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Experimental studies of dynamic decision making generally show poor performance. Most, however,
lack market mechanisms, speciﬁcally price setting, while economic theory suggests markets should
mitigate individual decision errors. We develop experimental markets to explore whether different
price institutions improve performance in dynamic decision tasks. We ﬁnd: (i) dynamic complexity
degrades performance substantially relative to optimal despite the inclusion of different pricing
mechanisms; and (ii) markets improve performance, though it remains signiﬁcantly below optimal.
We estimate decision rules for each actor; results reject the hypothesis of rationality at the individual
level but support behavioral decision rules consistent with bounded rationality. Simulations using
the estimated decision rules reproduce key features of market dynamics. Decision timing data and
verbal protocols show that greater task complexity leads subjects to ignore important aspects of the
environment, particularly strategic interactions among participants. Markets moderate but do not
eliminate misperceptions of feedback. Copyright © 2014 System Dynamics Society
Syst. Dyn. Rev. 30, 123–160 (2014)

Introduction
The standard neoclassical assumptions of rational, optimizing agents with
unbiased expectations stand in sharp contrast to evidence from psychological
studies of biases and errors in human decision making (Conlisk, 1996; Hogarth
and Reder, 1987; Kahneman, 2003). The contrast has become stronger over time.
Economists developed theories in which agents are assumed to use methods of
optimal ﬁltering and control (Arrow, 1987; Sargent, 1993) and developed
sophisticated designs that have improved efﬁciency in markets ranging from
organ transplants to energy and telecommunications to school choice and beyond
(e.g. Ashlagi and Roth, 2012; Myerson, 2008; Roth, 2008; Smith, 2003). At the
same time, behavioral scientists have shown that decision making in dynamic
systems is often poor relative to normative standards, or even simple decision
rules, especially when decisions have indirect, delayed, nonlinear and multiple
feedback effects (Brehmer, 1992; Diehl and Sterman, 1995; Funke, 1991;
Kleinmuntz, 1985; Osman, 2010; Paich and Sterman, 1993; Smith et al., 1988;
Sterman, 1989a, 1989b, 2000; Croson et al., 2014; Arango and Moxnes, 2012).
Recent research shows further that people have great difﬁculty understanding
even the simplest dynamic systems, including systems as simple as a single stock
with exogenous ﬂows, in which there are no feedbacks, delays, nonlinearities or
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other elements of dynamic complexity, and no strategic interactions with other
agents (Booth Sweeney and Sterman, 2000; Sterman and Booth Sweeney, 2007;
Cronin and Gonzalez, 2007; Cronin et al., 2009; Pala and Vennix, 2005; Sterman
and Booth Sweeney, 2002; Sterman, 2008). These misperceptions afﬂict young
people (middle school students) and adults (their teachers) (Booth Sweeney and
Sterman, 2007), although training in dynamic modeling improves performance
(Sterman, 2010).
These studies demonstrate substantial, systematic and persistent deviations
from optimal, fully rational behavior—or, in some cases, even boundedly
rational behavior (Sterman and Dogan, 2014)—in systems with even modest
levels of dynamic complexity. However, nearly all these studies involve
individuals or small groups and lack market mechanisms (Paich and Sterman,
1993, and Arango and Moxnes, 2012, are exceptions). The absence of
price-mediated markets limits the relevance of these results in the eyes of many
economists who argue that any departures from rationality will be short lived in
real markets due to processes of arbitrage and competitive selection. Where market institutions exist, however, their ability to mitigate individual departures
from rationality cannot be assumed, but must be subjected to empirical test
(Conlisk, 1996; Sterman, 2002). Further, there are many real-world dynamic
decision-making tasks in which markets do not exist or fail, including real-time
process control, organizational settings such as bureaucracies (both corporate
and governmental), environmental dynamics such as climate change, and others.
Accordingly, here we ask: (i) To what extent can market mechanisms,
speciﬁcally different pricing institutions, alleviate the problems observed in
non-market dynamic decision making? (ii) What are the effects of feedback
complexity on market behavior and performance? (iii) Can one explain
aggregate market behavior from the behavior of individual decision-makers?
We explore these questions in a set of six experimental markets, varying both
the feedback complexity and the pricing institution, as explained in the next
section. We then compare aggregate performance and stability to optimal performance across the conditions. Next we estimate decision rules for the individual
agents, identifying the boundedly rational heuristics they use in production and
pricing decisions. The estimated rules are then simulated in the full system,
showing that the aggregate market dynamics emerge from the interaction of these
boundedly rational individual decision heuristics. We then examine timing data
and questionnaire responses to gain further insight into how participants cope
with varying task characteristics. We close with discussion and conclusions.

Experimental design and method
Experimental treatments
The study follows standard procedures in experimental economics, including
performance-based cash rewards to the participants, single-individual agents
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(ﬁrms), discrete time periods and no verbal communication between subjects.
However, one important difference is the dynamic structure of the market.
Most studies in experimental economics involve markets with relatively
simple dynamic structure. In particular, markets are often reinitialized each
period so that no inventories of unsold goods or backlogs of unﬁlled orders
carry over to future periods (Plott, 1982; Smith, 1982; Plott and Smith,
2008). Examples include markets for medical residents, economists and
K-12 school choice (e.g. Roth, 2008). These markets have high combinatorial
complexity and are characterized by the presence of private information
that creates risks of adverse selection, moral hazard and other sources of
inefﬁciency. But they are dynamically simple: each year there are new medical
residents to be matched with hospitals, new PhDs in economics seeking
academic posts and new students to be placed into schools. In the dynamically
simple settings used in much of the research in experimental economics and
psychology (e.g. Ert et al., 2011), an agent’s decisions are conditioned by
outcome feedback from past experience, but the structure of the task and states
of the system are not affected by past decisions. These conditions favor learning
because agents gain experience in an unchanging situation.
In many consequential situations, however, our decisions have another
effect: they alter the state of the system in ways that change the decision
environment we face in the future. Such action feedback means that even as
we attempt to learn from past experience, our own actions, interacting with
the physics of the system and the decisions of other agents, feed back to change
the situation in which we are embedded, possibly rendering any learning from
experience obsolete or even harmful. For example, decisions to invest in
capacity in commodity markets based on current payoffs and proﬁts typically
affect production only after long lags. Decisions based on current payoffs often
collectively lead to overcapacity and losses in the future, altering the payoffs
agents face in the future. Unsurprisingly, instability and chronic cyclicality are
endemic in supply chains and commodity markets ranging, as Sterman (2000)
notes, from A to Z—aircraft to zinc. Experimental studies show that human
performance can degrade signiﬁcantly in dynamic decision-making tasks
involving action feedback, particularly in the presence of delays, accumulations
(stocks and ﬂows), nonlinearities and positive feedback (Diehl and Sterman,
1995; Paich and Sterman, 1993; Sterman, 1989a, 1989b; Arango and Moxnes,
2012; Croson et al., 2014; Sterman and Dogan, 2014). Thus we create two
feedback complexity conditions:
• a simple condition, where production initiated at the beginning of each
period becomes available for storage or delivery during that same
period, and where industry demand is unaffected by the average level
of activity in the market;
• a complex condition, where there is a lag between the time production is
initiated and the time it becomes available for storage or delivery, and
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where industry demand is inﬂuenced by average market production,
representing a multiplier effect from income to aggregate demand.
Experimental studies in economics have long shown that the institutional
structure of the market, including the nature of the price-setting institution,
inﬂuences the convergence to and nature of equilibrium (Plott, 1986; Plott
and Sunder, 1988; Smith, 1986; Plott and Smith, 2008). Double auctions
typically converge rapidly and reliably to competitive equilibrium. Posted
price systems, where agents announce buying or selling prices, converge more
slowly and often do not reach competitive equilibrium. Our experiments thus
involved three price-setting institutions:
• Fixed prices: All prices are ﬁxed and equal. All ﬁrms receive an equal share
of market demand. Fluctuations in demand are accommodated entirely by
changes in inventories.
• Posted seller prices: Each ﬁrm sets its own price and production rate, and
demand is fully accommodated by changes in inventories.
• Clearing prices: Prices move to equate demand to the given supply each
period. In this condition, the need for inventories is eliminated. The
market-clearing price vector, given the current output of each ﬁrm and
demand function, is found by the computer, which acts as a textbook
perfect Walrasian auctioneer.
We cross the two feedback complexity conditions and three price-setting conditions in a between-subjects design with six cells. Each subject plays only once. Four
markets were run in each of the six treatment conditions, with a total of 97 subjects.

Market structure
The causal structure of the experiment is shown in Figure 1. The market consists of K ﬁrms (operated by experimental subjects) and a consumer sector
(modeled by the computer). The demand for ﬁrm i’s product depends on aggregate demand and ﬁrm i’s price, relative to the average market price. Following standard models of monopolistic competition, the products of the industry
have some limited degree of differentiation but the market is otherwise close
to the perfect-competition ideal. The market can be interpreted as a regional
industry where the level of economic activity may inﬂuence aggregate
demand in the region through the usual demand multiplier effect and input/
output structure created by the supply networks of ﬁrms in the region.
Time is divided into discrete periods. At the beginning of each period t,
each ﬁrm i decides how much production yi,t to initiate and, in the postedprice condition, what price pi,t to charge for its product. Firms make these
decisions ex ante, before demand for the current period is revealed.
Copyright © 2014 System Dynamics Society
DOI: 10.1002/sdr

J. Sterman: Do Markets Mitigate Misperceptions of Feedback? 127

Fig. 1. Market structure of
the experimental economy.
Top: simple condition;
there is no production lag
and demand for ﬁrm i is
determined by ﬁrm i’s price
relative to the average market price, and to aggregate
demand, which responds
only to the average market
price. Bottom: complex
condition; there is a threeperiod lag between production starts and production.
In addition to the price
effects, aggregate demand
responds to the multiplier
effect, based on the total
amount of production and
production in progress.
Ovals indicate participant
decisions: production (in
the simple conditions) and
production starts in the
complex conditions. Participants also set price in the
posted-price condition (but
not in the ﬁxed or market
clearing conditions).
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Each ﬁrm maintains an inventory ni,t to accommodate ﬂuctuations in
demand. Inventory is decreased by current sales xi,t and increased by production
with a time lag δ from the time production, yi,tδ, was initiated:
ni;tþ1 ¼ ni;t þ y i;tδ  x i;t

(1)

Proﬁts equal revenue less production cost and inventory holding costs. Production costs are proportional to output (constant returns to scale) and holding
costs are proportional to the absolute value of inventory. The inventory variable
can be thought of as the net value of actual minus desired inventory, i.e. it can be
Copyright © 2014 System Dynamics Society
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negative. Demand is assumed to be unaffected by inventory, i.e., both buyer and
seller costs are fully subsumed in the holding-cost term. Thus, given constant
unit production costs ω and unit holding costs γ, proﬁts vi,t are
 
v i;t ¼ p x i;t  ωy  γni;t 
(2)
i;t

i;t

Demand for each ﬁrm’s product is simulated by the computer in all treatments. We assume that the simulated consumers are utility-maximizing agents.
Appendix A (the full appendices are available from the authors; see also
Kampmann, 1992) shows that buyer utility can be expressed as a function of
the consumption of an aggregate good, Xt, and that demand for the products of
the individual ﬁrms can then be decomposed into the aggregate consumption
of all goods and a price elasticity effect of the price of each ﬁrm’s product. The
aggregate bundle of goods is deﬁned by a constant elasticity of substitution
(CES) function of the bundle of goods bought from individual ﬁrms, with elasticity of substitution ε:

1
1 K
ϵ1 ϵ1
∑i¼1 x i;t ϵ
(3)
Xt ¼
K
Appendix A shows that the price of the aggregate bundle of goods the
consumer demands is then deﬁned by
 K
11 ε
1
1ε
∑p
(4)
Pt ¼
K i¼1 i;t
and the utility-maximizing consumer demand for ﬁrm i’s product satisﬁes
 ε
pi;t
x i;t ¼ X t
(5)
Pt
where Xt is aggregate demand, the demand for the bundle of goods purchased
by the utility maximizing consumer.
Aggregate demand—the total demand for the aggregate good Xt—can now be
formulated as depending on the price Pt of the aggregate bundle of goods and a
reference aggregate demand, X*t. Speciﬁcally, aggregate demand equals the
reference demand when the aggregate price index equals the reference price, p*:
 
Pt
X t ¼ X t f  ; f ð1Þ ¼ 1; f ′ ð1Þ ¼ μ
(6)
p
The elasticity of aggregate demand with respect to aggregate price is
assumed to be a constant μ around the reference price, p*, which is set to the
competitive-equilibrium price.1 Aggregate demand responds to the aggregate
1
Constant elasticity demand curves are not robust under extreme conditions (e.g. demand becomes inﬁnite as prices
fall to zero, and remains non-negative for any large ﬁnite price). Therefore, to ensure global robustness, aggregate demand becomes a linear function of price at points far from the competitive-equilibrium value. The full functional form
is shown in Appendix A, p. 5.
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price of the bundle of goods to capture the budget constraint (total purchases
must fall if aggregate prices rise relative to income) and substitution effects
(if aggregate prices rise, consumers may purchase goods from other regions or substitute time for consumption, e.g. repairing existing products rather than buying
new ones). As shown in Appendix A, under perfect competition (large number
of ﬁrms K), the competitive-equilibrium price depends only on ω and ε (note that
inventories will always be zero in equilibrium):
ωε
(7)
p ¼
ε1
Reference aggregate demand X*t depends on total production activity, introducing a multiplier effect. The multipler effect can be interpreted as a consumption multiplier where income (production) drives demand, and in
which ﬁrms are coupled through their supply networks. Thus X*t consists of
an autonomous demand component G, assumed to be constant, and a variable
component proportional to total economic activity, speciﬁcally the sum of
average current production Yt and overall average production in progress St:
X t ¼ ð1  αÞG þ α
where
Yt ¼
(
St ¼

ðY t þ S t Þ
;0≤α < 1
1þδ

1 K
∑y
K i¼1 i;t

∑δj¼1 Yt-j if δ > 0
0

if δ ¼ 0

(8)

(9)
(10)

The demand multiplier α and the production lag δ are both experimental
treatment variables, as discussed above. In the “simple” case, α = δ = 0: there
is no mulitplier and no production lag. In the “complex” case, α = 0.5, δ = 3:
the multipler is active and there is a three-period production lag. A marginal
propensity to consume of 0.5 corresponds approximately to the marginal
propensity to consume (MPC) out of pre-tax income in a typical national
economy. The after-tax MPC is much higher, over 0.9, and one could argue
that if tax revenue inﬂuences government spending, or if tax revenue is
adjusted, the overall coefﬁcient would be higher than 0.5. The higher the
value of α, the less stable the system becomes. A low value of α is thus an a
fortiori assumption: the effects of complexity are likely to be even larger for
higher, more realistic values.
The ratio of unit inventory cost to unit production cost, γ/ω, balances the
need for positive proﬁts while motivating subjects to control inventories.
The chosen ratio of 0.5 was based on simulations and pilot experiments. Only
ﬁve of 97 subjects suffered a cumulative loss.
Finally, we set the ﬁrm demand elasticity ε = 2.5 and the industry demand
elasticity μ = 0.75. The industry elasticity is high compared to many typical
Copyright © 2014 System Dynamics Society
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goods industries (Hauthakker and Taylor, 1970). The lower the value of μ, the
less stable the system, so that our choice of μ again constitutes an a fortiori assumption that biases the system toward stability.
The unit production cost ω and autonomous demand G are arbitrary scaling
parameters, which were varied from market to market to discourage crossmarket comparisons by subjects. Appendix A, p. 49, shows the differences
across all six conditions and the values of all parameters (the full appendices
are available from the authors; see also Kampmann, 1992).

Experimental protocol
The experimental protocol followed procedures in experimental economics, including performance-based cash payments, written instructions
and no verbal communication between subjects. Complete details of
the protocol are provided in Kampmann (1992); see Appendix C.
The market was implemented on networked computers, which automatically administered and recorded subject decisions, as well as the timing of
choices and all keystrokes and mouse events, thus providing a detailed record
of the experiment. Each market consisted of an average of four ﬁrms with one
subject per ﬁrm.2
After initial instruction, subjects played a short practice session, which both
allowed them to become familiar with the mechanics of the game and provided
a history from which they could judge the parameters of the system. All markets
were initialized with production of 2/3 of the competitive-equilibrium level and
the initial price set to clear the market given initial output.
Participants played for 3 hours or 50 time periods, whichever came ﬁrst.
The average length of each game was 44 time periods. While subjects were
not informed of the 50-period maximum, they were told that the game
would be stopped within a ﬁxed time. Thus, as was pointed out to the
subjects, there was some degree of time pressure in that taking longer to
deliberate would decrease the number of periods they could play,
reducing their cumulative proﬁts.
Subjects received a money payment in proportion to their accumulated
proﬁts, with a minimum payment of $10, even if cumulative proﬁts were
negative. The average payout per subject was $35. The participants were
mostly graduate and undergraduate students in economics and management
from MIT and Harvard; almost all had some formal education in economics
and/or quantitative ﬁelds such as statistics or operations research.
Figure 2 illustrates the computer display, which provides an extensive
information interface. The display presents all the variables characterizing
2
The experience in experimental economics is that four or ﬁve ﬁrms are usually enough to assure competitive conditions (Plott 1982, 1986). A few markets had only three ﬁrms but these were all in the ﬁxed-price condition, where
each ﬁrm is essentially independent of the others and there are no strategic interactions.
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Fig. 2. Example of computer display. The ﬁgure
shows the display in the
posted-price complex condition. Displays in the other
conditions were kept as
similar as possible to minimize the effect of displays
on performance. The top
portion represents the current state of inventory and
the supply line of unﬁnished production. At the
bottom left is a report for the
previous period, with information on prices, forecasts,
sales, proﬁts and production. The subject enters
decisions at the bottom left,
and the pop-up menus allow access to ﬁve tables,
three time graphs and three
x–y plots of historical data.
Subjects could override the
default selections in those
tables and graphs and
choose any combination of
variables for display

the ﬁrm and the average state of the market in user-friendly format and,
through pop-up menus, gave unrestricted access to historical data in time
plots, scatter plots or tables, in any combination of the user’s own
design. To minimize possible information display effects the same
display was maintained across all experimental conditions, with only the
smallest modiﬁcations necessary to accommodate the differences across
treatments. Appendix C lists the instructions participants received for all
six treatments.

Hypotheses
The six-cell experimental design was motivated by simulations and formal
analysis (Kampmann, 1992), which demonstrate that if ﬁrms act according
to the traditional neoclassical assumptions of non-cooperation, optimizing
behavior and consistency of expectations, the differences between the six
conditions would be very small: In all cases, the markets would settle
smoothly and rapidly (after a short initial learning period) to the noncooperative equilibrium (Appendix B derives optimal behavior for all
six conditions and presents illustrative simulations of the optimal strategy
on p. 83).
Copyright © 2014 System Dynamics Society
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If ﬁrms engage in strategic behavior the question of market convergence
becomes more complicated. If all ﬁrms were committed to full collusion from
the outset and never defected from the coalition, the market would move
quickly to the collusive equilibrium. Such a situation is unlikely. More likely,
attempts to achieve or defect from the collusive equilibrium would occur
(as theory suggests, e.g. Green and Porter, 1984, and as seen in experiments,
e.g. Plott and Smith, 2008). With rational agents, the markets should converge
quickly to a stochastic stationary state.3
On the other hand, if individuals suffer from misperceptions of feedback,
speciﬁcally, if their decision-making heuristics do not sufﬁciently account
for the production lag or the multiplier effect, the experimental treatments
should yield large, systematic effects.i In particular:
• H1: Complexity will decrease proﬁts and stability in all three price regimes
because subjects’ mental models do not account well for delays and
feedbacks. Oscillations are expected under complexity.
• H2: The effects of complexity will be strongest under ﬁxed prices, weaker
under posted prices, and weakest under clearing prices. Fixed prices imply
that all imbalances accumulate in buffers, amplifying individual judgmental errors. Market-clearing prices eliminate inventory accumulation,
automatically compensating for judgmental errors. Under posted prices
subjects must adjust prices properly to clear out inventory imbalances,
precisely the task non-market studies show to be problematic.
• H3: Complexity will slow learning in all three price regimes because
instability and excess variance make inferences about causal structure
and market dynamics more difﬁcult.
• H4: Collusion will be most evident in the simple (posted and clearing
price) conditions and least evident in the complex posted-price
condition, because the complex conditions are more demanding
cognitively, reducing attention available for formulation of strategic
behavior, and because excess variance complicates signaling and
signal detection.

Results: proﬁts
We analyze two measures of proﬁt: “gross proﬁts” (proﬁts before inventory
costs) and “net proﬁts” (after inventory costs). Gross proﬁts are primarily
determined by the price–output operating point of the market, i.e. they
indicate the degree of collusion achieved, whereas inventory costs are a
function both of the ﬁrm’s production policy and the overall variation in
prices and output, i.e., the degree of control achieved. The relative
The ﬁrst 10 periods have been excluded to minimize variations caused by initial learning and experimentation.

3
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importance of these two measures is inherently different in the three price
regimes. Under ﬁxed prices there is no possibility of collusion, hence
inventory costs determine performance. Conversely, under clearing prices
inventory costs are eliminated and performance depends only on reaching
the best price–output point. The posted-price regimes involve elements
of both.
Figure 3 compares actual proﬁts to simulated proﬁts of non-cooperating
rational agents.ii The simulations assume a certain amount of random noise
Fig. 3. Observed performance compared to simulated rational agents.
Proﬁts are normalized to
zero at the competitive
equilibrium level and one
at the collusive equilibrium level (Eq. 11).
Columns for each condition (e.g., Fixed Simple,
Fixed Complex) compare
experimental results (Exp;
left of dashed line) to simulations of rational noncooperating agents (Sim;
right of dashed line). For
experimental results, white
bars show average proﬁts
across all markets in each
condition, and diamonds
show proﬁts in each market
in that condition. Experimental results exclude the
ﬁrst 10 periods. For simulations, grey bars show average proﬁts over each
simulated market within
each experimental condition and diamonds show
the standard deviation of
proﬁts for each market in
that treatment. Simulated
rational agents correctly estimate the structural parameters of the system, have
rational expectations, and
act in accordance with
maximization of expected
proﬁts, except for an i.i.d.
random error with standard
deviation 5 percent
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(5 percent) in the decisions of each agent. Because the collusive proﬁt level is
slightly higher in the simple case than in the complex case, proﬁts in the ﬁgure
have been normalized to an index that is zero at the competitive-equilibrium
proﬁt level vc and one at the collusive proﬁt level vm:
v  vc
v¼
(11)
vm  vc
Net proﬁts vary little across the experimental conditions for rational noncooperating agents but, in contrast, the experimental treatments have large effects.
The effects are due both to higher inventory costs and to lower gross proﬁts, as
seen by comparing the top and bottom parts of Figure 3. On average, gross proﬁts
relative to optimal in the complex conditions are 10–15 percent lower than in the
corresponding simple conditions, in some cases even falling below the competitive equilibrium level, and the difference is statistically signiﬁcant (two-way
analysis of variance (ANOVA), F = 5.96, p = 0.031; see Appendix B, p. 82). Neither
the price condition or interaction of complexity and price conditions were
statistically signiﬁcant, though the number of observations at the market level,
16, may limit the power of those tests.
Turning to net proﬁts, there are large and highly statistically signiﬁcant
differences in inventory costs across experimental conditions (ANOVA on
inventory costs (Appendix B, p. 82), excluding the price-clearing condition
where inventories are always zero. Costs were transformed with logarithms
to minimize differences in within-cell variance. Complexity has a very large
effect on inventory costs: on average, inventory costs are about 13 times larger
in the complex conditions (F = 30.1, p ≈ 0.000). The price regime also affects
inventory costs, with lower costs in the posted price condition compared to
the ﬁxed price condition (F = 4.85, p = 0.048; of course inventory costs in the
clearing condition are always zero). There is also a strong interaction: the effect
of complexity on inventory costs is much smaller in the posted-price than in the
ﬁxed-price regime (F = 12.5, p = 0.004).
The data show effects that are inconsistent with the standard assumptions
of non-cooperation and rationality. Instead, the results support the behavioral
hypotheses: complexity lowers proﬁts relative to optimal in all three price
regimes, sometimes dramatically. Most of the drop arises from higher inventory costs (except of course in the price-clearing conditions), but complexity
lowers proﬁts before inventory costs as well. The effect of complexity on net
proﬁt is very large in the ﬁxed-price and posted-price regimes, and smaller
in the clearing-price regime. Finally, there is much greater variance in proﬁts
in the complex posted and ﬁxed-price cases than in the other four conditions
(the Bartlett test for homogeneity of group variances in net proﬁts shows
signiﬁcant differences at p < 0.001).
In sum, the results strongly support hypotheses H1–H4: complexity lowers
both net and gross proﬁts and decreases stability (H1). The impact of
complexity is moderated but not eliminated by the introduction of market
Copyright © 2014 System Dynamics Society
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mechanisms, with the moderating effect greatest under clearing prices (H2).
Complexity slows learning and convergence (H3; see below for additional
evidence). Finally, complexity reduces average proﬁts compared to the
collusive equilibrium, and the impact is larger under posted compared to
clearing prices (H4).

Effects on market dynamics and convergence
Simulations presented in Appendix B (p. 83) show examples of market
adjustment when ﬁrms are rational in the following sense: they correctly estimate the structural parameters of the system from data accumulated
during the initial learning period; they are predetermined either to cooperate or to compete and have correct expectations of the behavior of other
ﬁrms; and they act to maximize their expected proﬁts, except for a
random uncorrelated error of 5 percent. In all six conditions, the markets
converge to a stochastic stationary state after fewer than 10 time periods.
The variation in market averages differs across conditions, but in all cases
it is lower than the variance of any random errors in decision making.
Figures 4–9 show the actual behavior of production and prices for each market for each of the experimental conditions. A quick glance reveals substantial

Fig. 4. Observed behavior
of market averages:
ﬁxed-price simple
condition. Market-average
production and inventory
for each of the four
markets, relative to
equilibrium output
(normalized to horizontal
line at 1). Inventory is shown
on the right-hand scale
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differences in the pattern of behavior across the conditions. The complex
markets generally show larger and longer-term variation in prices and quantities,
and less tendency to converge to equilibrium, than the corresponding simple
markets. There appear to be persistent cyclical movements in several of the
complex markets. The results strongly support H3.
In the simple condition with ﬁxed prices (Figure 4) production settles
quickly in the expected range. Apart from a few occasional departures from
the equilibrium level, production is constant at its steady-state value. The task
facing the decision maker here is a simple, ﬁrst-order inventory control
problem with a constant exogenous outﬂow. Indeed, the ﬁxed price simple
condition is equivalent to running the tap in a bathtub with a constant
outﬂow of water until the water level reaches a given target level. Previous
experiments have shown, unsurprisingly, that humans perform quite well
under such simple circumstances (Diehl and Sterman, 1995; MacKinnon and
Wearing, 1985; but see the “bathtub dynamics” literature showing that people
have difﬁculty relating ﬂows into and out of a single stock to the behavior of
the stock, e.g., Booth Sweeney and Sterman, 2000; Cronin et al., 2009).
The variation in production is much larger in the ﬁxed-price complex
condition (Figure 5). All markets show substantial “boom and bust” cycles.
The cycle in some markets is exceedingly large; in market 25, output peaks

Fig. 5. Observed behavior
of market averages: ﬁxedprice complex condition.
Market-average production and inventory for
each of the four markets,
relative to equilibrium
output (normalized to
horizontal line at 1). Inventory is shown on the
right-hand scale

Copyright © 2014 System Dynamics Society
DOI: 10.1002/sdr

J. Sterman: Do Markets Mitigate Misperceptions of Feedback? 137

at six times the equilibrium value. None of the markets is close to equilibrium
at the end of the trial. The ﬁxed-price complex condition combines
production delays with the positive feedback of the multiplier effect. The
results are consistent with prior experiments with similar structures, including
Sterman’s (1989a) multiplier–accelerator experiment, and the more difﬁcult
conditions in Diehl and Sterman (1995).
The markets with clearing prices also show marked differences between the
simple and the complex condition. Markets in the simple clearing-price
condition show no systematic pattern of behavior (Figure 6). Some appear
to settle in a range close to, or slightly above, the competitive price equilibrium, but with a fair amount of short-term ﬂuctuation. Others show some
longer-term ﬂuctuation.
In contrast, the complex clearing-price markets all display a distinct boom
and bust pattern with a large initial overshoot in production, followed by a
gradual downward adjustment in output (Figure 7). The cycle is not sustained
as it is in the corresponding ﬁxed-price condition.
A key structural difference between the ﬁxed and clearing price regimes is
the lack of cumulative effects of market imbalances in the latter. In the
ﬁxed-price conditions, inventory imbalances persist until corrected by

Fig. 6. Observed behavior
of market averages: clearing-price simple condition. Market average
production and price, relative to competitive equilibrium (normalized to
horizontal line at 1). Also
shown are the collusiveequilibrium price (top horizontal line) and output
(bottom horizontal line)
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Fig. 7. Observed behavior
of market averages: clearing-price complex condition. Market average
production and price, relative to competitive equilibrium (normalized to
horizontal line at 1). Also
shown are the collusiveequilibrium price (top horizontal line) and output
(bottom horizontal line)

subsequent production adjustments that subjects make. In the clearing price
condition, the computer acts as a perfect Walrasian auctioneer, ﬁnding the
market clearing prices that eliminate all inventory imbalances each and every
period. Consequently, the market always begins the next round in balance,
making it forgiving of past errors.
The posted-price markets also show effects of complexity on behavior. In
the simple condition (Figure 8), prices are relatively steady, and in three of
the four markets prices seem to be driven down toward the competitive level.
In market 32, ﬁrms change their prices little throughout most of the game. In
all markets, inventories never depart substantially from the desired level as
they can be controlled directly through adjustments in production.
The posted-price complex condition generally shows larger variances in
prices and production compared to the simple case (Figure 9). Market 16
exhibits dramatic, expanding oscillations in prices and output. In markets
18 and 38 both prices and inventories, and in 18 also production, exhibit a
cycle of rather steady amplitude and frequency. Market 17 shows relatively
little variance in output or prices, except for a one-time peak in prices.
Spectral analysis conﬁrmed what is evident from the graphs of results (see
Kampmann, 1992). While the spectra produced by rational agents will, after
an initial learning period, be either nearly white or concentrated in the highfrequency range, the spectra of the experimental markets in all complex
Copyright © 2014 System Dynamics Society
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Fig. 8. Observed behavior
of market averages:
posted-price simple condition. Market average
production, price and inventory, relative to competitive equilibrium
(horizontal line at 1). Also
shown are the collusiveequilibrium price (top horizontal line) and output
(bottom horizontal line)

Fig. 9. Observed behavior
of market averages:
posted-price complex
condition. Market average
production, price and inventory, relative to competitive equilibrium
(horizontal line at 1). Also
shown are the collusiveequilibrium price (top horizontal line) and output
(bottom horizontal line)

Copyright © 2014 System Dynamics Society
DOI: 10.1002/sdr

140 System Dynamics Review

conditions show that the variance is concentrated in frequencies corresponding to the 10- to 20-period cycles or the longer-term movements evident in the
ﬁgures. The results provide further support for H1–H3: complexity causes oscillations and slows convergence in all three price regimes, with the strongest
impact under ﬁxed prices and the least under clearing prices.

Results: individual heuristics and aggregate outcomes
The aggregate market outcomes show behavior inconsistent with rational
behavior but consistent with boundedly rational decision making and, in
particular, the “misperceptions of feedback” hypothesis that subjects fail to
account for delays, accumulations and feedback processes in the decision
environment. We now probe further into this idea by proposing simple,
boundedly rational decision rules for the individuals. We then simulate each
experimental market with the estimated decision rules to test whether these
rules reproduce the salient features of the aggregate behavior. The analysis
reported below focuses on two conditions: the complex ﬁxed-price and
posted-price condition, respectively, since the complex conditions show the
largest departures from rationality.
Fixed prices, complex condition
In the ﬁxed-price conditions, subjects make only one decision each period,
namely how much production to initiate. In addition, subjects were asked to provide a forecast of future average sales per ﬁrm in the market. The forecast provides
insight into subjects’ expectations, a key component in production planning.
The output decision is an example of the generic stock management task
(Sterman, 1989a, 1989b). Any reasonable decision rule, including the optimal
rule, consists of three components. First, production starts should equal the
agent’s expectation or forecast of demand xet for the time period when production initiated now will be ﬁnished (for clarity the ﬁrm subscript i is dropped).
Next, agents should adjust production starts to eliminate any discrepancy
between desired inventory, nd (assumed to be zero), and current inventory,
nt. Finally, agents should adjust production starts to eliminate any
discrepancy between the desired and actual supply lines of production that
has been initiated but not yet completed, sd and st, respectively. The latter
mechanism prevents over- or under-ordering because it recognizes the delay
between ordering and ﬁnishing production. Since production starts must be
non-negative, production starts, yt, are given by


(12)
y t ¼ max 0; x et  αn nt þ αs sd  st
where αn, αs, and sd are constants to be estimated.
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Table 1 shows the estimation results by nonlinear least squares, using the
solicited forecasts for demand expectations xet. The ﬁt is generally good: R2
varies between 0.86 and 0.99. Most subjects pay some attention to their
inventory levels: αn is positive and signiﬁcant in all but two cases, though it
is generally less than one (mean = 0.49), indicating some conservatism in
inventory adjustment. In contrast, attention to supply lines is much lower or
absent: αs is signiﬁcantly positive in only four cases (mean = 0.15). Moreover,
it is smaller than the inventory coefﬁcient in all cases, whereas optimal
management requires equal weights for on-hand and on-order inventory
(Clark and Scarf, 1960; Croson et al., 2014).
These results are in full accord with Sterman’s ﬁndings (1989a, 1989b) and
many replications and extensions, from Diehl and Sterman (1995), to Croson
et al. (2014). The low attention paid to the supply line is a key indicator of
misperceptions of feedback: the subjects fail to take sufﬁcient account of the
delay between initiating control actions and their impact. Subjects behave like
a person with a headache who continues to take aspirin until the pain goes
away, instead of taking two pills and waiting for the effect (see Sterman,
2000, ch. 17, for further discussion).
A fully endogenous simulation of the market also requires modeling expectations. The solicited forecasts xet were ﬁtted to a simple adaptive-extrapolative
Table 1. Estimates in the
decision rule (Eq. 12)

Market Firm
25
25
25
26
26
26
35
35
35
35
36
36
36
36
Mean

1
2
3
1
2
3
1
2
3
4
1
2
3
4

d

αn

Standard errora

αs

Standard errora

s

Standard errora

0.28
1.00
1.00
0.24
0.68
0.41
0.24
0.41
0.35
0.58
0.36
0.39
0.20
0.66
0.49

(0.21)

0.23
0.20
0.27
0.14
0.31
0.21
0.06
0.20
0.12
0.22
0.16
0.12
0.07
0.27
0.15

(0.20)
(0.03)a
(0.03)a
(0.19)
(0.21)
(0.17)
(0.09)
(0.09)b
(0.10)
(0.10)b
(0.13)
(0.08)
(0.14)
(0.14)b
(0.12)

1.44
3.04
1.55
2.64
3.00
2.73
3.58
2.59
3.58
3.52
2.53
3.34
2.83
3.33
2.84

(1.00)
(0.77)a
(0.88)c
(0.96)a
(0.37)a
(0.6)a
(1.84)c
(0.56)a
(0.95)a
(0.5)a
(0.79)a
(0.98)a
(1.55)c
(0.42)a
(0.87)

†
†

(0.24)
(0.36)c
(0.22)c
(0.12)b
(0.12)a
(0.18)b
(0.17)a
(0.17)b
(0.12)a
(0.19)
(0.24)a
(0.20)

R

2 b

0.91++
0.86++
0.94
0.97
0.97
0.94
0.95+
0.88
0.97++
0.95
0.90+
0.85++
0.99++
0.97+
0.93

†

The estimated parameter was greater than 1. The equation was re-estimated with the parameter
constrained to the interval [0,1].
a
The value shown is the computed asymptotic standard error of the estimate, based on the
estimated Hessian (2nd derivative) matrix of the loss function (the sum of squared residuals).
The small-sample properties of this estimate are not known, and the results should therefore be
interpreted with caution. Assuming the estimate is normally distributed, the column also shows
the result of testing for a non-zero parameter: a, p < 0.01; b, p < 0.05; c, p < 0.10.
b
The residuals were tested for autocorrelation (using simple OLS); + and ++ indicate positive
serial correlation at the 5 percent and 1 percent level, respectively.
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equation using past values of the forecasted variable xt:


x et ¼ x et1 þ β1 x t  x et1 þ β2 ðx t1  x t2 Þ

(13)

The term with parameter β1 is an exponential moving average, while the
term with parameter β2 extrapolates recent changes in xt. Table 2 shows the
estimation results. The measure of ﬁt varies between a low of 0.05 and a high
of 0.75, with an average of 0.44. The adaptive parameter β1 is statistically
signiﬁcantly greater than zero for 12/14 subjects (p < 0.05), and signiﬁcantly
less than unity for 13/14 subjects, indicating some conservatism in judgment,
where subjects only adjust their forecasts gradually toward recent history. The
extrapolative parameter β2 is positive in all cases and statistically signiﬁcantly
greater than zero for 13/14 subjects: nearly all subjects extrapolated recent
changes in demand. In fact, for 7/14 subjects β2 is statistically signiﬁcantly
greater than unity, indicating a belief that changes in demand will accelerate.
Extrapolative expectations are highly dysfunctional in the experimental economy because they amplify the self-reinforcing feedback created by the aggregate
demand multiplier: If, for instance, inventories are below their desired level,
ﬁrms raise output to replenish them; the increase in output adds to aggregate
demand through the multiplier; if ﬁrms extrapolate this increase, they will
want to increase output still more to accommodate future higher demand,
thus increasing demand still further, in a positive feedback familiar to students of speculative bubbles from the tulip mania to the housing bubble and
subprime crisis ending in the ﬁnancial crisis of 2008. The process is seen
most clearly in market 25 in Figure 5, which also has the highest extrapolative
coefﬁcients in Table 2.
Table 2. Estimates in the
forecasting rule (Eq. 13)

Market
25
25
25
26
26
26
35
35
35
35
36
36
36
36
Mean
a

2

Firm

β1

Standard errora

β2

Standard errora

R

1
2
3
1
2
3
1
2
3
4
1
2
3
4

0.45
0.29
0.09
0.71
0.47
0.32
0.62
0.28
0.93
0.37
0.22
0.36
0.58
0.21
0.42

(0.14)a
(0.07)a
(0.06)c
(0.16)a
(0.16)a
(0.13)a
(0.16)a
(0.12)b
(0.16)a
(0.13)a
(0.11)b
(0.10)a
(0.15)a
(0.15)c
(0.22)

1.47
1.58
1.31
1.47
0.50
0.59
1.45
0.75
2.51
0.94
0.77
1.15
1.52
0.07
1.15

(0.42)a
(0.15)a
(0.15)a
(0.33)a
(0.25)b
(0.21)a
(0.27)a
(0.24)a
(0.35)a
(0.20)a
(0.18)a
(0.17)a
(0.23)a
(0.15)
(0.16)

0.23
0.75
0.72
0.43
0.30
0.35
0.41
0.25
0.56
0.41
0.57
0.60
0.54
0.05
0.39

Signiﬁcance of t-test for H0: parameter = 0 (one-tailed): a, p < 0.01; b, p < 0.05; c, p < 0.10.
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Fig. 10. Simulated inventory in the ﬁxed-price
complex condition.
Endogenous simulations
of each market with the
decision rule (Eq. 12) and
forecast rule (Eq. 13),
using the parameters
estimated for each subject.
The ﬁgure compares the
observed market average
inventory to a deterministic simulation and to an
ensemble of stochastic
simulations with normal
i.i.d. errors with a variance
equal to the residual variance in the regressions

Figure 10 shows the results of a fully endogenous simulation of each
market in the ﬁxed price complex condition, where forecasts and output
decisions are simulated with the estimated behavioral rules in Eqs 12 and
13 for each agent. The ﬁgure presents both the deterministic case with the
estimated rules used alone, and an ensemble of stochastic simulations
where a random error is added to each decision. The errors are speciﬁed
to be normal and i.i.d., with a standard deviation equal to the standarderror-of-estimate in the regressions.
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The simulations re-create both the relative variability of the four markets
and the periodicity of the ﬂuctuations. The deterministic simulations
show greater stability than the corresponding observations and stochastic
simulations because they lack the stochastic perturbations that excite any
oscillatory modes in the closed-loop system. When noise is added in the
stochastic simulations, the envelope of outcomes is very similar to the
observed history, though simulated performance is still slightly better than
that of the actual subjects.
Kampmann (1992) supplements the visual inspection with more formal
comparisons of market performance and variability, all showing strong correlations between simulated and actual results, with correlation coefﬁcients of
0.95 or greater in all cases. In addition, he ﬁnds strong correlations between
performance and certain coefﬁcients in the decision rules. In particular,
proﬁts are strongly correlated with the degree of attention to supply lines
(the coefﬁcient αs in Eq. 1), providing further evidence that the observed
problematic behavior results from misperceptions of feedback.

Posted-price, complex condition
In the posted-price condition, ﬁrms decide, each period, both how much output
to initiate and the price to charge for their product. Moreover, subjects were asked
to provide forecasts for future average sales and prices. Unlike the ﬁxed-price condition, it is now possible for ﬁrms to manipulate the amount they sell by changing
their price. Prices thus provide a way to bypass the long production lag. Indeed,
the optimal policy is to maintain production at the long-term proﬁt-maximizing
level and use prices to control inventories (Kampmann, 1992; Appendix B).
The inventory-control component in price and long lags from initiation to
completion of production make it much more difﬁcult for ﬁrms to signal
collusion or punish defections. Variability in prices is costly, due to the
resulting inventory ﬂuctuations. Moreover, the multiplier effect makes it more
difﬁcult for ﬁrms to discern whether they are operating in the right price–
output range: sales, and thus proﬁts, are affected by the current amount of
production in the pipeline, which may vary substantially over time. In these
conditions, subjects are likely to devote more attention to controlling inventories, forecasting prices and demand, and adjusting output to their expectation
about long-term sales levels. The cognitive load of that work is likely to reduce
attentional resources they can devote to strategic interactions including
signaling, collusion and punishment of defectors. Questionnaire responses
(see below) support these hypotheses. Hence we propose and test an output
decision rule that focuses on the highly salient cues of sales and inventory,
and does not include proﬁt or price as inputs.
These considerations suggest the following output decision rule, as a
function of last period’s sales xt1 and current inventory nt:
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y t ¼ y t1 þ γ1 x t1  y t1 þ γ2 nt

(14)

that is, subjects initiate output based on last period’s output adjusted by a
fraction γ1 of the gap between last period’s sales and production starts, a
measure of the error between shipments and production starts, and ﬁnally
adjusted by a fraction γ2 of (net) inventory. We expect γ1 to be positive and γ2
to be negative: when sales exceed production starts, production should be increased; when there is excess inventory, production starts should be curtailed.
Note that the supply line of production in process is not included. In regressions with a supply line term included, all coefﬁcients for the supply line were
insigniﬁcant, indicating that there is no evidence that subjects accounted for
the supply line in the posted price complex condition.
The price decision is modeled as


(15)
pt ¼ ϕ 0 þ ϕ 1 P et  ϕ 0 þ ϕ 2 nt
where P et is the subject’s price forecast. Subjects are assumed to anchor
their price on their belief about the long-term equilibrium price level, ϕ 0,
then adjust above or below that level in proportion to the gap between
their forecast of the aggregate price level P et and their belief about the
long-term equilibrium, with adjustment fraction ϕ 1. Price is also adjusted
in response to their inventory level; we expect the parameter ϕ 2 to be
negative.
The production equation (Table 3) yields an average R2 of 0.26. The coefﬁcient γ1 is often signiﬁcant and always between 0 and 1, with a mean of 0.29,
indicating that subjects adjust their output gradually to past sales. The inventory coefﬁcient γ2 is only signiﬁcant in three cases, one with the wrong sign;
the mean is 0.03. It appears subjects rarely use production to regulate
inventories. The pricing equation yields an average R2 of 0.66 (Table 4) and
it is above 0.5 in all but two cases. The coefﬁcient φ1 is signiﬁcant and close
to unity in all but two cases, with a mean of 0.79, indicating that most subjects
are pure “followers” in that they anchor exclusively on the expected market
average price. The inventory coefﬁcient ϕ 2 is negative (mean = 0.26) and
signiﬁcant in all cases except one: subjects attempt to control inventories by
varying prices.
In modeling expectations, the simple adaptive-extrapolative rule was used,
as in the ﬁxed-price case. Table 5 shows the results of estimating the forecasting rules (Eq. 13) for average sales and an analogous rule for average price:


P et ¼ P et1 þ θ1 P t1  P et1 þ θ2 ðP t1 þ P t2 Þ

(16)

Generally, the rules explain the forecasts well (with mean R2 of 0.38 and
0.52 for demand and price, respectively). The adaptive parameter, θ1, is significant in all but two cases and always less than unity, for both demand and
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Table 3. Estimates in the
output decision rule (Eq. 14)

Market

2

Firm

γ1

Standard errora

γ2

Standard errora

R

1
2
3
4
1
2
3
4
1
2
3
1
2
3
4

0.24
0.30
0.33
0.73
0.33
0.28
0.03
0.04
0.44
0.34
0.08
0.66
0.07
0.43
0.06
0.29

(0.10)b
(0.10)a
(0.15)b
(0.03)a
(0.08)a
(0.07)a
(0.04)
(0.05)
(0.13)a
(0.10)a
(0.05)c
(0.11)a
(0.05)
(0.14)a
(0.10)
(0.06)

0.04
0.04
0.19
0.01
0.01
0.03
0.05
0.02
0.08
0.34
0.00
0.17
0.05
0.05
0.12
0.03

(0.06)
(0.04)
(0.18)
(0.02)
(0.04)
(0.03)
(0.05)
(0.04)
(0.05)
(0.12)a
(0.03)
(0.09)c
(0.02)b
(0.13)
(0.09)
(0.06)

0.13
0.24
0.13
0.93++
0.35
0.31
0.05
0.04
0.25
0.58+
0.09
0.46 
0.12
0.19 
0.05
0.26

16

17

18

38

Mean

Signiﬁcance of t-test for zero parameter: a, p < 0.01; b, p < 0.05; c, p < 0.10.
, Durbin-Watson test indicated signiﬁcant positive autocorrelation at the 1 percent level.
+
, Durbin-Watson test indicated signiﬁcant positive autocorrelation at the 5 percent level.
a

++

Table 4. Estimates in the
pricing decision rule (Eq. 15)

Market Firm
16

17

18

38

Mean

1
2
3
4
1
2
3
4
1
2
3
1
2
3
4

2

φ0

Standard errora

φ1

Standard errora

φ2

Standard errora

R

0.19
0.68
1.10
0.20
0.02
0.35
0.49
0.47
0.05
1.10
0.04
0.23
0.08
0.34
0.22
0.35

(0.19)
(0.13)a
(0.32)a
(0.14)
(0.10)
(1.1)
(0.11)a
(0.07)a
(0.14)
(0.55)c
(0.13)
(0.08)a
(0.09)
(0.22)
(0.12)c
(0.23)

1.04
0.50
0.57
0.83
1.05
0.75
0.80
0.56
1.05
0.15
1.05
0.78
1.08
0.80
0.85
0.79

(0.15)a
(0.10)a
(0.28)b
(0.12)a
(0.07)a
(0.92)
(0.09)a
(0.06)a
(0.12)a
(0.45)
(0.11)a
(0.07)a
(0.07)a
(0.17)a
(0.09)a
(0.19)

0.11
0.07
0.60
0.05
0.11
0.16
1.16
0.28
0.03
0.22
0.06
0.26
0.23
0.24
0.32
0.26

(0.04)b
(0.01)a
(0.15)a
(0.01)a
(0.05)c
(0.09)c
(0.16)a
(0.05)a
(0.01)c
(0.10)b
(0.06)
(0.04)a
(0.03)a
(0.08)a
(0.08)a
(0.06)

0.70++
0.77+
0.55
0.69+
0.87
0.08+
0.82
0.83
0.74+
0.13
0.83
0.80
0.88
0.53
0.74++
0.66

Signiﬁcance of t-test for zero parameter: a, p < 0.01; b, p < 0.05; c, p < 0.10.
, Durbin–Watson test indicated signiﬁcant positive autocorrelation at the 1 percent level.
+
, Durbin–Watson test indicated signiﬁcant positive autocorrelation at the 5 percent level.
a

++
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Table 5. Estimates in the
forecast rules for demand
(Eq. 13) and price (Eq. 16)
in the posted-price complex
condition

Market
and
ﬁrm
β1
16

1
2
3
4
17 1
2
3
4
18 1
2
3
38 1
2
3
4
Mean

0.23
0.21
0.19
0.21
0.82
0.10
1.00
0.45
0.99
0.14
0.53
0.46
0.21
0.45
0.88
0.46

Standard
errora

β2

Standard
errora

(0.09) b
(0.09) b
(0.09) b
(0.09) b
(0.18) a
(0.06)
(0.16) a
(0.15) a
(0.17) a
(0.10)
(0.13) a
(0.12) a
(0.04) a
(0.12) a
(0.11) a
(0.08)

0.11
0.10
0.27
0.05
0.11
0.18
0.70
0.66
0.17
0.39
0.00
0.28
0.03
0.02
0.47
0.14

(0.08)
(0.16)
(0.09)a
(0.08)
(0.26)
(0.10)c
(0.25)a
(0.19)a
(0.37)
(0.33)
(0.18)
(0.31)
(0.15)
(0.24)
(0.19)b
(0.20)

R

2

θ1

0.43 0.44
0.12 0.61
0.49 0.33
0.15 0.51
0.57 0.69
0.21 0.04
0.62 0.56
0.40 0.67
0.51 0.54
0.07 0.16
0.41 0.65
0.25 0.72
0.45 0.43
0.30 0.50
0.67++0.82
0.38 0.51

Standard
errora

θ2

Standard
errora

R

(0.13)a
(0.13)a
(0.12)b
(0.12)a
(0.17)a
(0.03)
(0.15)a
(0.18)a
(0.14)a
(0.10)
(0.18)a
(0.14)a
(0.08)a
(0.12)a
(0.17)a
(0.13)

0.37
0.05
0.20
0.12
0.49
0.08
0.48
0.51
0.26
0.38
0.35
0.55
0.40
0.03
0.32
0.28

(0.13)a
(0.17)
(0.19)
(0.14)
(0.15)a
(0.05)
(0.21)b
(0.18)a
(0.16)
(0.18)b
(0.15)b
(0.14)a
(0.10)a
(0.17)
(0.16)b
(0.15)

0.77
0.44
0.22
0.36
0.81
0.16
0.49
0.45
0.51
0.22 
0.66
0.74
0.77
0.43
0.79
0.52

2

Signiﬁcance of t-test for zero parameter: a, p < 0.01; b, p < 0.05; c, p < 0.10.
, Durbin–Watson test indicated signiﬁcant positive autocorrelation at the 1 percent level.
 
, Durbin–Watson test indicated signiﬁcant negative autocorrelation at the 1 percent level.
a

++

price forecasts. There is some tendency to extrapolate trends—13 out of the 30
extrapolative coefﬁcients, θ2, were signiﬁcant (and positive).
Figure 11 shows the result of incorporating the estimated decision and
forecasting rules into a complete endogenous simulation of each market,
similar to the ﬁxed-price case above.iii Comparing the simulated and observed
prices in the ﬁgure, it is evident that the proposed simple decision rules
capture a great deal of the pattern of behavior in each market: the relative
variability as well as the period of ﬂuctuation is the same. As in the ﬁxed-price
condition above, the deterministic simulations have less variability than the
stochastic simulations because the stochastic perturbations excite the oscillatory modes created by the decision rules. That is, the estimated decision rules
interact with the institutional environment and with one another to form a system whose frequency response attenuates very high frequencies but ampliﬁes
low frequencies to produce signiﬁcant closed-loop gain over a relatively wide
frequency range. Therefore small random shocks are ampliﬁed into coherent
low frequency oscillations.
The simulations also show how the cycles observed in many of the markets
can arise from the interaction of prices and inventories. If ﬁrms respond to
inventory imbalances by adjusting their prices downward and if they also
anchor their decisions on last period’s average price, then prices will continue
to fall as long as there is excess inventory. Eventually, lower prices increase
Copyright © 2014 System Dynamics Society
DOI: 10.1002/sdr

148 System Dynamics Review

Fig. 11. Simulated prices in
the posted-price complex
condition. Observed market-average price compared
to endogenous simulations
of each market with the decision rules (Eqs 13, 14, 15
and 16), respectively, using
the estimated parameters
for each subject. The deterministic simulations contain no noise term, while
the stochastic simulation
adds normal i.i.d. errors
with a variance equal to
the residual variance in the
regressions (limited to a
maximum of 0.1). The ﬁrst
three time periods incorporate actual decisions to
reproduce any initial
shock to the system from
subjects’ initial experimentation. Note: vertical
scales differ

sales enough for inventories to fall back toward their desired level, but by the
time equilibrium has been reached average price will now be close to its minimum, causing sales to be substantially above production. Inventories would
continue to fall below their desired level. If production also responds to inventory imbalances and if ﬁrms do not account sufﬁciently for the supply line, the
cycle is further ampliﬁed.
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Results: effects of complexity on decision making
In addition to the actual decisions made by subjects, we instrumented the
experiments to collect a wealth of other data, including a complete record of
all keystrokes and other events, providing a record of the time taken to
deliberate decisions, post-trial questionnaires asking about causes of the
observed outcomes and, for some subjects, concurrent verbal protocols of
their entire session. These data yield additional insights into the way subjects
approached the task and their accompanying mental models, as well as the
cognitive effort applied.

Exogenous versus endogenous accounts of dynamics
A prerequisite for understanding and improving the performance of any
system is to attribute the correct causes to the behavior one observes. An
important element of misperceptions of feedback that hampers this understanding is the tendency to overlook aspects of the problem generated internally by
our own interaction with the system, in favor of “blaming the environment” or
“exogenous factors”. The tendency to focus on exogenous factors and dispositional attributes of other actors in a situation rather than our own behavior is
closely related to the so-called “fundamental attribution error” documented in
social psychology (Ross, 1977; see also Repenning and Sterman, 2001, 2002,
for an application to dynamic decision making in organizations).
Subjects were asked to sketch a graph showing over time their best guess of any
external factors that might have inﬂuenced overall demand in the market. While
these sketches showed no distinct pattern in the simple conditions, the vast majority of subjects in the complex conditions drew graphs that looked very similar to
the realized aggregate sales rate in their market, even though there were in fact
no exogenous inﬂuences on demand. For instance, in the ﬁxed-price complex condition, 13 out of 14 subjects drew an oscillatory pattern and 12 of 14 emphasized
forecasting “the business cycle” or “trends” or “shifts” in demand, as seen in the
following quotes from the post-game questionnaire responses:
Once I had the general pattern of a complete business cycle, I was able to make
estimates of the average increase or decrease per period. … It became clear after
a while that given the instability of sales and the constant prices, proﬁt maximization became simply inventory minimization.
The major problem was determining the timing of the peaks and troughs of the
business cycle, and my guess is that it’s mostly due to external factors and thus
hard to pinpoint exactly.

Only two out of the 14 subjects ever mentioned the multiplier effect, even
though the positive feedback it creates destabilizes the latent oscillatory
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modes created by the production lag and failure to account for the supply line,
and even though the multiplier was explicitly explained in the brieﬁng and
instructions. These results are similar to the exogenous accounts of the cycle
found in the beer distribution game (Sterman, 1989b).
If one believes that good performance primarily requires forecasting a
business cycle, or predicting trends in demand, not realizing that cycles or
trends may be self-generated, there is little possibility of learning from history.
In fact, if a majority of agents extrapolate current trends, the results can be
devastating, as observed in market 16 (Figure 9).

Decision timing and mental effort
Decision makers often adapt their heuristics for the task at hand, trading off
the mental effort involved with the expected quality of the decision (e.g. Payne
et al., 1993). More generally, a limited capacity to process information
requires the individual to adopt simpliﬁed rules or heuristics (Simon, 1979).
One measure of mental effort is the amount of time spent in deliberation for
each decision. As mentioned previously, the experimental protocol did not
involve overt time pressure but still gave incentives to act quickly. Subjects
were free to take as much time as they wanted to make their decisions,
although it was pointed out to them that taking longer could result in fewer
rounds played and, hence, in lower cumulative proﬁts.
Since both the information-processing requirements and the leniency of the
task, i.e. the ability of the system to compensate for decision errors (through,
for example, the response of demand to prices), differ across the experimental
conditions, one would expect deliberation times to vary as well. A more
lenient system should allow for faster decision making, while a more demanding one should require more effort.
The mental effort required for each condition varies for three reasons. First,
the number of decisions differed: the ﬁxed-price conditions involved one
decision (output) and one forecast (sales); the clearing-price conditions
involved one decision (output) but two forecasts (sales and price); and the
posted-price conditions involved both price and output decisions and both a
price and demand forecast.
Second, inventory control is simpler than the task of ﬁnding the optimal
price–output pair. The inventory control task involves three steps: form an
expectation of future demand and anchor production on this ﬁgure; then, look
at current inventory and adjust production to account for a current excess or
insufﬁcient inventory; ﬁnally (in the complex condition only) look at the
pipeline of unﬁnished production and adjust production if there is too much
or too little in the pipeline. All these steps involve addition or at most simple
linear operations. In contrast, the task of ﬁnding the optimal price–output
position involves calculating marginal proﬁts as a function of price relative
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to market average price. Although the information display available to subjects provides them with all the information needed to calculate the optimal
price–output point, doing so requires considerable cognitive effort compared
to inventory control. Alternatively, subjects may use heuristic search to ﬁnd
the optimal price–output point. However, research on search heuristics
(Rahmandad et al., 2009) shows that delays (as in the complex condition here)
slow search and often result in failure to converge or convergence to suboptimal states. The posted-price condition is the most difﬁcult because it involves
both inventory control and price–output optimization.
Third, both the clearing-price and the posted-price regimes allow for
possible collusion among subjects. In those conditions subjects must
consider whether to cooperate or defect and how to get other ﬁrms to cooperate. All of these three task characteristics suggest the following ranking of deliberation times in both the simple and complex conditions: ﬁxed < clearing
< posted.
On the other hand, the leniency of the tasks does not follow the same ordering.
In the clearing-price regime, proﬁts are not very sensitive to deviations in the
output decisions around the optimal price–output point because of the relatively high ﬁrm- and industry-demand elasticities. In the two other regimes,
the cost of excess or insufﬁcient inventory makes it more important to set
production at the right level. Thus, even though the clearing-price regime
involves one more forecast than the ﬁxed-price regime, the overall deliberation
time may be smaller, all other things equal, since the output decision is less
crucial for performance. This would, all other things equal, call for the following
ranking of deliberation times: clearing < ﬁxed < posted.
Finally, one would expect there to be a strong effect of complexity on
decision times. In all three price regimes, the introduction of complexity
makes the task more difﬁcult, though the added difﬁculty varies in the three
price regimes. One would therefore expect there to be some interaction effects
on deliberation time between price regime and complexity.
Speciﬁcally, in the ﬁxed-price regimes, the difference between the simple
and complex condition is likely the largest. The simple ﬁxed-price condition
amounts to only a trivial inventory control task in the face of constant demand. In the corresponding complex condition, the task is complicated by
the time lag and the supply line correction, and by the possible large
variations in demand caused by the multiplier effect, and there are no market
feedbacks to mitigate any decision errors. In the clearing-price regime, the
introduction of complexity is less important, since inventory accumulations
are absent in this condition—the market adjusts prices to ensure that inventory imbalances do not carry over from period to period. In contrast, inventory
accumulations in the other two price regimes perpetuate past errors in the
form of inventory imbalances. The main complicating effect of complexity
here is that the multiplier effect on demand inﬂuences the price level in the
complex condition, whereas the average price in the simple condition
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depends only on average output. However, since proﬁts are not particularly
sensitive to deviations from the optimal output choice, the agent can get by
quite well as long as the forecasted average price and output are not too far
off. Thus one would expect the clearing-price regime to show a smaller effect
of complexity on deliberation time than the other regimes.
The posted-price regime involves both the inventory-control element of the
ﬁxed-price regime and the price–output search and strategic considerations of
the clearing-price regimes. Since each of these elements is compounded by
the complexity treatment, one might expect the effect of complexity on deliberation time to be largest in the posted-price regime. On the other hand, the
treatment effects are unlikely to be additive in this fashion. The simple
posted-price condition is far more complicated than the simple ﬁxed-price
condition since it involves strategic behavior, variable demand and a search
for the best output–price position. Thus whether the effect of complexity is
larger in the ﬁxed-price or the posted-price regime is ambiguous.
To summarize, the expected differences in deliberation times are based
on the assumption that subjects on average will use more mental effort
(measured by deliberation time) in the more difﬁcult tasks (from an information-processing point of view), but that the effect will also depend on the
leniency of the system, i.e. how important it is to be close to optimal. These
considerations lead to the following hypotheses about average deliberation
times in the six experimental conditions:
Hypothesis
H5
H6.1
H6.2
H7
H8

Ranking
ﬁxed simple
ﬁxed complex
clearing complex
0

<
<
<
<

0

<

clearing simple
clearing complex
ﬁxed complex
clearing complex 
clearing simple
clearing complex 
clearing simple

<
<
<
<
<

posted simple,
posted complex,
posted complex,
ﬁxed complex 
ﬁxed simple,
posted complex 
posted simple.

Hypotheses H6.1 and H6.2 are alternatives, depending on whether the task
complexity dominates (H6.1) or the leniency effect dominates (H6.2). (The
ﬁxed-price simple condition is so trivial that the leniency effect is unlikely
to dominate the task complexity effect under the simple conditions. Hence
H6.2 only applies to the complex conditions.)
Figure 12 shows the average time taken to deliberate decisions, i.e. the time
elapsed between the beginning of a new round and the moment the subjects
executed their decisions, excluding the ﬁrst 10 rounds. The expected ranking
based on task complexity does indeed occur for the simple condition (H5). In
the complex condition, the clearing-price measure is lower than the
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Fig. 12. Average deliberation times across experimental conditions.
Average time between the
beginning of a new round
(time period) and the time
the subject executed his or
her decision. The ﬁrst 10
rounds are excluded to
eliminate initial variance
due to learning the basics
of the task. The graph depicts the averages for each
condition. Also shown is
the deliberation time divided by the total number
of decisions and forecasts
required each round
(“Avg. per decision”) to
adjust for the different
number of forecasts and
decisions made each
round in the different experimental conditions
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corresponding ﬁxed-price measure, suggesting that the leniency effect (H6.2)
dominates the task complexity effect (H6.1).iv
However, the effect of complexity shows some surprising violations of
hypotheses H7 and H8: the introduction of complexity in the ﬁxed-price
condition increases deliberation times far more than the introduction of
complexity in the clearing- or posted-price conditions, as expected, but
the introduction of complexity in the clearing condition does not increase
deliberation times at all, in violation of H7 and H8. Further, the introduction
of complexity in the posted-price condition reduces deliberation times,
contradicting H8 (the reduction was marginally signiﬁcant, p = 0.06.)
The effect is consistent with the ﬁndings of Diehl and Sterman (1995),
where complexities of the same type—delays and positive feedback, but
without any price mechanism—caused subjects to become cautious and
to under-control.
What might account the reduced effort? There is no question that the decision task in the complex posted-price condition is extremely complicated if
one considers all the dynamic and game-theoretic aspects of the setting. Hence
it is possible that the subjects in this condition simply give up trying to ﬁgure
out the system in detail. Instead of worrying about optimizing, they may resort
to damage control. Subjects’ pricing policy may revert to a simple heuristic
along the following lines, ignoring any attempts at searching for the best
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price–output point or signaling collusion: (i) form expectations about average
price, and anchor on this average; and (ii) adjust the anchor up or down, depending on whether inventory is negative or positive. Indeed, these considerations led to the heuristic rule (Eq. 15) above.
There is also evidence from the post-game questionnaires that subjects
concentrated more on inventory control in their pricing policy in the
complex posted-price condition and less on strategic interaction with other
ﬁrms, supporting H4. We coded subject questionnaire responses for terms
indicating strategic or game-theoretic reasoning, such as “collusion”, “signal”,
“cooperate”, “free rider”, “support prices”, etc. Only three out of 15 subjects
in the posted-price complex condition mentioned terms indicating strategic
reasoning. In the corresponding simple condition, 16 out of 20 subjects
used such terms. The difference is highly signiﬁcant (Fisher–Irwin test,
p < 0.0005). Conversely, the responses in the complex posted-price condition
contained frequent references to using prices to control inventory, as seen in the
following quotes:
The price decision generally attempted to clear out the planned production and
inventory.
I attempted to use my price-setting to manipulate what my sales in that period
would be. If I wanted to dampen demand, I overcharged, if I wanted to boost sales,
I undercharged.
I set price above or below market price depending on how I needed to manipulate
my inventory … Price was my primary decision maker. Production stayed
relatively constant.
Optimal price seemed to be about 6.3, and demand could support 375 units
at this price. I tried to hold things there, so I matched production to my
anticipated sales. I occasionally used price to throttle demand to stabilize
inventory but more commonly, I regulated production based on anticipated sales
and inventories.
I played it safe—mostly keeping my prices close the average market price, except
when I was trying to unload inventory.
I tried to make my prices follow the market to minimize my inventory. If I had
positive inventory, I had to sell at lower prices to get rid of them.

Nine out of the 15 subjects in this condition made such remarks, while only
one out of 20 did so in the simple posted-price condition, again a highly
signiﬁcant difference (one-tailed Fisher–Irwin test rejects equal proportions,
p = 0.001). The results strongly support H4: complexity curtails collusion.
Overall, the results are not consistent with the hypothesis that mental effort
consistently follows the cognitive demands of the task. Although there is
evidence for some of the effects one would expect based on optimizing the
trade-off between effort and performance, there does seem to be a threshold
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level of complexity beyond which mental effort is reduced, or at least not
increased. Instead, subjects appear to fall back on simpliﬁed heuristics. In
particular, subjects appear to give up worrying about strategic interactions
when the dynamic structure becomes sufﬁciently complex.

Conclusions
The experimental results demonstrate that bounded rationality and, in particular,
misperceptions of feedback, can have large effects on market behavior, including
conditions with well-functioning and common pricing institutions. The results
also show that the consequences of bounded rationality and dynamically
deﬁcient mental models of the environment depend strongly on the pricing
institution employed. The effects of bounded rationality are most dramatic in
the ﬁxed-price regime, where subjects generated sustained cycles, replicating
previous non-market studies despite ﬁnancial incentives for performance. In
the clearing-price regime, automatic market clearing suppresses the accumulation of imbalances and thus makes the system much more forgiving of decision
errors. In the posted-price regime, the possibility of using prices to control
inventories makes the system potentially easier to handle. However, in three
out of the four markets, inventories and prices continue to oscillate throughout
the trial: the cycle involving output and inventories in the ﬁxed-price condition
is replaced by one involving prices and inventories in the posted-price condition. While much of the decrease in proﬁts arises from ﬂuctuations in inventory,
the introduction of complexity also made it more difﬁcult for ﬁrms to ﬁnd the
price–output level that would maximize proﬁts before inventory costs.
Thus markets seem to moderate, but do not eliminate, the effects of decision makers’ misperceptions of feedback structure. The mere existence of
markets does not imply that individual misperceptions of feedback are
ameliorated. Misperceptions continue to occur, but their consequences are
a function of the dynamic structure of the market setting. Therefore, models
of economic dynamics must be grounded in empirical study of managerial
decision making to capture the bounded rationality and mental models of
the agents—including the misperceptions of feedback—that may produce
systematic and persistent deviations from rational behavior even in the presence of well-functioning market institutions.
The study highlights the importance of linking studies of individual
decisions to the resulting aggregate outcomes. Individual choices interact
with the surrounding system to produce aggregate dynamics. Decision rules
characterizing individual decisions can be estimated from experimental data
and the resulting coefﬁcients in the decision rules can be interpreted in terms
of underlying decision heuristics such as anchoring and adjustment. The
estimated rules can then be tested in simulations of the entire system, creating an ecology of simulated interacting agents, each of which is endowed
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with decision rules grounded in study of actual human decision making. The
behavior of the simulated economy replicated many of the salient features of the
observed market outcomes, providing an explicit link from the microstructure of
decision making and the institutional environment to the macrobehavior of the
system.
The study also shows how a variety of data sources, such as verbal protocols
and timing data, can be used to gain insight into the mental processes
involved at the individual level. In particular, we showed how decision
makers cope with increasing complexity by narrowing the scope of their
decisions from broad considerations of strategic interactions among ﬁrms to
a more reactive concern with inventory control.
An important question that has only partially been addressed here is
the scope for learning over time. Indeed, a frequent criticism of experimental studies is that they employ inexperienced subjects and/or do not
allow for sufﬁcient learning. The psychological literature on learning
shows that learning is most likely when there is immediate and unambiguous feedback from the environment. If feedback is delayed or distorted,
or if simultaneous side effects complicate the outcomes, learning ability
declines signiﬁcantly (Brehmer, 1980, 1992; Rahmandad et al., 2009).
The potential for learning is therefore strongly affected by the feedback
structure of the system, and the stability and complexity of the resulting
dynamics.
The results cast some doubt on the potential for learning, particularly in
complex environments. The questionnaire and protocol data show that
subjects tend to attribute the ﬂuctuations to exogenous factors rather than by
their own interactions with the system. This false attribution could become
a strong impediment to learning. Indeed, Kampmann (1992) included an
analysis of learning, assessed as changes in the parameter values of decision
rules or an improvement of forecasting accuracy. Apart from the ﬁrst few
rounds, there was little evidence of learning. Nonetheless, it is fair to say that
many issues relating to learning, particularly in qualitative changes in
decision heuristics, remain to be explored.
Another caveat relates to the external validity of the experiment. To what
extent can laboratory settings with relatively young participants tell us about
real-world decision making? This is a familiar issue in the debate between psychologists and economists and will not be discussed in detail here. We note that
other dynamic decision-making experiments have explored the effect of experience, education and expertise on performance and have not found consistent
effects (e.g. Bakken, 1992; Booth Sweeney and Sterman, 2000; Sterman, 2010).
One step toward assessing the real-world validity of the results would
be to classify industries according to their feedback structure (production
and product development delays, market institution, etc.) and relate their
feedback properties to measures of market stability. A systematic study
of this issue remains to be done, but it has long been known that
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industries and ﬁrms with long gestation and construction delays and
supply chains containing substantial resource accumulations such as inventories (e.g. real estate, semiconductors, automobiles, shipbuilding,
commodities, machine tools) experience much more instability than industries and ﬁrms lacking these elements of dynamic complexity (such
as consumer services).

EndNotes
i. The instructions provided all subjects with the structure of the market and
production process, including unit production and holding costs, and, in
the complex condition, the length of the production lag, δ, and existence
of the multiplier effect on demand. This information is common knowledge because subjects know that all participants are presented with it. Appendices A and B show that rational noncooperative agents could then
learn the parameters of the system, including μ and α, after only three periods, and thus implement optimal behavior thereafter.
ii. We focus our hypotheses on the performance of the individual ﬁrms. One
could also examine the impacts of complexity and pricing institutions on
welfare (consumer surplus). Doing so, however, is complex as consumer surplus is only one measure of social welfare. Other impacts include variability
in consumption and employment (people generally prefer stable incomes),
the nature of social safety net programs, and other issues. These issues constitute avenues for future research, but are beyond the scope of this study.
iii. The ﬁrst three time periods incorporate actual decisions. Since the ﬁrst three
periods were part of the practice round, one would expect there to be a fair
amount of random experimentation. Those initial decisions may move the
system out of equilibrium so that the subsequent adjustment process is more
clearly revealed than if one incorporated adaptive rules from the beginning
of the simulation.
iv. Two-way ANOVA with price regime and complexity as factors shows highly
signiﬁcant effects (p < 0.02 or less) of both factors and their interaction (see
Kampmann, 1992). Although much of the main effect arises from the fact that
deliberation times in the trivial simple ﬁxed-price condition are much
shorter than the others, a contrast test of equality of the other conditions
was strongly rejected (p < 0.0005).
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