output, ¥;. (0 < ¢ < 1)

Evolution of the Capital Stock. Output not consumed constitutes gross investment, 4; ;. With &;;
representing the capital stock at the end of period ¢, and assuming that this stock depreciates at
the rate §, 0 < 6 < 1,

kip=(1—=0)kis1 +iis (3)

Preferences. Preferences are homogeneous throughout the economy. The momentary utility func-

tion of a representative agent is defined in terms of consumption (¢;;) and leisure ({;¢),

u(ci, li) = log(cie) + 0rlog(lst) (4)

where leisure is expressed as a proportion of the unit time endowment.



2.2 Individual Behavior

The economy is populated by utility-maximizing, infinitely-lived, forward-looking agents who dis-
count the future at the rate 8. As in Townsend (1983), we can think of individual behavior as the
outcome of two separate problems: dynamic optimization and inference. The solution to the first
problem yields the perfect-foresight equilibrium laws of motion of all choice variables, which express
the evolution of these variables as a function of past, current, and future states of the economy. The
assumption of heterogeneous expectations amounts to saying that agents use the same mechanism

to solve their dynamic optimization problem, but not their inference problem.

The Dynamic Optimization Problem. Given equations (1) through (4) and the usual time and

goods constraints, the dynamic optimization problem reduces to solving
oo
max Y 8" {u(cig 1 = nig) + Mlexp(A)F ()Y = i = ki + (1= k1] | (5)
=0

subject to k; _1, the transversality condition lim;_,o S*Atk; ¢ = 0, and for given {A;,Y;}2,. (A is
the discounted Lagrange multiplier relevant for time ¢.)

The perfect-foresight equilibrium paths of consumption, investment, and labor effort are given
by the solution to the system of Euler equations that corresponds to (5). Given that generally there
is no closed-form solution to this system, my focus is on an approximate solution, obtainable by log-
linearizing the system around its steady state.? After imposing a symmetry condition that says that
individuals who rely on the same forecasting mechanism make identical decisions in equilibrium,

the (approximate) equilibrium laws of motion take the form
iy =T Kip 1+ iy + I ceiy, ihj =98 R;jF#1i (6)

where ;4 = [N, Ky, Ciyl'y e = [Ar, Yy and Ny = S50 o " (Fieiginir + Fioeipn)-

A “caret” over a symbol denotes that the variable is expressed in percentage deviations from
the steady state (e.g., ffi,t = log(Y;,+/Y;)), and upper-case letters denote per-capita variables. The
matrices II; and Fj, as well as the u; parameter, are functions of various steady-state properties of

the model, such as the steady-state capital-output ratio and the labor share of total income.

The Inference Problem. To fully characterize individual behavior, I still need to explicitly address

the issues of uncertainty and expectational formation. For each period ¢, I assume that all agents

2The log-linear approximation method used here is described in detail in King, Plosser, and Rebelo (1990).



follow a two-stage decision process.? At the beginning of the period, the first stage takes place:
agents make their labor supply and capital accumulation decisions before being able to observe the
current value of the productivity shifter, A;, or the current output decision of the other agents in

the economy. The factor-allocation decision rules take the form:
zig = mipKig 1 +maED [S\i,t | Qtfl] + 7 e ED [e;4 | Q1] (7)

where z;; = [Ni,t, R’i,t]’ , and the m; parameters correspond to the appropriate elements of the II;
matrices from equation (6). ;1 is the information set available at the beginning of period ¢; it
contains the whole history of the economy up to period t — 1. E®[.|Q;_;] denotes the expectation
of a type ¢ agent conditioned on Q;_;.

Given last period’s capital stock and this period’s factor-allocation decisions, production and
capital accumulation take place, and the agents move on to the second and last stage of their
decision making process. Assuming that both sophisticated and rule-of-thumb forecasters observe
each others’ output as soon as production occurs, each agent can use its knowledge of the production
function to deduce the current value of the productivity shifter (A;). Therefore, the consumption
decision is based on a larger information set, Qo = {1, As, Y54, YR}

Equation (7) makes explicit two points advanced earlier in this paper. First, agents of different
types are informationally linked: To generate their own decision rules they must forecast the
behavior of the other agents in the economy—recall that Yj,t is an element of e; ;. Second, equation
(7) highlights the channel through which agents’ expectations affect their behavior: The different
expectational rules embedded in E®) and EM®) can lead to potentially different responses to the

same fundamental shocks.

3 Expectational Heterogeneity

Sophisticated agents make use of full knowledge of the structure of the model, including the ex-
pectational behavior of rule-of-thumb agents. For any given variable v;, their expectations can
be formally defined as E(5) (11| Q1] = E)¢|Q—1], which is the mathematical expectation of 1)y

conditioned on the information set Q;_; and the true structure of the entire model.

*Kydland and Prescott (1982) assume a similar information structure.



3.1 Rule-of-Thumb Forecasting

Three criteria guided the specification of an illustrative forecasting model for rule-of-thumb agents.
First, to capture the concerns of the costly-implementation literature—e.g. Evans and Ramey
(1992) and Board (1994)—the rule must be simple to implement. Second, the forecasting rule
should generate “reasonable” forecasts, i.e., it should be consistent with well-known characteristics
of the economy. Finally, the expectational model must not be at odds with the agents’ ability to
solve their dynamic optimization problem. In other words, when solving their dynamic optimization
and inference problems, rule-of-thumb agents must rely on a single, consistent pool of information
about the behavior of the economy.

According to (7), a type i agent must forecast current and future movements in total factor
productivity (A;) and the per capita output of the other agents in the economy (th) For illustrative

purposes, suppose that rule-of-thumb agents rely on an autoregressive forecasting model:

EW[A Q1] = oA, (8)
EB Vg ipQ] = o'V, 9)

To see how the above forecasting structure fares with the three criteria listed above, note that,
first, especially for « close or equal to p, the forecasting model in equation (8) is not only simple,
reasonable, and consistent with their ability to solve their dynamic optimization problem, but also,
for a = p, perfectly rational. Second, while it is obvious that (9) is only an approximation to the true
process governing the evolution of Ys,t, it captures a well-known feature of traditional RBC models:
the fact that output persistence is tightly linked to the degree of serial correlation in the productivity
shock series. Thus, rather than taking the time and resources to compute a fully model-consistent
forecast for Ys,t, a practice that would considerably complicate the solution to the model, rule-of-
thumb agents use the simple model given by (9). Finally, note that the ability of rule-of-thumb
agents to solve their dynamic optimization problem with the same of level of sophistication as the
other agents is not inconsistent with the relatively unsophisticated methods they use in solving
their inference problem. The solution to the dynamic optimization problem requires structural
information only about one’s own constraints and opportunities; by assumption, both types of
agents use this information. However, to solve their inference problem in a way consistent with
the rational expectations hypothesis, individuals also need complete structural information on the

constraints and opportunities facing the other agents in the economy; by assumption, sophisticated



agents process this information, rule-of-thumb forecasters do not.

In several aspects, the expectational assumptions made so far are similar to Townsend’s (1983)
description of a hierarchical informational structure. Sophisticated forecasters are placed higher in
the hierarchy: In addition to the information that enables them to solve their dynamic optimization
problem, they also know the precise nature of the dynamic optimization and inference problems
being solved by the rule-of-thumb agents. Thus, their forecasts incorporate structural information
about the whole economy. In contrast, the structural information embodied in the forecasting
behavior of the rule-of-thumb forecasters is self-contained: They use information about their own

constraints and opportunity sets, but not those of sophisticated agents.

3.2 Decision Rules under Heterogeneous Expectations

Given the hierarchical information structure, the model can be solved sequentially in two steps.
Starting at the bottom of the hierarchy, I first derive the decision rules of rule-of-thumb agents and

then use the results to compute the more complicated decision rules of the sophisticated forecasters.

Rule-of-Thumb Agents. The factor-allocation decision rule of rule-of-thumb agents,
2rt = TREKR -1 + TR AAI_1 + TRY Vs, 1 (10)

is obtained by substituting their expectations formulae—equations (8) and (9)—into the perfect-
foresight equilibrium law of motion of zg;—equation (7). Given the factor-allocation decisions,

production and consumption take place.

Sophisticated Agents. Like the rule-of-thumb forecasters, sophisticated agents make their factor-
allocation and consumption decisions in two states and subject to the same information sets, £; 1
and (g ;. Thus, their factor-allocation decisions are made before they can observe either the output
decision of the other agents or the current state of productivity. However, to form expectations
about Yg ;, sophisticated agents look not only at their own dynamic optimization problem, but also
at the decisions and forecasting models used by rule-of-thumb agents. This information is subsumed
in equations (6), through (10), which can be grouped together with the appropriate Euler equations

to form a two-sided matrix difference equation that can be solved for the decision variables.

Aggregation. Having outlined above how different types of agents go about solving their respective
utility maximization problems, my ultimate interest lies on the analysis of the dynamics of the

economy as a whole. As it turns out, the evolution of aggregate variables can be easily derived



from the individual decision rules computed above—see equation (1).

4 Quantitative Business-Cycle Analysis

To assess whether the introduction of forecast heterogeneity affects the dynamic properties of a real-
business-cycle economy, I run what Kydland and Prescott (1996) call a computational experiment
(see also King, 1995). The final steps of such an experiment involve calibrating the model to allow

for meaningful quantitative analysis and then running the experiment itself.

4.1 Model Calibration

With the exception of the forecast-heterogeneity and complementarity parameters, [fr, a, ¢], all

model parameters are calibrated as in King, Plosser, and Rebelo (1988).

Strategic complementarity. The calibration of the strategic complementarity parameter (¢) is
guided by the empirical work of Baxter and King (1991), Caballero and Lyons (1989, 1992), Cooper
and Haltiwanger (1996), and Basu and Fernald (1995, 1997). However, even a casual look at these
papers reveals a very wide range of estimates for ¢. For instance, Baxter and King and Caballero
and Lyons report estimates that range from from 0.1 to 0.49, and, while the results obtained by
Basu and Fernald point towards the lower range of these estimates, Cooper and Haltiwanger report
even larger estimates. For the purposes of this paper, rather than making a case for any particular
estimate of ¢, [ run my experiments using a range of values for ¢ that is consistent with the diverse
findings of the empirical literature and then trace the consequences of these different estimates for

the aggregate effects of expectational heterogeneity.

Serial correlation and volatility of technology shocks. Two parameters that do not affect the steady-
state properties of the model, but play a crucial role in aggregate fluctuations, are the innovation
variance and the autoregressive coefficient of Ay, (02 and p, respectively). To calibrate o2, I
simply set it to a value that makes the model’s output variance equal to its empirical counterpart.
Nonetheless, as long as my focus rests on the propagation mechanism, my results are invariant to
the particular parameterization of o2.

The parameterization of p is designed to highlight a recurring weakness of the standard RBC
model with homogeneous expectations: the lack of a quantitatively important internal propagation
mechanism (Cogley and Nason, 1995). As is well known, in order to be able to mimic the degree of

serial correlation in the data, most RBC models require near-unit root processes for A;, effectively



implying that persistence is exogenously imposed on the system, rather than explained by it. To
isolate the role of expectational heterogeneity in the persistent generation process, I start by setting

p at 0.5, about half the usual parameterization adopted in standard RBC models.

Rule-of-Thumb Forecasting. If there were some precision concerns surrounding the available es-
timates of the strategic complementarity parameter, we are hard pressed to find any estimates,
however imprecise, of the expectational parameters of the model (fr and «). Thus, I shall treat
fr and « as semi-free parameters and experiment with a wide range of values for each of them.
Accordingly, I view my results as a mapping from the magnitudes of the ¢, #r and « parameters to
the properties of the artificial time series generated by the model. The rest of this section provides

a sensitivity analysis that reflects this mapping.?

4.2 Expectational Heterogeneity and the Propagation Mechanism

I start by examining an economy without strategic complementarity (¢ = 0). Table 1-A summa-
rizes the autocorrelation function of aggregate output under alternative values of the expectational
parameters. In particular, the table reports the results of computational experiments that ex-
plore different degrees of rule-of-thumb agents’ misperception about the persistence of technological
shocks—for p = 0.5, « is set to 0.3, 0.5, and 0.7—and different shares of rule-of-thumb agents in
the total population—6p varies from 0 to 0.9.

Three main results are evident Table 1-A. First, the impact of rule-of-thumb forecasters on the
persistence of output is potentially negligible, even if we allow these agents to make up the vast
majority of the population (8z = 0.9). Second, though quantitatively small, the particular expec-
tational model used by rule-of-thumb forecasters has a noteworthy property: Their misperceptions
about the persistence of the technological shock are reflected in the actual serial correlation of
output: Whenever they expect the shocks to be more [less] persistent than warranted by the data
generating process, aggregate output ends up slightly more [less] persistent than otherwise. Third,
when there are no misperceptions about the size of p, the heterogeneous expectations model essen-
tially reduces to a standard RBC model. Taken together, the results suggest that the inclusion of
unsophisticated forecasters in the RBC model without strategic complementarity produced quanti-
tatively insignificantly effects: With ¢ set to zero, small deviations from the rational expectations

assumption produce only small deviations from the standard RBC results.

T am grateful to an anonymous referee for suggesting this course of inquiry.



Ezxpectational Heterogeneity under Strategic Complementarity. Table 1-B summarizes the results
of computational experiments identical to the ones described above, except that now I set the
strategic complementarity parameter to 0.49. The results stand in stark contrast to the ones
reported in Table 1-A: Even when the rule-of-thumb forecasters represent only a minority of the
population, the serial correlation properties of output may be affected in a quantitatively important
way. For instance, if these agents over-estimate the persistence of the technological shock (a = 0.70,
p = 0.50), aggregate output becomes noticeably more persistent than in the case of purely rational
expectations even with g = 0.30. Thus, unlike the case of no strategic complementarity, even
small deviations from the rational expectations hypothesis can lead to significant deviations from
standard RBC results when external returns are high .

Tables 1-A and 1-B highlight an important feature of the model. Note that, for given o and
¢, the effect of rule-of-thumb forecasting on the persistence of aggregate output does not generally
monotonically increase with 8z. For instance, for o = 0.70, Table 1-B shows that output actually
becomes slightly less persistent as the share of rule-of-thumb forecasters in the population increases
from 0.60 to 0.90. This finding has important implications for the study of the aggregate effects
of expectational heterogeneity. What it says is that persistence is not simply being exogenously
generated as a result of the introduction of rule-of-thumb agents. In addition to this exogenous
factor, the expectations-induced propagation mechanism featured in this paper has an important
endogenous component: Strategic complementarity strengthens the informational links between
the two types of agents, which in turn leads the sophisticated forecasters to incorporate into their
decision making process the autoregressive nature of the forecasting models used by the rule-
of-thumb agents (see subsection 4.4 for additional discussion of the interactions between the two
types of agents). Therefore, as the population share of sophisticated agents decreases, the aggregate
implications of their optimal responses to rule-of-thumb forecasting is dampened, and this explains
why the relative effect of rule-of-thumb forecasting eventually decreases at very high values of 0p.

Thus far I have reported on the effects of rule-of-thumb forecasting under what might be called
two polar assumptions about the magnitude of the strategic complementarity parameter: the zero
lower bound featured in most RBC models and 0.49, which is at the high end of the range of
estimates discussed in the previous section. A question of interest is what happens at intermediate
values of ¢. Indeed, I ran the computational experiments reported in Table 1-B for all point esti-
mates of ¢ obtained by Baxter and King (1991) and Caballero and Lyons (1992)—¢ = 0.10, 0.32,
0.45, and 0.49. (I did not include the higher estimates reported by Cooper and Haltiwanger, 1996,

as they would violate the model’s stability conditions.) The impact of the type of expectational
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heterogeneity examined in this paper is still quite sizable for ¢ = 0.45, but the results are not as
dramatic for the two lower values of the external returns parameter, ¢ = 0.10 and ¢ = 0.32. These
results highlight the fact that more precise estimates of the actual degree of strategic complemen-
tarity are crucial for a more definitive assessment of the aggregate (quantitative) implications of

forecast heterogeneity.

4.3 Model Evaluation

Although I cannot fully calibrate all parameters of the model and compare its time series properties
with selected moments of the data, it is still useful to verify whether a plausible parameterization
of the heterogeneous-expectation RBC model with strategic complementarity can make it roughly
consistent with the data.

Table 2-A, extracted from King et al. (1988), summarizes the selected moments of the U.S. data
that the model will try to match. The corresponding model moments are shown in Table 2-B. The
results reported in this table are obtained by assuming a relatively high degree of complementarity
(¢ = 0.50), while potentially allowing for only a limited role for rule-of-thumb forecasting (6 =
0.30). To highlight the internal propagation mechanism coming from heterogeneous expectations
under strategic complementarity, I arbitrarily set the persistence parameter (p) at 0.70, lower than
what a standard RBC model would require to capture the serial correlation observed in the data.
Assuming no misperceptions from the part of rule-of-thumb agents (o = p), the model replicates
well the serial correlation of the data, especially for consumption and output. The observed relative
volatilities of output, consumption, and investment are also largely captured by the model, though
consumption and investment are a bit too volatile and hours do not vary as much as in the data.

To compare the internal propagation of the model with the standard RBC framework, Table
2-C shows the same selected moments shown in Table 2-B, but now the complementarity and
expectational parameters are both set to zero. As expected, without strong serial correlation in

the shocks, the standard RBC model fails to capture the observed serial correlation of output.

4.4 Disaggregated Dynamics

In a statistical (mean-squared-error) sense, the forecasts formed by rule-of-thumb agents are less
efficient than the model-consistent expectations of the sophisticated forecasters. The goal of this
subsection is to informally check whether the rule-of-thumb agents’ reliance on statistically sub-

optimal forecasts makes them behave substantially different from the sophisticated forecasters.
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Consider, for example, that different agents may face different costs of forming sophisticated fore-
casts. If the behavioral differences between sophisticated and rule-of-thumb forecasters are large,
either these (unspecified) costs are very sizable or there is something inherently irrational about
rule-of-thumb forecasting. On the other hand, if behavioral differences between the two types of
agents are small, then even small costs associated with forming sophisticated forecasts could poten-
tially motivate forecasting based on rules of thumb. Moreover, under such conditions, rule-of-thumb
behavior may actually be optimal, in that it may satisfy Akerlof and Yellen’s (1985) concept of near
rationality. The analysis performed in this section is suggestive, however, and only looks at the
resulting behavior of each type of agent; neither the costs of becoming a sophisticated forecaster
nor the potential utility loss from forecasting with rules-of-thumb are modeled explicitly.

The left panel of Figure 1 plots the simulated output paths for representative sophisticated and
rule-of-thumb agents using the same parameter settings as in Table 2-B. As shown in this panel,
despite significant differences in the way they form expectations, sophisticated and rule-of-thumb
forecasts behave in an almost identical manner. In particular, as sophisticated agents anticipate
and react to the imperfections embedded in the forecasting schemes of rule-of-thumb agents, they
effectively end up mimicking their actions. In the presence of complementarities, it pays to produce
more [less] whenever aggregate output is higher [lower], even if the rise [decline] in output is largely
due to the suboptimal forecasts of rule-of-thumb agents (and not warranted by true fundamentals).
The right panel of Figure 1 shows that even in their investment decisions, which correspond to
much more volatile series, the actions of sophisticated and rule-of-thumb agents are remarkably
similar.

Figure 1 suggests that the potential utility losses from being a rule-of-thumb forecaster are
likely small, implying that this course of action might well constitute a near-rational strategy.
Thus, the aggregate effects of rule-of-thumb forecasters cannot be explained by simply looking at
their actions in isolation; a more interesting and important factor lies in the endogenous response
that their actions elicit from the sophisticated forecasters, a phenomenon that was also shown to

play an important role in the model’s persistence generation mechanism.

5 Summary and Concluding Remarks

The model described in this paper suggests strong quantitative effects at the aggregate level from
allowing even a minority of agents to form expectations according to simple rules of thumb. In-

deed, combined with strategic complementarity, forecast heterogeneity can strengthen the internal
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propagation mechanism of the model, as hypothesized by Haltiwanger and Waldman (1989) and
Oh and Waldman (1994). The intuition is straightforward: As sophisticated agents try to forecast
the forecasts (and actions) of others, they effectively end up reinforcing the perceptions of less so-
phisticated forecasters, even if these perceptions are not entirely consistent with the structure of the
economy. This occurs because the sophisticated agents ultimately care about the aggregate state
of the economy, and thus they will produce more whenever gains in aggregate output are foreseen,
regardless of whether these gains are a result of the unsophisticated forecasts of the rule-of-thumb
agents.

The above findings are quantitatively relevant only if the degree of strategic complementarity
is sufficiently high, and there is still much uncertainty surrounding the empirical measures of the
complementarity parameter at the aggregate level. Indeed, while the work of Basu and Fernald
(1995, 1997) favors a low value for the strategic complementarity parameter, many of the (sectoral)
estimates obtained by Cooper and Haltiwanger (1996) would place ¢ well above the range of values
analyzed in this paper. Nonetheless, apart from concerns related to the magnitude of ¢, this paper
can be interpreted as a relatively conservative approach to the analysis of the economic implications
of forecast heterogeneity: After all, the rule-of-thumb forecasters depicted herein are still highly
sophisticated individuals. In particular, they are smart enough to correctly solve their dynamic
optimization problem and sufficiently well informed to know the exact nature of the stochastic
process for technology shocks and to observe the contemporaneous actions of all the agents in the
economy.® Indeed, given how much the rule-of-thumb agents are allowed to know, one might even
be surprised as to the extent to which such a small limitation in their behavior mattered as much

as it did for any degree of strategic complementarity.

"Krusell and Smith (1996) analyze an artificial economy where agents are allowed to adopt simple savings rules
of thumb instead of basing their savings behavior on the solution of a standard dynamic optimization problem. The
time series properties of the rule-of-thumb economy are substantially different from those of a traditional artificial
economy.
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Table 1 — Expectational Heterogeneity and the Propagation Mechanism“
Effect of Alternative Expectational Assumptions on the Autocorrelation of Aggregate Output

A. Model without Strategic Complementarity (¢ = 0, p = 0.5)

a=0.3 a=0.5 a=0."7
auto(l) auto(2) auto(3) auto(l) auto(2) auto(3) auto(l) auto(2) auto(3)
0r =0.0 0.70 0.38 0.22 0.70 0.38 0.22 0.70 0.38 0.22
fr =0.3 0.68 0.37 0.21 0.70 0.38 0.22 0.71 0.39 0.22
0r =0.6 0.67 0.36 0.20 0.70 0.38 0.22 0.72 0.39 0.23
0r =0.9 0.65 0.34 0.20 0.70 0.38 0.22 0.73 0.40 0.24

B. Model with Strategic Complementarity (¢ = 0.49, p = 0.5)

a=0.3 a=05 a=0.7
auto(1) auto(2) auto(3) auto(1) auto(2) auto(3) auto(1) auto(2) auto(3)
fr=0.0 0.84 0.65 0.55 0.84 0.65 0.55 0.84 0.65 0.55
0r =03 0.86 0.63 0.49 0.89 0.71 0.59 0.92 0.77 0.67
Or =0.6 0.85 0.62 0.47 0.91 0.75 0.65 0.95 0.87 0.81
fr =09 0.87 0.65 0.53 0.92 0.78 0.70 0.94 0.86 0.81

“Each expectational assumption is defined by a («, 6r) pair. « is the perceived value of p—the true AR(1)
coefficient of the technology shock—and g is the proportion of rule-of-thumb forecasters in the population. The
table entries show the first 3 autocorrelations of aggregate output for different combinations of o and fr. All

standard RBC parameters are calibrated as in King et al. (1988).
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Table 2 — Comparing Selected Moments®

Series Std Dev  Rat. SD auto(l) auto(2) auto(3)
A. U.S. Postwar Quarterly Datab
Output 5.62 1.00 .96 91 .85
Consumption 3.86 0.69 .98 .95 .93
Investment 7.61 1.35 .93 .78 .62
Hours 2.97 0.52 .94 .85 74
B. Model with S.C. and Heterogeneous Fxpectations®
Output 5.62 1.00 97 91 .86
Consumption 4.73 0.84 .96 .95 .95
Investment 10.96 1.95 .85 .68 .04
Hours 1.89 0.34 .81 .59 42
Prdvty Shock 0.53 0.09 .70 49 .34
C. Standard RBC Model®
Output 5.62 1.00 .85 .63 A7
Consumption 4.46 0.79 .16 21 .25
Investment 16.24 2.89 .67 44 .29
Hours 3.19 0.57 .66 43 .26
Prdvty Shock 3.85 0.69 .70 49 .34

%The first column of numbers shows the standard deviation of each series; the second column shows
ratios of standard deviations of each series with output. Columns 3 through 4 show first, second, and
third autocorrelation coefficients.

bSource: King, Plosser, and Rebelo (1988).

°Or = 0.30, ¢ = 0.50, @ = p = 0.70. All other parameters calibrated as in King et al. (1988).

49r = 0.00, ¢ = 0.00, p = 0.70. All other parameters calibrated as as in King et al. (1988).
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Figure 1
Comparing the behavior of Sophisticated and Rule-of-Thumb agents

Output Investment

—— Sophisticated Agents

—— Sophisticated Agents
Rule-of-Thumb Agents P g

Rule-of-Thumb Agents

* The charts show the output and investment decisions of representative sophisticated and rule-of-thumb agents.

The parameterization is the same described for Table 2-B. (o = p = 0.70, ¢ = 0.50, 8 = 0.30)
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