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Rational Expectations (RE) models have two crucial dimensions: (i) agents on average
correctly forecast future prices given all available information, and (ii) given expectations,
agents solve optimization problems and these solutions in turn determine actual price
realizations. Experimental tests of such models typically focus on only one of these two
dimensions. In this paper we consider both forecasting and optimization decisions in an
experimental cobweb economy. We report results from four main experimental treat-
ments: (1) subjects form forecasts only, (2) subjects determine quantity only (solve an
optimization problem), (3) they do both and (4) they are paired in teams and one member
is assigned the forecasting role while the other is assigned the optimization task. All
treatments converge to Rational Expectation Equilibrium (REE), but at different speeds.
We observe that performance is the best in treatment 1 and the worst in Treatment 3. We
further find that most subjects use adaptive rules to forecast prices. Given a price forecast,
subjects are less likely to make conditionally optimal production decisions in Treatment 3
where the forecast is made by themselves, than in Treatment 4 where the forecast is made
by the other member of their team, which suggests that “two heads are better than one”
in term of the speed of finding the REE.

© 2013 Elsevier B.V. All rights reserved.

1. Introduction

Rational Expectations (RE) macroeconomic models have two crucial dimensions: (i) Rational agents on average correctly
forecast future prices given all available information, that is, they do not make systematic forecast mistakes; (ii) Given
agents' rational expectations, these same agents solve optimization problems that determine their consumption and/or
production decisions, which then, via market clearing, determine the realizations of prices and wages the agents were
seeking to forecast; these data are then used to update forecasts. Thus, RE systems are self-referential; beliefs affect outcomes

and outcomes affect beliefs.

Testing rational expectation models with field data is problematic as agents' expectations are not generally observable
and economists may disagree as to what constitutes the “true” model in which agents' expectations are formed. An
alternative approach is to test rational expectations models in the laboratory where it is possible to control the model that
determines economic data and to elicit and use agents' expectations of future variables in the determination of that
same data. However, the self-referential nature of RE models makes it difficult to test these models in the laboratory.
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As Sargent (2008) observes:

“Laboratory experiments using macroeconomics are rarer than those using microeconomics...I suspect that the main
reason for fewer experiments in macro than in micro is that the choices confronting artificial agents within even one
of the simpler recursive competitive equilibria used in macroeconomics are very complicated relative to the settings
with which experimentalists usually confront subjects.”

Experimentalists seeking to test RE macroeconomic models have dealt with the complicated nature of these models by
reducing the dimensionality of the problem that subjects face. Two approaches have been taken.

In a “learning to forecast experiment,” (LtFE) - a design first proposed by Marimon and Sunder (1993) - subjects are
asked to submit a forecast for a future economic variable (e.g., a price, inflation rate, foreign exchange rate, etc.), and they are
rewarded solely on the basis of the ex-post accuracy of their forecast. Their forecast is used as an input by a computer
program to determine each individual's optimal quantities as if the subjects themselves were capable of solving the
optimization problem conditional on their forecast. The computer-determined quantities together with market clearing
conditions then determine the actual price realizations (the object of the subjects' forecasts), and these realizations are then
used to assess the accuracy of the subjects' forecasts. Subjects, however, are not necessarily made aware of how their
forecasts affect outcomes; the mechanism by which subjects' forecasts determine the actual realizations of forecasted
variables often amounts to a “black-box” process.

In a second, older experimental approach, known as a “learning to optimize experiment” (LtOE), subjects are asked to
make economic decisions (to consume, invest, trade, produce, etc.) directly, without any elicitation of their forecasts of the
relevant endogenous variables such as the market price, interest rate or wages. (e.g., Arifovic, 1996; Smith et al., 1988) Of
course, such forecasts can be determined implicitly based on subjects' decisions or are sometimes determined separately via
some market mechanism (e.g., a double auction or a call market) that is often external to the theory being tested.

Studies using the LtFE approach find mixed evidence as to whether subjects are able to learn a rational expectations
equilibrium (REE) (see, e.g., Hommes, 2011 for a survey). In some instances, subjects learn a REE via some adaptive learning
process while in other instances subjects behave as trend extrapolators resulting in persistent deviations or cycles around
the rational expectations equilibrium (e.g., Anufriev and Hommes, 2012). Similarly, findings from LtOE studies have
sometimes confirmed competitive equilibrium predictions and associated comparative statics predictions, but in other
instances have generated outcomes that are at odds with RE model predictions, for instance, non-rational bubbles, excess
volatility, etc.

In this paper we compare the LtFE and LtOE approaches in a common, economic decision-making task. Importantly, we
also consider how behavior improves or deteriorates if we combine these two approaches. Our combined LtFE and LtOE
design gets at the heart of the belief-outcome interaction that is the signature property of rational expectations models. We
ask if convergence to the REE and efficiency are affected when subjects are asked to play both roles as forecaster and
optimizer or if specialization of tasks by individuals alone (as in LtFE and LtOE designs) or within two-agent teams leads to a
significant improvement in performance. One aim of this research is to assess whether the results obtained in the LtFE
literature are robust when the optimization task is performed by an individual rather than by a computer program.
Moreover, our novel team specialization treatment has a very natural, real-world interpretation: Organizational investors
such as investment banks and pension funds usually employ both professional forecasters (researchers and economists) and
production managers or traders. This type of team specialization set-up has not been previously explored in the laboratory.

The experimental environment we study is a simple, N-firm cobweb model economy—a negative expectation feedback
system. This kind of feedback system arises naturally in commodity markets that were the inspiration for Ezekiel's (1938)
development of the cobweb model. Furthermore, Muth (1961) proposed rational expectations in the context of this very
same negative feedback cobweb model. Prior research indicates that under a LtFE design, market prices will converge very
quickly to the RE equilibrium in this environment. In addition to LtFE, we consider three additional treatments where
subjects must submit their production decision directly without a forecast (LtOE), or together with a forecast, or subjects are
paired in teams and one team member submits a forecast which the other team member can use to determine a production
decision.

We find a tendency for the market price to converge to the REE price in all four treatments. Thus, the stabilizing effect of a
negative feedback market is a robust feature of our experiment. However, when the speed of convergence is compared across
treatments, we find that the market price converges most quickly and reliably when subjects only make price forecasts as in the
computer-aided LtFE design. There is not much difference in performance between the treatment where subjects only make
production decisions (LtOE) and the treatment where they form teams that specialize in one of the two tasks. However, the
market price and quantity fluctuate the most and are the slowest to converge when subjects are required to perform both
forecasting and production decision-making (optimizing) tasks. Our findings have important implications not only for the design
of experiments, but more importantly for how we might think about the representative agent firm: should it be viewed as an
individual actor (e.g., the CE.O.) or is it better to think of the representative firm as consisting of teams of individuals specialized
in various tasks, such as forecasting and production? Further, our decomposition of the forecasting and optimization tasks
suggests that bounded rationality with respect to optimization decisions appears to be as important a consideration in the
learning of rational expectations equilibria as is bounded rationality in expectation formation. Nevertheless, most research on
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